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Abstract With a special focus on firms with fewer
than 10 employees, we examine how small businesses
participate in innovation and how perceived com-
petition affects their innovative behavior. Statistics
from a large sample of European micro-, small-,
and medium-sized enterprises document a relevant
share of innovative firms, including micro ones.
We empirically explore the relationship between
competition and the likelihood of being innovative,
the degree of complexity of the innovation strategy,
and its frequency. Estimates provide evidence of an
inverted-U-shaped relationship, whereby innovation
initially increases with competition and then it slightly
declines. The results hold for all firms, regardless
of their size, but the negative effect seems to be
more marked for smaller firms. Competition shows
a stronger relationship with technical and external
innovation. By including micro firms, this paper con-
tributes to the understanding of innovative patterns
and activities in firms of all size.
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Plain English Summary Are micro firms marginal
players in innovation? It seems not. Exploring a large
sample of small European businesses, we find a non-
negligible share of innovative firms with fewer than 10
employees. How does competition affect their innova-
tive behavior? We find that as competition increases,
innovation also increases if the initial level of compe-
tition is low, but innovation declines if the initial level
of competition is high. The results hold for all firms
regardless of size. Our findings have two important
implications for research and policy. First, micro firms
must be considered as significant players in innova-
tion and more comprehensive innovation data should
be collected from them. Second, competition fosters
small businesses’ innovation, but excessive competi-
tion can hamper it. Thus, policies aimed at promoting
well-balanced competitive markets are crucial if micro
firms are to exploit their full innovation potential.

Keywords Innovation - Competition - Micro firms -
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JEL Classification L10 -L26 - O30 - O52

1 Introduction
Since Schumpeter (1942), the question of how firm

size and market structure affect innovation has
drawn the attention of many economists. The main
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Schumpeterian tenet states that large firms operat-
ing in a concentrated market are the main engine
of technological progress. Initially such belief drove
ever greater attention to the innovative behavior of
large firms. Indeed, prior to the early 1970s, only a
relatively low share of innovation activities was asso-
ciated with small firms (Pavitt et al., 1987). A stronger
interest on smaller businesses emerged after the influ-
ential works of Acs and Audretsch (1987, 1988) and
Pavitt et al. (1987), who illustrate the significant role
played by smaller enterprises in specific sectors of the
UK and the USA, respectively. Nevertheless, micro
firms with fewer than 10 employees are still an under-
studied category and are often assumed to be marginal
businesses with no innovation capacity (Baumann and
Kritikos, 2016). Very little is known about their inno-
vative behavior and their innovation drivers (Tu et al.,
2014; Roper & Hewitt-Dundas, 2017; Audretsch et al.,
2020; Henley & Song, 2020). This is particularly true
in Europe, due to the scarcity of comprehensive inno-
vation data on micro firms.! For that reason, an overall
outlook of the innovation activities of European micro,
small, and medium enterprises (MSMES) is still miss-
ing in the literature. Moreover, the literature regarding
the relationship between market structures and firm
innovation is mainly focused on large companies. To
the best of our knowledge, studies about the effect
of competition on microbusinesses’ innovative behav-
ior are completely missing. In this regard, we ask
whether the evidence acknowledged for larger com-
panies and SMEs are valid also for the substantial
population of micro firms. Enterprises with less than
10 employees are considered to be the backbone of the
EU-28 economy, being the 93 percent of all firms in
the non-financial business sector (European Commis-
sion, 2019). Thus, having a deeper understanding of
microbusinesses’ innovative activity is crucial to test
the generality of the findings confirmed for the popu-
lation of larger companies. Moreover, this would help
not only small businesses’ owners to improve their
performance, but also policy makers to promote the
growth and the development of the whole economic
system.

IFor instance, the Community Innovation Survey (CIS)
excludes companies with fewer than 10 employees.
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The aim of this paper is twofold. First, we want
to investigate whether micro firms with fewer than 10
employees, together with larger SMEs, contribute to
the creation of innovation within the EU economy and,
if yes, how. Secondly, we want to explore how com-
petition affects their innovative activity. To do this, we
rely on the Survey on the Access to Finance of Enter-
prises (SAFE), a jointly run survey by the European
Commission (EC) and the European Central Bank
(ECB). It collects a large sample of firm-level data
from all the EU countries, including a significant share
of firms with fewer than 10 employees. Although
innovation and competition are not the core issues of
the survey, useful information is collected. To the best
of our knowledge, SAFE is the only database that,
together with small (1049 employees) and medium
(50-249 employees) ones, includes firm-level data on
innovation and competition also on a large sample of
micro (1-9 employees) enterprises across all the EU
countries.

The first part of the paper provides descriptive
statistics about the innovation activity of European
small businesses, including micro firms. In the sec-
ond part, we develop an empirical analysis to study
how competition affects such activity. We do not limit
based on the firms’ innovation status (whether they
innovate or not), rather we focus on the different cat-
egories of innovation (technical, non-technical, exter-
nal, and internal), on the complexity of the innovation
strategy (the number of innovation types introduced),
and on the frequency of innovation (the number of
years a firm has been innovative). The estimates show
an inverted-U-shaped relationship, whereby European
MSMESs’ innovation activity initially increases and
then declines slightly with competition. The results
hold for all firms, regardless of their size.

The rest of the paper is organized as follows. The
next section highlights the related literature and the
main contributions of the paper. Section 3 describes
the data and the constructions of our main variables of
interest. Section 4 provides sample descriptive statis-
tics aimed at exploring the main characteristics of
the European MSMESs’ innovation activity. Section 5
develops the empirical analysis to investigate the
effect of competition on innovation and discusses
the main results. Section 6 contains two complemen-
tary analyses on the complexity and the frequency of
innovation. Section 7 concludes the paper.
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2 Related literature and contributions

This paper contributes to two strands of the litera-
ture: the nascent one about the innovative activity
of micro firms and the more advanced one about
the relationship between market structure and inno-
vation. In the 2010s, the availability of new data
on microbusinesses is facilitating progresses in the
understanding of their innovative behavior. Baumann
and Kritikos (2016), for instance, analyze the link
between R&D, innovation and productivity in micro-
, small-, and medium-sized enterprises in the German
manufacturing sector. They find that around 50% of
German micro firms engage in innovation activities,
below the share of larger SMEs as expected in the-
ory, but far above zero. Similarly, Audretsch et al.
(2020) find that German micro firms in knowledge
intensive sectors are willing to engage with similar
probabilities in innovation activities as larger firms
and that they have a similar ability of transforming
innovation inputs into innovation output. Roper and
Hewitt-Dundas (2017) add to this literature using data
from a survey of 1000 microbusinesses in Northern
Ireland. Their findings underline the significant role
of these firms as sources of new-to-the-market innova-
tion and the potential value of including them in future
innovation studies. Finally, Henley and Song (2020)
use British microbusinesses survey data to explore
the link between innovation, productivity, and export-
ing activities in firms with fewer than 10 employees.
Again, a non-negligible innovative activity of these
firms emerges. Despite limitations, these works sug-
gest that micro enterprises should not be considered
marginal: although smaller than that of larger compa-
nies, their contribution to innovation might be signif-
icant. Nevertheless, the aforementioned studies focus
on single countries and the samples of micro firms
are consequently limited. Moreover, none explore the
role of competition. Thus, our paper offers a pri-
mary and overall overview of the EU micro firms’
innovation activity and the link with competition. In
industries with many firms, small enterprises often
seek the protection of a market niche of little or no
interest to the larger companies (Cooper et al., 1986).
This might lead to the belief that the pressure of com-
petition and its impact on innovation are weak for
small firms. In our sample, the existence of a poten-
tial “niche effect” is suggested by the fact that the

average level of perceived competition increases with
firm size. Nevertheless, we show that the relationship
between competition and innovation also matters for
very small businesses.

Studies on the relationship between market struc-
ture and innovation are more advanced. A great effort
has been made to shed light on this issue, but a
consensus is not yet reached. The three dominant
theories are originally attributable to Schumpeter
(1942), Arrow (1962) and Scherer (1967). The first
theorizes a monotone negative relationship, whereby
an increase in the level of competition diminishes
the incentive to innovate: the higher the number of
competitors, the lower the appropriability of the inno-
vation and, consequently, the incentive to innovate.
On the contrary, Arrow proposes a monotone positive
relationship by showing that the incentive to invest
in innovation is lower under monopolistic conditions
than under competitive ones: being innovative helps
the enterprises to escape competition and gain com-
petitive advantages. To Scherer can be attributed the
first evidence of a non-linear and concave relationship
between competition and innovation. Until the begin-
ning of the 2000s, the debate mainly played around the
Schumpterian and Arrowian views, leaving Scherer
as a marginal consideration. Indeed, the literature
strongly focused on providing theoretical backgrounds
and empirical evidence supporting the first (Dasgupta
and Stiglitz, 1980; Spence, 1984; Kraft, 1989; Romer,
1990;, Aghion & Howitt, 1992; Vives, 2008; Hashmi,
2013) and the second (Porter, 1990; Geroski, 1990;
Geroski & et al., 1995; Nickell, 1996; Blundell et al.,
1999; Galdon-Sanchez & Schmitz, 2002) positions.
Kamien and Schwartz (1976) were the only ones who
followed Scherer by providing a theoretical model to
address the empirical finding that innovative activ-
ity increases with the intensity of rivalry up to a
point, then declines thereafter as the competitiveness
of the industry further increases. The seminal paper of
Aghion et al. (2005) returns the findings of Scherer
to the fore. Building a step-by-step innovation model,
they theorize an inverted-U relationship between prod-
uct market competition and innovation, where the
escape competition (or Arrowian) and the Schumpete-
rian effects coexist. Their main prediction is that rising
competition has a positive impact on innovation effort
when the initial degree of competition is low (i.e.,
when a larger equilibrium fraction of sectors involves
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neck-and-neck competing incumbents) and negative
when the initial level is high (i.e., when a larger frac-
tion of sectors in equilibrium counts a large share of
laggard firms with low initial profits).

The findings of Aghion et al. (2005) led researchers
to investigate the relationship between competition
and innovation from a new perspective and empir-
ical studies aimed at testing such inverted-U curve
grew substantially. Askenazy et al. (2013) and Mulkay
(2019), for instance, do this for French firms. The for-
mer finds clear evidence of an inverted-U for largest
firms, but such evidence does not occur when the
sample is extended to smaller ones. The latter, con-
sidering a sample of both large and small firms over
the 20002013 period, does not find econometric evi-
dence of the inverted-U-shaped relationship. Tingvall
and Poldhal (2006), using a sample of manufactur-
ing Swedish firms with a minimum of 50 employees,
show that the inverted-U curve is supported by the
Herfindahl index and not by the price cost margin
indicator, suggesting that the results are sensitive with
respect to the choice of the measure of competition.
Hashmi (2013), replicating Aghion et al. (2005) using
a richer dataset from publicly listed manufacturing
firms in the USA, finds a mildly negative relation-
ship among competition and innovation. He argues
that such a result might be driven by the fact that
US firms are less neck-and-neck, inducing the Schum-
peterian effect to dominate the escape-competition
one. Castellacci (2011) argues that competition may
have different impacts on the various stages of the
innovation chain, with the Schumpeterian effect pre-
vailing in early innovation stages and the escape-
competition effect in the late ones. An inverted-U
relationship is instead detected by Peneder and Worter
(2014) and Halpern and Murakézy (2015), respec-
tively, for Swiss and Hungarian firms. Friesenbichler
and Peneder (2016) and Crowley and Jordan (2017)
also find a quadratic effect using a sample of firms
from Eastern Europe and Central Asia. Moen et al.
(2018) do the same for Norwegian SMEs, but their
results do not provide strong evidence of an inverted-
U relationship. Subsequently, Cornett et al. (2019)
find an overall U-shaped relation between industry
concentration (inversely related with competition) and
innovation for a large set of US firms.

A general consensus on the impact of competition
on innovation is not yet reached. We contribute to the
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current debate by providing evidence of an inverted-
U-shaped relationship for the surveyed firms. Our
findings seem then to support the theories proposed
by Scherer and Aghion. Moreover, while analyses
on large companies are more common, those about
smaller enterprises are rarer and, as far as we know,
completely missing for micro firms. Our paper also
extends the existing literature by developing a cross-
country analysis, rather than single-country ones. In
this regard, given the EU single-market structure,
we find it valuable to focus on a sample including
MSMEs of all the 28 EU countries. To the best of our
knowledge, the only others linking competition and
innovation in a cross-country framework are Ayya-
gari et al. (2011), who do not check for quadratic
effects, Karaman and Lahiri (2014), Friesenbichler
and Peneder (2016) and Crowley and Jordan (2017),
who focus on developing countries in Eastern Europe
and Central Asia. However, a large sample of Euro-
pean MSME:s is still unexplored. We also contribute
by exploring the effect of competition not only on the
innovation intensive and extensive margins, but also
on the complexity and the different types of firms’
innovation strategy. Finally, we add to recent stud-
ies using perception-based measures of competition
rather than structural indicators based on firms’ finan-
cial statistics. The main traditional indices of compe-
tition normally refer to market concentration, like the
Herfindahl-Hirschman Index (HHI), or to firms’ mar-
ket power, such as the Lerner Index (LI). The HHI
has a sectoral dimension and it does not allow to mea-
sure competition at the firm level. In addition, the
HHI normally stresses the importance of larger firms
by assigning them a greater weight than smaller ones
(OECD, 2021). Using this indicator in a sample of
MSMEs might then be misleading. The LI, computed
as the difference between price and marginal cost
over price, can be firm’s specific. However, the fact
that marginal costs are not directly observable intro-
duces some difficulties in the computation and the
empirical estimation of the LI (OECD, 2021). More-
over, firms’ innovation strategy, and particularly that
of small businesses, is not always based on account
data only (Acs & Audretsch, 2005). The critical role
of managerial perceptions in organizational decision-
making and strategy formulation processes has long
been acknowledged (Anderson & Paine, 1975; Beyer
et al.,, 1997). That is also why, along with these
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traditional indicators of competition, in recent years
alternative and complementary measures based on
survey data and self-perception have been proposed
(Tang, 2006; Peneder & Worter, 2014; Friesenbich-
ler & Peneder, 2016; Crowley & Jordan, 2017; Moen
et al., 2018). Although the subjective nature of these
perception-based indicators might raise measurement
issues, the main argument in favor of their use is that
they allow to better capture firm-specific competition
and to account for the fact that firms in the same sector
may perceive competition differently. They also better
include rivalry from both domestic and international
competitors.

In light of these arguments, the use of a perception-
based competition indicator looks particularly suitable
for our context.

3 Data and variables definitions

We rely on the firm-level Survey on the Access to
Finance of Enterprises (SAFE). It is an ongoing sur-
vey conducted jointly by the European Commission
(EC) and the European Central Bank (ECB) every
six months since 2009. As far as we know, it is the
only database containing information on innovation
and competition for a large number of micro-sized
(1-9 employees), small-sized (10-49 employees), and
medium-sized (50-249) enterprises across all the EU
countries. The survey waves conducted by the ECB
(ECB round) cover a limited number of euro area
countries, while the more comprehensive survey, run
in cooperation with the EC (Common round), cov-
ers all EU countries. The ECB round is conducted
in April and the Common round in October of each
year. The interviewed firms are randomly selected
from the Dun and Bradstreet database and the sam-
ple is stratified by firm size class, economic activity,
and country. The replies are voluntary and the inter-
views are predominantly conducted by telephone, but
respondents are given the opportunity to fill in the
online questionnaire. A top-level executive (general
manager, financial director or chief accountant) is
interviewed from each company and the questionnaire
is administered in the local language. Sample replies
are anonymous and statistical disclosure procedure is
applied to preserve the anonymity in the micro dataset.
The sample is developed to offer comparable preci-
sion for micro, small, and medium-sized companies.

Concerning the economic activity, firms are grouped
into four main sectors: industry, construction, trade,
and services. Enterprises in the financial, agricultural,
and public administration sectors are not included in
the sample.”

For our analysis, we select micro, small, and
medium-sized enterprises of the 28 EU countries inter-
viewed in the five Common round waves between
2014 and 2018. The time horizon is driven by the
fact that we want to keep the structure of the sam-
ple as stable as possible and because the question-
naire was significantly changed in 2014. The final
repeated cross section sample includes 75,673 firm-
level observations. Table 10 in the Appendix shows
the total number of observations and the number of
micro, small, and medium firms in each country. The
most represented countries are Italy (6,994), France
(6,509), Germany (6,375), Spain (5,959), and Poland
(5,827). It is worth highlighting the remarkable share
of micro firms included in the sample. The coverage of
a large sample of MSMEs for all the 28 EU countries
represents a relevant novelty of our dataset.

As the name suggests, the main objective of the
SAFE is to collect detailed information about the
conditions of access to finance for European small
businesses. Therefore, as innovation and competition
are not the core issues of the questionnaire and the
number of questions on these topics is limited, we
are somewhat constrained. However, to the best of
our knowledge, we are not aware of other datasets
including such a large sample of micro enterprises
and firm-level information on innovation and compe-
tition for all EU countries. In this regard, expanding
the SAFE with additional questions would be helpful
to further investigations. Despite this limitation, we
consider the available information a valuable starting
point.

Measuring innovation We use the following SAFE
question to measure whether firms are innovative or
not: “During the past 12 months have you introduced:

ZFor a deeper overview of the methodological information
on the survey see https://www.ecb.europa.eu/stats/ecb_surveys/
safe/html/index.en.html.

3Wave 11 (reference period April-September 2014), wave
13 (reference period April-September 2015), wave 15 (refer-
ence period April-September 2016), wave 17 (reference period
April-September 2017), and wave 19 (reference period April—
September 2018). We include the UK since it was still part of
the EU during this period.
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Fig.1 SAFE-CIS percentage gaps. Notes: Authors’ calculations on SAFE (2016-2018) and CIS (2018). The figure reports the differences
between the countries percentage of innovative firms resulting from the two surveys. Only firms with at least 10 employees are considered

a) a new or significantly improved product or service
to the market; b) a new or significantly improved pro-
duction process or method; ¢) a new organization of
management; or d) a new way of selling goods or ser-
vices?” Following a similar approach to Mairesse and
Mohnen (2010), Ferrando et al. (2019), Ferrando et al.
(2020) and Santos and Cincera (2021), we define as
innovative those firms that answer “Yes” for at least
one of the four options.* We also consider separate
dummies to disentangle the four types of innovation
(product, process, organization, and marketing inno-
vation). This allows us to measure not only whether
a firm innovates or not, but also how. Thus, we focus
on the output side of the innovation process. Exist-
ing literature points out that smaller firms might often
report innovation without formal R&D engagement or
under-report R&D activities (Pavitt et al., 1987; Syme-

4These options correspond to the four types of innovations
defined by the Oslo Manual (OECD, 2018).

@ Springer

onidis, 1996; Baumann & Kiritikos, 2016). Relying on
R&D investments might then lead to under-estimate
the number of innovative MSMESs (Acs & Audretsch,
2005). Another advantage is that the survey question
under consideration allows to disentangle the different
types of innovation. Along with these pros, our mea-
sure shows some limitations. First, it only provides
information on the extensive margin (whether the firm
innovates or not) but not on the intensive margin (how
much the firm innovates). It is not then possible to
measure the degree of innovation embedded in prod-
ucts or processes that firms have developed. Second,
the decision to report an innovation stays completely
with the surveyed firms, which can intentionally mis-
report their answers (Siepel & Dejardin, 2020). This
caveat should be taken into account, even though,
given the anonymity of respondents, there are no rea-
son to think that firms might falsely respond to the
question either to overstate or to downstate their inno-
vation capacity. For the sake of comparison, we select
from the CIS 2018 results reported in Eurostat the
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country percentages of firms with innovation activi-
ties.> In Fig. 1, we plot the differences between the
SAFE country percentages of innovative firms and
the CIS ones.® Overall, SAFE seems to over-estimate
firms’ innovative activity, particularly for Romania.
However, Table 11 in the Appendix, reporting the
correlations coefficients between the SAFE and CIS
percentages, shows that, despite the over-estimation,
the two measures are positively and significantly cor-
related.’

Measuring Competition To measure the level of com-
petition, we rely on the following question: ‘“How
important has the problem of competition been for
your enterprise in the past six months?” Surveyed
firms can answer on a scale of 1-10, where 1 means
“not at all important” and 10 means “it is extremely
important.” This is the only information about com-
petition that we can access and, as before, it implies
pros and cons. First, competition here is very broadly
defined, with no distinction among ex antel/ex post or
product/credit market competition. Firms might then
interpret the question differently and refer to different
types of competition. Moreover, we do not have infor-
mation on the number of competitors, even though we
find it reasonable to assume that the pressing problem
of competition increases with the number of com-
petitors. On the one hand, we are then aware that
our continuous variable is only an imperfect proxy
for the intensity of competition and that its subjec-
tive nature may add some noise to the data. On the
other hand, as anticipated in Section 2, using subjec-
tive measures rather than industry indicators provides
some advantages (Tang, 2006; Peneder & Worter,

5In CIS, an innovation-active enterprise is one that has had
innovation activities during the period under review. Innova-
tion activities are all scientific, technological, organizational,
financial, and commercial steps that actually, or are intended
to, lead to the implementation of innovations. An innova-
tion is defined as a new or significantly improved product
(good or service) introduced to the market, or the introduction
within an enterprise of a new or significantly improved process.
For more details we refer to https://ec.europa.eu/eurostat/web/
products-eurostat-news/-/ddn-20210115-2.

%Given the reference period of CIS 2018 (2016-2018), to make
things comparable we compute the SAFE country percentages
of innovative firms considering the 2016-2018 period only.
Moreover, since the CIS excludes enterprises with fewer than 10
employees, we compute the SAFE country averages excluding
micro firms.

7See Table 11 in the Appendix for further details.

2014; Friesenbichler & Peneder, 2016; Crowley &
Jordan, 2017). First, perception-based measures can
more properly capture firm-specific competition. This
accounts for the fact that firms in the same industry
might actually produce different products and com-
pete in different markets. Even considering narrow
industry classifications, relevant markets are typically
further segmented. In this case, firm-specific compe-
tition may not be correctly detected by the traditional
industry measure. Second, despite being in the same
sector, firms may have different perceptions regarding
the degree of competition they face. In this respect,
survey respondents are top-level executives, whose
decision significantly affect firms’ performance, par-
ticularly in small businesses: their activity is strongly
influenced by a single person’s decisions and the top-
executive’s perception is a key determinant of their
strategy. Finally, the perception-based measure cap-
tures rivalry from both domestic and international
competitors. Given the broad sectors classification
(firms are divided into only four sectors), the size of
the surveyed firms, and the cross-country nature of our
analysis, accounting for these issues appears crucial.

4 An overview of European MSMEs’
innovative activity

The first objective of the paper is to investigate
whether and how European small businesses, includ-
ing those with fewer than 10 employees, participate in
innovation. In this section, we report several descrip-
tive statistics aimed at providing an overview of the
innovative activity and the perceived level of compe-
tition of the surveyed firms. Table 12 in the Appendix
reports descriptive statistics for the main variables
of interest. More than half of the surveyed MSMEs
(57%) declared to have introduced at least one type
of innovation over the 2014-2018 period. The aver-
age EU percentage of innovative firms in the 2018
Community Innovation Survey (CIS) is around 50%,
slightly below, but close to, our value. Looking at the
four different typologies, product innovation prevails
with 34%, while process, organization, and market-
ing innovations show similar and still not negligible
values. These numbers show an overall active contri-
bution of European MSME:s to innovation. Panel (a) of
Fig. 2 shows that the percentage of innovative enter-
prises increases with firms’ size, as expected from the
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firms that introduced at least one type of innovation (innovative) and product, process, organization, or marketing innovation. It does so
by size (a), sector (b), and both sector and size (c). The statistics refer to the five Common round waves from 2014 to 2018

literature, and a remarkable share of innovative micro
firms. Around half of these micro firms declared hav-
ing introduced at least one innovation. Moreover, the
firms’ percentage introducing a product, process, or
organizational innovation increases with size, while
that for marketing innovation declines. Micro firms
seem to be more marketing innovative than small and
medium firms. As panel (b) illustrates, the industry
sector has the highest percentage of innovative firms,
followed by trade, services, and construction. A sim-
ilar trend characterizes product innovation, which is
the most introduced type in the industry, trade, and
services sectors. In construction, organizational inno-
vations dominate. In panel (c), we disentangle firms’
size and industries. In all sectors, the share of inno-
vative enterprises increases with firms’ size. Overall,
Fig. 2 confirms the fact that innovation grows with
companies’ size, but it also shows that the innovative
activity of smaller SMEs, including micro firms with
fewer than 10 employees, is far from negligible.
Panel (a) of Fig. 3 reports the percentage of inno-
vative MSMEs in each country of the survey. The
values go from a minimum of 42% (Hungary) to a
maximum of 73% (Finland), with a gap of around 30
points. If we exclude these two countries, the distance
between the second worst (Estonia) and the second
best (Cyprus) is of 20 points. Such range suggests a
certain level of heterogeneity in the MSMESs innova-
tive activity across EU countries. This is further high-
lighted by the geographical distribution in the right
panel. The quantile distribution distinguishes four dif-
ferent country groups: 42-53% (Hungary, Estonia,
Poland, Germany, UK, Bulgaria), 54-57% (Latvia,
Netherlands, Belgium, Sweden, France, Czech Rep.,
Denmark, Spain, Ireland, Austria, Croatia, Slovakia),
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58-61% (Luxembourg, Italy, Lithuania), and 62-73%
(Slovenia, Malta, Portugal, Greece, Romania, Cyprus,
Finland). The low position of Germany might be sur-
prising. However, recent studies signal a slowdown of
German SMEs’ innovativeness rate.

Figure 3 also reports the percentage of surveyed
MSMEs that introduced a product (panel b), process
(panel c), organization (panel d), or marketing inno-
vation (panel e) in each country. This allows us to
collect more details on the between country innova-
tion heterogeneity and also to investigate which types
of innovation are more developed than others in each
country. The largest gap between the worst and the
best performing country is observed for organiza-
tion innovation (36%), followed by marketing (28%),
process (26%), and product (22%). Looking at the
maps, Eastern Europe seems to be more innovative
than Western Europe in terms of product innovation,
while the opposite is true for organization and mar-
keting types. For process innovation, there is not a
clear trend. Focusing on the within countries patterns,
we highlight some interesting findings. France, for
instance, is in the lowest group for product innova-
tion and in the highest for organizational. Germany
is last for marketing innovation and among the last
for product and process, gaining some position for
organizational innovation. Finland is supreme for all
types except type 3. Italy has a stable position for the

8See, for instance, Rammer and Schubert (2018), the KfW SME
Innovation Report (2019), and the Germany-SBA Fact Sheet
2019 (European Commission). The OECD (2019) SME and
Entrepreneurship Outlook states that German SMEs with fewer
than 250 employees spend less on R&D than the OECD median.
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Innovative MSMES (%)

(a) overall c (b) product

(c) process ST (d) organizational
Fig. 3 Innovation activity by country. Notes: Authors’ calculations on SAFE data. The figure reports the weighted percentages of MSMEs

that introduced at least one innovation (a) and that introduced a product (b), process (c), organization (d), and marketing (e) type in each
country. The statistics refer to the five Common round waves from 2014 to 2018

Innovatve MSMES (%)
Innovative MSMES (%)

(e) marketing

four types. Belgium is very low in terms of product documents the active participation of microbusinesses
innovation and higher in terms of organizational. in innovation.'”

In Fig. 4, we replicate the same exercise focus- Figure 5 reports descriptive statistics related to
ing only on micro firms. Except for Hungary, in all our measure of competition. As panel (a) illustrates,
the countries the percentage of innovative enterprises almost 18% of the interviewed MSMEs over the
exceeds 40 percent, suggesting active participation in 2014-2018 period declared a low level of competition
innovation. The gap between the maximum (Romania) (values 1, 2, 3), 47% medium (values 4, 5, 6, 7), and
and the minimum (Hungary) value is around 30 points, 35% high (values 8, 9, 10). Looking at the distribution
still indicating a certain heterogeneity among coun- by firm size category, the percentage of firms declar-
tries.® Organization and marketing innovations show ing medium and high values of competition increases
the largest ranges, while the geographical distribution with firms size, while it decreases for low values. This
seem to confirm a stronger activity of Easter Europe suggests that competition is seen as a pressing prob-
for product and weaker for organizational and market- lem more by larger SMEs. It might also be a signal
ing innovations than Western Europe. Overall, Fig. 4 of a “niche effect”, whereby small businesses often

enter niche markets that protect them from competi-
tion. Such findings seem to be confirmed by panel

9 Again, the penultimate place of Germany might seem unusual. (e), where the weighted perceived average competi-
In this regard, Baumann and Kritikos (20]6) shows that around tion increases Wlth fimls’ Size. ThlS Value does not
50 percent of German micro firms engaged in innovative activ- -

ities between 2005 and 2012. If we combine this information 19Figures 8, 9, and 10 in the Appendix provide more details in
with the reported decline in the innovativeness rate of German terms of MSMESs innovative behavior according to the size and
SMEs, our value (43%) looks less astonishing. See also note 8. sector of activity for each of the 28 countries.
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Fig. 4 Innovation activity by country — micro firms. Notes: Authors’ calculations on SAFE data. The figure reports the weighted
percentages of firms with fewer than 10 employees that introduced at least one innovation (a) and that introduced a product (b), process
(c), organizational (d) and marketing (e) type in each country. The statistics refer to the five Common round waves from 2014 to 2018

differ markedly across sectors (panel f), with trade 5 The relationship between innovation

showing the highest level and services the lowest in and competition

almost all the categories (panel g). Looking at single

countries (panel h), the average perceived competi- Statistics in section 4 document an active participation
tive pressure shows a quite small range, varying from of MSMEs in innovation and show the non-negligible
4.93 (Croatia) to 6.81 (Cyprus). These quite homo- contribution of micro firms. We now want to address
geneous values can be partly explained by the fact our second question about the relationship between
that EU countries are subject to a common legislation MSMESs’ innovation and competition. In 2018, there
on competition implemented at the European Union were slightly more than 25 million of MSMEs in
level. The map in panel (i) distinguishes four country the EU-28, of which 93% were micro firms, and
groups: those with values from 4.9 to 5,7 (Croa- they accounted for 99.8% of all enterprises in the
tia, Slovenia, Sweden, Czech Rep., Hungary, UK, non-financial business sector (European Commission,
Netherlands), 5.78-6.13 (France, Finland, Belgium, 2019). Given the large number, the issue of competi-
Estonia, Poland, Germany, Slovenia), 6.14-6.47 (Den- tion should be relevant for this type of firm. To our best
mark, Bulgaria, Latvia, Luxembourg, Ireland, Austria, knowledge, evidence is ambiguous for SMEs, while
Italy), and 6.48-6.81 (Greece, Spain, Romania, Por- completely missing for microbusinesses.

tugal, Malta, Lithuania, Cyprus). Overall, Southern Figure 6 reports preliminary evidence about the
European countries seem to perceive a higher (even relationship between competition and innovation in
though slightly) level of competitive pressure than our sample. Panel (a) shows the percentage of inno-
Continental and Northern European ones. vative firms for different level of competition: low

@ Springer
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45.29%
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Fig.5 Perceived competition. Notes: Authors’ calculations on SAFE data. The figure reports weighted statistics about firms’ perceived
level of competition: the full sample and subsamples distributions (a—d), the weighted mean by size (e), sector (f), by sector and size
(g) and by country (h and i). The statistics refer to the five Common round waves from 2014 to 2018

(values 1, 2, 3), medium (values 4, 5, 6, 7), and high
(values 8, 9, 10). Panel (b) does the same for the
three firms’ categories subsamples. The overall per-
centage of innovative firms initially increases and then
it slightly declines, following an inverted-U curve.
This trend seems to be confirmed for all the cat-
egories (panel b). Comparing the three curves, the
turning point comes earlier for micro and small firms,
where we also observe a steeper negative side. This
suggests that, although the patterns look similar, the
negative effect of competition on innovation arrives
earlier and it is more marked for smaller enterprises.

This preliminary evidence suggests the existence of an
inverted-U-shaped relationship.

5.1 Benchmark specifications

Equation (1) describes our baseline regression. The
dependent variable is the dummy for innovative firms,
equal to 1 if the firm has introduced at least one
type of innovation. Following Askenazy et al. (2013),
Peneder and Worter (2014), Karaman and Lahiri
(2014), Friesenbichler and Peneder (2016), Crowley
and Jordan (2017) and Cornett et al. (2019), to detect
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Fig. 6 Competition and innovation. Notes: Authors’ calculations on SAFE data. The binned scatterplot in panel (a) reports the percentage
of innovative firms for different level of competition: Low (values 1, 2, 3), Medium (values 4, 5, 6, 7), and High (values 8, 9, 10). Panel
(b) does the same for the separate subsamples of micro, small, and medium firms. The statistics refer to the five Common round waves

from 2014 to 2018

non-linearities, we include both the linear and the
quadratic terms of competition. The basic specifica-
tion looks as follows:

Innovic 51 = a+ p1Compi cs.r + ﬁzCompiz,c,s,t
+ﬂin,c,s,t+nc+9s +Vt+6i,c,s,t (1)

Vector X; ., contains a set of characteristics of
firm i, in country c, sector s, at time ¢. It includes
size, age, turnover, ownership type, legal status, and
past growth.!! We include sector dummies (6;) to con-
trol for technological opportunities, as long as they
are crucial determinants of firms’ innovative behav-
ior and they can differ substantially across industries
(Nickell, 1996). Country (1.) and time (y;) dummies
are also considered to eliminate unobserved hetero-
geneity across countries and time periods. Standard
errors are clustered at the country level. Following
Ayyagari et al. (2011), we estimate regression (1)
using a logit model and a linear probability model
(LPM) as validation test.!> Table 1 provides prelim-
inary estimates. Panel (a) reports the logit average
partial effects (APEs); panel (b), the odds ratios; and
panel (c), the LPM estimates. Columns from (1) to
(3) consider the full sample, including neither firms
controls nor fixed effects (col.1), firms’ controls only
(col.2), as well as both firms controls and fixed effects

11See Table 12 in the Appendix for descriptive statistics.

12We also compared the logit and probit estimates of the full
sample model with all regressors including time, country, and
sector fixed effects. Since the former shows a lightly higher
log-pseudolikelihood, we preferred to use logit. Results are
available in Table OA1 in the Online Appendix.
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(col.3).13 Columns (4), (5), and (6) consider separately
the subsamples of micro, small, and medium firms,
respectively. All the specifications show a quadratic
effect of competition on the likelihood of being inno-
vative. The positive linear term and the negative
quadratic one, both statistically significant, suggest an
inverted-U relationship. The odds ratios go in the same
direction. These findings hold for all the three firm
category subsamples, including firms with fewer than
10 employees. For an initial low level of competition,
the likelihood of being innovative increases with com-
petition, while it slightly declines if the initial level is
high.

Thus, this preliminary evidence seems to support
the findings of Scherer (1967) and Aghion et al.
(2005). However, though necessary, a statistically sig-
nificant coefficient of the squared term is not suffi-
cient alone to establish a quadratic relationship (Haans
et al., 2016), since it does not allow for reasonably
rejecting the hypothesis that the true relationship is
monotone. Lind and Mehlum (2010) propose a four-
step procedure to test for quadratic relationships. In
order to be reasonably sure that an inverted-U rela-
tionship exists, the following conditions must hold: (a)
the squared coefficient must be negative and statisti-
cally significant; (b) the curve turning point needs to

BIncluding a wide set of individual controls and dummies
should mitigate potential omitted variable bias. Nevertheless,
they can act as bad controls if they are determined simulta-
neously with our measure of innovativeness (see Angrist and
Pischke, 2008). Thus, we estimate regression (1) with and
without those controls.
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Table 1 Innovation status
Dependent variable: Innovative (1) 2) 3) 4) 5) (6)
Full sample  Full sample  Full sample Micro Small Medium
Firms controls No Yes Yes Yes Yes Yes
Time, country, sector FE No No Yes Yes Yes Yes
Panel (a): APEs
Competition 0.044%%%* 0.036%** 0.033%** 0.031%** 0.028%#** 0.036%**
(0.005) (0.006) (0.005) (0.006) (0.008) (0.005)
Competition? —0.003***  —0.002***  —0.002%** —0.002%*%* —0.002%*%* —0.002%*%*
(0.000) (0.000) (0.000) (0.000) (0.001) (0.000)
Observations 75673 71833 71833 28033 22414 21386
Pseudo R? 0.02 0.04 0.04 0.04 0.03 0.04
Wald test — HO: 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
all coefficients =0
Panel (b): Odds ratios
Competition 1.150%** 1.141%** 1.128%** 1.169%**
(0.027) (0.030) (0.040) (0.026)
Competition? 0.9907%%** 0.9907%** 0.9927%3** 0.990%#**
(0.002) (0.002) (0.003) (0.002)
Observations 71833 28033 22414 21386
Pseudo R? 0.04 0.04 0.03 0.04
Wald test — HO: 0.0000 0.0000 0.0000 0.0000
all coefficients =0
Panel (c): LPM
Competition 0.033%%** 0.031%** 0.028%#** 0.036%%**
(0.005) (0.006) (0.008) (0.005)
Competition? —0.002%%*%* —0.002%*%* —0.002%#%* —0.002%*
(0.000) (0.000) (0.001) (0.000)
Observations 71833 28033 22414 21386
Adj. R? 0.05 0.06 0.04 0.05
F test — HO: all coefficients = 0 0.0000 0.0000 0.0000 0.0000
Lind-Mehlum test
Extreme point 7.26 6.83 7.22 7.76
Lower bound slope 0.12 0.11 0.10 0.14
[6.24; 0.000] [5.02; 0.000] [3.51; 0.000] [7.31;0.000]
Upper bound slope —0.05 —0.06 —0.05 —-0.04
[—3.07;0.001] [—4.34;0.000] [—1.72;0.043] [—2.80;0.002]
Overall test [3.07; 0.001] [4.34; 0.000] [1.72; 0.043] [2.80; 0.002]
90% Fieller CI [6.80; 8.11] [6.34; 7.38] [6.48;9.70] [7.20; 8.71]

Notes: Authors’ calculations on SAFE data. Cluster robust standard errors in parentheses. Cluster level: country. T-values, and p-
values in square brackets. ***p<0.01, **p<0.05, *p<0.1. Panel (a) reports the logit average partial effects (APEs); panel (b) the odds
ratios; panel (c) the LPM estimates. All the regressions use sampling weights. The dependent variable is innovative dummy. Columns
from (1) to (3) consider the full sample, while Columns (4), (5), and (6) the subsamples of micro (1 to 9 employees), small (10 to
49 employees), and medium (50 to 249 employees) firms, respectively. The set of firms’ controls includes size (only in col. 1,2,3),
turnover, age, legal status, ownership types, and past growth. Each column estimates regression (1) by including neither firms’ controls
nor FE (col.1), firms’ controls only (col.2), both firms’ controls and time, country, sector FE (col. 3,4,5,6). The Lind and Mehlum test

uses logistic regressions
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be located well within the data range; (c) the slopes
at the lower and upper bound need to be significant
and of the expected sign; and (d) the confidence inter-
val of the turning point must be within the data range.
Performing this test, we find that all the specifications
satisfy these conditions. The turning point in the full
sample is around 7 and it increases with firm size.
This means that the negative effect dominates for high
levels of competition and it arrives earlier for smaller
firms. The lower and upper bound slopes suggest that
the increasing side of the curves are steeper than the
decreasing one.

5.2 Econometric issue: dealing with reverse causality

Our empirical approach involves methodological
issues that might produce inconsistent estimates of
the true relationship between innovation and com-
petition or could affect the interpretation of the
estimates. Competition and innovation are, indeed,
mutually endogenous and dependent (Aghion et al.,
2005; Hall & Harhoff, 2012). Reverse causality
might then be a potential driver of endogeneity, with
the perceived competition affecting innovation and
vice-versa. Moreover, there is a period discrepancy
between the two survey questions defining innovation
and competition that might increase the overlap risk
between the two variables: the former considers a 12-
month period while the latter a 6-month period. Such
simultaneity might introduce some bias in the esti-
mation of the contemporaneous effect of competition
on innovation. Removing this bias would have been
possible through a suitable instrumental variable (IV)
or exogenous shock, such as a policy change. Unfor-
tunately, the dataset does not provide adequate firm-
level instruments and we found no shocks affecting all
the countries at the same time. Another strategy we
can pursue to deal with reverse causality is to use past
values of competition (Askenazy et al., 2013; Mulkay,
2019). Lagged values may not eliminate the simul-
taneity bias, but they allow to lessen it by estimating
the impact of past exogenous values rather than the
endogenous contemporaneous one (Reed, 2015). To
do this, we isolate the panel component of the SAFE
dataset and we restrict the sample to those firms inter-
viewed at least twice over the period 2014-2018.!4

14 A firm is classified as a panel if it participated in the survey

at least twice, though not necessarily in consecutive waves. A
one-period lag may not then correspond to a one year lag.
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The result is an unbalanced panel of 43,961 obser-
vations, 16,524 (37.59%) for micro, 13,939 (31.71%)
for small, and 13,498 (30.70%) for medium firms.!>
We then amend the baseline regression (1) by replac-
ing the current values of competition with one-period
lags:

Innovi,c,s,t = a""ﬁlcompi,c,s,t—l + ,32C0mpi2,c,s,z_1
+,3in,c,s,t + e +0s + v+ €i.c,s,t 2)

Table 2 reports the logit APEs (panel a), the odds
ratios (panel b), and the LPM estimates (panel c)
of regression (2). It considers the full sample (col.1)
and the separate subsamples of micro (col. 2), small
(col.3), and medium (col.4) enterprises. Sectors, time,
and country dummies are always included. Overall,
Table 2 confirms previous findings. From the Lind and
Mehlum test, we observe a general lowering of the
turning points, mostly for micro and small firms, for
which an increase in the slope of the negative side of
the curve also occurs. As anticipated in panel (b) of
Fig. 6, the negative effect of competition on innova-
tion seems to come earlier and to be more marked for
smaller firms.

5.3 Further robustness

In Table 3 we provide further robustness.!'® Following
Haans et al. (2016), we first add the cube term of com-
petition to test whether the relationship is S-shaped
rather than U-shaped (col.1). Second, we run two lin-
ear regressions on the sample before and after the
turning point of the curve (col.2 and 3). As expected,
we obtain a positive relationship between competition
and innovation in the former, while negative in the
latter. To check that the results are not driven by the
most represented countries, we run model (2) exclud-
ing Italy, Germany, France, Spain, and Poland (col. 4).
We also want to consider the fact that the rigorous pol-
icy interventions and the international financial aids
addressed to Cyprus and Greece during and after the
sovereign debt crisis might have altered firms’ inno-
vative activity in these countries.!” Finally, we want

15See Table 14 in the Appendix for details of the distribution
among countries for the observations.

16We run these checks considering the full sample unbalanced
panel.

17Cyprus received financial assistance from the European Sta-
bility Mechanism (ESM) of €6.3 billion over the 2013-2015



Exploring the contribution of micro firms to innovation... 1095
Table 2 Innovation status — panel component
Dependent variable: Innovative (1) 2) 3) 4)
Full sample Micro Small Medium
Firms controls Yes Yes Yes Yes
Time, country, Yes Yes Yes Yes
sector FE
Panel (a): APEs
Competition(t-1) 0.034%#** 0.034%** 0.029%%* 0.036%%*%*
(0.009) (0.012) (0.013) (0.007)
Competition?(t-1) —0.003#*%*%* —0.003**%* —0.003** —0.002%*%*
(0.001) (0.001) (0.001) (0.001)
Observations 25428 9261 8176 7991
Pseudo R? 0.04 0.04 0.04 0.04
Wald test — HO: 0.0000 0.0000 0.0000 0.0000
all coefficients =0
Panel (b): Odds ratios
Competition(t-1) 1.155%:%* 1.154%:%* 1.131%* 1.174%%*
(0.044) (0.057) (0.061) (0.034)
Competition?(t-1) 0.989%** 0.988*** 0.989%%* 0.989%%*%*
(0.003) (0.004) (0.004) (0.002)
Observations 25428 9261 8176 7991
Pseudo R? 0.04 0.04 0.04 0.04
Wald test — HO: 0.0000 0.0000 0.0000 0.0000
all coefficients =0
Panel (c): LPM
Competition(t-1) 0.034%#%* 0.033%** 0.029%%* 0.037%#%*
(0.009) (0.012) (0.013) (0.007)
Competition?(t-1) —0.003%*%*%* —0.003*** —0.003** —0.003*%*%*
(0.001) (0.001) (0.001) (0.001)
Observations 25428 9261 8176 7991
Adj. R? 0.05 0.05 0.05 0.05
F test — HO: all 0.0000 0.0000 0.0000 0.0000
coefficients = 0
Lind-Mehlum test
Extreme point 6,24 5.98 5.49 7.43
Lower bound slope 0.12 0.12 0.10 0.14
[3.57; 0.000] [2.81;0.002] [2.21; 0.013] [5.63; 0.000]
Upper bound slope —0.09 —0.10 —0.10 —0.06
[—3.56; 0.000] [—3.41; 0.000] [—2.68; 0.004] [—2.67; 0.004]
Overall test [3.57; 0.000] [2.81;0.002] [2.21; 0.013] [2.64; 0.004]
90% Fieller CI [5.85; 6.68] [4.78; 6.82] [4.03; 6.26] [6.72; 8.58]

Notes: Authors’ calculations on SAFE data. Cluster robust standard errors in parentheses. Cluster level: country. T-values and p-values
in square brackets. ***p<0.01, **p<0.05, *p<0.1. Panel (a) reports the logit average partial effects (APEs); panel (b) the odds ratios;
panel (c) the LPM estimates. All the regressions use sampling weights. The dependent variable is innovative dummy. Columns (1)
considers the full sample, while columns (2), (3), and (4) the subsamples of micro (1 to 9 employees), small (10 to 49 employees), and
medium (50 to 249 employees) firms, respectively. The set of firms’ controls includes size (only in col.1), turnover, age, legal status,
ownership types, and past growth. Each column includes firms’ controls and time, country, sector FE. The Lind and Mehlum test uses

logistic regressions
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Table 3 Further robustness

Dependent variable: Innovative (1) 2) 3) 4) 5)
Full sample comp <7  comp >=7  Excluding Italy, Excluding Greece,
Germany, France Cyprus and Romania
Spain and Poland
Competition(t-1) 0.055%%** 0.004%#%** —0.005** 0.028%*** 0.035%**
(0.021) (0.002) (0.002) (0.009) (0.009)
Competition?(t-1) —0.007** —0.002%*%* —0.003*%*%*
(0.004) (0.001) (0.001)
Competition? (t-1) 0.000
(0.000)
Firms controls Yes Yes Yes Yes Yes
Time, country, sector FE Yes Yes Yes Yes Yes
Observations 25428 12279 13149 14043 23798
Pseudo R? 0.04 0.05 0.04 0.05 0.04
Wald test — HO: all coefficients =0  0.0000 0.0000 0.0000 0.0000 0.0000
Lind-Mehlum test
Extreme point 3.85 6.10 6.20
Lower bound slope 0.17 0.10 0.13
[2.96; 0.001] [3.10; 0.000] [3.84; 0.000]
Upper bound slope —0.38 —0.08 —0.09
[—1.68; 0.05] [—2.71; 0.003] [—3.74; 0.000]
Overall test [1.68; 0.05] [2.71; 0.003] [3.74; 0.000]
90% Fieller CI [3.19; 9.33] [5.56; 6.90] [5.81; 6.60]

Notes: Authors’ calculations on SAFE data. Cluster robust standard errors in parentheses. Cluster level: country. T-values and p-values
in square brackets. ***p<0.01, **p<0.05, *p<0.1. The table reports the logit average partial effects (APEs). All the regressions use
sampling weights and consider all the MSMEs together. The dependent variable is innovative dummy. The set of firms’ controls
includes size, turnover, age, legal status, ownership types, and past growth. Each column estimates Eq. (2) by including both firms’

controls and time, country, sector FE

to be sure that the over-reported innovation activity in
Romania does not affect our results. Thus, we exclude
Greece, Cyprus, and Romania from the sample (col.

period. Greece obtained a total of €245.7 billion over the 2010-
2018 period from three different programs: €52.9 billion from
bilateral EU and IMF loans (2010-2012), €130.9 billion from
the European Financial Stability Facility (EFSF) (2012-2015),
and €61.9 billion from the ESM (2015-2018). See https://www.
esm.europa.eu/financial-assistance for further details about the
ESM-EFSF financial assistance programs. Figure 12 in the
Appendix shows that the introduction of the assistance pro-
grams (2013 in Cyprus and 2010 in Greece) corresponds to
the beginning of an upward trend in R&D expenditures in both
countries.
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5). Overall, estimates in Table 3 confirm the evidence
of an inverted-U relationship.

We are aware that the proposed specifications,
with the Lind and Mehlum test and the aforemen-
tioned robustness checks, do not guarantee a causal
interpretation of the results. Nevertheless, our find-
ings provide a first helpful contribution to assess the
link between competition and innovation for MSMEs,
including micro firms. Indeed, estimates suggest that
the initial level of competition might determine the
direction of the effect on small businesses’ innovation.
Competition fosters innovation, but excessive compe-
tition might also hamper it. This is valid for all firms,


https://www.esm.europa.eu/financial-assistance
https://www.esm.europa.eu/financial-assistance
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Table 4 Pairwise correlation — innovation types

Type 1 Type 2 Type 3 Type 4
Product (type 1) 1.00
Production process (type 2) 0.42%* 1.00
Organization (type 3) 0.18* 0.25% 1.00
Marketing (type 4) 0.29* 0.24%* 0.31* 1.00

Notes: Authors’ calculations on SAFE data. Significance level: 1%

regardless of the size, but the negative effect seems to
come earlier for smaller firms.

6 Complementary analyses: innovation strategy
and frequency of innovation

Thus far, we investigate the relationship between com-
petition and firms’ innovation status, which is the
likelihood to introduce at least one innovation. As
a complementary analysis, we reproduced the same
exercise for innovation strategy and frequency of
innovation.

6.1 Innovation strategy

The four listed innovation types (product, process,
organization, and marketing) have different charac-
teristics and they emanate from distinct sources of
knowledge (Demircioglu et al., 2019). As the Oslo
Manual states in its 2005 edition, “It is not enough to
know whether firms are innovative or not; it is nec-
essary to know how firms innovate and what types
of innovations they implement” (OECD, 2005, p. 13).
The literature normally proposes two ways to distin-
guish innovation: on the one hand, between technical
and non-technical as well as, on the other, between
internal and external. Table 4 reports the pairwise
correlation for the four types.

All the coefficients are positive and significant
at the 1% level. The highest correlations occur
between product and process (technical innova-
tions) and between organization and marketing (non-
technical innovation). A non-negligible correlation
also emerges between product and marketing (exter-
nal innovation) and between process and organization
(internal innovation). Past literature documents the
existence of complementarities between innovation

strategies, particularly for product and process inno-
vations (Cabagnols and Le Bas, 2002; Martinez-Ros
& Labeaga, 2002; Miravete & Pernias, 2006; Mulkay,
2019). Our results appear to confirm this.!® Follow-
ing Santos and Cincera (2021), we also distinguish
between simple innovation (firms introduce only one
type of innovation among the four listed) and com-
plex innovation (firms introduce more than one type).
As a measure of innovation complexity, we build a
normalized firm-level indicator by summing the num-
ber of types introduced by the firm and dividing it
by four (the total number). According to Table 5, the
23% of the surveyed firms developed a simple innova-
tion strategy (one type only) and the 34% a complex
one (more than one type). Concerning technical/non-
technical and external/internal innovation, the percent-
ages are quite similar. Figure 11 in the Appendix
illustrates the average level of complexity by firm sec-
tor, size, sector and size, and country. Industry is the
sector with the highest complexity index, followed
by trade, services, and construction. Firms with fewer
than 10 employees have an average index below, but
close to, that of small- and medium-sized firms, or
even equal in services sector. This suggests that the
innovation divergence between micro firms and larger
SMEs is limited not only in terms of being innovative,
but also in terms of innovation strategy.

Here, we want to explore whether the way com-
petition affects innovation is unique or some differ-
ences occur depending on the class of innovation. As
long as technical and external innovation are more
visible and accessible, thus more imitable by competi-
tors, we expect to find some differences. This should

8Tang (2006) finds a similar correlation coefficient (0.40)
between product and process innovation using a sample of
Canadian firms.
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Table 5 Innovation strategy

One type 23%
Two types 19%
Three types 10%
Four types 5%

Technical 43%
Non-technical 40%
External 45%
Internal 42%

Notes: Authors’ calculation on SAFE data

strengthen both the escape (positive) and the Schum-
peterian (negative) effect. On the one hand, neck-and-
neck firms must introduce more of these innovations
to escape competition; on the other, laggard firms can
more easily replicate the innovations of the leaders
and, therefore, be less motivated to innovate by them-
selves. Thus, we expect to observe a steeper curve
for these two innovation categories. We also want to
see the impact on firms’ innovation complexity. Thus,
in Table 6 we reproduce regression (2) by innovation
class and complexity. Given the correlation between
the four types of innovation (Table 4), the error terms
of the regressions could also be somewhat correlated,
introducing potential bias in the estimates. Following
Demircioglu et al. (2019), we then estimate a seem-
ingly unrelated regressions (SUR) model (panel b).
Given the continuous nature, for the complexity index
(col.5), we use OLS. Panel (a) of Table 6 seems to con-
firm our prediction. The size and significance of the
coefficients suggest a stronger relationship between
competition, technical, and external innovations. For
these typologies, the lower and upper bound slopes
of the curve look steeper than those of non-technical
and internal ones. Innovation complexity (col.5) also
increases initially with competition, then it declines
slightly. The stronger relationship with technical and
external innovations is also confirmed by the SUR
model in panel (b), where the correlation matrix of
residuals does not show worryingly high correlation
values.

We replicate the same exercise focusing only on
micro firms. Panel (a) of Table 7 shows that the
inverted-U curve is there for all the innovation types
and for the complexity index.!® We also observe a

9For innovation complexity, since the normalized index has
values between O and 1, we replicate the estimation using a
fractional logistic regression model. We also develop a Pois-
son regression with a count dependent variable indicating the
number of types of innovation a firm has introduced. The
inverted-U relationship is confirmed both for the full sample

@ Springer

general increase in the coefficient significance. Again,
looking at the lower and upper bound slopes, technical
and external innovations have a steeper positive and
negative side of the curve comparing to non-technical
and internal innovations. The size and significance
of the coefficients are confirmed by the SUR model
in panel (b). Overall, these findings suggest that the
intensity of the effect of competition is not unique, but
it varies based on the type of innovation.

6.2 Frequency of innovation

We develop a second complementary analysis to study
how perceived competition affects the frequency of
MSMESs’ innovative activity. To do this, we further
restrict our sample to those panel firms interviewed in
at least three waves. After selecting three periods for
those companies present more than trice, we obtain
a weakly balanced panel with 19,970 observations.
Firms appear the same number of times but not nec-
essarily in the same years. With this restricted sample,
we can observe the innovation status for a certain num-
ber of firms over time (at least three periods). We
build a normalized index for the frequency of innova-
tion by dividing the number of years in which the firm
declared to be innovative by three (the total number
of years in which the firm was interviewed).?® Since
this measure is an average value, to make things com-
parable we also compute the firm-average perceived
competition level over the three years. Table 8 reports
the number of enterprises that, at the end of the three-
year period, have been innovative in zero, one, two, or
three years. Although they are observed over a limited
number of years and not necessarily in the same years,
a certain heterogeneity in the frequency of innovation
emerges.

and for micro firms. Results are available in Table OA2 in the
Online Appendix.

20See Table 13 in the Appendix for a more detailed definition.
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Table 6 Innovation typology and complexity — full sample
Firms controls Yes Yes Yes Yes Yes
Time, country, Yes Yes Yes Yes Yes
sector FE (D) 2) 3) “4) 5)
Technical Non-technical External Internal Complexity
Panel (a): logit model (OLS)
Competition(t-1) 0.028%*** 0.015% 0.034%%** 0.012%%* 0.010%**
(0.004) (0.008) (0.009) (0.006) (0.004)
Competition?(t-1) —0.003*%*%* —0.001 —0.003*** —0.001** —0.001**
(0.000) (0.001) (0.001) (0.001) (0.000)
Observations 25204 25340 25381 25254 23,298
Pseudo (Adj.) R? 0.05 0.03 0.04 0.05 (0.06)
Wald (F) test — 0.0000 0.0000 0.0000 0.0000 (0.0000)
HO: all coeffi-
cients =0
Lind-Melhum test
Extreme point 5.44 8.24 6.43 5.66 6.43
Lower bound slope 0.10 0.06 0.13 0.04 0.009
[6.42; 0.000] [2.02; 0.02] [3.76; 0.000] [2.04; 0.02] [2.86; 0.004]
Upper bound slope —0.10 —0.01 —0.08 —0.04 —0.006
[—9.97;0.000] [—0.65;0.25] [—3.51;0.000] [—2.04;0.02] [—2.33;0.014]
Overall test [6.42; 0.000] [0.65; 0.25] [3.51; 0.000] [2.04; 0.02] [2.33; 0.014]
90% Fieller CI [4.96; 5.83] [—Inf; +Inf] [6.11;6.81] [4.37; 6.87] [5.67;7.73]
Panel (b): SUR model
Competition(t-1) 0.025%%** 0.015%** 0.033%** 0.008
(0.005) (0.005) (0.005) (0.005)
Competition?(t-1) —0.002%#*%* —0.001** —0.003%*** —0.001**
(0.000) (0.000) (0.000) (0.000)
Observations 25116 25116 25207 25207
R? 0.08 0.04 0.06 0.07
F test — HO: all 0.0000 0.0000 0.0000 0.0000
coefficients = 0
Correlation matrix
of residuals
Technical 1.00
Non-technical 0.30 1.00
External 1.00
Internal 0.37 1.00

Notes: Authors’ calculations on SAFE data. Cluster robust standard errors in parentheses. Cluster level: country. T-values and p-
values in square brackets. ***p<0.01, **p<0.05, *p<0.1. The dependent variables are technical (col.1), non-technical (col.2), external
(col.3), internal (col.4), innovation dummies and innovation complexity (col.5). The set of firms’ controls includes size, turnover, age,

legal status, ownership types, and past growth. Each column includes firms’ controls and time, country, sector FE
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Table 7 Innovation typology and complexity — micro firms

Firms controls Yes Yes Yes Yes Yes
Time, country, sector FE Yes Yes Yes Yes Yes
(1 ) 3) 4) (5)
Technical Non-technical External Internal Complexity
Panel (a): logit model (OLS)
Competition(t-1) 0.027%%** 0.022%%* 0.031%** 0.020%** 0.015%**
(0.005) (0.009) (0.008) (0.007) (0.003)
Competition?(t-1) —0.003%** —0.002%* —0.002%*%* —0.001** —0.001%**
(0.000) (0.001) (0.001) (0.001) (0.000)
Observations 9161 9221 9252 9164 8271
Pseudo (Adj.) R? 0.04 0.04 0.05 0.06 (0.07)
Wald (F) test — 0.0000 0.0000 0.0000 0.0000 (0.0000)
HO: all coeffi-
cients =0
Lind-Melhum test
Extreme point 5.34 7.04 6.33 5.93 6.49
Lower bound slope 0.10 0.06 0.11 0.08 0.013
[5.61; 0.000] [2.38; 0.008] [3.64; 0.000] [2.65; 0.004] [4.48; 0.000]
Upper bound slope —0.11 —0.04 —-0.07 —0.067 —0.008
[—4.08; 0.000] [—1.65;0.04] [—3.89; 0.000] [—3.23; 0.000] [—2.90; 0.004]
Overall test [4.08; 0.000] [1.65; 0.04] [3.64; 0.000] [2.65; 0.004] [2.90; 0.004]
90% Fieller CI [4.47; 6.04] [5.71;9.95] [5.27;7.24] [4.42; 6.99] [5.36; 7.96]
Panel (b): SUR model
Competition(t-1) 0.024%** 0.021%** 0.030%** 0.017%*
(0.008) (0.008) (0.008) (0.008)
Competition?(t-1) —0.002%** —0.001** —0.002%*%* —0.001**
(0.001) (0.001) (0.001) (0.001)
Observations 9121 9121 9155 9155
R? 0.06 0.06 0.06 0.07
F test — HO: all 0.0000 0.0000 0.0000 0.0000
coefficients = 0
Correlation matrix of residuals
Technical 1.00
Non-technical 0.36 1.00
External 1.00
Internal 0.43 1.00

Notes: Authors’ calculations on SAFE data. Cluster robust standard errors in parentheses. Cluster level: country. T-values and p-values
in square brackets. ***p<0.01, **p<0.05, *p<0.1. The dependent variables are, technical (col.l), non-technical (col.2), external
(col.3), internal (col.4), innovation dummies and innovation complexity (col.5). The set of firms’ controls includes size, turnover, age,

legal status, ownership types, and past growth. Each column includes firms’ controls and time, country, sector FE
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Table 8 Frequency of innovation

Freq. Percent
No innovation (0/3) 1,305 19.96
Low frequency (1/3) 1,331 20.36
Medium frequency (2/3) 1,620 24.78
High frequency (3/3) 2,281 34.89

Notes: Authors’ calculations on SAFE data

Figure 7 provides preliminary evidence about the
relationship between the frequency of innovation and
the average perceived level of competition. As it
emerges, the frequency initially increases with compe-
tition and then it slightly declines. We specify the new
regression as follows:

Innov_freqics; = o+ p1Comp_mean; .

+B2Comp_mean?

ic,s,t
+5in,c,s,t + ne + b
+€icos.ts 3)

where X; . is the usual firms’ controls vector,
including the same variable of regressions (1) and
(2). To account for unobserved heterogeneity, not only
do we include country and sector fixed effects, we
also cluster the standard errors at country level. Given
the average dimension of the dependent and the main
independent variable of interest, we only consider the
end-period year and, thus, we do not include time
dummies. We estimate regression (3) for the full sam-
ple (col.1) and for micro firms only (col.2) using OLS.
Table 9 shows that, considering the full sample, for
low starting level of competition, an increase in the
perceived level of competition is positively associated
with the frequency of innovation, while negatively
when the starting level is high.?! This specification
is robust to the Lind and Mehlum test. Looking at
the coefficients for micro firms, although they have
the same signs as column 1, they are not statistically
significant. This might be due by the limited num-
ber of observations and it suggests that the results for

2l As for innovation complexity, we replicate the estimation
using both fractional and Poisson regressions. For the latter,
the count dependent variable is used. The findings reported in
Table 9 are confirmed. Results are available in Table OA3 in the
Online Appendix.

the full sample are mainly driven by larger firms.??

Thus, at least for the overall sample of MSMEs, the
estimates show that, together with innovation sta-
tus and complexity, a non-monotone relationship in
the form of an inverted-U curve occurs also between
competition and frequency of innovation.

7 Conclusion

Micro businesses are often considered to be marginal
players in innovation. Due to the greater interest in
large companies and the scarcity of comprehensive
data, several aspects of their innovative behavior are
still unexplored. This fact is surprising, as micro
enterprises represent the largest share of firms in the
non-financial business sector.

With this paper, we contribute to filling this gap
by examining whether and how these companies inno-
vate and by empirically investigating how competition
affects their innovative activity. Exploring a large sam-
ple of small businesses across 28 European Union
member states, we find that a non-negligible share of
innovative firms have fewer than 10 employees. We
also find evidence of an inverted-U-shaped relation-
ship between innovation and competition, whereby
when the latter increases, the former goes along if
the initial level of competition is low, while it slightly
declines if the initial level is high. The results hold
for all firms regardless of their size, while some dif-
ferences in the size of the effects emerge when we
consider different typologies of innovation. Indeed,
competition has a stronger relationship with technical
and external innovation. In this regard, we contribute
to reducing the knowledge gap between large and very
small companies in terms of innovation by provid-
ing a first empirical exploration of the innovation-
competition nexus for microbusinesses. By including
them, we provide elements to the understanding of
innovative patterns and activities in firms of all size.

We also know that the self-reported nature of the
dataset we rely on, despite being unique in terms
of micro firms coverage, raises some measurement
concerns and that some important characteristics of

22We check this hypothesis by doing regressions considering
small and medium firms only. Statistically significant quadratic
estimates emerge indeed for medium firms only. Results are
available in Table OA4 in the Online Appendix.
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Fig. 7 Competition and © |
frequency of innovation.
Notes: Authors’
calculations on SAFE data.
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innovation and competition are not considered. For
instance, the survey does not allow for distinguish-
ing between radical and incremental innovation or

Table 9 Frequency of innovation

T T
Medium High
Competition
(mean)

between ex antelex post and product/credit market
competition, which would be interesting to include in
future research. Moreover, the small panel component

ey @)
Full sample Micro firms
Competition (mean) 0.043%%* 0.014
(0.010) (0.019)
Competition (mean)? —0.003*%** —0.001
(0.001) (0.002)
Firms controls Yes Yes
Country, sector FE Yes Yes
Observations 6,376 2160
Adj. R? 0.08 0.08
F test — HO: all coefficients = 0 0.0000 0.0000
Lind-Mehlum test
Extreme point 6,95 9.57
Lower bound slope 0.04 0.01
[4.33; 0.000] [0.82; 0.21]
Upper bound slope —0.02 —0.00
[—2.69; 0.006] [—0.03; 0.48]
Overall test [2.69; 0.006] [0.03; 0.48]
90% Fieller CI [5.89; 8.36] [—inf; +inf]

Notes: Authors’ calculations on SAFE data. Cluster robust standard errors in parentheses. Cluster level: country. 7-values and p-
values in square brackets. ***p<0.01, **p<0.05, *p<0.1. The table reports the OLS estimates using sampling weights. The dependent
variable is frequency of innovation.. The set of firms’ controls includes size, turnover, age, legal status, ownership types, and past

growth. Country and sector FE are included
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of the survey prevents us from developing a rigor-
ous longitudinal analysis that establishes causation. A
larger and strongly balanced panel would have also
allowed to explore the effect of different lags of com-
petition on current innovation. However, we are not
aware of other dataset including such a large number
of micro firms with explicit questions on firm-level
innovation and perceived competition. Thus, although
more details about innovation and competition for
micro firms would be helpful to develop further anal-
yses, we consider this paper to be a starting point for
exploiting the available information. Indeed, our find-
ings suggest that firms with fewer than 10 employees
should be considered as relevant players in innova-
tion and, therefore, included in innovation research.
They could also provide interesting policy implica-
tions. As long as competition fosters innovation by
small businesses, but excessive competition can ham-
per it, promoting well-balanced competitive markets
appear crucial for enabling smaller firms to exploit
their full innovation potential. Another implication
is that small firms seeking the protection of a mar-
ket niche to avoid competition and to have better
chance of survival could see their innovative activity

Table 10 Observations by country — Full sample

reduced. A strong protection from competition, when
its starting level is not excessively high, can increase
MSME:s lifetime, but also limit their innovation
potential. This implies that a right balance between
survival needs and innovation growth should be pur-
sued by small businesses’ entrepreneurs and promoted
by policy makers. Moreover, our findings imply that
policies aimed at supporting microbusinesses’ inno-
vation should take into account that the intensity of
the effect of competition is not unique, but it varies
according to the different types of innovation. Deep-
ening how the competition-innovation relationship
varies with innovation types might represent a fur-
ther stimulating goal for future research. Finally, our
analysis is limited to the EU economy. It could be
explored whether similar or different findings emerge
for other regions or countries.

Appendix. Additional figures and tables
Correlation  between  innovation indicators In

Table 11, we correlate the SAFE country percentages
of innovative firms with three alternative measures

Country Freq. Percent Micro Small Medium
Austria 2,282 3.02 770 823 689
Belgium 2,239 2.96 983 692 594
Bulgaria 2,280 3.01 746 746 788
Croatia 1,291 1.71 463 388 440
Cyprus 476 0.63 176 147 153
Czech Rep. 1,990 2.63 715 593 682
Denmark 2,174 2,87 595 811 768
Estonia 473 0.63 151 150 172
Finland 2,248 297 824 753 671
France 6,509 8.60 2,586 2,061 1,859
Germany 6,375 8.42 1,701 2,337 2,337
Greece 2,384 3.15 1,489 549 346
Hungary 2,214 2.93 927 643 644
Ireland 2,296 3.03 797 775 724
Italy 6,994 9.24 3,719 1,983 1,292
Latvia 900 1.19 266 315 319
Lithuania 1,363 1.80 371 474 518
Luxembourg 447 0.59 123 150 174
Malta 472 0.62 173 148 151
Netherlands 3,618 4.78 1,388 1,111 1,119
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Table 10 (continued)

Country Freq. Percent Micro Small Medium
Poland 5,827 7.70 2,817 1,180 1,830
Portugal 2,355 3.11 1,161 669 525
Romania 2,167 2.86 639 714 814
Slovakia 1,983 2.62 849 573 561
Slovenia 890 1.18 323 245 322
Spain 5,959 7.87 2,834 1,807 1,318
Sweden 2,096 2.77 676 720 700
UK 5,374 7.10 1,692 1,961 1,721
Total 75,673 100.00 29,954 23,518 22,201
(39%) (31%) (30%)

Notes: The table reports the number of observations for each of the 28 EU countries considered in the sample over the 2014-2018

period

derived from the Community Innovation Survey
(CIS), covering all the EU27 countries (excluding
the UK). From the CIS 2018, as reported in Euro-
stat, we select results for the country percentages
during 2016 and 2018 of (i) firms with innovation
activities; (ii) firms with research and development
(R&D) activities; and (iii) firm turnover from new
or significantly improved products. Columns (1) to
(3) in panel (a) show positive and statistically signifi-

Table 11 Innovation measures correlations

cant correlations between our measure of innovation
and the CIS measures. In panel (b) we do the same
exercise, but excluding Romania (where the SAFE
over-estimation of innovative firms is higher); we
find that the correlations look stronger with higher
significance levels. Overall, despite overestimating
firms’ innovative activity in some countries, our mea-
sure moves in the same direction as the considered
alternative indicators.

(1 2) 3)
Firms with Firms with Turnover from
innovation activities R&D new products
(CIS) (CIS) (CIS)
Panel (a)
Innovative (SAFE) 0.3353* 0.3264* 0.3827*
10-249 employees (0.0873) (0.0966) (0.0537)
Countries 27 27 26
Panel (b): excluding Romania
Innovative (SAFE) 0.4515%* 0.3931%* 0.4153%*
10-249 employees (0.0206) (0.0470) (0.0390)
Countries 26 26 25

Notes: The table reports the correlation between the SAFE country percentages of innovative firms and the CIS 2018 country percent-
ages of (1) firms with innovation activities; (2) firms with R&D activities; and (3) firms turnover from new or significantly improved

products. ***p<0.01, **p<0.05, *p<0.1. p-values in parentheses
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Table 12 Descriptive statistics

Variable Obs Mean Std. Dev. Min Max
Innovative (innov) 75,673 0.57 0.49 0 1
Product innovation 74,552 0.34 0.47 0 1
Process innovation 70,507 0.26 0.44 0 1
Organization innovation 75,029 0.28 0.45 0 1
Marketing innovation 75,025 0.25 0.43 0 1
Competition (comp) 75,673 6.11 2.57 1 10
Firms size

Micro (1-9 empl.) 75,673 0.39 0.49 0 1
Small (10-49 empl.) 75,673 0.31 0.46 0 1
Medium (50-249 empl.) 75,673 0.30 0.45 0 1
Sector

Industry 75,673 0.23 0.42 0 1
Construction 75,673 0.12 0.32 0 1
Trade 75,673 0.26 0.44 0 1
Services 75,673 0.39 0.49 0 1
Age

Years < 2 75,578 0.01 0.11 0 1
2 <=years <5 75,578 0.05 0.22 0 1
5 <=years < 10 75,578 0.13 0.34 0 1
Years >= 10 75,578 0.81 0.39 0 1
Turnover (t)

Up to 500th 73,424 0.29 0.45 0 1
500th < t <= Imin 73,424 0.14 0.34 0 1
Imln <t <=2mln 73,424 0.13 0.33 0 1
2min < t <= 10miln 73,424 0.25 0.43 0 1
10mln < t <= 50mln 73,424 0.16 0.33 0 1
t > 50mln 73,424 0.03 0.18 0 1
Ownership type

Public shareholders 75,475 0.03 0.33 0 1
Family or entrepreneurs 75,475 0.41 0.49 0 1
Other firms or business associate 75,475 0.13 0.33 0 1
Venture capital or business angel 75,475 0.01 0.09 0 1
Single owner 75,475 0.39 0.49 0 1
Others 75,475 0.04 0.19 0 1
Legal form

Autonomous 75,673 0.86 0.35 0 1
Turnover past growth

Over 20% 73,696 0.16 0.36 0 1
Less than 20% 73,696 0.46 0.50 0 1
No growth 73,696 0.21 0.41 0 1
Got smaller 73,696 0.16 0.37 0 1

Notes: This table reports the unweighted descriptive statistics for the variables used in the empirical tests. It covers the five Common
round waves over the 2014-2018 period
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Table 13 Main variables definitions

Variable Definition

Innovative (innov) Dummy equal to 1 if the firm introduced in the last 12 months
at least one of the following: (a) a new or significantly improved product or
service to the market; (b) a new or significantly improved production
process or method; (c) a new organization of management; (d) a new

Product innovation
Process innovation
Organization innovation
Marketing innovation
Technical innovation
Non-technical innovation
External innovation
Internal innovation

Competition (comp)

Micro (1-9 empl.)

Small (1049 empl.)

Medium (50-249 empl.)

Innovation complexity

Frequency of innovation

way of selling goods or services.

Dummy equal to 1 if the firm introduced (a)

Dummy equal to 1 if the firm introduced (b)

Dummy equal to 1 if the firm introduced (c)

Dummy equal to 1 if the firm introduced (d)

Dummy equal to 1 if the firm introduced (a) or (b)

Dummy equal to 1 if the firm introduced (c) or (d)

Dummy equal to 1 if the firm introduced (a) or (d)

Dummy equal to 1 if the firm introduced (b) or (c)

Continuous variable with values from 1 to 10. Firms are asked
how important have been the competition problem in the past six
months from 1 (not at all) to 10 (extremely important).

Dummy equal to 1 if the firms declared to have from 1 to 9
employees.

Dummy equal to 1 if the firms declared to have from 10 to 49
employees.

Dummy equal to 1 if the firms declared to have from 50 to 249
employees.

Continuous (normalized) variable indicating the number of types
of innovation introduced by the firm. It is equal to 0 if the firm
introduces O types, 0,25 if 1, 0,50 if 2, 0,75 if 3, and 1 if 4.
Continuous (normalized) variable indicating the number of years
in which the firm introduced at least one type of innovation. It is
derived from a 3 year weakly balanced panel. It can take values

0 (never innovative over the three years), 0.33 (innovative in one of

the three years, 0.66 (innovative in two of the three years), and 1
(innovative in all the three years).

Notes: The table provides detailed definitions of the dependent and main independent variables used in the empirical analysis
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Innovative MSMEs (%)
Innovative MSMEs (%)

Austria Belgium Buigaria Croatia Cyprus Czech Republic Denmark

I innovative I product I process I innovative I product I process
BN organization I marketing N organization I marketing

Innovative MSMEs (%)
Innovative MSMEs (%)

Finland France Germany Greece Hungary

I innovative I product I process I innovative I product I process

Innovative MSMEs (%)
Innovative MSMEs (%)

Lithuania Luxembourg Malta Netheriands Poland Portugal Romania Slovakia

I innovative I product I process I innovative I product I process

Innovative MSMES (%)

Slovenia Spain Sweden United Kingdom

I innovative I product I process

Fig. 8 Innovative firms by country. Notes: Authors’ calculations on SAFE data. The figure reports the weighted percentage of firms
that introduced at least one types of innovation (innovative) and product, process, organization, marketing innovation in each country.
The statistics refer to the five Common round waves from 2014 to 2018
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Fig. 9 Innovative firms by country and size. Notes: Authors’ calculations on SAFE data. The figure reports the weighted percentage
of innovative firms by size in each country. The statistics refer to the five Common round waves from 2014 to 2018
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Fig. 10 Innovative firms by country and sector. Notes: Authors’ calculations on SAFE data. The figure reports the weighted
percentage of innovative firms by sector in each country. The statistics refer to the five Common round waves from 2014 to 2018
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weighted average level of innovation complexity by sector (a), size (b), sector and size, (c) and country (d). The statistics refer to the
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Table 14 Observations by country — Panel component

Country Freq. Percent Micro Small Medium
Austria 1,287 2,95 382 492 413
Belgium 1,187 2.72 500 368 319
Bulgaria 1,232 2.82 387 376 469
Croatia 676 1.55 222 214 240
Cyprus 245 0.56 108 62 75
Czech Rep. 1,046 2.39 325 306 415
Denmark 1,394 3,19 367 524 504
Estonia 207 0.47 64 59 84
Finland 1,311 3.00 464 465 382
France 3,930 9.00 1,446 1,283 1,201
Germany 3,503 8.02 812 1,314 1,377
Greece 1,379 3.15 857 297 222
Hungary 1,287 2.95 546 367 374
Ireland 1,267 2.90 410 466 391
Italy 4,616 10.57 2,266 1,394 956
Latvia 442 1.01 118 148 176
Lithuania 754 1.73 191 259 304
Luxembourg 280 0.64 70 99 111
Malta 301 0.69 109 92 100
Netherlands 2,051 4.69 692 674 685
Poland 3,512 8.04 1,638 674 1,200
Portugal 1,303 2.98 594 392 317
Romania 1,201 2.75 347 282 472
Slovakia 1,016 2.33 383 309 324
Slovenia 496 1.14 185 129 182
Spain 3,763 8.61 1,675 1,244 844
Sweden 1,187 2.49 355 399 333
UK 2918 6.68 914 1,070 934
Total 43,688 100.00

Notes: This table reports the number of observations for each of the 28 EU countries when panel components only are included in the
sample. It covers the five Common round waves over the 2014-2018 period
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