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Abstract

This work investigates the relationship between proxies of innovation activities,
such as patents and trademarks, and firm performance in terms of revenues and
growth. By resorting to the virtual universe of Italian manufacturing firms we
provide a rather complete picture of the innovation activities of Italian firms, in
terms of patents and trademarks, and we study whether the two instruments for
protecting Intellectual Property (IP) exhibit complementarity or substitutability.
In addition, and to our knowledge novel, we propose a measure of concordance (or
proximity) between the patents and trademarks owned by the same firm and we then
investigate whether such concordance appears to exert any effect on performance.
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NON-TECHNICAL SUMMARY

Intellectual Property (IP) rights protect from imitation the producers of ideas and
innovations that are intangible assets suffering from an appropriability problem. As far
as firms are concerned, patents and trademarks, by protecting inventions and brands,
respectively, allow to appropriate the benefits of such innovations.

This work investigates the effect of these IP rights on firms’ performance. To do this,
we employ the virtual universe of Italian limited liability manufacturing firms and we
analyze the strategies according to which firms resort to patent and trademark protection
and the level of technological proximity between the two instruments, when firms employ
both.

The question of how innovation activity affects firms’ performance has a long tradition
in economics. However, most contributions focus on the analysis of R&D and patents,
especially for large and medium firms. A recent wave of studies has suggested that, on
top of patents, trademarks provide a useful proxy for firms’ innovation activity. This
is even more true for small and medium enterprises (SMEs), and for ‘softer’ types of
(non-patentable, non-technological) innovation like service, marketing and organizational
innovation as well as innovation activity closer to the market introduction stage. Indeed,
for instance, SMEs may not be in the position of affording other protection mechanisms
and may be more inclined to engage in product differentiation strategies. Moreover, while
patents have a finite duration, trademarks do not expire as long as all post registration
maintenance documents are timely filed. So that they can protect products and services
when a patent would expire.

Accordingly, we study how and to what extent, innovation activities, as proxied by
patents and trademarks, affect firms’ performance in terms of revenues and growth. We
consider balance-sheet data matched with IP activity of the (virtual) universe of Italian
manufacturing limited liability firms, independently of their size. This feature of the
dataset allows us to contribute to the literature in several directions. First, we can provide
a complete picture of patent and trademark activities of Italian firms and assess whether,
for instance, there exists a size or sector-specific pattern. Second, we can dig into the
effects of these innovation proxies, not only on large firms but also on SMEs. Moreover,
we investigate whether there is some complementarity or substitutability among the two
instruments of IP. Finally, and to our knowledge completely novel, for firms reporting
both patents and trademarks, we employ the available information to build a measure of
technological concordance (or proximity) between the patents and trademarks owned by
the same firm and we then investigate whether such concordance may have an impact on
performance.

Our findings reveal that both patents and trademarks do have a role in explaining
firms performance, in terms of revenues and growth. In particular, firms’ with both IP
rights enjoy a higher premium than firms only owning patents or trademarks, especially
when considering growth as measure of firms’ performance. Focusing on the degree of
technological concordance between the stock of patents and trademarks, one faces the
constraint, particularly binding for the Italian case, of restricting the sample to firms
owning both IP instruments. Notwithstanding, there is still some noteworthy evidence
for some of the sectors under investigation.
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1 Introduction and related literature

This works investigates the effect of patents and trademarks on firm performance. To
do this, we employ the virtual universe of Italian limited liability manufacturing firms to
analyse the IP strategies of firms and we propose a novel measure to assess the concor-
dance between the two instruments, when firms employ both.

The question of how innovation activity affects firms’ performance has a long tra-
dition in economics, with many recent contributions focusing on the analysis of R&D
and patents, especially for large and medium firms. In particular, starting with Griliches
(1981), many authors investigated the relationship between firm’s market value and its
R&D expenditures and number of patents, often focusing on large quoted companies (see
e.g., Toivanen et al., 2002; Hall, 2000). Others, in addition to R&D, analyse the impact
of product and process innovation based on survey data (see e.g., among the many others,
Hall et al., 2009).

A recent wave of studies, starting with Mendonça et al. (2004), has suggested that, on
top of patents, trademarks provide a useful proxy for firms’ innovation activity. This is
even more true for small and medium enterprises, SMEs henceforth, and for ‘softer’ types
of (non-patentable, non-technological) innovation like service, marketing and organiza-
tional innovations as well as innovation activities closer to the market introduction stage
(see e.g., Flikkema et al., 2015, 2014; Helmers and Rogers, 2010). Indeed, for instance,
SMEs may not be in the position of affording other protection mechanisms, see for in-
stance Block et al. (2015). Moreover, while patents have a finite duration, trademarks
do not expire as long as all post registration maintenance documents are timely filed. A
trademark can thus protect a product (or service) when a similarly aged patent would
expire. Schautschick and Greenhalgh (2016) provide a detailed survey of the empirical
works revealing significant correlations between innovation, patents and trademarks and
testing for the suitability of trademarks as proxy for innovation.

In line with this recent strand of literature, we study how and to what extent, in-
novation activities, as proxied by patents and trademarks, affect firms’ performance in
terms of revenues and growth. We consider balance-sheet data matched with IP activity
of the (virtual) universe of Italian manufacturing limited liability firms, independently of
their size. This feature of the dataset allows us to contribute to the literature in several
directions. First, we can provide a complete picture of patent and trademark activities of
Italian firms and assess whether, for instance, there exists a size or sector-specific pattern.
Second, we can dig into the effects of these innovation proxies, not only on large firms (as
investigated, among others, by Castaldi and Dosso, 2018) but also on small and medium
firms. Note that this is quite relevant as SMEs, which represent the vast majority of
Italian firms, are more likely to trademark over patenting, relative to large firms. More-
over, we investigate whether there is some complementarity or substitutability among the
two IP instruments. Finally, and to our knowledge completely novel, for firms reporting
both patents and trademarks, we employ the available information to build a measure
of concordance (or proximity) between the stocks of patents and trademarks owned by
the same firm and we then investigate whether such concordance may have an impact on
performance. This is a rather new domain, opened by the contemporaneous availability
of firm level IP data and recent developments in Algorithmic Links with Probabilities
(ALP) (see, among the others, Lybbert and Zolas, 2014). Although not perfect, the link-
ages established between patents and trademarks thanks to ALP enable to investigate a
number of issues. In this work we consider the relative timing in the activities of patent-
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ing and trademarking and the impact of the concordance measure on firm performance.
In this respect, our prior, in line with the capability view of the firm, is that a higher
coherence or overlap between the pool of knowledge, as proxied by patents, and the set of
products sold, as proxied by trademarks, should be associated to better firm performance
(see among the many others Teece et al., 1994; Markides and Williamson, 1996; Bryce
and Winter, 2009).

Our findings reveal that both patents and trademarks do have a role in explaining
firms performance, in terms of revenues and growth. In particular, firms’ with both IP
rights enjoy a higher premium than firms only owning patents or trademarks. Moreover,
our findings suggest that the positive impact of having only trademarks is somewhat
larger than the positive impact of owning patents alone. The data at our disposal do
not allow to explore this result at greater detail, however we might conjecture that it
is related to the very nature of trademarks as ‘recognisable designations and symbols
for goods and services’ (Mendonça et al., 2004) hence playing a more crucial role in the
process of marketing innovation vis à vis patents. Further, trademarks are also the most
diffused instrument of IP protection for Italian firms. We have to notice however that
when focusing on the degree of concordance between the stock of patents and trademarks,
one faces the constraint, particularly binding for the Italian case, of restricting the sample
to firms owning both IP instruments.

As said, following the seminal work of Mendonça et al. (2004), a number of contri-
butions have focused on trademarks as an appropriate indicator of innovation output,
in addition to the more standard proxy traditionally provided by patents. Due to data
constraints, most of these works focus on large and medium firms that are publicly traded
and find evidence of a positive effect of trademarks on firms’ stock market value (see e.g.,
Greenhalgh and Rogers, 2006, 2012).

Interestingly, Llerena and Millot (2013) examine the separate and combined effects
of patents and trademarks on the market value of a sample of French quoted compa-
nies. They develop a theoretical model and, based on supermodularity theory, they test
whether the two types of IP are complementary or substitute. In line with their theoretical
predictions, they find that results differ across sectors. In chemical and pharmaceutical
industries, patents and trademarks tend to be complementary whereas in high-tech busi-
ness sectors, where the crucial asset to be protected is the technology rather than the
brand, they are found to be substitutes.

In general, there are few contributions encompassing also small and medium firms.
An exception is Rogers et al. (2007) that cover UK small and medium firms over the
period 2001-2004. They study the effect of the registration of a new trademark over the
following years and find that, because of the investment needed to launch an innovation,
the profits may initially decrease even when the new product is ultimately successful. In
comparison with the other companies, trademark active firms are more concentrated in
the lowest and highest quartiles of the profits distribution.

The rest of the paper is organized as follows. The description of the data and the
definition of the variables of interest is reported in Section 2. We next present some non-
parametric evidence based on univariate kernel density estimations and on the Fligner-
Policello test of stochastic equality in Section 3. Section 4 illustrates our empirical strat-
egy and discusses the empirical results. Section 5 concludes.
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2 Data and variables of interest

The empirical analysis is based on AIDA (Analisi Informatizzata delle Aziende) and
AMADEUS data, two datasets provided by Bureau van Dijk (BvD).

The AIDA dataset provides detailed information on Italian limited liability companies
operating in both the manufacturing and services sectors which, in accordance to law,
have to deposit their balance sheets to the Chamber of Commerce. The data provide
financial and economic information for Italian firms, as well as a wide set of relevant
indicators, including number of employees, incorporation year and sector of activity,
among others.1

The AIDA dataset, due to its nature, covers virtually the universe of Italian limited
liability firms independently of their size or age, thus representing an ideal set of data to
study the dynamics of firms and industries. This is a noteworthy feature with respect to
many previous works (see Fang et al. (2011), Chang et al. (2012), Dernis et al. (2015),
Daiko et al. (2017) and Dosso and Vezzani (2017), among others) that, due to data
constraints, could only focus on top corporate R&D investors or on firms operating in
high-tech industries. The time period covered by our empirical analysis spans from 2006
to 2014 and we focus only on manufacturing firms.2

We integrate AIDA data with information on the stock of applied patents3 and reg-
istered trademarks owned by firms in each relevant year. As for patents, AMADEUS
provides some relevant information, including international patent classification (IPC),
the application date and whether a patent has been granted or not, among others; while,
for filed trademarks one can resort to NICE classification code, the filing date and infor-
mation on their registration. In particular, information on the patents and trademarks
classifications (IPC and NICE, respectively) are crucial in order to define a measure of
economic concordance between the technological fields of the two measures of IP rights.

Before proceeding with some descriptive statistics on the dataset, we illustrate the
strategy adopted to characterize firms’ innovation activity and the degree of coherence
between the domains of knowledge incorporated in the firms’ stocks of patents and trade-
marks, respectively.

2.1 Patents, trademarks and a measure of IP instruments con-

cordance

In order to obtain a suitable measure of firms’ innovation activities as proxied by patents,
we consider data on applied patents, irrespectively of the outcome of the application,
that have been applied at the United States Patent and Trademark Office (USPTO), at

1We use two AIDA ‘historic’ disks in the release version of December 2015 and December 2016,
respectively. For a detailed description of the procedures followed in building the dataset, refer to Grazzi
et al. (2017).

2As suggested by the previous literature, see OHIM (2015); Schautschick and Greenhalgh (2016);
Graham et al. (2018) among others, patenting activity is mainly observed within manufacturing sectors,
while trademarks are generally used in the whole economy by firms independently from their sector of
activity. Consistent evidences emerge using the AIDA-AMADEUS dataset. Consequently, we decided
not to account for firms in service sectors because of the low number of firms with both IP instruments
in these sectors. Indeed, only for firms with both patents and trademarks we can identify the measure
of concordance.

3We have opted to focus on applied, rather than granted patents, to enlarge as much as possible the
sample of observations, given the very small percentage of Italian firms with patents. Results on the
smaller sample (granted patents) are also available upon request.
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the European Patent Office (EPO), and/or at the Italian Patent and Trademark Office
(IPTO).4 The stock of patents for each firm, in each year, does not include patents applied
more than 20 years before the year of interest. That is, if a patent was applied in 1991 by
a firm, we include it in the patent count from 2006 to 2010, but not from 2011 onward.
This choice allows us to forego patents which are too ‘old’ to adequately represent a
valuable proxy of firms’ technological capabilities.5 Note that the range of information
on patents accessible through BvD is only a subset of what available through PATSTAT,
see for instance De Rassenfosse et al. (2014). Also note that, as shown in Table 3, only
a very small fraction of Italian firms, around 7%, holds patents, see also Malerba and
Orsenigo (1999), Cefis and Orsenigo (2001) and the more recent Dosi et al. (2015). One
known issue of the literature on patents is the matching of IP instruments to a given
firm (owner). In this respect, note that we are employing patents and trademarks linked
to firms as originally provided in BvD AMADEUS. An alternative attempt is provided,
still on Italian firms, by Lotti and Marin (2013) on EPO applications which the authors
match to a restricted sample of AIDA firms (the so called, BvD AIDA TOP). In the end,
their effort results in 5485 patenting firms over the period 2000-2007. It is however not
possible to directly compare the two final datasets. It is true that ours displays a higher
number of firms with patents (8616 in 2006, see Table 3), but this is most likely due to
employing the “full” AIDA version and, although to a lesser extent, to counting USPTO
and IPTO patent applications.

With regard to trademarks, we focus on registered trademarks that have been filed
at the United States Patent and Trademark Office (USPTO) or at the European Union
Intellectual Property Office (EUIPO), formerly known as Office for Harmonization in the
Internal Market (OHIM).6 We identify the stock of registered trademarks for each firm,
in each year, by considering trademarks applied before or in the year of interest and
expiring after the year of analysis. Unfortunately, differently from patents, AMADEUS
does not provide information for registered trademarks also at national level.7

We next define, at the firm level, a variable to measure the degree of concordance
between the two classes of IP instruments, patents and trademarks. For this purpose,
we need information on IPC codes associated to each patent and NICE code linked to
each trademark.8 In the AMADEUS dataset, a single patent can be associated with more

4Patents could be owned by more than one firm; in these cases we associated the patents to each
owner, as suggested by the existing literature.

5Czarnitzki and Kraft (2004), Xu and Chiang (2005) and de Rassenfosse and Jaffe (2017), among
others, have highlighted the importance to account for the decline in patents’ value during the life of
patented inventions.

6As for patents, also trademarks can be jointly owned by more than one firm; in these cases we
associated the trademarks to each owner, as suggested by the existing literature. Note however that the
phenomenon of joint trademark ownership is much more limited with respect to patents.

7The lack of applications for trademarks at the national level is of course expected to reduce both the
overall stock of trademarks in the country as well as the share of firms holding trademarks. It is however
very difficult to find a reference to assess how large is the actual impact on our dataset. To the best of
our knowledge, OHIM (2015) provides some guidance in terms of aggregate statistics even if it is at the
EU level with no possibility to distinguish among countries. According to Table 8 (page 40) of the cited
document, “38.1 per cent of all large companies and 8.6 per cent of all SMEs own trademarks”, either
at national or EU. In our dataset, which includes USPTO and EUIPO trademarks, the corresponding
percentages are respectively (see Table 4) 57.9 ≈ (679/1172) and 12.4 ≈ (3805+2653)/(44148+8016).
Hence, it would not appear that the lack of national patents greatly compromises the sample that we
employ.

8The IPC is a classification for patents and utility models according to the different areas of technology
to which they pertain. We use it at the 3-digit level. NICE is a 2-digit international classification of
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than one IPC code, while for trademarks only a single NICE code is provided.
In order to build such concordance measure, we rely on a series of crosswalks linking

different classifications of industries, products, IPC and NICE codes, for which we refer
to the works of Lybbert and Zolas (2014), Zolas et al. (2017) and Goldschlag et al.
(2016). As a preliminary step, we need to convert the IPC codes and the NICE codes
to a common code. In particular, we associate the International Standard Industrial
Classification (ISIC) to each IPC and to each NICE code, respectively, relying on the
probabilistic algorithms developed by Lybbert and Zolas (2014) and Zolas et al. (2017).
These algorithms provide a concordance of each IPC and NICE code to ISIC codes.
Namely, for each 3-digit IPC code several 2-digit ISIC codes may be associated, each with
a weight that identifies likelihood (or strength) of the linkage between that particular IPC
code and that particular ISIC code. The sum of these weights is one. Similarly, each
2-digit NICE code is associated to several 2-digit ISIC codes, each with a weight that
represents the probability of concordance between that particular NICE code and that
particular ISIC code. The sum of these weights is then one.

We obtain the concordance measure between patents and trademarks following a
three-step procedure. Note that this measure is provided for any firm with patents and
trademarks and it might vary over time. First, for each firm (i) and year (t), we identify
the sets of 3-digit IPC and 2-digit NICE codes associated to the stock of patents and
trademarks, respectively, and we label N i,t

L (N i,t
K ) the number of IPC (NICE) codes asso-

ciated to these sets.9 In the second step, considering the ISIC codes and their probability
weights,10 we compute the overlapping coefficient, overlapL−K , for each pair (L,K) of
IPC and NICE codes.11 Formally:

overlapL−K =

NLK
∑

j=1

min{pL(isicj), pK(isicj)}, (1)

where NLK is the number of ISIC codes associated to each pair of 3-digit IPC and 2-digit
NICE codes, pL(isicj) is the probability weight that identifies the likelihood of the linkage
between IPC code L and ISIC code j, and pK(isicj) is the likelihood of the linkage between
NICE code K and ISIC code j. The overlapping coefficient is higher than zero only when
both the IPC and NICE codes are linked to at least one common ISIC code. Indeed, the
probability weights in equation (1) are both positive only when an ISIC code is associated
to both IPC and NICE codes. Contrarily, if an ISIC code is not linked to either IPC or
NICE code, the probability weight is set equal to zero. In the third and final step, we
compute, for each firm and year, the degree of concordance between (the stock of IPC and
NICE codes associated to) the stock of patents and trademarks. In particular, as shown
in equation (2), for each firm (i) in each year (t), we sum all the overlapping coefficients
identified for each pair of IPC (L) and NICE (K ) codes (overlapL−K). Moreover, we
normalize our measure dividing it by the product between the number of elements in the

goods (codes from 1 to 34) and services (codes from 35 to 45) applied for the registration of trademarks
that has been adopted with the Nice Agreement (1957).

9Clearly, we do not account for patents and trademarks without information on the IPC and NICE
codes.

10For the methodology and weights refer to works of Lybbert and Zolas (2014), Zolas et al. (2017) and
Goldschlag et al. (2016).

11The overlapping coefficient is a measure of agreement (or similarity) which refers to the area under
two probability density functions simultaneously. Notice that the overlapping coefficient between an IPC
and a NICE code is not firm or time specific.
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set of 3-digit IPC codes (N i,t
L ) and the number of elements in the set of 2-digit NICE

codes (N i,t
K ).

conci,t = (

N
i,t

L
∑

L=1

N
i,t

K
∑

K=1

overlapL−K)/(N
i,t
L ∗N i,t

K ) (2)

The degree of concordance takes value zero if there are no common ISIC codes asso-
ciated to the two sets of IPC and NICE codes, while strictly positive and higher values
of conci,t suggest higher coherence between the stocks of patents and trademarks.

For illustrative purposes, consider the following example taken from our database for
a firm (labeled 1) with four patents and nine trademarks in year 2006. As we can see
from Table 1, the first patent (patent 1) has two IPC codes (A61 and H02), the second
patent has one IPC code (C09) and both the third and fourth patents have one IPC code
(A61). Thus, for firm 1 in year 2006 the set of 3-digit IPC codes includes the following
three codes: A61, H02 and C09. Looking at the stock of trademarks, the first eight
trademarks have the 2-digit NICE code 2, while the ninth trademark has the NICE code
35. Hence, for firm 1 in year 2006, the set of NICE codes includes the following two codes:
2 and 35. So that N1,2006

L = 3 and N1,2006
K = 2. Based on the probabilistic algorithms by

Lybbert and Zolas (2014) and Zolas et al. (2017), in Table 2 each IPC and NICE code is
associated to the corresponding ISIC sectors (it can be more than one) with the relative
probability weights. For example, we link the 3-digit IPC code A61 to the following ISIC
codes 10, 20, 21, 32 and 36. For each ISIC code the algorithm provides a probability
weight which identifies the likelihood of the linkage between the IPC code and each ISIC
code. Similarly, for NICE code 2, we consider the following ISIC codes 2, 20, 25 and 41,
each of them linked to a given probability weight.

In order to compute conc1,2006, we first determine the overlapping coefficient for each
of the six pairs of IPC and NICE codes (A61-2, A61-35, C09-2, C09-35, H02-2 and H02-
35). For instance, overlapA61−2 = 0.0505, with NA61,2 = 8, that is the number of ISIC
codes associated to the pair (A61,2).12 Hence, the degree of concordance between the
two IP instruments is given by:

conc1,2006 = (0.0505005 + 0 + 0.1203539 + 0 + 0 + 0)/(3 ∗ 2) = 0.028475733. (3)

(Table 1 and 2 around here)

2.2 Descriptive statistics

We next present some of the main highlights of the dataset that will be employed in the
empirical analysis.

Table 3 reports the distribution of trademarks and patents for firms in the manu-
facturing sector. As expected on the basis of prior literature, the fraction of Italian
firms owning IP instruments is very small and it displays different trends for patents
and trademarks. Note indeed that the proportion of firms owning at least one registered

12A common 2-digit ISIC code is identified only for the pairs of IPC and NICE codes A61-2 and C09-2.
In particular, both the IPC code A61 and the NICE code 2 are linked to the ISIC code 20; while, both
the IPC code C09 and the NICE code 2 are linked to the ISIC code 20. Thus, the overlapping coefficients
are different from zero only for these pairs on IPC and NICE codes (0. 0505005 and 0.1203539 for pairs
A61-2 and C09-2, respectively).
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trademark increases during the period of investigation (from 4.062% of firms in 2006 to
6.857% in 2014); while it is not the same for the fraction of firms owning at least one
patent (it is around 7% in each year).13 Quite interestingly, in more recent years, the
number of firms with trademarks exceeds the number of firms with patents. This points
to the increasing importance of trademarks as instrument to protect IP, at least among
Italian firms. However, also note, as shown by the last two columns of Table 3, that
the total number of patents of Italian firms, even if decreasing in more recent years, is
still bigger than the number of trademarks.14 Thus we can conclude that, at least in
Italy, ownership of patents, differently from trademarks, is concentrated in a narrower
set of companies and that trademarks are becoming more diffused as instrument of IP
protection. As suggested in Hall et al. (2013a), the concentration of patent ownership
might be related to the fact that ‘(a) some firms do not automatically patent all of their
patentable inventions, (b) some firms avoid the patent system altogether, either because
of its cost or because patenting is perceived to yield no additional benefit, and (c) some
innovations involve inventions that are not patentable.’ And, in addition, to the fact that
there appears to be size threshold below which firms find it more difficult to afford the
cost related to the functioning of a formal R&D laboratory. Moreover, the data reveal
that around 7% of firms with patents are involved in co-ownership (co-patents) and the
number of the co-owned patents has increased over the years (the share of patents with
more than one owner rises from 2.694% in 2006 to 3.145% in 2014).15

(Table 3 around here)

Note that due to the small number of firms owning IP rights in general, when we
restrict to the sub-sample of firms with both patents and trademarks, we are left only
with around 2% of the firms making up the original dataset, column (5) of Table 3. The
share of firms owning both patents and trademarks slightly increases over time, from
1.543% in 2006 to 2.190% in 2014. Focusing on the concordance between IP instruments,
around 90% of firms reporting both patents and trademarks, column (6) of Table 3,
displays a strictly positive value for the degree of concordance, conci,t, as defined in
equation (2). Among these firms the average degree of concordance is around 0.18. The
whole distribution is plotted in Figure 1 and it does not vary much over time because, at
the firm level, the value of the concordance measure is quite stable over the years. In turn,
this is due to the poor dynamics in patenting and trademarking, that is, very few firms
are registering or applying for new trademarks or patents over the time span covered by
the database; hence also the measure does not change much over time. Unfortunately,
the co-occurrence of a very low number of firms with both IP and a poor underlying
dynamics do not make the ‘Italian case’ the ideal testbed for the measure we are proposing
here. Finally, note that the proposed concordance measure, at least for the sample under
investigation, appears to be independent from the size of the firm, see Figure 2.

(Figures 1 and 2 around here)

13Such similar percentages of firms with patents and firms with trademarks might also be related to
the absence of IPTO trademarks.

14A similar trend in the number of patents has been reported also by the Italian Observatory for
patents, Osservatorio Italiano Brevetti, Osservatorio Italiano Brevetti (2014). Considering patents ap-
plied at the Italian Patent and Trademark Office (IPTO) from both Italian and foreign firms, the Ob-
servatory highlights a reduction in the number of applied patents starting from 2011.

15In the interest of space, we do not show descriptive statistics considering co-ownership of patents.
They are available upon request.
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In addition to the analysis of IP bundles of firms and of their internal coherence, it
is also much relevant to investigate if any regularity emerges in terms of the timing of
applications for patents vis à vis trademarks. In this respect, our prior would be that
in a given process of innovation, moving from the original concept, to the technological
development of the product and finally to market introduction, the patent application,
being more technology related, pre-dates the trademark application, which is more related
to bringing the innovation to the market (see also the contribution of Mendonça et al.,
2004; Aaker, 2007; Helmers and Rogers, 2010; Llerena and Millot, 2013; Flikkema et al.,
2014). In our dataset, as in most to date, we cannot directly observe: a) which IP
is related to a given product or line of business and, as a consequence, b) the timing
with which firms resort to patents and trademark along the innovation process. We can
only indirectly verify the existence of such a sequential timing by exploiting positive
occurrences of our concordance measure to identify innovation processes that we can
expect to be related to the same product (or line of business). In particular, we consider,
in each year and for each firm, the pairs of 3-digit IPC and 2-digit NICE codes associated
to the stock of patents and trademarks, for which the overlapping coefficient is higher
than zero, that is, when we are inclined to expect that the patent and the trademark
are related to the same line of product. Moreover, for each pair of IPC and NICE codes,
for each firm and year, we account for the least recent patent and trademark in the firm
portfolio. Our descriptive evidence provides only mild support to our hypothesis on the
relative timing: depending on the year of analysis, in 50% to 55% of such IPC-NICE
pairs the patent pre-dates the trademark.16

Table 4 shows the distribution of patents and trademarks across firms according to
their size in 2014. The size classes are defined conforming to the Eurostat definition.17

We consider four size classes: ‘micro’ firms with less than 10 workers; ‘small’ with workers
ranging between 10 and 49; ‘medium’ between 50 and 249 and ‘large’ with more than 250
workers.18

Consistently with the actual population of Italian firms, also in our dataset the highest
share of firms is represented by micro-firms (around 58%). The share of small firms is
around 35%, while large firms are only less than 1%. Due to the shape of the firm size
distribution, in absolute numbers, the two categories of SMEs are those more represented
in terms of IP’s holders, and represent the highest share of firms with concordant patents
and trademarks (around 32% and 43% of firms with concordant IP rights, respectively).
Note however that, in relative terms, while around 55% (645/1172) of large firms are
patent holders, the relative share shrinks respectively to 30% for medium and to 8.6%
for small firms.

(Table 4 around here)

Looking at the number of patents and trademarks we note that the largest number of
trademarks falls in the medium class (around 35% of the total number of trademarks),

16Dinlersoz et al. (2018) perform a similar exercise on the relative timing for R&D, patents and
trademark filings and report mild evidence in the opposite direction for US firms. Notice however that
they do not employ any concordance measure.

17The classification is available at:
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Enterprise_size

18Eurostat classification refers to the number of workers, thus including also the entrepreneur(s). AIDA
dataset originally reports the number of employees and, as obvious, many SMEs report no employees.
Hence, to make the two figures comparable, we approximate the number of workers as the number of
employees plus one.
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while the highest share of patents is owned by large firms (around 42% of the total). In
this respect, the descriptive evidence for Italy confirms the findings from previous studies
highlighting a higher propensity to patent for large firms and identify trademarks as the
main IP instrument for small and medium firms (see Mendonça et al. (2004), Blind et al.
(2006), Leiponen and Byma (2009) and Flikkema et al. (2014) among others).

Finally, Table 8 in the Appendix reports the distribution of patents and trademarks
according to the sector of economic activity. Trademarks are mainly concentrated in food
products (ATECO 10, with around 14% of total number of trademarks), manufacture of
machinery and equipment n.e.c. (ATECO 28, with around 11% of total number of trade-
marks), chemical products and wearing apparel (ATECO 20 and 14, both with around
8% of total number of trademarks). Sectors reporting the highest number of patents are
manufacture of machinery and equipment n.e.c. (ATECO 28, with around 29% of total
number of patents), manufacture of computer, electronic and optical products (ATECO
26, with around 13% of total number of patents) and manufacture of fabricated metal
products, except machinery and equipment (ATECO 25, with around 11% of total num-
ber of patents).

3 Non-parametric evidence

Before proceeding with more standard econometric analysis we report evidence from
univariate kernel density estimations, which allows us to graphically compare the perfor-
mance of different groups of firms.

We compare the empirical distributions of firms’ performance across four groups of
firms: without IP instruments, owning only trademarks, owning only patents and firms
with both patents and trademarks. Throughout, we will refer to the firms of the first
group as non-innovative and to the rest as innovative firms. We focus on (log of) total
revenues and yearly growth rate of total revenues as measures of firms’ performance. For
the sake of completeness, we estimate kernel densities focusing on the first (2006) and last
(2014) available years in the dataset, note however that there is not much intertemporal
variation.

Graphically, we identify relevant differences between groups of firms in terms of total
revenues. As reported in Figure 3, firms without any IP instrument underperform firms
with patents and/or trademarks in terms of revenues. Among innovative firms, those
with both patents and trademarks tend to show higher values in terms of total revenues;
while firms owning only trademarks or only patents display similar distributions. On
the contrary, these groups of firms do not seem to differ much in terms of growth rates,
Figure 4. The only feature that is possible to appreciate from the graph is the higher
concentration around the mean for firms with both patents and trademarks.

(Figure 3 around here)

(Figure 4 around here)

The descriptive evidence on Italian firms is in line with the existing empirical liter-
ature, which reports higher performance for firms with IP instruments, even employing
different measures of firm performance. In particular, given limited data availability
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on the universe, many contributions focus on market values of quoted companies or on
specific sectors of the economy. Greenhalgh and Rogers (2012) and Sandner and Block
(2011), among others, report a positive impact of both measures of IP on the markets’
valuation of firms. Dosso and Vezzani (2017) and Llerena and Millot (2013) analyze and
identify a positive influence of the combined use of patents and trademarks on firms’
market value only for some industrial sectors. Graham and Somaya (2004), focusing on
the software industry, also report evidence in favor of the complementarity hypothesis.
Moreover, Zhou et al. (2016) identify a positive impact of the combined use of patents
and trademarks on the start-up amount of venture capital funding. Other studies investi-
gate the effect of patent and trademark activity on firms’ survival and identify a positive
correlation between these two measures of IP and a higher increase in the expected life
span of firms (e.g., Jensen et al., 2008; Buddelmeyer et al., 2010; Helmers and Rogers,
2010; Wagner and Cockburn, 2010).

There is scant evidence on the relationship between IP instruments and firm growth.
In particular, Guzman and Stern (2015) show that both patent and trademark activities
positively affect growth of a sample of start-ups in the Silicon Valley; however, authors
do not focus on the potential combined impact of both trademarks and patents. More
recently, Castaldi and Dosso (2018) analyze the effects of the combined impact of patents
and trademarks on firm growth. They find that patents (as well as firms’ R&D stock)
negatively affect firms’ growth, although such negative impact is mitigated by the indirect
positive effect of trademarks.

We now focus our attention on the restricted sample of firms with both patents and
trademarks, and we divide these firms into two groups according to whether their degree
of concordance, conci,t as defined in equation (2), is strictly positive (firms with concor-
dant patents and trademarks) or nil. We graphically compare the distributions of these
two groups. As exhibited in Figure 5, firms with concordant patents and trademarks
mildly outperform those without concordant IP instruments in terms of total revenues.
Contrarily, as shown in Figure 6, kernel density estimations do not show any difference
in terms of growth for the two groups of firms.

(Figures 5 and 6 around here)

To confer statistical accuracy to the graphical analysis reported above, we perform
non-parametric Fligner-Policello (FP henceforth) test of stochastic equality, proposed
by Fligner and Policello (1981) to compare innovative and non-innovative firms. As
FP test allows to compare two groups at a time, we gather together firms with any
proxy of innovative activity (firms owning only trademarks, only patents and both).
The test is defined as follows. Let F I and FNI be the distributions of the relevant
variables of innovative and non-innovative firms, respectively. Denote with XI ∼ F I

and XNI ∼ FNI the associated random variables, and with X I and XNI two respective
realizations. Based on the FP test, the distribution F I is said to stochastically dominate
FNI if Prob{X I > XNI} > 1/2.19

For each relevant variable (total revenues and growth) we compare, innovative with
non-innovative firms in years 2006 and 2014, respectively. A positive sign of the FP
statistic means that innovative firms have a higher likelihood to take on larger values of a
given relevant variable (i.e. the distribution of innovative firms stochastically dominates

19The null hypothesis in the FP test implies equality of median among the compared distributions.
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the distribution of non-innovative firms), and the opposite holds if the statistic takes a
negative sign.20

FP statistics show that innovative firms perform better with respect to non-innovative
firms in terms of total revenues, while they do not appear to differ in terms of growth, in
both years considered. FP statistics are thus confirming the descriptive evidence of the
plots above.

Focusing on firms with both patents and trademarks, we perform the FP test in order
to compare performance between the two groups of firms with concordant IP instruments
and firms without such concordance. Similarly to the graphical comparisons, even in this
case, firms with concordant IP instruments result to be characterized by higher total
revenues. However, according to the FP test, concordance between IP instruments does
not imply a relevant difference between firms in terms of growth.

4 Parametric analysis of firms’ performance

In this section we investigate the effects of patents and trademarks on firms’ performance
resorting to parametric analysis. The dependent variable, Yi,t, is firms’ performance prox-
ied by, alternatively, firms’ total revenues (the logarithmic transformation, ln(totrevi,t))
and yearly growth rate (growthi,t), measured as the logarithmic difference between firms
total revenues in two consecutive years.

We relate Yi,t to the innovation indicators and other controls through the following
baseline specification:

Yi,t = c+β1tmi,t−1+β2pati,t−1+β3bothi,t−1+β4ln(workersi,t−1)+β4ln(LPi,t−1)+X
′

i,tα+ui,t

(4)
where i denotes firms and t years. The explanatory variables that we are mostly interested
in consist of three binary indicators tmi,t−1, pati,t−1 and bothi,t−1 equal to 1 if firms own,
respectively, at least one registered trademark (but not patents), at least one (applied)
patent (but not trademarks), both trademarks and patents.21 These dummy variables are
mutually exclusive so that we can better identify the different IP strategies of the firms; at
the same time, we avoid problems of multicollinearity due to the high correlation between
firms’ trademarks and patents. Moreover, we include among independent variables firms’
size, measured by the logarithmic transformation of number of workers (ln(workersi,t−1))
and the logarithmic transformation of labour productivity (ln(LPi,t−1)).

22 In order to
reduce the potential endogeneity of our regressors, these variables are lagged one period
with respect to the dependent variable. In the regression we account for a vector of
controls, X

′

i,t, which includes: a set of 2-digit ATECO industry dummy variables; three
geographical area dummy variables which identify firms operating in the North, Centre or
South of Italy, respectively; and nine year dummies (2006-2014). These binary variables
allow to control for time invariant sectoral effects, for the omission of geographical specific
time invariant characteristics which might bias our parameter estimates and, for the

20In the interest of space we do not show the FP tests, but they are available upon request.
21We build the three dummy variables based on the yearly number of patents and registered trademarks

owned by firms. For more details on the construction of patents and trademarks stocks refer to Section
2.1.

22Labour productivity is computed as the ratio between added value and number of workers.
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economic cycle and common macroeconomic factors, respectively.23

In order to assess whether the concordance between firms’ stocks of patents and
trademarks positively impact on firms’ performance, in an extended specification, we also
include the degree of concordance between IP rights, conci,t−1, as defined in equation (2),
with a reporting lag of one year. Clearly, this specification only includes firms with both
patents and trademarks. Hence, moving from the baseline specification to this extended
one, the number of observations significantly decreases (from more than 600,000 to less
than 18,000). In order to verify if results are driven by the lower number of observations,
first we re-estimate the baseline specification on the sub-sample of firms with both patents
and trademarks.24

We resort to Pooled OLS models for two reasons. First, given the rather poor dynam-
ics in the patenting (trademarking) activities of Italian firms (i.e. firms are not registering
or applying for many new trademarks or patents every year), for many companies the
number of patents (trademarks) does not change over the period of observation, hence,
for these firms, the effect of IP would get confounded with the firm fixed effect. Secondly,
as shown by Angrist and Pischke (2008), estimating fully saturated dummy variables
models with OLS is fully general, regardless of the distribution of the dependent variable.

Results, shown in Table 5, suggest that firms’ innovative capacity is positively asso-
ciated with their performance. In particular, coherently with the non-parametric results,
estimates show that patents and trademarks exert a positive impact on firms’ total rev-
enues and growth. More in detail, the estimates report coefficients that are larger for the
group of firms owning both IP instruments rather than either patents or trademarks.

(Table 5 around here)

In order to confer statistical precision to the results above, we perform one-sided
t-tests to compare, on the one side, the magnitude of the coefficients for the group of
firms owning both patents and trademarks and, on the other side, the magnitude of the
coefficients of firms owning either only patents or trademarks. Tests show that owning
both IP rights has a higher impact than owning only one of the two IP instruments on
both firms’ total revenues and growth. Notice that while the results of Table 5 largely
confirms the non-parametric evidence, including the further controls of equation 4 is
crucial to appreciate the growth premium of firms with both IP instruments.

Also note that it is not obvious to compare our results to the extant literature as, to
our knowledge, we are the first to investigate the role of patents and trademarks on the
entire population of firms, hence including also SMEs and micro ones. To the extent that
such comparison is possible, our results are coherent with Zhou et al. (2016) who find
that start-ups with both patents and trademarks obtain higher amount of venture capital
funding than firms with only one of the two IP instruments. Moreover, our results do
not drastically diverge from other studies which identify a combined effect of IP rights on

23Focusing on firms’ growth as measure of performance, our regression model is in line with spec-
ifications suggested by the applied literature which empirically tests the validity of Gibrat’s law (see
Santarelli et al. (2006) for an exhaustive survey of empirical studies testing Gibrat’s law). In this lit-
erature, firms’ growth is modeled as a function of the initial size. Moreover, this baseline specification
has been extended in order to account for several major control variables in level, such as productivity,
export, external finance and R&D activity as well as others. We refer to, within the very vast literature
that investigates the growth of firms, Gibrat (1931); Penrose (1959); Evans (1987b,a); Doms et al. (1995);
Del Monte and Papagni (2003); Garćıa-Manjón and Romero-Merino (2012).

24Correlation tables for the variables included in our specifications are available upon request.
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firms’ performance which differ across sectors. For example, Llerena and Millot (2013)
identify a positive combined effects of patents and trademarks on the market value only
for French firms operating in chemical and pharmaceutical industries (they find a negative
combined effect for firms operating in high-tech sectors), while Dosso and Vezzani (2017)
show that having both patents and trademarks implies higher firms’ market value only
for the automobile sector.

As far as the comparison between the two instruments is concerned, our estimates
suggest that firms owning only trademarks show higher performance than firms with
only patents. Indeed, in all specifications, coefficients associated to the dummy variable
indicating firms owning only trademarks are bigger than coefficients estimated for the
dummy variable indicating firms with only patents (coefficients for tmi,t−1 and pati,t−1

are 0.306 and 0.169 in column 1 and 0.0525 and 0.0358 in column 4, respectively). This
result differs from Guzman and Stern (2015) and Castaldi and Dosso (2018) that focus
on firms’ growth as measure of performance. In particular, Guzman and Stern (2015)
identify a higher effect of patents, compared to the effect of trademarks, on the start-up
probability of growth. Conversely, focusing on top R&D investors, Castaldi and Dosso
(2018) find only an indirect impact of trademarks on growth, with trademarks only
mitigating the negative effect of patents on firm growth.

Focusing on the degree of concordance between the stock of patents and trademarks,
as proxied by our proposed measure, parametric estimates on the entire sample do not
suggest a significant relationship between the coherence of firms’ IP rights and perfor-
mance. Indeed, the degree of concordance never shows up as significant for the entire
sample. We are cautious in interpreting this as a failure or irrelevance of such measure,
but rather consider this as the consequence of the very small number of Italian firms
for which it is possible to compute the measure, in fact, less than 2% of the complete
sample. The same constraint was also affecting the analysis of the diversification patterns
in knowledge (as proxied by patents) of Italian firms reported in Dosi et al. (2017). A
certainly more appropriate context to assess its relevance would be provided by larger
firms owning patents and trademarks, and also pursuing some - more or less deliberate -
pattern of diversification in their technological knowledge.

In considering the other control variables of Table 5, we find that firms’ size has a
positive impact on firms’ total revenues and a negative effect on growth.25 Focusing
on productivity, our findings suggest a positive and significant impact on firms’ total
revenues, regardless of the sample considered (whole sample in column 1, and sub-sample
of firms with both IP rights in columns 2 and 3). When considering growth as dependent
variable, productivity displays a negative and significant impact on firms’ growth when
considering the whole sample (column 4), whereas it turns out as not significant on the
restricted sample (columns 4 and 5). The lack of the (expected) positive relation between
productivity and growth is not much surprising, at least for the Italian case, see Bottazzi
et al. (2005, 2008).

We next verify whether results on the proximity of IP instruments vary across sectors.
To this purpose, we estimate the previous specifications on sectoral sub-samples. In par-
ticular, we consider the aggregation of the manufacturing sectors proposed by Eurostat.
This classification, based on 2-digit NACE Rev. 2 (ATECO 2007 for Italy), groups sectors
into high-technology, medium-high, medium-low and low-technology according to their

25The negative impact of initial firms’ size on their growth is a common result in literature, also known
as violation of Gibrat’s law (see e.g., Mazzucato and Parris, 2015; Castaldi and Dosso, 2018; Grazzi and
Moschella, 2018).
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technological intensity (proxied by R&D expenditure/value added).26 An alternative and
much appropriate aggregation is the Pavitt taxonomy (Pavitt, 1984) that is based on
the sources of technological knowledge, requirements of the users, and appropriability
regimes. Unfortunately, in the AIDA-AMADEUS dataset sectors of economic activity
are reported according to Nace Rev. 2 and the latter classification does not provide a
fine-grained mapping of industries into Pavitt classes.27 It is for this reason that we opt
for the aggregation proposed by Eurostat. Results for these four groups are shown in
Table 10 to Table 13 in the Appendix.

This further analysis suggests that the impact of IP on firms’ total revenues and
growth does not significantly differ across sectors. Differences across sectors instead arise
with respect to the proxy of concordance between patents and trademarks. Indeed, fo-
cusing on the effect on firms’ revenues, we find that owning concordant IP rights has a
negative and significant impact for firms in the medium-high technology sectors (column 3
of Table 11). While these results might be mostly driven by the small number of observa-
tions, they are also coherent with a picture in which firms in the medium-high tech sector
enjoy an advantage, in terms of sales, from having technological knowledge, as proxied
by patents, that covers a different product spectrum than that embodied in trademarks.
As for the whole sample, focusing on growth as measure of firms’ performance, results do
not identify any significant effect of the degree of coherence.

4.1 Robustness

In order to account for the potential endogeneity between labour productivity and the
three binary indicators for the stocks of patents and trademarks (tmi,t−1, pati,t−1 and
bothi,t−1), we present a robustness check where we estimate a structural model that de-
scribes the linkage between R&D activity, firms’ innovation outputs, productivity and
performance. We rely on the methodology proposed by Crepon et al. (1998) (CDM
model henceforth) which allows to account for statistical biases related to selection and
endogeneity. The CDM model is formalized in three steps: the first one comprises two
equations which identify the factors underlying the decision and intensity of R&D ex-
penditure, respectively; the second step takes into account the relationship between the
R&D intensity and innovation output and the third step relates innovation output to
labor productivity. By using predicted values of R&D and innovation output in the sec-
ond and third steps respectively, the CDM model allows to account for simultaneity and
reverse causality problems in the various steps. Moreover, we augmented the CDM model
adding a fourth step, in which we analyze the relationship between (predicted) labor pro-
ductivity and firms’ performance (total revenues and growth, alternatively). A similar
approach has been used by Antonietti and Cainelli (2011), that estimate a structural
model of R&D, innovation output, productivity and export performance.

Other studies estimate different versions of the CDM model mainly using cross-
sectional data. In particular we refer to Griffith et al. (2006) using data across four
European countries (France, Germany, Spain and UK), Hall et al. (2013b), Marin and
Lotti (2017) and Pellegrino and Piva (2014) for Italian firms, and Martin and Nguyen-Thi

26We show in Tables 8 and 9 in the Appendix how sectors are grouped in the Eurostat aggregation.
27Due to multiple correspondences, it is not possible to accurately convert 3-digit ATECO 2007 codes

into 3-digit ATECO 2002 and, thus, it is hard to group 3-digit ATECO 2007 sectors into Pavitt industries.
Some attempts have also been made in order to provide Pavitt taxonomy for industry classification Nace
Rev. 2 (and ATECO 2007), refer for instance to Perani and Cirillo (2015) and Bogliacino and Pianta
(2016).
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(2015) that focus on firms in Luxembourg, among others (see Hall and Mairesse (2006) for
a survey).28 As standard in the literature, we also estimate the augmented CDM model
with cross sectional data. Moreover, differently from other studies, we can avoid prob-
lems of simultaneity between the dependent and the explanatory variables by exploiting
the availability of several years in our data and including one year lagged explanatory
variables in each step. We then perform the robustness check for firms reporting relevant
data for the period 2007-2011. In such a way, our data allow to account for the time lag
between firms’ R&D decisions, the resulting innovation output, its effect on productivity
and the impact of productivity on firms’ performance.

Our specification follows the basic model proposed by Crepon et al. (1998), with the
exception for the fourth step that is not contemplated by the authors.

The first step includes two equations which account for the R&D decision and for its
intensity. Following Griffith et al. (2006) and Pellegrino and Piva (2014) among others,
we estimate the first step of the CDM model not only for innovative firms; thus, we use
R&D intensity predicted values for all firms in the first step to proxy innovation input in
the second step. This choice is related to the fact that all firms exert innovative effort,
but not all firms report their R&D expenditure.

R&D intensity is measured as R&D expenditure per worker. In order to account
for possible sample selection bias we estimate the first step using the Heckman two-step
procedure (Heckman, 1976, 1979). Thus, in the first equation we estimate the firms’
probability to invest in R&D, and, in the second equation, we estimate the determinants
of R&D intensity. We account for the following selection equation, representing whether
a firm performs (reports) R&D or not:

rdi,2008 =

{

1, if rd∗i,2008 = β1zi,2007 + u1,i > 0

0, if rd∗i,2008 = β1zi,2007 + u1,i ≤ 0
(5)

where rdi,2008 is the observed dummy variable and it is equals to one if firm i reports
positive R&D expenditure in year 2008. rd∗i,2008 is the corresponding latent variable such
that firms invest in R&D if it is positive, and zi,2007 is a set of one year lagged variables
explaining the R&D decision.

Conditional on performing (reporting) R&D, the research intensity equation is defined
as follows:

rd inti,2008 =

{

rd int∗i,2008 = β2wi,2007 + u2,i, if rdi,2008 = 1

0, if rdi,2008 = 0
(6)

where rd inti,2008 is the observed R&D expenditure per employee (in natural logarithms)
and wi,2007 is a set of one year lagged explanatory variables. We assume the joint normality
of the disturbances (u1,i and u2,i) in equations (5) and (6) (i.e., the generalized Tobit
model assumption).

28Only few studies apply the CDM model using panel data. In particular, we refer to Marin (2014),
that employs a panel of Italian manufacturing firms over the period 2000-2007, Heshmati and Kim (2011)
using a panel of Korean R&D engaged firms from 1986 to 2002, and Chudnovsky et al. (2006) that use a
panel of 718 firms interviewed in two consecutive innovation surveys carried out by INDEC (Argentina’
s National Statistical Institute) and covering the period 1992-2001. Moreover, Raymond et al. (2010),
using data for firms in the Netherlands, from four waves of the Community Innovation Survey between
1994 and 2002, consider the innovation equation (the second step of the CMD model). The authors
consider two equations, the first equation for firms’ decision to innovate and the second equation for the
innovation intensity.
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Note that the explanatory variables in the two equations need not be the same; how-
ever, we do not have any a priori on the exclusion restriction to include in the first-stage
selection equation and, as in Crepon et al. (1998), we consider the same set of explanatory
variables (zi,2007 = wi,2007 ) in both equations and, as in their basic model, we include
among regressors the number of workers and firms’ market share, both of them expressed
in logarithms. We compute firm i market share in 2007 as firm’s total revenues over
average 2 digit ATECO sector total revenues in the same year. Moreover we control for
a set of 2 digit ATECO industry dummy variables and three geographical area dummy
variables which identify firms operating in the North, Centre or South of Italy, respec-
tively. Differently from Crepon et al. (1998), we do not have information which allow to
measure firms’ diversification.

In the second step the knowledge or innovation production function is estimated by
applying Probit model as in Hall et al. (2013b) and Antonietti and Cainelli (2011).29 Our
dependent variable is a dummy variable equal to 1 if firm i owns any type of IP (only
patents, only trademarks or both) in 2009 and 0 otherwise.

Prob(innoi,2009 = 1|Xi,2008) = Φ(α1
̂rd inti,2008 + β3Xi,2008 + u3,i) (7)

where Φ(.) is the cumulative distribution function of a standard normal variable, with

associated density φ(.), ̂rd inti,2008 is the predicted value of the R&D intensity from the
first step, and Xi,2008 is a set of explanatory variables including firm’s size (measured as
the natural logarithm of the number of employees in year 2008) and dummy variables for
sector and geographical area in which firms operate. As suggested by Crepon et al. (1998),
firms’ market share only indirectly enters the innovation output equation through the
R&D intensity; while the inclusion of firms’ size among regressors, in equation (7), allows
to verify whether the effects of firms’ size on innovation output is completely captured by
the R&D activity or not. The use of predicted values from the previous step as regressor
generate invalid standard errors, for this reason we compute bootstrapped standard errors
in all regressions in which we use predicted values as independent variables.

The third step consists in the estimation, applying OLS, of an augmented Cobb-
Douglas production function with physical capital, workers and innovation output as
main determinants:

ln(LPi,2010) = α2
̂innoi,2009 + β4ri,2009 + u4,i (8)

where ln(LPi,2010) is the natural logarithm of value added per worker, ̂innoi,2009 is the
predicted value of the innovation output indicator from equation (7), in the second step,
and ri,2009 is a set of one year lagged explanatory variables including total fixed assets
per worker and the number of workers (both expressed in natural logarithm), dummy
variables for sector and geographical area in which firms operate.

Finally, in the fourth step we estimate, by applying OLS, the impact of labor pro-
ductivity on firms’ performance Yi,2011, measured alternatively, as firms’ total revenues
(ln(totrevi,2011)) and growth rate (growthi,2011), using the following model:

Yi,2011 = c+ α3
̂ln(LPi,2010) + β5si,2009 + u5,i (9)

29Hall et al. (2013b) define innovation as at least one of the process, product, and organizational
innovations. In the version of the CDM model proposed by Antonietti and Cainelli (2011), the propensity
to create a new product or a new process is considered as measure for innovation output.
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where ̂ln(LPi,2010) is the predicted value of productivity from the third step and si,2009
is a set of independent variables including workers (the natural logarithm), industry and
geographical area dummy variables.

Tables 6 and 7 show CDM model estimates considering total revenues and growth
as measure of firms’ performance, respectively. According to the existing literature (i.e.
Hall et al. (2013b) and Marin and Lotti (2017), among others), columns (1) and (2) (in
both Tables 6 and 7) show that firms’ size positively impact on R&D propensity, while
R&D intensity decreases with size. As in Crepon et al. (1998), market share exerts a
positive impact on both the decision to perform (report) R&D and on the size of the
R&D investment. The likelihood-ratio tests (χ2(1)), reported at the bottom of the two
Tables, justify the inclusion of the Heckman selection equation in our models. This
test computationally compares the joint likelihood of an independent Probit model for
the selection equation and a regression model on the observed R&D intensity against
the Heckman model likelihood. Coherently with Hall et al. (2013b) and Antonietti and
Cainelli (2011), in columns (3), we find that the (predicted) probability to have any type
of IP increases withR&D intensity and firm’s size. Estimation of the production functions
(columns (4)) reveals that, as expected, firms’ productivity increases with their capital
intensity and size. Moreover, we find that having any type of IP rises labor productivity.
Finally, we verify the role of labor productivity on firms’ performance. Focusing on total
revenues as proxy for performance (see Tables 6 in column (5)) results are in line with our
main estimates presented in Table 5 (column (1)). Indeed, we find that firms’ size and
labor productivity positively impact on firms’ total revenues. Differently from the results
shown in Table 5 (column (4)), considering the impact that patents and trademarks exert
on growth, Table 7, column (5), shows that the impact of both size and productivity turn
out to be positive.

(Tables 6 and 7 around here)

5 Conclusion

We have analyzed the relationship between innovation activities and firms’ performance
in terms of revenues and growth.

Our contribution is threefold. First, differently from most of empirical works, which
focus on large and medium firms, on top corporate R&D investors or on firms operating
in high-tech industries (see e.g., Greenhalgh and Rogers, 2006; Fang et al., 2011; Chang
et al., 2012; Greenhalgh and Rogers, 2012; Dernis et al., 2015; Daiko et al., 2017; Dosso
and Vezzani, 2017; Castaldi and Dosso, 2018), we have performed our analysis on IP
taking into account the virtual universe of Italian limited liability manufacturing firms.
Second, we have investigated whether there is a complementary or substitute relationship
between the two instruments of IP. To the best of our knowledge, only few studies examine
combined impacts of patents and trademarks on firms’ performance (see e.g., Greenhalgh
and Rogers, 2012; Sandner and Block, 2011; Dosso and Vezzani, 2017; Llerena and Millot,
2013; Jensen et al., 2008; Buddelmeyer et al., 2010; Helmers and Rogers, 2010; Wagner and
Cockburn, 2010). Finally and completely novel, for firms owning both IP instruments, we
have proposed a measure of concordance between a firm’s stock of patents and trademarks,
investigating the effect of this concordance on firms’ performance.

Overall, our results indicate that IP rights exert a positive impact on firms’ perfor-
mance and, more importantly, identify complementarity between the use of patents and
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trademarks. Interestingly, looking at the degree of concordance between IP rights, we
find that the effect on firms’ performance only marginally varies according to the sectoral
technological intensity.

Although Italian firms do not represent the ideal testbed due to the very low share
of firms with both patents and trademarks, we believe that the measure of concordance
we propose can contribute to better understand how business firms engage in innovation
activities and how this affects their performance. Establishing a linkage between patents
and trademarks can shed some new light on the deliberate choice of the relative timing
for the two activities. Do firms start with seeking protection for their technological
innovation, or they rather decide to apply for a patent only when the introduction of
a certain line of business, possibly protected by a trademark, has already proved to be
succesfull? Further, the concordance measure or in other terms, the extent to which a
given trademark (and the related product) is “backed up” by a patent, provides a more
detailed perspective on the complementarity existing between IP instruments as it focuses
on a specific product or line of business. Is the existence of patent-to-trademark linkage
evidence of a “stronger” innovation, which is expected to generate higher profits?

We are of course aware of some limitations of our work. We remind the reader that
for the construction of the measure we have extensively resorted to “Algorithmic Links
with Probabilities (ALP)” which have themselves some limitations in terms of lack of
precision. On a brighter side, also note that the public availability and use of such (and
similar) ALP is also likely to generate some improvement over time. Second, and as
apparent from this work even more relevant, the returns from employing the concordance
measure largely depend on the characteristic of firms and in particular on their propensity
to apply for patents and trademarks.
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Table 1: Number of elements in the set of 3-digit IPC and 2-digit NICE codes.

ID PAT IPC
1 1 A61
1 1 H02
1 2 C09
1 3 A61
1 4 A61

ID TM NICE
1 1 2
1 2 2
1 3 2
1 4 2
1 5 2
1 6 2
1 7 2
1 8 2
1 9 35

Notes. ID stands for firm’s identification number; PAT for patent; TM for trademark. IPC is the
International Patent Classification; NICE is the international classification for trademarks (from the

Nice Agreement, 1957).
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Table 2: Moving from IPC and NICE to ISIC codes.

IPC ISIC PIPC(ISIC)
A61 10 0.0361579
A61 20 0.0505005
A61 21 0.8616829
A61 32 0.0302412
A61 36 0.0214176
C09 20 0.9659607
C09 23 0.0340393
H02 24 0.0637551
H02 26 0.0888389
H02 27 0.8212442
H02 28 0.0261618

NICE ISIC PNICE(ISIC)
2 2 0.0491944
2 20 0.1203539
2 25 0.8065651
2 41 0.0238867
35 46 0.1524157
35 63 0.0744019
35 69 0.0240318
35 70 0.0710176
35 73 0.4864157
35 78 0.0490504
35 82 0.0307544
35 90 0.0424586
35 94 0.0694538

Notes. IPC is the International Patent Classification; NICE is the international classification for
trademarks (from the Nice Agreement, 1957); ISIC is the International Standard Industrial

Classification; PIPC(ISIC) - resp. PNICE(ISIC) - denotes the likelihood of the linkage between an
IPC code and an ISIC code - resp. a NICE code and an ISIC code.

Table 3: Number of firms, trademarks and patents

Year Firms Firms
with

tm(%)∗

Firms
with

pat (%)∗

Firms
with

tm and pat
(%)∗

Firms
with

conci,t > 0
(%)∗∗

Num
of
tm

Num
of
pat

2006 116507 4732 8616 1798 1623 13190 77312
(4.062) (7.359) (1.543) (90.267)

2007 123007 5340 8884 2018 1822 15582 82797
(4.341) (7.222) (1.641) (90.287)

2008 129334 6040 9100 2237 2013 18508 87536
(4.670) (7.036) (1.730) (89.987)

2009 135091 6679 9261 2389 2147 21243 91482
(4.944) (6.855) (1.768) (89.870)

2010 141070 7396 9506 2601 2347 24442 95635
(5.243) (6.738) (1.844) (90.235)

2011 138641 8011 9591 2772 2499 27485 99510
(5.778) (6.918) (1.999) (90.152)

2012 135299 8616 9419 2891 2606 30384 101552
(6.368) (6.962) (2.137) (90.142)

2013 132731 9070 9062 2927 2644 32612 98872
(6.833) (6.827) (2.205) (90.331)

2014 129253 8863 8608 2830 2556 31740 93229
(6.857) (6.660) (2.190) (90.318)

Notes. We only consider firms operating in manufacturing sectors (we exclude firms operating in the following 2-digit
ATECO 2007 code: 12 and 33).
∗ In brackets, percentage of total firms.
∗ ∗ In brackets, as a percentage of firms with trademarks and patents.
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Table 4: Number of firms, trademarks and patents for micro, small, medium and large
firms. Year 2014

Size Firms(%)∗ Firms
with

tm(%)∗

Firms
with

pat (%)∗

Firms
with

tm and pat
(%)∗

Firms
with

conci,t > 0
(%)∗

Num
of
tm

(%)∗∗

Num
of
pat

(%)∗∗

0-9 73641 1668 1673 223 187 3076 5910
(57.996) (18.944) (19.556) (7.911) (7.345) (9.736) (6.366)

10-49 44148 3805 3805 933 805 9356 20141
(34.769) (43.214) (44.477) (33.097) (31.618) (29.612) (21.695)

50-249 8016 2653 2432 1208 1114 11246 27599
(6.313) (30.131) (28.428) (42.852) (43.755) (35.594) (29.728)

250 and more 1172 679 645 455 440 7917 39187
(0.923) (7.712) (7.539) (16.140) (17.282) (25.058) (42.211)

Notes. We only consider firms operating in manufacturing sectors (we exclude firms operating in the following 2-digit ATECO
2007 code: 12 and 33). The number of firms in this Table differ from the previous Table because 2276 firms do not have
information on their size, measured in terms of workers, in 2014.
∗ In brackets, percentage of total firms, total firms with trademarks, patents, trademarks and patents, concordant trademarks
and patents, respectively.
∗∗ In brackets, percentage of total number of trademarks and patents, respectively.

Table 5: POOLED OLS estimates, whole sample

(1) (2) (3) (4) (5) (6)
ln(totrev i,t) ln(totrev i,t) ln(totrev i,t) growth i,t growth i,t growth i,t

ln(workers i,t-1) 0.898*** 0.965*** 0.965*** -0.0183*** -0.00521* -0.00523*
(0.000920) (0.00437) (0.00437) (0.000616) (0.00310) (0.00310)

ln(LP i,t-1) 0.742*** 0.782*** 0.782*** -0.0538*** -0.0110 -0.0110
(0.00166) (0.0138) (0.0138) (0.00123) (0.00960) (0.00958)

tm i,t-1 0.306*** 0.0525***
(0.00434) (0.00253)

pat i,t-1 0.169*** 0.0358***
(0.00367) (0.00234)

both i,t-1 0.322*** 0.0759***
(0.00480) (0.00303)

conc i,t-1 -0.0210 -0.0153
(0.0275) (0.0185)

cons 2.772*** 2.599*** 2.605*** 0.286*** 0.123** 0.127**
(0.00873) (0.0797) (0.0789) (0.00584) (0.0572) (0.0552)

N 686252 17929 17929 684323 17917 17917
r2 0.781 0.877 0.877 0.0248 0.0444 0.0445
F 55579.6 2069.7 2008.3 357.6 28.30 27.45

Notes. Standard errors in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01.
In each specification we include ATECO 2 digit sectors, geographical areas and years dummy variables.
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Table 6: CDM MODEL, total revenues as firms performance measure

(1) (2) (3) (4) (5)
rdi,2008 rd inti,2008 innoi,2009 ln(LPi,2010) ln(totrevi,2011)

ln(workersi,2007) 0.258*** -0.230***
(0.0142) (0.0512)

ln(mkt sharei,2007) 0.108*** 0.0844**
(0.0119) (0.0400)

cons -1.684*** 0.0990
(0.0597) (0.296)

̂rd inti,2008 0.771***
(0.119)

ln(workersi,2008) 0.548***
(0.0193)

cons -2.436***
(0.0463)

̂innoi,2009 0.146*
(0.0754)

ln(cap empi,2009) 0.158***
(0.00355)

ln(workersi,2009) 0.0532***
(0.00812)

cons 2.856***
(0.0263)

̂ln(LPi,2010) 1.394***
(0.0279)

ln(workersi,2010) 0.772***
(0.00403)

cons 0.563***
(0.104)

lambda 0.599
(0.105)

χ2(1) 33.71***
N 43805 43805 43805 43805 43805
Censored 39390
Uncensored 4415
PseudoR2 0.2132
R2 0.0900 0.6572

Notes. Coefficients and standard errors are reported.
Robust standard errors in parentheses in columns 1 and 2. Bootstrapped standard errors (50 repetitions)
in parentheses in columns 3, 4 and 5.
In each specification we include ATECO 2 digit sectors and geographical areas dummy variables.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Table 7: CDM MODEL, growth as firms performance measure

(1) (2) (3) (4) (5)
rdi,2008 rd inti,2008 innoi,2009 ln(LPi,2010) growthi,2011

ln(workersi,2007) 0.258*** -0.230***
(0.0142) (0.0512)

ln(mkt sharei,2007) 0.107*** 0.0842**
(0.0119) (0.0400)

cons -1.683*** 0.0997
(0.0598) (0.296)

̂rd inti,2008 0.767***
(0.118)

ln(workersi,2008) 0.547***
(0.0185)

cons -2.437***
(0.0534)

̂innoi,2009 0.158**
(0.0764)

ln(cap empi,2009) 0.157***
(0.00359)

ln(workersi,2009) 0.0505***
(0.00767)

cons 2.868***
(0.0305)

̂ln(LPi,2010) 0.0456***
(0.0110)

ln(workersi,2010) 0.00986***
(0.00152)

cons -0.275***
(0.0408)

lambda 0.598
(0.105)

χ2(1) 33.70***
N 43731 43731 43731 43731 43731
Censored 39316
Uncensored 4415
PseudoR2 0.2128
R2 0.0893 0.0137

Notes. Coefficients and standard errors are reported.
Robust standard errors in parentheses in columns 1 and 2. Bootstrapped standard errors (50
repetitions) in parentheses in columns 3, 4 and 5.
In each specification we include ATECO 2 digit sectors and geographical areas dummy variables.
∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Figure 2: Firm size (number of workers) and concordance measure (stricly positive values)
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Figure 3: Empirical distribution of Total Revenues (in log) in 2014, innovative vs non-
innovative firms
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Figure 4: Empirical distribution of growth rates 2013-2014, innovative vs non-innovative
firms
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Figure 5: Empirical distribution of Total Revenues (in log) in 2014, concordant patents
and trademarks vs non-concordant
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Figure 6: Empirical distribution of growth rates 2013-2014, concordant patents and trade-
marks vs non-concordant
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Appendix - Sectoral results

Table 8: Number of firms, trademarks and patents for 2 digit ATECO sectors. Year 2014

ATECO Firms(%)∗ Firms
with

tm(%)∗

Firms
with

pat (%)∗

Firms
with

tm and pat
(%)∗

Firms
with

concordance
(%)∗

Num
of

tm (%)∗∗

Num
of

pat (%)∗∗

10LT 11560 954 210 97 79 4431 1505
(8.944) (10.764) (2.440) (3.428) (3.091) (13.960) (1.614)

11LT 1754 335 29 15 10 2203 99
(1.357) (3.780) (0.337) (0.530) (0.391) (6.941) (0.106)

13LT 5012 336 218 62 48 1087 1028
(3.878) (3.791) (2.533) (2.191) (1.878) (3.425) (1.103)

14LT 7414 721 117 48 38 2545 684
(5.736) (8.135) (1.359) (1.696) (1.487) (8.018) (0.734)

15LT 5262 467 156 72 60 1646 1081
(4.071) (5.269) (1.812) (2.544) (2.347) (5.186) (1.160)

16LT 4529 102 117 34 32 240 441
(3.504) (1.151) (1.359) (1.201) (1.252) (0.756) (0.473)

17LT 2229 105 147 32 27 528 896
(1.725) (1.185) (1.708) (1.131) (1.056) (1.664) (0.961)

18LT 4671 67 75 10 9 108 315
(3.614) (0.756) (0.871) (0.353) (0.352) (0.340) (0.338)

19MLT 289 17 16 7 7 74 46
(0.224) (0.192) (0.186) (0.247) (0.274) (0.233) (0.049)

20MHT 3579 510 345 157 148 2777 3763
(2.769) (5.754) (4.008) (5.548) (5.790) (8.749) (4.036)

21HT 586 146 164 89 88 1355 5252
(0.453) (1.647) (1.905) (3.145) (3.443) (4.269) (5.633)

22MLT 5921 459 708 222 187 1514 6299
(4.581) (5.179) (8.225) (7.845) (7.316) (4.770) (6.756)

23MLT 7430 282 292 86 81 914 1576
(5.748) (3.182) (3.392) (3.039) (3.169) (2.880) (1.690)

24MLT 2039 106 163 52 48 257 1085
(1.578) (1.196) (1.894) (1.837) (1.878) (0.810) (1.164)

25MLT 26951 799 1463 347 308 1888 10301
(20.851) (9.015) (16.996) (12.261) (12.050) (5.948) (11.049)

26HT 4749 409 532 171 154 1228 12125
(3.674) (4.615) (6.180) (6.042) (6.025) (3.869) (13.006)

27MHT 5576 478 573 208 189 1752 8211
(4.314) (5.393) (6.657) (7.350) (7.394) (5.520) (8.807)

28MHT 15075 1376 2311 758 721 3557 27394
(11.663) (15.525) (26.847) (26.784) (28.208) (11.207) (29.384)

29MHT 1687 172 200 70 64 619 3513
(1.305) (1.941) (2.323) (2.473) (2.504) (1.950) (3.768)

30MHT 2081 148 114 43 38 616 2285
(1.610) (1.670) (1.324) (1.519) (1.487) (1.941) (2.451)

31LT 5858 389 295 103 93 945 1953
(4.532) (4.389) (3.4227) (3.640) (3.638) (2.977) (2.095)

32LT 5001 485 363 147 127 1456 3377
(3.869) (5.472) (4.217) (5.194) (4.969) (4.587) (3.622)

Notes. We only consider firms operating in manufacturing sectors (we exclude firms operating in the following 2-digit
ATECO 2007 code: 12 and 33).
∗ % is the share of total firms, total firms with trademarks, patents, trademarks and patents, concordant trademarks and
patents, respectively.
∗∗ % is the share of total number of trademarks and patents, respectively.
HT: high technology sectors; MHT: medium high technology sectors; MLT: medium low technology sectors; LT: low
technology sectors. We refer to Eurostat aggregation of the manufacturing industry according to technological intensity.
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Table 9: ATECO sectors

ATECO codes Definitions

10LT Manufacture of food products
11LT Manufacture of beverages
13LT Manufacture of textiles
14LT Manufacture of wearing apparel
15LT Manufacture of leather and related products

16LT Manufacture of wood and of products of wood and cork,
except furniture; manufacture of articles of straw and plaiting materials

17LT Manufacture of paper and paper products
18LT Printing and reproduction of recorded media
19MLT Manufacture of coke and refined petroleum products
20MHT Manufacture of chemicals and chemical products

21HT Manufacture of basic pharmaceutical products
and pharmaceutical preparations

22MLT Manufacture of rubber and plastic products
23MLT Manufacture of other non-metallic mineral products
24MLT Manufacture of basic metals

25MLT Manufacture of fabricated metal products,
except machinery and equipment

26HT Manufacture of computer, electronic and optical products
27MHT Manufacture of electrical equipment
28MHT Manufacture of machinery and equipment n.e.c.
29MHT Manufacture of motor vehicles, trailers and semi-trailers
30MHT Manufacture of other transport equipment
31LT Manufacture of furniture
32LT Other manufacturing

Notes. We only consider firms operating in manufacturing sectors (we exclude firms in
manufacture of tobacco products, ATECO 12, and repair and installation of machinery and
equipment, ATECO 33, sectors).
HT: high technology sectors; MHT: medium high technology sectors; MLT: medium low tech-
nology sectors; LT: low technology sectors. We refer to Eurostat aggregation of the manufac-
turing industry according to technological intensity.
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Table 10: POOLED OLS estimates, high technology sectors

(1) (2) (3) (4) (5) (6)
ln(totrev i,t) ln(totrev i,t) ln(totrev i,t) growth i,t growth i,t growth i,t

ln(workers i,t-1) 0.908*** 0.946*** 0.945*** 0.000197 -0.00619 -0.00646
(0.00348) (0.0105) (0.0106) (0.00233) (0.00791) (0.00795)

ln(LP i,t-1) 0.705*** 0.731*** 0.729*** -0.0429*** -0.00895 -0.00963
(0.00704) (0.0457) (0.0459) (0.00498) (0.0173) (0.0176)

tm i,t-1 0.264*** 0.0374**
(0.0210) (0.0146)

pat i,t-1 0.0971*** 0.0212**
(0.0155) (0.0103)

both i,t-1 0.361*** 0.0524***
(0.0177) (0.0112)

conc i,t-1 0.117 0.0419
(0.0823) (0.0568)

cons 2.484*** 2.433*** 2.426*** 0.178*** 0.155 0.153
(0.0338) (0.238) (0.237) (0.0230) (0.136) (0.134)

N 29798 1596 1596 29704 1595 1595
r2 0.831 0.904 0.904 0.0120 0.0119 0.0124
F 9456.4 923.9 860.6 18.85 1.805 1.699

Notes. Standard errors in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01.
In each specification we include geographical areas and years dummy variables.

Table 11: POOLED OLS estimates, medium-high technology sectors

(1) (2) (3) (4) (5) (6)
ln(totrev i,t) ln(totrev i,t) ln(totrev i,t) growth i,t growth i,t growth i,t

ln(workers i,t-1) 0.914*** 0.974*** 0.974*** -0.0113*** -0.00485 -0.00484
(0.00181) (0.00666) (0.00666) (0.00129) (0.00444) (0.00444)

ln(LP i,t-1) 0.710*** 0.830*** 0.830*** -0.0571*** -0.00539 -0.00538
(0.00354) (0.0182) (0.0182) (0.00273) (0.0133) (0.0133)

tm i,t-1 0.269*** 0.0526***
(0.00853) (0.00537)

pat i,t-1 0.115*** 0.0316***
(0.00620) (0.00424)

both i,t-1 0.275*** 0.0696***
(0.00790) (0.00522)

conc i,t-1 -0.0720* -0.0315
(0.0403) (0.0238)

cons 2.484*** 1.936*** 1.951*** 0.260*** 0.0506 0.0569
(0.0173) (0.0952) (0.0948) (0.0130) (0.0728) (0.0720)

N 154962 7731 7731 154495 7726 7726
r2 0.803 0.867 0.867 0.0273 0.0628 0.0630
F 35563.2 2025.6 1870.5 232.6 46.19 42.36

Notes. Standard errors in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01.
In each specification we include geographical areas and years dummy variables.
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Table 12: POOLED OLS estimates, medium-low technology sectors

(1) (2) (3) (4) (5) (6)
ln(totrev i,t) ln(totrev i,t) ln(totrev i,t) growth i,t growth i,t growth i,t

ln(workers i,t-1) 0.919*** 1.004*** 1.004*** -0.0230*** -0.00562 -0.00558
(0.00165) (0.00829) (0.00828) (0.00111) (0.00607) (0.00605)

ln(LP i,t-1) 0.743*** 0.859*** 0.859*** -0.0621*** -0.00218 -0.00207
(0.00301) (0.0240) (0.0240) (0.00227) (0.0211) (0.0210)

tm i,t-1 0.311*** 0.0606***
(0.00940) (0.00528)

pat i,t-1 0.210*** 0.0427***
(0.00581) (0.00344)

both i,t-1 0.322*** 0.0713***
(0.00898) (0.00518)

conc i,t-1 -0.0297 -0.0139
(0.0612) (0.0334)

cons 2.334*** 2.048*** 2.052*** 0.293*** 0.0705 0.0721
(0.0143) (0.120) (0.121) (0.0104) (0.0965) (0.0972)

N 231639 4485 4485 231072 4481 4481
r2 0.772 0.872 0.872 0.0356 0.0531 0.0531
F 38535.1 1519.7 1406.5 442.4 24.47 22.47

Notes. Standard errors in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01.
In each specification we include geographical areas and years dummy variables.

Table 13: POOLED OLS estimates, low technology sectors

(1) (2) (3) (4) (5) (6)
ln(totrev i,t) ln(totrev i,t) ln(totrev i,t) growth i,t growth i,t growth i,t

ln(workers i,t-1) 0.893*** 0.957*** 0.958*** -0.0196*** -0.00166 -0.00158
(0.00154) (0.00912) (0.00904) (0.000952) (0.00644) (0.00633)

ln(LP i,t-1) 0.780*** 0.749*** 0.750*** -0.0451*** -0.0135 -0.0134
(0.00261) (0.0303) (0.0301) (0.00183) (0.0218) (0.0215)

tm i,t-1 0.406*** 0.0572***
(0.00612) (0.00334)

pat i,t-1 0.166*** 0.0281***
(0.00873) (0.00494)

both i,t-1 0.369*** 0.0784***
(0.00981) (0.00600)

conc i,t-1 0.0518 0.0120
(0.0506) (0.0365)

cons 2.427*** 2.611*** 2.602*** 0.215*** 0.0363 0.0343
(0.0124) (0.152) (0.150) (0.00815) (0.106) (0.102)

N 269853 4117 4117 269052 4115 4115
r2 0.749 0.868 0.868 0.0153 0.0212 0.0213
F 46006.9 1150.8 1089.9 196.5 11.32 10.37

Notes. Standard errors in parentheses.
* p < 0.10, ** p < 0.05, *** p < 0.01.
In each specification we include geographical areas and years dummy variables.
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