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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, growth
and profitability. By resorting to the virtual universe of Italian manufacturing
firms this work provides a rather complete picture of the Intellectual Property (IP)
strategies pursued by Italian firms, in terms of patents and trademarks, and we
study whether the two instruments for protecting 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 exert any effect on
performance.
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1 Introduction and related literature

This work investigates the effect of patents and trademarks on firm performance. To do
this, we employ the virtual universe of Italian limited liability manufacturing companies
and we analyse their Intellectual Properties (IP) strategies. We then study whether
the joint use of patents and trademarks exhibits complementarity or substitutability
and, finally, we propose a novel measure to assess the concordance 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., Hall, 2000; Toivanen et al., 2002). 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., 2014; Helmers and Rogers, 2010; Flikkema et al., 2019). Indeed,
for instance, SMEs may not be in the position of affording other protection mechanisms,
see for instance 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, innova-
tion activities, as proxied by patents and trademarks, affect firms’ performance in terms
of revenues, growth and profitability. We consider balance-sheet data matched with IP
activity of the (virtual) universe of Italian manufacturing limited liability firms, indepen-
dently 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 resort to trademarks over patents, rela-
tive to large firms. Moreover, 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 informa-
tion 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. Notice that our approach, although different, bears
some complementarity with that proposed in Flikkema et al. (2019) where trademarks are
shown to be related to product innovation and, even more so, for manufacturing firms.
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The direction we start to explore here is made available 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 linkages established between patents and trademarks thanks to ALP enables
to investigate a number of issues. In this respect, with the limitations just recalled, our
work provides an analytical tool to relate trademarks to innovation, in our case proxied
by patents. The framework we propose also allows to assess the relative timing in the
activities of patenting 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 concordance 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
firm performance, in terms of revenues, growth and profitability. In particular, firms’
with both IP rights enjoy a higher premium than firms only owning either 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 this 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 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 super-modularity 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
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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 4. Section 5 illustrates our empirical strat-
egy and discusses the empirical results. Section 6 concludes.

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 service 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 primarily on manufacturing firms, although we verify whether
similar results also hold for service firs.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 concordance
between the domains of knowledge incorporated in the firms’ stocks of patents and trade-
marks, respectively.

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. (2018).

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 of more widespread use independently of the sector of activity. Consistent evidence
emerge using the AIDA-AMADEUS dataset in this work. However, in Section 5.2, we replicate our main
analysis for firms in service sector, in order to check for potential differences.

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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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
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 1, 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 IP is the matching to firm-level data. In this respect,
note that we are employing patents and trademarks linked to firms as originally provided
in BvD AMADEUS.6

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).7 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.8

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.

5 Czarnitzki and Kraft (2004), Xu and Chiang (2005), Belderbos et al. (2014) and de Rassenfosse and
Jaffe (2018), among others, have highlighted the importance to account for the decline in patents’ value
during the life of patented inventions. Our choice to censor the stock of patents for each firm, in each
year, at 20 years is in line with the application of a constant 15% depreciation rate (that is commonly
used in the literature in order to discount R&D, patent and trademark values).

6An alternative attempt is provided, still on Italian firms, by Lotti and Marin (2013) on EPO applica-
tions 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 our displays a higher number of firms with
patents (8616 in 2006, see Table 1), 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.

7As 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.

8The 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 2) 57.9 ≈ (679/1172) and 12.4 ≈ (3805+2653)/(44148+8016).
Hence, it would not appear that the lack of national trademarks greatly compromises the sample that
we employ.
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Before proceeding let us also notice that the results that we present in the following
are robust to marginal adjustments such as considering a shorter lifetime for both patents
and trademarks or applying some discounting factor to patents.

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.9 In the AMADEUS dataset, a single patent can be associated with more
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 the 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

associated to these sets.10 In the second step, considering the ISIC codes and their
probability weights,11 we compute the overlapping coefficient, overlapL−K , for each pair
(L,K) of IPC and NICE codes.12 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

9The 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
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).

10Clearly, we do not account for patents and trademarks without information on the IPC and NICE
codes.

11For the methodology and weights refer to works of Lybbert and Zolas (2014), Zolas et al. (2017) and
Goldschlag et al. (2016).

12The 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.

6



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
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 associ-
ated to the two sets of IPC and NICE codes, while strictly positive and higher values of
conci,t suggest higher concordance between the stocks of patents and trademarks. Notice
that the measure we are proposing captures the degree of concordance between the stock
of unique IPC and NICE codes associated to the stock of patents and trademarks of the
firm. Accounting for unique IPC also enables to insulate against the existence of patents
related to the same innovation (patent families) that cannot be identified in our data.

Let us describe in a nutshell how the procedure actually works. Consider as an
example a firm with one patent and one trademark. We exploit the crosswalk from IPC
to ISIC codes (and we get a set, say A, of ISIC codes associated to the set of IPC codes
of the unique patent). Analogously, we map NICE to ISIC codes (and we get a set, say
B of ISIC codes associated to the set of NICE codes of its unique trademark), and then
we analyse to which extent these two sets of ISIC codes (A and B) overlap. Suppose
that these two IP rights are characterized by IPC and NICE codes that map in the same
ISIC codes (suppose also with the same weights), so that sets A and B perfectly overlap
and we would get a measure of concordance equal to one (conci,t = 1).13 For illustrative
purposes, in Appendix 7, we provide an example from our database on how to construct
this measure.14

3 Descriptive statistics

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

13Alternative procedures such as mapping IPC to ISIC codes and then ISIC to NICE codes of the firm
(or, vice versa going from NICE to ISIC codes and then from ISIC to IPC codes) would of course be
possible, but they would complicate the analysis and would underestimate the concordance measure as
they would imply going through double weighting.

14Note that, as common to empirical investigations with firm level data, our measure is potentially
sensitive to relevant events affecting the life-cycle of a firm such as mergers and acquisitions. Consider two
firms characterized by the maximal degree of concordance: each of them has only patents in technological
fields perfectly related with its products (trademarks). Clearly, if these two firms merge, and their sets
of IPC and NICE codes do not coincide, the degree of concordance of the new firm decreases. Of course
this issue is related to the impossibility to appropriately deal with such events in standard firm level
data.
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Table 1: 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.

3.1 Distribution of patents and trademarks

Table 1 reports the distribution of trademarks and patents for firms in the manufacturing
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 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).15

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 1, that the total number of patents of Italian firms, even
if decreasing in more recent years, is still bigger than the number of trademarks.16 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. (2013), the concen-
tration 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

15Such similar percentages of firms with patents and firms with trademarks might also be related to
the absence of IPTO trademarks.

16A 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.
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Figure 1: Distribution of the measure of IP concordance

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 lab-
oratory. 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).17

Note that due to the small number of firms owning IP rights in general, when we re-
strict 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 1. 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 1, 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 distri-
bution 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 dynam-
ics do not make the ‘Italian case’ the ideal test-bed 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.

17In the interest of space, we do not show descriptive statistics considering co-ownership of patents.
They are available upon request.
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3.2 Distribution of patents and trademarks according to firm
size and sector

Table 2 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.18 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.19

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.

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),
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, in the interest of space we do not report disaggregated statistics at the sector
level, note however that trademarks are mostly concentrated in food products (ATECO

18The classification is available at:
http://ec.europa.eu/eurostat/statistics-explained/index.php/Glossary:Enterprise_size

19Eurostat 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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Table 2: 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.

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 trademarks), chem-
ical 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 manufac-
ture 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 number of
patents).

3.3 The timing of applications

In addition to the analysis of IP bundles of firms and of their internal concordance, 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 trademarks along the innovation process. We
can only indirectly infer 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
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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.20

4 Non-parametric evidence

4.1 Comparison of the empirical distributions of firms’ perfor-
mance

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. In the following, we will refer to the firms of the first
group as non-innovative and to the rest as innovative firms. We warn the reader that this
distinction is made for the sake of the exposition only. We are well aware that firms might
opt for other modes to appropriate the returns associated to innovation. We proxy firms’
performance by, alternatively, firms’ total revenues in logs (ln(totrevi,t)), yearly growth
rate (growthi,t), measured as the logarithmic difference between firms total revenues in
two consecutive years, and profitability (ebitda salesi,t). We measure profitability as the
ratio between EBITDA and sales (multiplied by 100), where EBITDA stands for earnings
before interest, taxes, depreciation and amortization.21 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.

Innovative vs. non innovative firms

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. In terms of
profitability, Figure 5 displays that firms with IP rights outperform firms without patents
and trademarks. 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
Figure 4 is the higher concentration around the mean for firms with both patents and
trademarks, which might of course be related to the larger size (and smaller variance of
growth rates) of firms with both IP.

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

20Dinlersoz 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.

21In order to mitigate problems related to measurement errors, we do not account for values of the
profitability larger than 100 and lower than -300, the latter corresponding roughly to the bottom per-
centile of the distribution. In this way, over a total number of 1,180,933 observations for ebitda sales,
we remove around 15,000 observations.
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Figure 4: Empirical distribution of growth rates 2013-2014, innovative vs non-innovative
firms

different measures of firm performance. In particular, given limited data availability
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 joint use of patents and
trademarks on the start-up amount of venture capital funding. Other studies investigate
the effect of patent and trademark activity on firms’ survival and identify a positive cor-
relation 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.
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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.

Innovative firms: concordant vs. non-concordant IP rights

We now focus our attention on the restricted sample of firms with both patents and trade-
marks, 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 concordant
patents and trademarks) or nil. We graphically compare the distributions of these two
groups. As exhibited in Figure 6, firms with concordant patents and trademarks mildly
outperform those without concordant IP instruments in terms of total revenues. Contrar-
ily, as shown in Figures 7 and 8, kernel density estimations do not show any difference in
terms of growth and profitability for the two groups of firms.22

4.2 Fligner-Policello test of stochastic equality

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 inno-
vative 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

22Note that the non-parametric analysis only provides descriptive evidence. In order to take into
consideration the size affect, we control for size in all the specifications included in the parametric
analysis below.
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and trademarks vs non-concordant

0
1

2
3

4
P

ro
ba

bi
lit

y 
D

en
si

ty

−1 −.5 0 .5 1
growth_i,2014

 pat+ tm, concordance>0 pat+tm, concordance=0

Growth
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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} > 1/2.23

For each relevant variable (total revenues, growth and profitability) we compare, in-
novative 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 the distribution of non-innovative firms), and the opposite holds if the statistic
takes a negative sign.24

FP statistics show that innovative firms perform better with respect to non-innovative
firms in terms of total revenues and profitability, 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

23The null hypothesis in the FP test implies equality of median among the compared distributions.
24In the interest of space we do not show the FP tests, but they are available upon request.
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Figure 8: Empirical distribution of ebitda/sales in 2014, concordant patents and trade-
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to compare performance between the two groups of firms with concordant IP instruments
and firms without such concordance. Similarly to the graphical comparisons, 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 and profitability.

5 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
proxied by, alternatively, (the log of) firms’ total revenues (ln(totrevi,t)), yearly growth
rate (growthi,t), and profitability (ebitda salesi,t).

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

Yi,t = β1nopattmi,t−1 + β2tmi,t−1 + β3pati,t−1 + β4bothi,t−1+

β5ln(workersi,t−1) + β6ln(LPi,t−1) +X
′

i,tα + ui,t
(3)

where i denotes firms and t years. The explanatory variables that we are mostly interested
in consist of four dummy variables nopattmi,t−1, tmi,t−1, pati,t−1 and bothi,t−1 equal to 1
if firms, respectively, do not own any IP right, own at least one registered trademark (but
not patents), at least one (applied) patent (but not trademarks), both trademarks and
patents. This is our preferred specification, as it is not affected by the presence of patent
families that cannot be identified in the data. As put forth in previous works (see e.g.,
among others, Llerena and Millot, 2013; Cassiman and Veugelers, 2006), to ease the inter-
pretation of coefficients, we include all the four exclusive IP strategy dummy indicators in
the regressions, thus without the constant term.25 These dummy variables are mutually
exclusive so that we can better identify the different IP strategies of the firms; at the same

25We build the four 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.
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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 the number of workers (ln(workersi,t−1))
and the logarithmic transformation of labour productivity (ln(LPi,t−1)).

26 In order to
reduce the potential endogeneity of our regressors, these variables are lagged one period
with respect to the dependent variable.27 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 us 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 economic cycle and common macroeconomic factors, respectively.28

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,
we also re-estimate the baseline specification on the sub-sample of firms with both patents
and trademarks.29

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 3, suggest that firms’ innovative capacity is positively as-
sociated with performance. In particular, coherently with the non-parametric results,
estimates show that patents and trademarks exert a positive impact on firms’ total rev-
enues, growth and profitability. More in detail, let β1, β2, β3 and β4 denote the coefficients
of firms without IP rights, firms owning only trademarks, firms owning only patents and
firms owning both patents and trademarks, respectively. the estimates report coefficients
that are larger for the group of firms owning both IP instruments rather than either
patents or trademarks. Our results suggest that having both patents and trademarks

26Labour productivity is computed as the ratio between added value and number of workers.
27In order to account for the potential endogeneity between labour productivity and the indicators

for innovation activities, we have also estimated a structural model following the methodology originally
proposed in Crepon et al. (1998). The results, which are quite reassuring, are not shown here in the
interest of space, but are available upon request.

28Focusing 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).

29Correlation tables for the variables included in our specifications are available upon request.
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results in around a 32.2% increase in total revenues, a 7.5% increase in firms’ growth and
a 3.08% increase in profitability compared with not having both IP instruments,30 while
having only trademarks or only patents have a lower effect.

In order to confer statistical precision to the results above, we verify the order of the
coefficients for the IP binary variables performing a series of one-sided Wald-tests. A first
set of tests (that we label H1 a, H1 b and H1 c in Table 3) reveals that, independently of
the measure of performance considered, firms show higher performance if they own any IP
right. We find that coefficients β2, β3 and β4 are statistically larger than β1.

31 Moreover,
in a second set of tests (that we label H1 d and H1 e), we compare, on one hand, the
magnitude of the coefficients of firms owning either only trademarks or patents (that is
β2, and β3, respectively), and, on the other hand, the magnitude of the coefficients for the
group of firms owning both patents and trademarks (that is β4). Tests show that owning
both IP rights has a higher impact than owning only one of the two IP instruments on all
measures of performance (that is, β4 > β2 and β4 > β3).

32 Note, however, that this result
is not sufficient to conclude for the existence of complementarity effects on performance
of the joint ownership of patents and trademarks.

In order to assess the potential complementarity in performance of these two IP rights,
we rely on the theory of super-modularity (Milgrom and Roberts, 1990, 1995) according
to which two activities are complementary if adding an one (e.g., patents) while the
other is already being performed (e.g., trademarks) has a higher incremental effect on
performance than adding this activity (e.g. patents) in isolation. Thus, we can assert
that patents and trademarks display complementarity if the following inequality holds:33

β4 − β3 > β2 − β1 (4)

The one-sided Wald test reported in Table 3 (H1 f), column 7, suggests that we can
reject the null hypothesis of absence of complementarity between patents and trademarks
only for profitability. Thus, there is statistical evidence that having both patents and
trademarks is a superior IP strategy with respect to having only one of the two IP rights
in order to increase firms’ profitability. On the contrary, we do not find evidence of
complementarity on revenues and growth (we refer to the tests reported in columns 1
and 4, respectively).

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. As for the combined effect of IP rights on
firms’ performance, our results on the absence of complementarity between patents and
trademarks, when we consider revenues and growth as measures of performance, are in line
with Llerena and Millot (2013). Considering firms’ market value, the authors do not find
any evidence of complementarity between patenting and trademarking activities on the

30The effect of having both IP on firms’ performance is computed as follows: (β4-β1)*100 when we
consider total revenues and growth as measure of performance and (β4-β1) when use profitability as
proxy for performance.

31In Table 3 (columns 1,4 and 7) we reject the following null hypotheses: H0 a: β2 ≤ β1, H0 b: β3 ≤ β1
and H0 c: β4 ≤ β1.

32The null hypotheses are H0 d: β4 ≤ β2 and H0 e: β4 ≤ β3.
33The same condition can be expressed as follows: β4 − β2 > β3 − β1.
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whole sample of publicly traded French firms. They find however that complementarity
(substitutability) between IP strategies varies across sectors. In particular, they identify
a positive combined effect for firms operating in chemical and pharmaceutical industries
(they find a negative combined effect for firms operating in high-tech sectors). Also 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 IP instruments is concerned, our estimates
suggest that firms owning only trademarks show higher revenues and growth than firms
with only patents. On the contrary, the impact of having only trademarks and the effect
of having only patents do not differ when we consider profitability as proxy of firms’
performance.34 These results differ 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 achieving a meaningful growth outcome.
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 do not suggest a significant
relationship between the concordance of firms’ IP rights and performance. Indeed, the
degree of concordance never shows up as significant. We are cautious in interpreting this
as suggesting the 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,
that is, 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 3, we find that firms’ size has a
positive impact on firms’ total revenues and a negative effect on growth.35 Focusing on
profitability as measure of performance, size displays a negative and significant impact on
firms’ profitability when considering the whole sample (column 7), whereas it turns out
as positive on the restricted sample (columns 8 and 9). This result might be explained
by the higher size of firms with both IP rights. As shown by Crass et al. (2019), firms’
profit margin falls as size increases and rises after a certain threshold. Focusing on
productivity, our findings suggest a positive and significant impact on firms’ total revenues
and profitability, regardless of the sample considered (whole sample in columns 1 and 7,
and sub-sample of firms with both IP rights in columns 2 and 3 and in columns 8 and
9). When considering growth as dependent variable, productivity displays a negative
and significant impact on the whole sample (column 4), whereas it turns out as not

34More precisely, the one-sided Wald-tests comparing the magnitude of coefficients β2 and β3 of Table 3
(not shown in the interest of space), support this evidence: in columns 1 and 4, coefficients β2 are
bigger than coefficients β3 (they are 3.078 and 2.941 in column 1 and 0.338 and 0.321 in column 4,
respectively); whereas, coefficients β2 and β3 in column 7 do not statistically differ (they are 1.654 and
1.638, respectively). These tests are available upon request.

35The negative impact of initial firms’ size on their growth is a common result in the 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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significant on the restricted one (columns 5 and 6). 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).

5.1 Accounting for patent and trademark counts

While the previous regression analysis only considered dummy variables to account for
patents and trademarks, in this section we extend our analysis to include the count of
patents and trademarks. Although this certainly enables to extract a richer amount of
information from IP data, it also comes at the cost of some possible bias. Indeed, as we
are not able to identify patents belonging to a common family, for some firms we might
over-estimate the true number of patents.

To account for patent and trademark counts, we modify our baseline specification as
follows:

Yi,t = c+ β1ln(tm i, t− 1) + β2ln(pat i, t− 1) + β3ln(pat i, t− 1) ∗ ln(tm i, t− 1)+

β4ln(workersi,t−1) + β5ln(LPi,t−1) +X
′

i,tα + ui,t
(5)

where ln(tm i, t− 1) and ln(pat i, t− 1) are the (log) number of patents and trademarks
of each firm i in each year t− 1, respectively, and ln(pat i, t− 1) ∗ ln(tm i, t− 1) is their
interaction. To estimate the baseline and the extended specification, for both the whole
sample and the restricted sample of firms with both IP rights, we build the number of
patents and trademarks as the count of instruments in the stock of patents and trade-
marks plus one, this enables to include in the analysis also firms without IP instruments.
In the extended specification we include the degree of concordance between IP rights,
conci,t−1, its interaction with both the IP indicators (ln(tm i, t− 1) ∗ conc i, t− 1 and
ln(pat i, t− 1)∗ conc i, t− 1) and the triple interaction (ln(pat i, t− 1)∗ ln(tm i, t− 1)∗
conc i, t− 1) in order to verify whether IP rights with higher concordance benefit the
firm more.

Results in Table 4 confirm the positive impact of patents and trademarks on per-
formance for the whole sample of firms (see columns 1, 4 and 7 in Table 4); indeed,
independently of the measure considered, firms’ performance increases as the number
of patents and trademarks rises. Moreover, the interaction terms between patents and
trademarks, reported in columns 1 and 4, suggest that having a larger patent (trade-
mark) stock pay less, in terms of revenues and growth, for those firms which also own
trademarks (patents). These results are in line with the evidence of a lack of complemen-
tarity between patenting and trademarking activity in enhancing firms’ total revenues
and growth already shown in Table 3. Further, when considering patent and trademark
counts we do not find evidence of complementarity for profitability either.

Notice that since our concordance measure takes real values (between 0 and 1) only for
firms owing both IP instruments, the specification that includes concordance can only be
performed on the restricted sample, as it was the case when IP were measured by dummy
variables (Table 3). Hence, in the regressions on the restricted sample one is estimating
the impact of having an additional IP instruments among the subset of firms with both
patents and trademarks. This and the restricted sample size contribute to explain the
lack of significance or the change in sign with respect to full sample (Columns 1, 4 and 7
versus 3, 6 and 9 of Table 4).
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Table 5: Number of firms, trademarks and patents. SERVICE SECTOR

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 476903 2556 4157 310 244 6396 21146
(0.536) (0.872) (0.065) (78.710)

2007 525751 3094 4401 358 287 7930 22586
(0.588) (0.837) (0.068) (80.168)

2008 575973 3690 4606 406 325 9752 24002
(0.641) (0.800) (0.070) (80.049)

2009 627089 4378 4784 440 350 11691 25129
(0.698) (0.763) (0.070) (79.545)

2010 684923 5219 5035 522 414 14017 26999
(0.762) (0.735) (0.076) (79.310)

2011 684039 6044 5093 581 472 16165 27853
(0.884) (0.745) (0.085) (81.239)

2012 673793 6884 5007 635 515 18430 27808
(1.022) (0.743) (0.094) (81.102)

2013 663075 7640 4730 666 543 20397 26300
(1.152) (0.713) (0.100) (81.532)

2014 644237 7381 4354 625 509 19741 24502
(1.146) (0.676) (0.097) (81.440)

Notes. We only consider firms operating in service sectors (we exclude firms operating in the following 2-digit ATECO
2007 code: 64, 65, 66 and 68) ∗ In brackets, percentage of total firms.
∗ ∗ In brackets, as a percentage of firms with trademarks and patents.

5.2 A focus on the service sector

We have so far focused only on firms from manufacturing sectors, as out of doubt they
account for the largest share of IP instruments in the economy. However, not only the
service sector has become much more relevant in terms of GDP share, but the propensity
to resort to IP has much increased as well. Hence, in this section we replicate our main
analysis on the sub-sample of service firms.

Table 5 reports the distribution of trademarks and patents for firms in the service
sector. In line with the literature, most service firms do not use any IP and the fraction
of firms owning IP instruments is smaller than in the manufacturing sector. Taking as a
reference the last year of observation (2014), 1.15% of firms in own at least one trademark,
around 0.68% at least one patent and only around 0.10% both IP instruments. Focusing
on firms with both patents and trademarks, the degree of concordance, as defined in
equation (2), is on average 0.18, much similar to the manufacturing sector.

We estimate equation (3) on the sub-sample of service firms. Results, reported in
Table 6, are much similar to manufacturing. Independently of the measure of performance
considered, firms with any IP right display a superior performance vis à vis firms without
IP rights (tests H1 a, H1 b and H1 c in Table 6); owning both IP rights has a higher
impact than owning only one for all measures of performance considered (tests H1 d and
H1 e in Table 6) and complementarity between patents and trademarks holds only with
respect to profitability (tests H1 f in Table 6). Moreover, estimated coefficients (having
only trademarks, only patents or both of them) are slightly higher in the service sector
than in the manufacturing, independently of the measure of performance. Further, having
both IP rights is associated to an increase in total revenues by 37.2% (by 32.2% for firms
in manufacturing sector), growth by 9.6% (by 7.5% for firms in manufacturing sector)
and profitability by 4,4% (by 3.08% for manufacturing firms).
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These results are quite in line with evidence from Hall and Sena (2017) and Greenhalgh
and Rogers (2012). As far as the comparison between the two IP instruments is concerned,
our estimates for the service sector are in line with those shown for manufacturing firms.
The impact of owning only trademarks is larger for revenues and growth as compared to
owning only patents.

In concluding, despite the different propensity to use IP rights for manufacturing
and service firms (Tables 1 vs 5), the evidence from regression analysis suggests that
the impact of IP strategies on firms’ performance in both macro-sectors is significantly
positive and similar.

6 Conclusion

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

Our contribution is threefold. First, differently from most 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 the
combined impact 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’ per-
formance. When we focus on our preferred specification, having patent and trademark
(irrespectively from their number) display a complementary effect when performance is
measured by profitability

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 of concordance we have extensively resorted to
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“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. Finally, and related to the
latter point, we acknowledge that, focusing on patents and trademarks, we focus only on
a subset of the instruments available to firms to appropriate the returns from formal and
informal innovation activities (see among the others, Griliches, 1990; Dosi et al., 2006;
Cohen et al., 2000).
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7 Appendix: Example of concordance measure con-

struction

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 7, 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 8 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).36 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. (6)

Table 7: 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

36A 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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Table 8: 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
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