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Abstract
In this work, we develop and apply a methodology to estimate technology-specific R&D
investments at firm level. To do so, we combine R&D investment with patent data from the
world top R&D investors worldwide and show that investment per patent varies greatly
across technologies and across firms developing a given technology. We then use these
results to assess the relationship between technology-specific R&D investments and a series
of factors characterizing technological development. The estimation strategy makes use of a
multilevel framework that allows modelling heterogeneity at the firm and sector level. In line
with the literature on the sectoral systems of innovation, we find that sector specificities
matter in determining R&D per patent investments, economies of scale in knowledge
production, and the cost associated to technological specialization. Moreover, our results
suggest that the persistent differences in R&D intensity across firms may be largely related to
the technological choices they make. Firms' idiosyncrasies co-exist with significant
differences across sectors in shaping knowledge production functions. Implications for policy
and research are discussed accordingly.
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1. Introduction
R&D and innovation are key components of firm competitiveness. To be successful
along time a firm must innovate and therefore core R&D and technology capabilities are
among its main distinctive features (Nelson, 1991). However, the distribution of R&D
intensity across firms shows some regularities suggesting that an industry specific
probabilistic process may lead the unobserved characteristics of firms related to their
R&D intensities (Cohen and Klepper, 1992). This is consistent with the existence of a high
and persistent heterogeneity in R&D intensity of firms operating in the same sector (Coad,
2018).
In this work, we try to look into the unobserved R&D-related capabilities of firms and
link them to their capacity to innovate technologically. The starting point of our analysis is
the relationship between R&D and patents- the so-called propensity to patent (Scherer,
1983). The relationship between R&D and patents has been widely investigated in the
field of economics of innovation and differences across sectors and firms of different size
have been observed. However, assigning R&D investments to patents based on the specific
technologies they pertain to on a systematic basis proved to be difficult and as a result the
attention of the analysis shifted to the study of the value of patents.
There have been basically two approaches to derive indicators of value: i) building
quality measures from patent documents to proxy different dimensions of value; ii) trying
to infer the (private) economic value of patents from firms' data. Recently, Squicciarini et
al. (2013) provided a large compendium of measures of patent quality following the
former approach, while the paper of Kogan et al. (2017) represents instead an example of
the latter. In their work, these authors build a measure of patent economic value by trying
to assess the present value of the monopoly rents associated with a patent from stock
evaluation data.
Both approaches are more focused on assessing the value of an invention for a given
firm rather than trying to assess the effort made by the same firm to get this invention.
The difference is relevant because firms may get higher than average returns from their
inventions irrespective of their investment efforts (Arthur, 1996; Antonelli and Scellato,
2011). Due to the uncertainty inherent to innovation, these results may be scarcely
informative for technology management and innovation policies. In this contribution we
try to go back to the roots and estimate the R&D investment associated with patents
pertaining to specific technologies, called hereafter technology-specific R&D investment.
This is an estimate of the R&D efforts made by a firm to develop an invention (patent) in a
given technological field. In other words, we look back at the ‘investment side’ of patents
to assess its heterogeneity across technologies, firms and sectors.
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Technology differs and present various degrees of complexity and opportunities. In the
words of Rosenberg, "inventions are rarely equally possible in all commodity classes and
the state of various science simply makes some inventions easier (i.e., cheaper) and others
harder (i.e., more costly)" (1974, p.98). Technological development is intertwined with the
uneven development of scientific knowledge, which contributes in defining the set of

possible solutions for technical problems. This in turn suggests that we should expect the
cost associated to different technologies to vary to a great extent
However, sectoral patterns of innovation activities (Pavitt, 1984) likely matter as well,
together with a certain degree of heterogeneity in the strategic choices made by firms
(Leiponen and Drejer, 2007). Therefore, accounting for both between- and within-sector
heterogeneity appears to us a necessary step to model firms' technological capabilities.
Accordingly, we combine R&D investments with patent data of the world top corporate
R&D investors (Guevara et al., 2015) to derive technology-specific R&D investment at the
firm level.
We then use the estimated figures to explore the relationship between a firm's
technology-specific R&D investment per patent and a series of factors characterizing
technological development. Our estimation framework allows us to simultaneously model
firm and sector heterogeneity. The results support our methodological choice. While firm
and technology-level specificities do matter, sectors play a non-negligible role in shaping
the relationship between specialisation, size (patenting activity) and technology-specific
R&D investments.
The rest of the paper is organized as follows. In section 2, we discuss the contributions
motivating our work. In section 3, we describe the data and present our methodological
approach. In section 4, we present the results of our empirical application. Finally, in
section 5 we briefly summarize the results and discuss their implications.

2. Motivation and framework
2.1 Technology specific R&D investments
There is a high degree of heterogeneity in the R&D intensity of firms. This has been
related to the presence of different approaches to innovation that a firm can pursue, which
in turn reflect some "unobserved R&D-related capabilities" (Cohen and Klepper, 1992). In
particular, the authors postulated that firms following the same innovation approach
invest the same amount of R&D as a fraction of sales (R&D intensity) and that this ratio is
mainly determined by industry appropriability and opportunity conditions. Although, not
strictly defined by the authors the concept of innovation approach appears related to the
concept of technological capabilities of firms.
Indeed, R&D capabilities have been linked to the presence of different technological
competences across firms (Lee, 2002). Lee's technological competences are very close to
the concept of patent propensity. Indeed, these are defined as the elasticity of
technological output with respect to changes in R&D expenditures and are meant to
represent the "degree of facility in technology production" that are likely to mirror
differences in the technological specialisation and innovation strategies of firms.
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However, estimating technology-specific R&D investment is not easy due to the general
lack of detailed allocation of R&D investment across projects for large samples of firms
(Jacquier-Roux, and Bourgeois, 2002). For this reason, previous attempts have mainly
focused on specific subsets of homogeneous technologies or sectors.

For example, R&D investment associated to a random selection of drugs developed by
large pharmaceutical firms has been used to estimate the average cost of new drug
development (DiMasi et al. 2003; Di Masi and Grabowsk 2007). These data were collected
through dedicated surveys to explore a series of stylized fact in the pharmaceutical
industries: i) drug development costs have been increasing since the 90ies; ii) cost varies
along the development process (pre-clinical and clinical phases), and; iii) the pre-clinical
cost required to develop modern bio-molecules is higher than those for traditional
pharmaceutical compounds. In other words, within the pharmaceutical industry, the
relative specialization of companies matters in determining R&D investments.
Wiesenthal et al. (2012) allocated the R&D investment of multi-business firms to
different energy related technologies using several sources of information. In the cases
where it was not possible to directly link R&D to technologies, the authors resorted to data
on employees and patents in a given technology line to derive technology-specific figures.
Still in the energy sector, Breyer et al. (2013) developed an approach to estimate the
global R&D investments in photovoltaics technologies based on international patents. In
particular, the authors focused their analysis on listed companies producing photovoltaics
and used the information of those disclosing photovoltaic related R&D investments as a
baseline to estimate the industry average R&D investment per patent. More recently,
Fiorini et al. (2016) proposed a patent-based methodology to estimate R&D investments
related to the development of low-carbon energy technologies base.
In cases like these, where firms are highly specialised and with technologically narrow
patent portfolios, it is relatively safe to directly associate patents (or innovation outputs)
to research and development investment. In this paper, we exploit a sample of the world
top corporate R&D investors operating in different sectors to estimate R&D investments
for the full set of technological fields as reported in patent documents.

2.2 Sector and firm specificities
Firms making products and generating and utilizing technologies are classified
according to their main economic activity in different sectors. Each sector is marked by a
specific combination of technological opportunities, appropriability conditions,
cumulativeness and properties of the knowledge base (Breschi et al., 2000). Technological
choices of firms are related to the dominant technological regime of the sector in which
they operate as defined by these four dimensions. In the words of Pavitt (1984, p.343):
“Most technological knowledge turns out not to be ‘information’ that is generally
applicable and easily reproducible, but specific to firms and applications, cumulative in
development and varied amongst sectors in source and direction”.
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The concept of technological opportunities is related to the probability to innovate
given a certain amount of R&D invested. In other words, the relationship between patent
and R&D is highly sector specific (Dernis et al., 2015). Because dominant technologies
differ across sectors, we should expect that the economies of scale in the knowledge
production function (Griliches, 1990) would also be sector specific. The appropriability
conditions refer to the possibilities of firms to appropriate the returns from their R&D
investments by protecting them from imitation. There is evidence about sectoral
differences in the recourse to different means of protection (Hall et al., 2014). Again, this
would be reflected in differences in the patent propensity across sectors. However,

appropriability conditions may also depend on the strength of property rights (Park,
2008) and therefore they can also have a geographical dimension. The cumulativeness and
the properties of the knowledge base are the last two ingredients defining sectoral
knowledge. Cumulativeness means that technical change tends to be incremental and
based on existing knowledge; this can be seen as a sign of the specific knowledge
spillovers, cooperation and imitation conditions within a sector (Malerba and Orsenigo,
1990). Finally, technological knowledge is largely specific, tacit and involves different level
of complexity across technologies (Winter, 1987, Dosi, 1988).
The uncertainty inherent in technological change processes and the differences in beliefs
and endowments among firms are consistent with local niches (Nelson and Winter, 1982):
firms operating in the same sector may be specialised in different technologies.2 This
"diversity is an essential aspect of the process that create economic progress" (Nelson,
1991; p.72). Different technological specialisations may entail different level of investment
and within a sector firms' specialisation can differ. As an illustrative example, one may
consider the market for displays and televisions, where different solutions compete. In the
last years the display market gradually moved from the cathode ray tube (CRT) to plasma,
LCD, LED and OLED based products.3 Similarly, in the automobile sector the evolution of
eco-innovations converged on three main technological groups, green internal combustion
engines, electric/hybrid and complex patents (Faria and Andersen, 2017). In a given
moment of time firms develop different technological solutions and this single fact may
lead to differences in R&D investments across firms operating in the same market. We
posit that firms’ technological capabilities are at the heart of the "unobserved R&D-related
capabilities".

2.3 R/Defining the innovation approaches
In their work, Cohen and Klepper (1992) related R&D intensity to the
size/diversification of firms; these where proxied by the number of innovation approaches
pursued by a firm (i.e. number of different R&D projects within a firm). Indeed, size is here
related to the “size of innovation activities” of a firm. In the following we discuss a number
of additional factors that may contribute in describing technological competences of firms
and therefore their innovation approach. In the empirical analysis we will use these
dimensions to estimate firms’ technology-specific R&D investment and assess their
relationship.
As we said the specialisation of a company in a given technology is the first ingredient
in the search for the characterization of the firms’ innovation approaches. Moreover, as
pointed out by March (1991), firms face a trade-off between exploration and exploitation,
or, between the refinement of already mastered technological capabilities and the
development of new ones. In the first case, outcomes are close in time and predictable. In
the second case, outcomes are uncertain (with a higher probability of failure) and distant

In part, the human and organisational capital of firms will also contribute to these differences. However,
these are out of the scope of this paper and they could represent a future path of research.
3 The CRT is a vacuum tube that contains one or more electron guns and a phosphorescent screen; plasma
displays use small cells with electrically charged ionized gases; a liquid-crystal display (LCD) uses the lightmodulating properties of liquid crystals; LED displays use an array of light-emitting diodes as pixels; finally, in
the OLED the emissive electroluminescent layer is a film of organic compound (a polymer).
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in the future, and therefore likely to involve higher costs. The proper balance of these two
knowledge strategies will determine the success of a firm over a long period of time.
Quintana et al. (2008) showed that a diversified technology base positively affects
firms' innovative capabilities, with a particular effect on exploratory rather than on
exploitative activities (March, 1991). Belderbos et al. (2010), looking at the firm financial
performance related to the two types of innovative activities, argued that this is
maximised by a combination of the two, rather than a specialization in only one of them.
More recently, Neuhäusler et al. (2016) analysed the link between firms’ technological
bases and financial performance, arguing that a higher technological diversification can
serve as a hedge against technological and commercialization risks. This may be linked to
the fact that technological diversification can be seen both as an indicator of knowledge
integration and of technological diffusion (Hu and Rousseau, 2015). However, knowledge
coordination and integration involve costs which are likely to increase with diversification
(Leter et al., 2007).
The competition by other firms actively developing a specific technology is also a
crucial factor defining and shaping a firm’s knowledge production strategies. Indeed,
competition affects the cost and effort required to develop technologies and products in
line with those of competitors (Almeida, 1997; Christensen, 2013).
The increased integration of economic activities and the raising of the knowledge
economy brought forward the importance of the global dimension of innovation
(Archibugi and Iammarino, 2002). Companies, multinational corporations in particular,
increasingly locate research facilities abroad. Their international strategies are mainly
driven by the objective of tapping into new knowledge and capabilities complementing
their in-house technological activities (Chung and Alcácer, 2002; Cantwell et al. 2004;
Criscuolo et al. 2005). Internationalization can exert different effects depending on its
depth - the share of the international activities - and its breadth - the geographical
dispersion of activities (Contractor et al., 2010). International depth measures the
intensity of the recourse to foreign knowledge which may be related to the firm's capacity
to establish and maintain long lasting relations within the international research context,
thus increasing its potential of gaining from knowledge externalities (Katila and Ahuja,
2002; Castellani and Zanfei, 2007). Knowledge externalities may reduce the internal effort
needed to develop new technological solutions. The international breadth of innovative
activities may indeed offer firms the possibility of accessing and combining ideas from
different contexts (Hitt et al., 1997; Cantwell and Mudambi, 2005) thus increasing the
probability of finding new valuable discoveries (Kafouros et al., 2012). However, as in the
case of technological diversification, searching and integrating knowledge from a higher
number of contexts may entail increasing costs.

3. Data and methodology
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In this section, we first describe the data used for the empirical exercise and present
some descriptive statistics on the share of patents across different technological fields,
comparing our sample with the global patents as reported in Patstat. We then present a
methodology to estimate technology-specific R&D investment that allows considering the

heterogeneity underlying the patent-investment relationship. Finally, we present the
estimation framework linking these technology-specific R&D investments to the factors
discussed in the previous section.

3.1 Data and descriptives on technological development
Patents are the main output of technology-oriented R&D activities containing
information on the technical fields to which a patent pertains and the addresses of the
different actors involved in the innovation process (e.g. applicants and inventors). In
particular, patent documents are classified into technical fields according to the
International Patent Classification system (IPC). The IPC has a hierarchical structure
providing very detailed information on the technological content of a patent; this has been
mapped into 35 technological fields in order to reduce complexity, allowing for
straightforward comparisons between countries and sectors, and facilitating analyses of
technological development (Schmoch, 2008; WIPO, 2013).
The empirical application is based on the top 2000 R&D investors worldwide as
reported in the 2015 edition of the EU Industrial R&D Scoreboard (Guevara et al., 2015).
From the EU Industrial R&D Scoreboard we retrieve information on firms' R&D
investments for the 2012-2014 period, their sectoral classification4 and the location of the
headquarters. From the Orbis database (Bureau van Dijk), we obtain information on their
subsidiary structure in 2014; this is used to retrieve their patents from the PATSTAT
2018B edition.5 The link between the two databases makes use of a series of probabilistic
string matching algorithms (IMALINKER)6 and is carried out on a country-by-country
basis.
The final sample consists of 1717 Scoreboard companies having filed patents at the five
top Intellectual Property Offices (EPO, JPO, KIPO, SIPO, USPTO) with priority year between
2012 and 2014.7 Similar to Leten et al. (2007) we consolidate the patent portfolios of firms
and their R&D investment figures over the period considered. These companies are linked
with about 1,042,339 distinct patent documents, which correspond to 434,951 unique
INPADOC families with at least one patent document filed in one of these offices plus
another linked document anywhere in the world; the IP5 families (see Dernis et al.,
2015).8 The choice of using patents from the major patent offices worldwide protects us
from the so called home-bias (Dernis and Khan, 2004) guaranteeing a balanced
representation of the patent portfolios' of firms from different countries.

Firms are classified across sectors according to their main activity as reported in their annual reports.
Scoreboard companies are classified using the International Classification Benchmark (ICB) a classification
provided
by
FTSE
Russell,
a
London
Stock
Exchange
company
(http://www.ftse.com/products/downloads/ICBStructure-Eng.pdf).
5 PATSTAT is the European Patent Office’s Worldwide Patent Statistical Database, which contains data on
about 70 million applications from more than 80 countries. See http://www.epo.org
6 Idener Multi Algorithm Linker developed for the OECD by IDENER, Seville, 2013
7 Both the choice of using WIPO technological fields (rather than more disaggregated IPC levels) and that of
considering patenting activities over a period of three years are driven by stability considerations. More
information on the IP5 can be found here: https://www.fiveipoffices.org/index.html.
8 Companies may seek protection for their invention at different world regions by filing patent applications at
different Intellectual Property Offices (IPOs). In order to control for the multiple filing of the same invention at
different IPOs, different patent applications have been matched through INPADOC (International Patent
Documentation) families to avoid double counting see http://www.epo.org/searching/essentials/patentfamilies/inpadoc.html.
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In table 1, we report the share of IP5 patent families filed by the companies in our
sample over the total world IP5 patent families. The scoreboard companies represent
more than 80% of the world business R&D expenditure (Guevara et al., 2015) and file
about 62% of the world IP5 patent families. This share varies across the 35 WIPO
technology fields, ranging from a minimum of 28% in the case of “Furniture, games” to a
maximum of 80% for “Digital communication”.
However, the comparison of the distribution of patents families across technological
fields of the patents in our sample and the world total shows that these are quite similar
(correlation = 0.975). The technological fields recording the highest shares of patent
applications are “Computer technology” (11.5%), “Electrical machinery, apparatus,
energy” (9.1%) and “Digital communications” (8.1%). Overall, our sample seems to
provide a balanced representation of the worldwide technological development. Further
descriptive statistics of the variables used are reported in table A.1 (see the appendix).

Table 1: Share of Scoreboard IP5 patent families (left) and distribution across technologies
(right)
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Source: authors’ calculations on Patstat 2018B (reference period 2012-2014).

3.2 Estimating technology-specific patent investment
3.2.1 Averaging technology R&D investment
Following Fiorini et al. (2016), we aggregate company level information in order to
estimate the average R&D investment associated with the development of a patent in a
specific technological field.
In order to do so, we first fractionally count the number of patent families of each firm
across technological fields (𝑃 ), as the number of patent families filed by firm 𝑖, pertaining
to a given technological field 𝑗 during the 2012-2014 period.9 Patents covering different
technological fields are split among them; for example, if a patent covers three
technological fields it is split among the three fields according to the number of codes
belonging to each field. The total number of families owned by firm 𝑖 (𝑃 ), can be computed
as:
𝑃 =

𝑃

(1)

The total R&D investment for the 2012-2014 period of a firm (𝑅𝐷 ) is then allocated
across the 35 technological fields according to the relative share of patents in the firm
portfolio:
𝐶 =

𝑃
× 𝑅𝐷
𝑃

(2)

In deriving equation 2 the implicit assumption is that, within a firm, the investment
required for developing a patent is homogeneous across technological fields. The sample
average investment per patent related to a specific technological field (𝐶 ) is then
calculated as the total amount of R&D spent for developing patents in this specific field by
the firms of our sample ∑ 𝐶 divided by the total number of patent families in the same
field owned by these firms ∑ 𝑃 :
𝐶 =

∑ 𝐶
∑ 𝑃

(3)

This vector is unique, meaning that technology associated investments are equal for all
companies in the sample. In the following, we will use this vector as an initial condition to
estimate firm's specific R&D investment and relax the two assumptions discussed above.
3.2.2 Estimating technology R&D investments per patent
Let 𝐶 be the average R&D investment per patent for technical field 𝑗. Then for each
company 𝑖 with total R&D investment RDi and 𝑃 patent families in the technological field

A significant effect of R&D on patenting, operating within a year lag, and the fact that different projects (of
different duration and scope) co-exist within companies have been largely documented. These two facts may
introduce noise in the search of technology-specific R&D investments. By averaging data over three years we
aim at better describing the technological innovation set of companies (David et al., 2000) and increase the
signal to noise ratio in the data.
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j, the following equation would hold true only when the distribution of patents across
technological fields (or their relative shares) of a firm is identical to that of the overall
sample:
𝑅𝐷 =

(4)

𝑃 ×𝐶

In practice the equality in (4) never holds true. We therefore introduce a set of
continuous positive parameters λ to account for the fact that the investment required to
develop a patentable invention in a specific field might vary across different firms. In other
words, we model the heterogeneity in the knowledge production of firms through the
distribution of λ . This way the parameters λ adjust the weighted sample average
investment 𝐶 calculated previously in equation (3) to obtain firm-technology specific
investment, which now becomes: 𝐶 = 𝜆 𝐶 .
In matrix notation, equation (4) becomes:
𝑅𝐷

×

= (𝑃 × °Λ

(5)

)∙𝐶

×

where 𝑛 stands for the number of firms and 𝑚 the number of technological fields. The
matrix multiplication between P and Λ is performed on an element by element basis: the
result is the Hadamard product, which is also a matrix with n rows and m columns. 𝐶 is a
column vector with entries corresponding to the 35 weighted sample average investment
𝐶 derived previously.
The matrix equation (5) is an overdetermined system of 1717 linear equations with 35
parameters (unknowns) which is in principle amenable to analytical solution. However,
the solution of the unconstraint problem (unique, a vector of dimension 35x1) contained
negative values, which have no meaning as R&D figures. 10 In addition, this type of solution
does not offer any useful insights regarding the firm heterogeneity which we aim to
capture.. In order to capture this heterogeneity we focus at individual firms trying to find
an optimal solution for each of the 1717 equations in (5). We thus set up an optimization
problem at the firm level. In order to solve this problem and estimate the λ parameters,
we minimize for each firm the following objective function:
min‖𝑅𝐷

×

− (𝑃 × °Λ

×

)∙𝐶

‖

(6)

under the constraints:
Λ > 0⃗

(7)

Λ = 0 if 𝑃 = 0

(8)

Equation 7 expresses mathematically the obvious constrain that R&D investments
should always be a positive number if a company 𝑖 holds patents in field 𝑗. Equation 8, on
the other hand, is based on the assumption that a firm i does not invest any R&D in the
development of a technology j if it does not hold any patent pertaining to this specific field

10
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We have also solved the system of equations under the extra constrain of non-negative solutions. The
resulting solution contained zeros implying zero average cost of developing specific technologies; again, a non
plausible solution.

(in which case the corresponding 𝑖𝑗 entry in matrix P is also 0). Of course, a patent can be
developed in a field by chance even if the company is not investing in that technological
area; similarly, it is not rare that an investment does not lead to any patented invention.
Aggregating the patent portfolios over three years reduce the probability of these types of
errors.
In order to obtain an optimal solution for the elements of matrix Λ under the
constraints 7 and 8, we use a genetic algorithm implemented with Matlab®. Genetic
algorithms belong to a broader class of population-based optimization algorithms inspired
by the principles of natural evolution and called evolutionary algorithms. More specifically
starting from an initial set of solutions, built around our initial condition, the algorithm
modifies it in each iteration (generation) by selecting those solutions according to
equation 6 (the fitness function), to serve as parents for the subsequent iteration. During
the "reproduction process" solutions undergo random changes as a result of different
mechanisms such as mutation and crossover.11 Genetic algorithms are well suited for
tackling multi parameter optimization problems like problem (6) and they offer a number
of advantages compared to gradient- based methods as they are in principle capable of
converging to global optimum in case of problems with multiple optimum values (Messac
2015).
Given the stochastic nature of the methods involved in a genetic algorithm and in order
to obtain confidence to the final solution we have repeatedly solved the optimization
problem starting from different initial populations picked randomly and non-randomly by
setting the initial value of the λ parameters equal to 1 (that implies assuming again that
the investment per patent across firms are homogeneous). Results are robust to the
different settings. Moreover, to estimate the lambda parameters we have filtered out
firms in the lowest and highest 5% in terms of patent propensity. This allows us to reduce
the noise that may be caused from companies deviating from the overall mass of the
distribution. The distributions of patent propensity for the whole and the trimmed sample
are reported in figure A.1 in the appendix. The figure suggests that trimming the sample
excludes some extreme cases of high patent propensity that can drive the results.
Moreover, trimming the sample provide lambda values closer to 1 (mean 1.3 vs. 1.9) and
drastically reduce their variance (variance 10 vs. 254).
Finally, while the objective function from equation 6 minimizes the sum of square
values of the individual terms, we obtain quite similar results when using the sum of
absolute values instead. The difference between the lambdas computed with the two
methods is lower than 10% in 85% of cases and less than 20% in almost all cases (98%).

3.3 Determinants of R&D investment: the estimation framework
In order to analyse the role of the different factors considered in shaping the
technology-specific R&D investments per patent, we use a multilevel model.12 This model
represents a suitable choice given the structure of the data and, more importantly, allows
us to jointly estimate firms and sector level parameters. As shown in table 2, different
Mutation, similarly to its biological counterpart, involves random changes of parts of the solutions (our
counterpart for an individual). In crossover, parts of different parent solutions are mixed to generate a child
solution from them.
12 In particular, we use the mixed command as provided by Stata 15.
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technology-specific R&D investments are observed for each firm and different firms
operate in the same sector. In other words, our basic observations are clustered, violating
the hypothesis of independence.13
Table 2: Data structure

𝑐𝑜𝑠𝑡
…
𝑐𝑜𝑠𝑡
𝑐𝑜𝑠𝑡
…
𝑐𝑜𝑠𝑡

_

𝑓𝑖𝑟𝑚
_

𝑠𝑒𝑐𝑡𝑜𝑟

_

𝑓𝑖𝑟𝑚
_

An interesting feature of the multilevel model is that it allows both for the estimation of
random intercepts at the firm and sector level and of sector-level predictors. Moreover,
because groups are treated as a random sample from a population of groups, the results
are more generalizable than in the fixed-effect framework (Rasbash et al., 2000).
In particular, we will estimate an equation of the form:
𝑟𝑑

,

= 𝛽 + 𝛽 𝑆𝑝𝑒𝑐 + 𝛽 𝑆𝑖𝑧𝑒 + 𝛽 𝑊 + 𝛿𝑍 + 𝜃 + 𝑢 + 𝑢

+𝑢

,

(𝑆𝑝𝑒𝑐, 𝑆𝑖𝑧𝑒) + 𝜖

,

(9)
where 𝑟𝑑 , stands for the R&D investments to obtain a patent in one of the technological
classes defined by the WIPO classification (j = 1,…,35) made by firm i operating in sector k.
In the estimation we include a number of variables that refer to different levels of
observation. 𝑆𝑝𝑒𝑐 is the share of patents a firm has in a given technology and measures
its technological specialization. 𝑆𝑖𝑧𝑒 is the (natural logarithm of the) patents filed by the
company and is meant to capture the size of innovation activities. We are aware that, as the
output of knowledge production functions (Griliches, 1990), patents are usually put on the
left-hand side of a patent-R&D relationship. However, since we are looking at associations
in the relationship at stake we hope that the reader will grant us this freedom and
consider this setting as a kind of cost function estimation.14 Moreover, this is the closest
proxy for the firms size as conceived by Cohen and Klepper (1992). 𝑊 is the technological
concentration of patents at the world level. The concentration of patents across applicants
is measured with the Herfindahl index and is meant to proxy the (potential) competition
within a specific technology market. 𝑍 stands for a series of firm specific variables.
Namely, we consider: i) the number of technological fields related to the patents filed by a
company, a measure of its technological diversification; ii) its propensity toward
exploration, measured as the Manhattan distance between its patent portfolio for the
period 2012-2014 and 2009-2011; iii) the share of international patents filed by the

13 In principle we could have estimated an OLS model with clustered standard errors and sector dummies. However, in such a setting the effects of sector-level
predictors would be confounded with the effects of the sector dummies, limiting the analysis of the role played by the technological regimes across

sectors.
the robustness checks, we report an OLS specification with clustered standard errors and without sector-level
predictors in table 7.
14 Of course, we could have considered other measure to control for firms' size effects. However, since we are
looking at the investment side of technological production – the average R&D investment per patent in a
specific technology – sales (or employees) may be scarcely informative, while the size of the patent portfolio
may be more revealing.
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company,15 international depth; iv) the number of foreign inventor countries, international
breadth. We also include the intellectual property right index of 2010 (Strokova and de
Soto, 2010) to account for the possible role that property protection may have on the
firms’ choice of patent protection over informal protection mechanism (Hall et al., 2014).16
Finally we also include a series of dummy variables to control for possible differences
deriving for from the firm location in economies sharing similar characteristics, economic
area fixed effects.17
Moreover, 𝜃 represents a series of binary variables identifying the headquarter location
of a company, 𝑢 and 𝑢 stand, respectively, for the firm and sector random effects, and
𝜖 , is the error term. The terms 𝑢 , 𝑢 and 𝜖 , are assumed to be normally distributed
and independent. The random terms, allow us to account for the heterogeneity of
patenting strategies both at firm and at sector level. Finally, besides controlling for
random sector and firm intercepts we also estimate sector specific random slopes through
the terms 𝑢 (𝑆𝑝𝑒𝑐, 𝑆𝑖𝑧𝑒).

4. Results
4.1 Technology specific R&D investment
In table 3, we report the estimated R&D investment per patent for the 35 WIPO
technological fields, we also include standard deviations and a column where technology
specific R&D investments are divided by the overall sample average. These relative values
provide figures for a direct comparison of R&D investment across technologies.
Pharmaceuticals technologies appear to be the most expensive in terms of R&D
investments per patent, followed by biotechnologies. At the other extreme, Textiles, Microstructural and nano-technology and Optics are among those requiring the lowest
investment per patent. Investments per patent show a relevant degree of variability across
firms, with standard deviations larger than mean values.18
How do our estimates compare with others? We try to compare our results with those
obtained for the pharmaceutical industry, an industry characterised by a small patent to
product success rate, but also with a direct drug-patent (molecule) relationship. According
to figures provided for this industry our estimated R&D investments per patent are much
lower than those a company incur for each approved drug at the Food and Drug
Administration (DiMasi et al., 2003; DiMasi and Grabowski, 2007). In particular, according
to the estimates reported by DiMasi and Grabowski (2007), the total capitalized average
cost per approved drug in their sample of pharmaceutical companies was about $1318

Similar to Picci (2010) we consider a patent as international if at least one of the inventors involved has a
residence different from that of the headquarter location.
16 In this paper, we decided to use the international property right index instead of the international patent
protection index by Park (2008), because the latter as not been updated to cover years close to our period of
analysis.
17 In particular, the economic areas fixed effects control for the location of the headquarter, differentiating
among: Asian Tigers (Hong Kong, Singapore, South Korea and Taiwan), BRIC (Brazil, Russia, India, China and
South Africa), EU-28, US, Japan, Switzerland and the rest of the world (3% of observations).
18 Because the way we identified technology-specific R&D investments, this is basically the description of the
lambdas.
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million. However, these figures include the cost of failure during the clinical approval
phases, which is particularly high considering that their estimate of approval rate is
21.5%.

Table 3: R&D investment by technology and their variation across companies
WIPO Technological Field
Pharmaceuticals
Biotechnology
IT methods for management
Organic fine chemistry
Digital communication
Computer technology
Civil engineering
Transport
Food chemistry
Analysis of biological materials
Engines, pumps, turbines
Measurement
Telecommunications
Medical technology
Mechanical elements
Furniture, games
Environmental technology
Electrical machinery, apparatus, energy
Control
Chemical engineering
Basic communication processes
Materials, metallurgy
Basic materials chemistry
Other special machines
Audio-visual technology
Thermal processes and apparatus
Handling
Other consumer goods
Surface technology, coating
Semiconductors
Machine tools
Macromolecular chemistry, polymers
Optics
Micro-structural and nano-technology
Textile and paper machines
All technologies

Mean
(€ mil.)

Standard
deviation

Relative to
sample mean

32.3
18.4
16.4
13.1
11.4
9.7
9.4
9.1
8.6
7.2
5.8
5.2
4.8
4.8
4.5
4.3
4.3
4.1
3.9
3.6
3.5
3.5
3.5
3.4
3.1
3.1
2.9
2.9
2.4
2.4
2.3
2.2
1.7
1.6
1.0
6.0

44.4
33.1
34.0
22.7
21.5
19.4
22.3
19.4
20.8
16.4
15.5
11.1
9.6
10.1
7.7
8.1
9.5
9.0
8.3
8.4
10.2
8.5
7.7
6.6
8.7
9.1
8.1
7.0
8.3
6.1
6.7
5.5
5.6
2.4
2.1
16.0

5.4
3.1
2.7
2.2
1.9
1.6
1.6
1.5
1.4
1.2
1.0
0.9
0.8
0.8
0.7
0.7
0.7
0.7
0.7
0.6
0.6
0.6
0.6
0.6
0.5
0.5
0.5
0.5
0.4
0.4
0.4
0.4
0.3
0.3
0.2

Note: the relative investment is computed dividing the average investment for a specific technology by the overall average
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Still, the associated R&D investment per molecule entering the clinical phase would be
around $283 million, meaning that to be consistent with these figures our results require
that about one out of nine patents filed by a pharmaceutical company goes to the clinical
trials. This seems a reasonable ratio considering that the authors consider mainly new
compounds leading to blockbuster drugs for which companies are likely to associate
multiple related patents to enhance value appropriation (Sternitzke, 2013); moreover,
firms in the pharmaceutical sector file also patents related to cosmetics and other types of
consumer goods.

We also check whether our estimates are consistent with the theoretical arguments of
and the empirical correlations reported by Cohen and Klepper (1992). In this way, we test
to what extent our approach may indeed shed some light on the unobserved R&D-related
capabilities of firms. In particular, we compute the correlations between different
moments of the R&D investment by technology distribution presented in this paper and
compare them with the cross-industry moment correlations reported by Cohen and
Klepper (table 2, p.787). The comparison between cross-technology and cross-industry
correlation coefficients reported in table 4 suggests that we are on the right track. Indeed,
correlations have the same sign and are also very close in terms of magnitude.

Table 4: Comparing cross-technology moment correlations with the cross-industry
correlations reported by Cohen and Klepper (1992).
Cross-technology
Cross-industry (Cohen and Klepper)
E(rt)
Var(rt)
S(rt)
E(r/s)
Var(r/s)
S(r/s)
Var(rt)
0.98*
Var(r/s)
0.94*
S(rt)
-0.46*
-0.39*
S(r/s)
-0.37*
-0.13
CV(rt)
-0.53*
-0.45*
0.85*
CV(r/s)
-0.46*
-0.23*
0.79*
Note: S(•) denotes skewness, CV(•) denotes the coefficient of variation, rt denotes the
technology-specific R&D investment presented in this paper, and r/s denotes the R&D
expenditure on R&D as a percentage of sales. * Statistically significant at 5% level.

All-in-all, these results suggest that our approach is likely to capture technological
factors behind the observed differences in the R&D intensities of firms.

4.2 Determinants of technology specific R&D investment
4.2.1 Regression results
The results of our estimations of equation (9) are reported in table 5. Given the high
correlation among some of the right-hand side variables (see table A.2 in the appendix) we
introduce them sequentially in the model.
Technology specific R&D investments are higher for companies with a higher
technological specialization in the field. Developing new solutions in technical fields within
the distinctive core of the company’s technologies requires higher R&D investments,
suggesting that keeping the edge of technological development may require additional
efforts. At the same time, the size of innovation activities enters in the equation with a
negative sign. Companies with higher patenting activities tend to have lower costs
associated to technological development, suggesting the presence of economies of scale in
knowledge production. It is worth noticing that the suggested relationship is not linear but
implies decreasing returns to scale.19
In the bottom part of the table we report the standard deviations of the sector and
company random effects, which are in general relevant. In particular, the standard
deviations of the sector specific random slopes in the basic specification is about one

For each technology we are estimating a relationship of the form 𝑦 = 𝛽 ∗ ln(𝑥) where investments per
patent decrease linearly with the logarithm of patents. The estimated negative coefficient suggests that
investments per patent decrease more sharply at low levels of patenting activities than at higher levels.
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fourth the coefficients estimated for the fixed part of the model. In other words, we find
sectoral specificities in relationships between specialisation and economies of scale in the
knowledge production from one side, and technology-specific R&D investments on the
other. The high significance of the LR-test reported at the bottom of the table supports our
choice of modelling heterogeneity through a multilevel approach compared to an ordinary
linear regression specification. We will come back to this heterogeneity, through a visual
inspection, after commenting the results for the other variables.
As expected, technological strategies more oriented toward exploration entails higher
R&D investments.
The technological concentration enters with a negative sign in determining the R&D
costs associated with its development. This result may seem a bit puzzling. However, it
should be considered that the firms in our sample file the majority of IP5 patent families.
In other words, when technological development is more concentrated, our firms have a
higher probability of having a dominant position in the technological market, leading the
technological trajectory. It is worth testing this result on a different sample of companies.
A higher technological diversification requires higher research and development costs,
which may be due to a higher difficulty in dealing with the complexity of a differentiated
knowledge base (Grant, 1996) leading to higher knowledge coordination and integration
costs (Leter et al., 2007). These costs seem to overcome the possible advantages that may
be associated to spillover effects and cross-fertilization across technologies within firms.

JRC Working Paper on Corporate R&D and Innovation – No. 04/2018

Page 16

The internationalisation of the firm’s knowledge plays a different role in determining
technology-specific R&D investment according to the dimension considered. Indeed, while
a higher international depth of the R&D is related to lower R&D investments per patent,
the opposite holds true when considering the international breadth.

Table 5: Estimating technology-specific R&D investments with a multilevel model
Technological specialization

(1)
0.288***
(0.043)

(0.043)

(0.043)

(0.043)

(0.042)

(0.043)

(0.043)

Size of innovation activities

-4.309***

-3.269***

-6.541***

-6.522***

-9.031***

-8.729***

-7.008***

(0.373)

Exploration

(2)
0.289***

(3)
0.290***

(4)
0.293***

(5)
0.289***

(6)
0.290***

(7)
0.289***

(8)
0.299***
(0.046)

(0.378)

(0.540)

(0.545)

(0.536)

(0.560)

(0.460)

8.060***

5.812***

5.784***

4.674***

4.651***

5.880***
(1.143)

(1.209)

Technological diversification

(1.214)

(1.215)

(1.160)

(1.155)

0.705***

0.703***

0.467***

0.439***

(0.084)

Technological concentration (world)

(0.084)

(0.081)

(0.081)

-165.522***

-164.680***

-163.525***

(14.956)

15.293***
(1.098)

-0.484***
(0.065)

-163.744***

-164.144***

(14.956)

(14.994)

(14.995)

(15.004)

International depth

-0.048***

-0.045***

-0.047***

-0.024*

(0.012)

(0.012)

(0.013)

(0.014)

International breadth

1.035***

1.020***

1.117***

0.379***

(0.082)

Intellectual property protection
Economic area fixed effects(a)
Intercept
Random effects (standard deviations)
Sector: technological specialization
Sector size of innovation activities
Sector: intercept
Company: intercept
Observations
Number of industries (companies)
Chi-2
LR-test
Log Likelihood

(0.082)

(0.081)

(0.080)

-1.681**

-1.972**

-2.206***

(0.769)

(0.774)

(0.851)

0.000***
21.927***

0.000***
12.407***

0.000***
16.618***

0.000***
17.745***

0.000***
29.093***

0.001***
39.691***

0.000***
40.158***

0.003***
16.959***

(2.045)

(2.389)

(2.420)

(2.449)

(2.429)

(5.810)

(5.860)

(6.125)

0.161
1.065
4.921
12.620
20,687
15 (1,545)
225
5758
-81745

0.163
0.942
4.280
12.409
20,687
15 (1,545)
295
5528
-81723

0.162
0.930
4.388
12.100
20,687
15 (1,545)
373
5518
-81688

0.162
0.958
4.571
12.121
20,687
15 (1,545)
489
5588
-81627

0.160
0.735
3.786
11.434
20,687
15 (1,545)
731
5191
-81550

0.164
0.902
4.374
11.214
20,363
15 (1,509)
653
5100
-80146

0.164
0.892
4.292
11.341
20,363
15 (1,509)
622
5112
-80161

0.175
1.386
12.663
20,363
15 (1,509)
626
5354
-80298

Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. (a) Reported are the p-values for the F-test of jointly significance of fixed effect; results show that
overall they are not statistically significant. Random effect parameters: reported are the standard deviations of the estimated random coefficient.
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Interestingly, once controlling for other factors, the (headquarter) location of the
company does seem to still have significant effect in explaining differences across
companies (de Rassenfosse and van Pottelsberghe de la Potterie, 2009). In particular,
firms located in countries with a stronger legal and political protection of property rights
(both physical and intellectual) show lower R&D investment per patent as indicated by the
negative sign attached to intellectual property protection. In other words, property
protection mechanisms may lead firms to a higher recourse of formal protection, which
would result in a higher propensity of firms to patent their innovations.
Coming back to the heterogeneity in the relationship between specialisation and
economies of scale in the knowledge production and the technology-specific R&D
investments, we provide their graphical visualisation in table 6.
Table 6: Grouping sectors by relative specialization costs and economies of scale

Specialization costs

Economies of scale
Lower

Higher

Lower

Telecommunication
Automobiles & parts
Electronic & Electrical Equipment
Chemicals

ICT producers
Industrials
Health
Other sectors

Higher

Pharmaceuticals & Biotechnology
Aerospace & defence
Transport

Chemicals
Energy
ICT services
Oil & Gas

Note: sector specific effects are obtained by summing the coefficients from the first column of table 5 (col
7) with the best linear unbiased predictions of the random effects at sector level.

In particular, in the table we group sectors according to the coefficient attached to
technological specialization (table 5, column 7) and the best linear unbiased predictions of
the random coefficient at sector level; we do the same for the size of innovation activities.
The cost of specialising seems particularly relevant for firms operating in the
Pharmaceuticals and Biotechnology, Transport and Aerospace and Defence sectors. These
sectors also experience low(er) economies of scale. The economies of scale in knowledge
production are particularly low in the Pharmaceuticals and Biotechnology sector; in part
at least due to the high costs associated to testing and performing clinical trials to get
drugs approvals. On the other side of the spectrum we find firms operating in the ICT
producers, Industrials, Health (medical machines), and in Other sectors. Firms in these
sectors combine low costs of specialization with high returns to scale.
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Combining the two dimensions it is possible to grasp sector specificities which seem
relevant for designing policies to incentivize R&D investments and understand their
possible differentiated impacts across sector. For example, in the Pharmaceuticals &
Biotechnology sector firms face the highest specialisation costs coupled with very small
economies of scale in R&D investments, here an optimal policy design would be very

different from that suitable for ICT producers (low specialisation costs and high scale
effects).
4.2.2 Robustness checks
Finally, we report in table 7 the results of a series of additional regressions to test the
robustness of our results.

Table 7: Estimating technology-specific R&D investments, robustness checks
Trimming 1%
Technological specialization (share)

RTA

SRTA

0.396***
(0.085)

Technological specialization (RTA)

OLS
0.311***
(0.014)

0.489***
(0.075)

Technological specialization (SRTA)

6.450***
(1.149)

Size of innovation activities
Exploration
Technological diversification
Technological concentration (world)
International depth
International breadth
Intellectual property protection
Economic area fixed effects (a)
Sector fixed effects (a)
Intercept

-19.792***

-9.198***

-10.169***

-4.586***

(1.555)

(0.664)

(0.667)

(0.450)

13.984***

4.585***

2.939**

4.783***

(3.189)

(1.239)

(1.253)

(1.396)

1.172***

0.394***

0.401***

0.252***

(0.243)

(0.088)

(0.089)

(0.058)

-195.329***

-95.974***

-75.701***

-134.305***

(22.203)

(14.967)

(15.259)

(17.076)

-0.037

-0.048***

-0.053***

-0.028***

(0.036)

(0.013)

(0.014)

(0.008)

2.133***

1.083***

1.229***

0.524***

(0.244)

(0.088)

(0.090)

(0.049)

-8.325***

-1.806**

-1.689**

-1.014

(2.198)

(0.827)

(0.838)

(0.747)

0.002***

0.001***

0.000***

109.296***

43.412***

48.595***

0.001***
0.000***
24.248***

(16.480)

(6.396)

(6.508)

(6.554)

0.323
2.577
13.853
36.385

0.278
1.404
6.974
12.146

4.357
1.395
7.451
12.322

Random effects (standard deviations)
Sector: Technological specialization
Sector: size of innovation activities
Sector: intercept
Company: intercept
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Observations
22,048
20,363
20,363
20,363
Number of industries (companies)
15 (1,644)
15 (1509)
15 (1509)
15 (1509)
R-squared
0.242
Log Likelihood
-97462
-80275
-80375
-82425
Chi-2 (F-test for OLS)
455
491
503
31
LR-test
11067
5554
5806
Note: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses (clustered at company level for the OLS
specification). (a) Reported are the p-values for the F-test of jointly significance of fixed effect. Random effect
parameters: reported are the standard deviations of the estimated random coefficient.

We first run the multilevel model on a subsample of observations where instead of
excluding the lowest and highest 5% of companies in terms patent propensity we use as a
threshold 1%. The coefficients from these specifications are close to those discussed
above. It is worth noticing that the (negative) coefficient attached to the number of patent
applications is significantly larger than in table 5, suggesting that the inclusion of very
patent intensive companies influences the R&D-patent relationship more than the
inclusion of companies with low intensity.
In addition, we also check our results against other measures of firm technological
specialisation. In particular, we use relative rather than absolute measures of
technological specialisation. We therefore run our model (spec. 8) using the revealed
technological advantage (RTA) of a firm, which is computed by dividing the share of its
patents in a given technology by the sample mean; values above 1 correspond to firms that
are relatively specialised in developing the technology. Moreover, we also test its
symmetric transformation (SRTA), as proposed by Laursen (2015).20 In both cases, the
results are in line with those presented above.
As a last robustness check we present the results from an OLS estimation with
clustered standard errors and sector fixed effects, but without sector-level predictors (see
note 16). Also in this case the size, direction and statistical significance of the coefficients
does not vary much.
All-in-all, the robustness checks suggest that our findings, a part for the case of
innovation size when including firms with very high patent propensity, are not influenced
by the presence of figures deviating from the mass of the distribution, and by the choice of
the multilevel framework against a more standard OLS specification that would not allow
to properly model sector specific relationships.

4. Conclusions
In this work we have presented a methodology to estimate the distribution of
technology-specific R&D investments at the firm level. We have then used these values to
model how these investments are related to a series of factors that are likely to be
important ingredients of the unobserved R&D-related capabilities discussed by Cohen and
Klepper (1992). In doing so, we have contributed in explaining what is behind the
persistent differences of R&D intensities among firms (Choen and Klepper, 1992; Coad,
2018).
Our contribution is a prime in trying to estimate technology specific R&D investments
for a wide array of technologies and sectors. We uncover a high heterogeneity in the R&D
investment per patent both across technologies and across firms. This heterogeneity
emerges as a property of the observational data, despite assuming homogeneity in the
construction of the initial conditions – investment vector and parameters – for our
optimization algorithm.

20
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Laursen (2015) shows that making the index symmetric, as (RTA–1)/(RTA+1), provides a better measure of
comparative advantages.

Firms' technological strategies matter in determining technology-specific R&D per
patent. The investment required to develop an invention is higher when firms are more
specialised the technology, developing a wider array of technologies and when they adopt
a more explorative technological strategy. In addition, we observe (decreasing) economies
of scale in knowledge production at the firm level. Also, the international dimension of
technological activities matters in determining the required level of R&D investment.
Firms with more internationally oriented knowledge strategies at the intensive (share)
margins require lower R&D investments per patent while the extensive (number of
countries) margins imply higher technology-specific R&D investment.
Firms' idiosyncrasies co-exist with significant differences across sectors that shape
their knowledge production functions. In this contribution, sectoral specificities have been
shown to be an important factor in determining the economies of scale in knowledge
production, and the cost of specialization. Using the relative importance of these two
factors we have identified four major groups of sectors sharing similar characteristics.
This classification, inspired by Pavitt (1984), may provide a framework to conceive
specific innovation policies. Understanding further cross-industry interactions in the
innovative process would give additional indications.
Of course, our methodology is not without limitations. In particular, we estimated our
costs using a short period of time and paying little attention to possible dynamics over
time. Technologies are not fixed and introducing dynamics would provide better evidence
on the (possible) direction of technological change. Moreover, we relied on a sample of a
specific group of innovative firms. Despite their distribution of patents across technologies
closely resembling to that at the world level, for a proper generalisation of the results
similar studies are needed on different samples of firms.
That said, our evidence suggests that the optimal size of a firm R&D investment may
depend on the sector in which it operates and on the current state of science and
technology development. Moreover, support to R&D may have a differentiated impact
across sectors, and it should be considered that in some cases it may be even more
efficient to support capital investments and technological diffusion rather than trying to
increase indefinitely R&D investments (Jager et al., 2017).
Uncovering technology-specific R&D investments required to develop an invention may
also contribute in understanding the gap between private and social returns to innovation
which may lead to underinvestment in R&D (Arrow, 1962). Actually, this underinvestment
seems to be severe, with companies investing about half of the socially optimal level
(Bloom et al., 2013). However, little is known whether this underinvestment is horizontal
across sectors or related to the specific technological conditions of sectors.
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In a world characterised by increasing returns at the micro level the relationship
between private and social returns may not be as straightforward as we use to think.
Targeting the investment side of rather than prizing the economic returns from innovation
(e.g. patent boxes) seems to be better motivated by economic theory. Providing specific
evidences that can guide the policy action can improve the effectiveness of innovation
policies. At the same time, we hope these results may also be interesting for technology
and innovation managers in the definition of innovation strategies and allocation of
resources within the firm.
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APPENDIX
Table A.1: Descriptive statistics of the sample (trimmed at 5%)

Technology-specific R&D investments

Mean

Std.

Minimum

First quartile

Median

Third quartile

Maximum

5.99

16.05

0.00

0.23

1.56

4.97

556.02

7.32

14.87

0.00

0.37

1.50

6.16

100.00

443.71

1216.71

1

41

116

346

22793

Exploration

0.44

0.29

0.00

0.24

0.36

0.55

2.00

Technological diversification

19.85

8.87

1.00

13.00

20.00

27.00

35.00

Technological concentration (world)

0.007

0.006

0.001

0.003

0.004

0.010

0.027

International depth

32.84

29.93

0.00

7.89

24.37

49.73

100.00

International breadth

9.64

8.63

0.00

3.00

7.00

13.00

47.00

Intellectual property protection

7.62

0.68

4.30

7.60

7.90

7.90

8.60

RTA

3.68

10.84

0.00

0.16

0.64

2.48

333.12

SRTA

-0.14

0.62

-1.00

-0.72

-0.22

0.43

0.99

Technological specialization (share)
Number of patents

Table A.2: Correlations among variables
1.
1. Technology-specific R&D investments

2.

3.

4.

5.

6.

7.

8.

9.

10.

1

2. Technological specialization (share)

0.375

1

3. Size of innovation activities

-0.307

-0.333

1

4. Exploration

0.266

0.183

-0.636

1

5. Technological diversification

-0.250

-0.354

0.859

-0.470

1

6. Technological concentration (world)

-0.042

0.026

0.027

0.001

0.006

7. International depth

0.019

-0.001

-0.032

-0.017

-0.057

0.000

1

8. International breadth

-0.121

-0.198

0.745

-0.459

0.640

0.012

0.294

9. Intellectual property protection

-0.092

-0.048

0.108

-0.198

0.096

-0.004

0.174

0.229

1

10. RTA

0.312

0.679

-0.273

0.138

-0.273

-0.112

-0.005

-0.153

-0.007

1

11. SRTA

0.299

0.620

-0.377

0.280

-0.333

-0.151

-0.010

-0.249

-0.057

0.492
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Figure A.1: Distribution of patent propensity: initial sapmple (left) versus trimmed sample (right)

Note: the trimmed sample filter out firms with the lowest and highest 5% values for patent propensity.
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