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Abstract

The internationalization of corporate research and development (R&D) activities is a growing phe-
nomenon, but previous empirical studies provide inconclusive evidence of its effects on the innov-
ation performance of firms. This article examines how the innovation performance of European firms
changes when they begin to internationalize their R&D activities. Propensity score matching and dif-
ference-in-differences methods are applied to control for self-selection and to estimate the causal ef-
fect of R&D internationalization. Patent inventor data are used to track the locations of corporate R&D
activities. Information on patent applications, patent citations, and technological fields is used to
measure innovation output, quality, and diversity, respectively. The results indicate that firms with a
greater number of previous innovations are more likely to begin international R&D activities.
Moreover, beginning R&D internationalization further increases the innovative output of firms. The re-
sults also indicate a weaker increase in the technological diversity of innovation activities. In contrast,
the difference in the average quality of innovations in favor of international firms is shown to be due
to self-selection.

JEL classification: 032, F23, L25

1. Introduction

The internationalization of corporate research and development (R&D) activities is a prevalent phenomenon that
has grown considerably over recent decades (Moncada-Paterno-Castello et al., 2011; European Commission, 2012).
International R&D investments are considered to be driven not only by the market-seeking objectives of firms but
also by knowledge-seeking motives and improved access to new technological knowledge (Kuemmerle, 1999; Chung
and Alcdcer, 2002; Le Bas and Sierra, 2002). Consequently, the innovation performance effects of international
R&D have begun to receive attention in recent empirical studies. However, the results obtained thus far are inconclu-
sive. Some studies, e.g., Penner-Hahn and Shaver (2005) and Chen et al. (2012), report that R&D internationaliza-
tion has a positive effect on the innovation performance of firms, but contrary findings have also been reported
(Singh, 2008).

There are two alternative but not mutually exclusive explanations for why international R&D may be linked to
the innovation performance of firms. First, firms self-select into conducting R&D abroad. Thus, firms that engage in
overseas R&D could either be more-innovative firms that are able to cover the additional fixed costs of international-
ization or less-innovative firms that go abroad to catch up and compensate for their technological weaknesses.
Second, internationally distributed R&D activities can improve the innovation performance of firms by providing
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improved access to local scientists, knowledge spillovers, and universities (Florida, 1997; von Zedtwitz and
Gassmann, 2002)." Prior empirical studies typically employ panel models that control for bias caused by time-invari-
ant omitted variables (e.g., Chen ez al., 2012 and Hsu et al., 2014); however, these methods do not properly account
for the endogenous self-selection of firms. Therefore, we cannot interpret prior results as causal. The aim of the pre-
sent article is to account for the self-selection process and offer more reliable results on the causal effect of the start
of international R&D activities on firm innovation performance. This study contributes to the literature by applying
propensity score matching and difference-in-differences (DID) methods to control for the endogenous self-selection
process. The combination of these methods has been used by De Loecker (2007), Greenaway and Kneller (2008),
Hanley and Monreal Pérez (2012), and others to estimate the causal effect of exporting on firm performance.
However, to the best of our knowledge, this method has not been applied in the context of R&D internationaliza-
tion. This combination of methods does not necessarily eliminate all endogeneity problems (Dehejia, 2005; Smith
and Todd, 2005). Nevertheless, by considering only firms that begin internationalization and by controlling for the
self-selection process, this approach can account for endogeneity better than the previous studies have done. Several
robustness tests are conducted to further narrow down remaining endogeneity concerns.

This study analyzes European firms and their international R&D investments. European firms have exhibited a
higher level of R&D internationalization than their American or Japanese competitors (European Commission,
2012), and therefore, the innovation performance effects of R&D internationalization should be especially important
for European firms. The extant literature, however, has mostly analyzed US and Asian firms. In the present article,
the analysis concentrates on medium-sized and large European firms, and their R&D activities are studied by analyz-
ing their worldwide priority patent applications. Following previous studies, patent inventor addresses are used to
track the international distribution of corporate R&D activities. Again, consistent with prior studies, we use informa-
tion on patent applications, patent citations, and technological fields of patents to measure innovation output, qual-
ity, and diversity, respectively.

Our findings suggest that more-innovative firms in the lead-up are more likely to begin overseas R&D operations.
Thus, we find evidence of positive self-selection. This self-selection explains 35-100% of the observed differences in
innovation performance between domestic firms and firms that start international R&D. After controlling for self-
selection using propensity score matching, the start of overseas R&D activities has a statistically significant positive
effect on innovative output and on the technological diversity of innovation activities. In contrast, the difference in
the innovation quality in favor of international firms is shown to be entirely due to self-selection. This result diverges
from some earlier studies that find international R&D to have a positive effect on innovation quality. Thus, our re-
sults imply that self-selection does matter, and it needs to be accounted for when estimating the effects of interna-
tional R&D activities.

The remainder of this article is organized as follows. The second section reviews prior literature discussing the
internationalization of R&D activities. The third section presents the data and main variables. The fourth section
presents the descriptive statistics. The fifth section discusses the empirical model and results. The sixth section ana-
lyzes the sensitivity of the results, and the seventh section concludes the article.

2. Previous literature

The literature indicates that since the 1980s, R&D activities have rapidly become more internationally dispersed
(OECD, 2008; Picci, 2010). This is especially the case in Europe. One reason for this dispersion is that firms from
small European countries have needed to internationalize their R&D activities due to the pressures of international
demand and limited resources in their home countries (von Zedtwitz and Gassmann, 2002). Moreover, many
European firms source knowledge and offset home country technological weaknesses by establishing R&D units in
the United States and other countries (Almeida, 1996; Florida, 1997). Increasingly prevalent international R&D in-
vestments can also have a considerable influence on the innovation performance of firms and countries. The majority
of empirical studies have focused on the drivers of R&D internationalization and how countries should adjust their
policies to attract foreign R&D investment (e.g., Hegde and Hicks, 2008; Athukorala and Kohpaiboon, 2010).
However, the effects on firm performance have also begun to receive attention.

1 In contrast, Argyres and Silverman (2004) argue that by centralizing R&D activities, firms can achieve economies of
scale and avoid coordination and communication costs.
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2.1 Benefits of R&D internationalization

The market-seeking, or existing capabilities exploiting, view of foreign direct investment suggests that R&D interna-
tionalization may be used to gain access to new markets and utilize the innovations developed in the home market
internationally (Kuemmerle, 1999; von Zedtwitz and Gassmann, 2002). International R&D facilities may be neces-
sary to adapt existing, domestically developed innovations to the conditions and legal regulations of foreign markets.
In addition, local R&D units may allow a quicker introduction of new products to local markets (Lewin et al.,
2009). Thus, this view implies that more-innovative firms are more likely to establish overseas R&D units to gain ac-
cess to foreign markets; however, the view does not predict subsequent changes in innovation performance.

Studies suggest that R&D internationalization is also driven by knowledge-seeking motives that aim to improve
firm innovation performance. These studies argue that internationally distributed R&D provides firms with access to
a wide range of new resources (Chung and Alcdcer, 2002; Le Bas and Sierra, 2002). Having a local presence in differ-
ent countries provides improved access to local scientists, informal knowledge networks and universities, and it may
thus improve innovation performance (von Zedtwitz and Gassmann, 2002). Knowledge spillovers from competitors,
customers, and other parties are another way firms may benefit from international R&D activities (Granstrand et al.,
1993; Kuemmerle, 1999). Spillovers are typically national or even local in scope due to factors such as the tacitness
of knowledge bases and specialization of local labor markets (Jaffe et al., 1993; Branstetter, 2001; Breschi and
Lissoni, 2001). Thus, to access these spillovers, R&D units must be located near knowledge sources. Therefore,
R&D activities benefit from collocation with industry peers more than many other corporate activities (Alcacer,
2006; Audretsch and Feldman, 1996). A local presence may also enable firms to improve their cooperation with cus-
tomers. As customers can serve as an important source of new ideas and product development (von Hippel, 2005)
and these ideas may not be easily transferable, a local presence can be crucial. Moreover, an internationally distrib-
uted R&D organization allows a firm to create a diverse knowledge base within the firm, which can facilitate innov-
ation and lead to new ideas and combinations of existing knowledge (Patel and Pavitt, 1997). Thus, the more
internationalized corporate R&D activities are, the larger the knowledge pools and potential spillovers that a firm
can access and the greater the potential improvement of firm innovation performance.

However, R&D internationalization may involve the imitation of competitors rather than increasing original, in-
house knowledge production. If this is the main driver of international R&D investments, there may be a negative
self-selection process, whereby initially less-innovative firms engage in international R&D to catch up their
competitors.

International R&D may also enable a firm to reduce the costs of R&D by utilizing country-specific cost advan-
tages, such as hiring scientists or buying inputs in a low-cost country (von Zedtwitz and Gassmann, 2002). R&D
activities may also be located abroad to exploit country-specific R&D subsidies or patent boxes. Whether this type
of strategy affects the overall quantity and quality of firms’ innovations remains unclear.

2.2 Costs of R&D internationalization

Internationally distributed R&D activities also generate additional costs which may weaken the innovation perform-
ance of firms. R&D activities have a potential for economies of scale, but if a firm’s R&D facilities are spread out
too wide and thin, the firm cannot achieve such economies (Argyres and Silverman, 2004). R&D activities are also
subject to economies of scope, as research projects in different technological fields may support one another
(Henderson and Cockburn, 1996). Absent proper coordination, these benefits may be lost in distributed R&D organ-
ization and lead to weaker innovation performance.

Overseas R&D units often require a certain degree of autonomy to be able to access local knowledge networks
and create innovations (Ghoshal and Bartlett, 1988); however, this creates problems for firm-level coordination.
Coordination failures may lead to duplicated research efforts and wasted resources. Coordination problems in dis-
tributed organizations may be exacerbated by the communication problems that internationalization may create.
Geographic and cultural distances make communication and interunit learning more time-consuming and difficult.
This is especially true for R&D units because communicating R&D-related information often includes transferring
tacit knowledge that requires face-to-face meetings, which become more infrequent as geographic distance in-
creases (von Zedtwitz and Gassmann, 2002). The risk of intellectual property infringements and knowledge spill-
overs from the firm may also increase with R&D internationalization (Sanna-Randaccio and Veugelers, 2007;
Schmiele, 2013).
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2.3 Previous empirical studies

As discussed above, we can identify both significant benefits and costs that stem from international R&D activities.
Thus, the overall effect of international R&D activities on firm performance remains an empirical question.
Furthermore, there are indications that previous innovation performance and other firm characteristics affect which
firms engage in international R&D. This selection needs to be considered in the empirical methodology. Next, we
will briefly summarize the findings of previous empirical studies and the methodologies they employ.

Using patent data, Iwasa and Odagiri (2004) and Penner-Hahn and Shaver (2005) study the internationalization
of R&D activities in Japanese firms and find that it is associated with increased innovative output, at least for some
firms. Chen et al. (2012) and Hsu et al. (2014) study Taiwanese high-tech firms and the geographic diversity of their
overseas R&D investment and find that international R&D activities have a nonlinear but positive effect on the aver-
age quality of innovations. R&D offshoring is also shown to be associated with higher probability of innovation
(Nieto and Rodriguez, 2011). Finally, R&D internationalization is shown to be linked to improved firm productivity
(Todo and Shimizutani, 2008; Belderbos et al., 2014), although not all studies confirm this finding (Fors, 1997).
Other studies have analyzed the effects of geographically distributed R&D activities within countries rather than
across national borders. For example, Singh (2008) studies the innovation quality effects of geographically distrib-
uted R&D using US patent data and finds that patents resulting from distributed R&D are of lower quality. Studies
by Argyres and Silverman (2004) and Furman et al. (2006) suggest that decentralized and geographically distributed
R&D is associated with lower innovation performance. On the contrary, Lahiri (2010) and Leiponen and Helfat
(2011) find that geographically distributed R&D has a positive effect on the number of patent citations and on imita-
tive innovation. To sum up, the majority of studies find that international R&D improves the innovation perform-
ance of firms, but the results with respect to nationally distributed R&D are somewhat contradictory.

Most of the above-mentioned papers on R&D internationalization use patent data to measure the innovation per-
formance of firms. Patent inventor addresses are also often used to determine the R&D locations. The studies have
typically employed panel models with firm random effects (e.g., Lahiri, 20105 Chen et al., 2012; Hsu et al., 2014) or
firm fixed effects (e.g., Singh, 2008) to control for unobserved firm-specific heterogeneity. Nevertheless, if there
exists unobserved firm-specific time-variant heterogeneity that affects both R&D location decisions and innovation
performance, then neither random nor fixed effects model can solve the endogeneity problem. Moreover, simultan-
eity can also cause endogeneity in this setting. The extant research typically lags independent variables by one period,
which is said to mitigate the problem. However, this method does not consider that firms’ past innovation perform-
ance is likely to affect which firms engage in international R&D. Therefore, the methods employed in previous stud-
ies can suffer from endogeneity problems, and the results cannot be considered causal.

3. Data and main variables

3.1 Using patent data to determine the R&D locations

Patent data have been used in numerous firm- and country-level studies to examine the reasons for and effects of
R&D internationalization, and the present study follows the same approach. Patent application data are obtained
from the European Patent Office (EPO) PATSTAT database (2013). The data are aggregated at corporate group level
under the assumption that the parent firm is the ultimate owner of its subsidiaries’ patents. The Organization for
Economic Co-operation and Development (OECD) HAN database (2013) and manual matching and firm ownership
information from Bureau van Dijk’s Orbis database are used to match subsidiary patents to parent firms.

Patent data are useful in studying R&D internationalization and innovation performance, as patent information
is available for a long period and across nearly all countries. Technology classifications added by independent patent
examiners also provide information on the technological field of inventions. Moreover, a patent application can be
assigned to a country based on the address of patent’s inventor. The addresses of inventors provide an accurate pic-
ture of where a firm’s inventions are developed, and thus, we use this information to track the locations of corporate
R&D activities.” If all inventors listed on a firm’s patent applications in a given year are located in a single country,
we conclude that the firm only engages in domestic R&D activities. If the firm’s inventors reside in several countries

2 The inventor address can be misleading if, e.g., the inventor recently moved to another country. Nevertheless, according
to Bergek and Bruzelius (2010), inventor information provides a fairly reliable picture of the location of R&D activities.
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or in one country that changes from year to year, we conclude that the firm has internationally distributed R&D
activities.

The treatment variable in our empirical models is the start of international R&D activities. This is a dummy vari-
able that takes the value 1 if a firm begins to engage in international R&D in a given year and 0 otherwise. When we
construct this variable, we require that the firm has not conducted international R&D during the preceding 2 years,
and that it continues international R&D activities in the next 2 years after the start. Thus, to reliably measure the be-
ginning of international R&D activities, we want to measure the geographic scope of firm’s past innovation activities
during the sample period and 5 years before it. Only firms that have applied for at least 10 patents during that time
period are included in the sample. Patents that are co-applied by several firms are excluded in the determination of
R&D locations because we wish to track the locations of firms’ in-house R&D activities; however, in other patent-
based innovation variables, these patents are included using fractional counting, i.e., a patent is assumed to be uni-
formly distributed among co-applicants.

To avoid home country bias in the patent data, the worldwide priority patent filings of each firm are counted. By
using priority filings from every national patent office, we cover more inventions than by using EPO or Patent
Cooperation Treaty (PCT) patent counts (de Rassenfosse ef al., 2013). A problem with this approach is that the
PATSTAT database has missing inventor information for many national patent offices. The missing inventor country
information can, nevertheless, be retrieved by following the steps suggested by de Rassenfosse et al. (2013), which re-
cover the missing information with 97% accuracy.

3.2 Innovation performance variables

Firm innovation performance is analyzed using several variables that capture different aspects of innovation activity.
The variables are following: number of patent applications as a measure of innovative output, number of citations as
a measure of quality-weighted innovative output, number of citations per patent as a measure of the average quality
of innovations, technological diversity index as a measure of the technological diversity of innovations, and techno-
logical diversity of citing patents as a measure of the breadth of technological impact. Next, we describe how these
variables are constructed.

First, the innovation output measure is log (Patents;, + 1). Patents;, refers to the number of worldwide priority pa-
tent applications filed by firm i in a given year ¢.% Different measures of patent output are used as a robustness check.

After the patent application is published, the application may be referenced by other patent applications when
subsequent inventions are based on or related to the earlier invention. The number of citations a patent receives is
associated with several aspects of patent quality, such as the economic and social value of the patent, firm’s market
value, and patent renewal rate (Hall ez al., 2005; Harhoff et al., 2003; Trajtenberg, 1990). The value distribution of
patents is highly skewed, and hence, prior research has often used patent citations to better capture the economic
value of firms’ patents (Harhoff et al., 1999; Trajtenberg, 1990). Thus, our second innovation performance measure,
the quality weighted innovation output, is log (Citations;; + 1). Citations;; refers to the number of citations that a
firm’s patent applications filed in year ¢ receive during our observation period. Third, the average quality of firm’s in-
novations is measured using the following ratio: Citations;, / Patents;;. Again, we test the robustness of our results by
using different citation measures.

We count the citations that a patent receives directly and as non-priority applications (i.e., subsequent applica-
tions that are filed in a different patent office and cover the same invention). The citation information in the
PATSTAT database is imperfect for many national patent offices. Thus, we consider citations made in EPO, US, and
PCT patents, which are reliably covered in PATSTAT. A patent can receive citations over decades, which we do not
have time to observe. This means that some of patents in our sample have a longer period over which to receive cit-
ations than do other patents. To avoid this bias, the empirical approach compares citations to patents that are
applied in the same year; and therefore, the truncated citation period treats all compared patents equally.

Fourth, we measure the technological diversity of innovation activities. If international R&D is used to source
new technologies, firm’s technological diversity may increase. Moreover, diversity can improve firm performance
(Miller, 2006). Technological diversity is measured using patent technology codes (IPC) at the three-digit level. Using
IPC classes, the technological diversity of firm’s innovations is calculated as 1 — the Herfindahl index. Using this

3 We add one to the number of patent applications to retain firms with zero patents in our sample.
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index in a patent context is suggested by Trajtenberg et al. (1997). However, Hall (2002) notes that the index is
biased in the case of few patents, and an adjusted index should be employed. Thus, the bias-adjusted technological di-
versity index is written as follows:

N\ 2 N
Adj. technological diversity index = (1 - (—) ) (—), (1)
zk: N N-1

where N is the number of IPC codes in a firm’s patent applications, and Ny, is the number of patent applications as-
signed to technology class k. The index takes values between 0 and 1, where high values indicate a high degree of
technological diversity. If several IPC codes are assigned to a patent, we assume that an identical fraction of the pa-
tent is assigned to each class. Missing values (i.e., observations with no patent applications or single technology class)
are replaced by zeros.

Finally, we measure the breadth of technological impact, i.e., the diversity of citations received. The number of
citations describes the quality of a patent and the magnitude of its impact on later inventions. The technological di-
versity of citations describes patent’s generality or breadth of impact (Henderson et al., 1998; Argyres and Silverman,
2004). If the citations come from few technological fields, the invention is likely to be incremental, whereas citations
from many different fields indicate an invention with wide applicability. Using the IPC technology codes of each cit-
ing patent, the breadth of impact is calculated using the above-described Herfindahl index. Now, N, is the number
of forward citations from patents assigned to class k, and N is the number of IPC codes in citations. Missing values
are again replaced by zeros.

Using patents to measure innovation activities is subject to some well-known limitations. Patents only protect
technological inventions, and hence, many other inventions are excluded. Furthermore, many firms choose to use
trade secrecy or lead-time and do not patent their inventions. Thus, the propensity to patent varies considerably
across industries. Moreover, patents can only be used to measure and analyze new-to-market inventions. The advan-
tages and disadvantages of patent data for our purposes have been discussed in detail, e.g., in Patel and Pavitt (1991)
and Le Bas and Sierra (2002).

3.3 Control variables
We use several firm-level control variables that are based on firm balance sheet data. These data are obtained from
Bureau van Dijk’s Orbis database. We expect that, in addition to the innovation variables, the decision to engage in
international R&D activities is affected by similar firm characteristics as the decision to enter export markets. Thus,
we refer to the literature on export market participation to select the control variables (Wagner, 2007, 2012). Firm
turnover is used to control for firm size, and the growth of turnover is used to control for growth performance. We
also control for R&D intensity by including the ratio of R&D investment to turnover. Missing R&D expenditure fig-
ures are replaced by zeros, and a dummy variable is created to indicate these observations. The control variables also
include dummy variables for years, industries, and countries. Industry classification uses NACE codes at the two-
digit level. In categories with few firms, the one-digit codes are used instead.

We include one further important control variable for previous long-run innovativeness of firm. Past patent stock
is counted using the number of patent applications as follows:

Patentstock;, = (1 — 0) x Patentstock;, | + Patents,,, (2)

where the depreciation rate d is set to 15% following the prior literature (e.g., Hall et al., 2005). The patent stock in-
cludes patents since 1995.

4. Descriptive statistics

Our sample covers over 850 medium-sized and large firms in 23 European countries during the period 2003-2009.
The sample includes all independent or stock-listed firms that have consolidated balance sheet data available in the
Orbis database, have a turnover of over 10 million Euros, and have applied for at least 10 patents. This means that
our sample is restricted to relatively large firms, and the results may not directly apply to small firms. Table 1 pre-
sents selected descriptive statistics for the sample firms. The financial variables have been deflated to year 2005 real
prices using a gross domestic product deflator. On average, our sample firms have annual sales of 6500 million
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Table 1. Descriptive statistics

Variable Mean Median SD

International R&D status 0.572 1 0.495
Patents per year 52.936 7 202.846
Patent stock 260.767 32.790 1024.546
Citations 98.947 N 491.567
Citations/Patents 1.417 0.621 2.438
Technological diversity 0.570 0.681 0.342
Breadth of impact 0.526 0.644 0.350
Turnover 6515.671 824.760 18663.320
Growth of turnover 0.052 0.026 0.187
R&D intensity 0.048 0.013 0.143
R&D missing 0.294 0 0.456
Firm age 59.037 39 57.395

Notes: A total of 3598 observations. Financial variables deflated to year 2005 prices and are expressed in millions of Euros.

Table 2. Descriptive statistics by international R&D status

Domestic firms Starters Firms with international R&D
Variable Mean SD Mean SD Mean SD
Patents per year 4.845 5.899 12.120 19.787 100.000 281.213
Patent stock 22.854 24.391 50.104 75.310 496.663 1421.613
Citations 4.230 12.025 14.648 28.713 193.012 687.904
Citations/Patents 0.826 1.906 1.466 2.784 1.803 2.551
Technological diversity 0.416 0.391 0.590 0.323 0.669 0.268
Breadth of impact 0.372 0.384 0.515 0.334 0.634 0.285
Turnover 2104.17 7672.94 3831.37 10449.82 10462 24457.64
Growth of turnover 0.045 0.214 0.070 0.205 0.051 0.158
R&D intensity 0.058 0.212 0.027 0.046 0.048 0.101
R&D missing 0.484 0.500 0.305 0.461 0.160 0.367
Firm age 43.935 41.274 73.545 57.471 64.250 64.205
Number of firms 419 121 409
Number of observations 1207 620 1771

Notes: Financial variables deflated to year 2005 prices and are expressed in millions of Euros.

Euros, and R&D expenditures represent approximately 4.8% of turnover, while the medians are much lower. The
mean number of patent applications that firms file each year is 53, while the median is lower, at 7 patents. On aver-
age, each patent receives 1.4 citations during the observation period.

The sample firms can be divided by their R&D internationalization status as follows: domestic firms, firms that
begin international R&D activities, and firms that engage in international R&D throughout the observation period.
Table 2 represents the main characteristics of the different groups. The table indicates that firms conducting a share
of their R&D abroad are larger, more R&D intensive, file more patent applications, and receive more citations per
patent than firms with domestic R&D activities. International firms also have a higher degree of technological diver-
sity, and their innovations have a greater breadth of impact than those of domestic firms. The firms that begin to
internationalize their R&D have intermediate characteristics and are, in general, more similar to domestic firms than
to larger firms with uninterrupted international R&D. Thus, the table suggests that R&D internationalization is
associated with higher quantity and quality of innovations. These characteristics are in line with abundant evidence
that exporting firms are, on average, larger, more productive, and more innovative than are non-exporting firms
(Wagner, 2007, 2012). In the R&D literature, the results of, e.g., Lahiri (2010) and Penner-Hahn and Shaver (2005)
also point to the same conclusion.
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However, Table 2 is uninformative of whether international R&D improves innovation performance or whether
observed differences are due to self-selection. As discussed in the literature review, we can expect both effects to be
significant. In the next section, we separate the selection effects and analyze how the start of international R&D
activities affects innovation performance. Firms that conduct international R&D throughout the observation period
are excluded in the following analysis.

5. Estimation and results

To control for the self-selection process and discover the causal effect of international R&D activities on the innov-
ation performance of European firms, we use propensity score matching with DID estimation. This methodology
estimates the causal effect by matching the firms that begin international R&D activities to similar firms that en-
gage only in domestic R&D activities. Matching on propensity scores allows us to control for the endogenous self-
selection into international R&D, and DID estimation and matching within years remove time-invariant firm-specific
differences and common shocks. The treatment variable in our model is the start of international R&D activities.

Let us denote time periods such that a firm begins overseas R&D in period ¢ Following Heckman et al. (1997),
the average effect of starting overseas R&D on innovation performance at time period ¢+ s is defined as follows:

E{yle - y2z+s|starti, =1} = E{ylﬁs\starti, =1} - E{y2z+s|start,-t =1} (3)

In the equation above, y denotes the performance variable of interest, and the superscripts denote international R&D
status. The difficulty with this expression is that the last term of the above equation is not observable. This term is
the performance that a treated firm would have had, had it not started international R&D. To capture this term,
each treated firm is matched to one or more similar firms that do not receive the treatment using propensity score
matching (Rosenbaum and Rubin, 1983).

The first step of propensity score matching is to estimate a probit model that captures how beginning to engage in
R&D internationalization depends on observable pretreatment characteristics of the firm.* The dependent variable
takes the value 1 when a firm begins international R&D and 0 otherwise. The explanatory variables are either lagged
by one period or constant over time. The probability model explaining the decision to internationalize R&D is repre-
sented as follows:

Pr (starty = 1) = O(y; -1, Xis-1), (4)

where @(.) is the normal cumulative distribution function, y;, ; denotes the lagged innovation performance meas-
ure, and X, , _ ; denotes all other lagged explanatory variables.® Because the innovation performance of firms is meas-
ured using several outcome variables, the probit model is estimated separately for each variable. Not including the
respective lagged outcome variable in the propensity score estimation could lead to insufficient covariate balance in
the matched sample, and the remaining self-selection could bias the results. Moreover, the coefficients of the lagged
outcome variables provide evidence of underlying self-selection process. All the propensity score estimations control
for the scale and scope of firm’s past innovation activities by including the following variables: number of patent ap-
plications in the previous year, past patent stock, and past technological diversity index. Two of these variables are
also outcome variables, and hence, we estimate four different probit models. Further explanatory variables are
included as discussed in Section 3.3.

The number of observations in the probit estimations is smaller than in Table 2, because observations after the
start of international R&D as well as all firms with continuous international R&D are excluded from the estima-
tions. The results of the probit models presented in Table 3 show that firms that are older, have higher growth, and
have applied for more patents in the past are more likely to start international R&D activities. Moreover, higher past
innovation quality increases the probability of engaging in international R&D (column 3). In other words, there is
positive self-selection, and firms with superior innovation performance in the past are more likely to engage in inter-
national R&D. This result indicates that at least a part of the difference between the groups reported in Table 2 is

4 Logit estimation yields very similar results as well.
5 We also estimated probit models in which 2- and 3-year lags of innovation performance were included. This had only
minor effects on our results.
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Table 3. The results of propensity score estimation. Firm'’s probability to start international R&D

1. 2. 3. 4.
Constant —2.819*** —2.767%%* —2.856*** —2.831%**
(0.390) (0.391) (0.392) (0.389)
log(Patents+1) —0.004 —0.085 -0.019 0.057
(0.107) (0.119) (0.107) (0.111)
log(Patent stock) 0.204** 0.214%* 0.225%* 0.196%*
(0.100) (0.100) (0.100) (0.100)
Technological diversity 0.133 0.131 0.133 0.198
(0.154) (0.155) (0.155) (0.157)
log(Citations+1) 0.086
(0.054)
Citations/Patents 0.039%*
(0.019)
Breadth of impact —0.347%*
(0.165)
log(Turnover) 0.066 0.061 0.063 0.069
(0.042) (0.042) (0.042) (0.042)
Growth of turnover 0.525%* 0.518** 0.533** 0.542%*
(0.257) (0.258) (0.257) (0.258)
Growth missing 0.090 0.089 0.094 0.094
(0.220) (0.221) (0.221) (0.220)
R&D intensity —0.654 —0.695 —0.674 —0.627
(0.795) (0.819) (0.806) (0.798)
R&D not reported —0.234* —0.224* —0.222% -0.239*
(0.133) (0.133) (0.133) (0.133)
log(Firm age) 0.133** 0.134%** 0.133** 0.132%*
(0.055) (0.055) (0.055) (0.055)
Pseudo R squared 0.138 0.141 0.142 0.144
Obs 1496 1496 1496 1496

Notes: All explaining variables are lagged by 1 year. All estimations include country, industry, and year dummies.
*Significant at 10% level, ** significant at 5% level, and *** significant at 1% level.

due to self-selection. However, with respect to breadth of impact (column 4), we find evidence of negative self-selec-
tion, indicating that R&D activities that are general and relevant to a broad range of technologies are more likely to
remain centralized.

Next, each treated firm is matched with similar untreated firms using the propensity scores. The matching is con-
ducted within years and restricted to the area of common support. We apply several different matching estimators:
radius matching, one-to-one nearest neighbor matching and kernel matching. There are over 12 times more control
observations in our sample than there are treated observations. This ensures that there are many good matches avail-
able for most of the treated observations. However, a few observations with very high propensity scores may be
poorly matched, although a common support restriction is applied. Therefore, our preferred model is radius match-
ing, which can use many comparison observations while avoiding bad matches. The other matching estimators are
discussed in the robustness analysis. Radius matching requires setting a radius size (i.e., the allowed distance between
treated and control observations). We use a radius of 0.01 in our preferred model and discuss alternative radii in the
robustness analysis.

To verify that the estimated propensity scores balance the covariates in our model, we calculate standardized bias
in the covariates between the treated and matched control firms. The covariate means in treated and matched control
group are reported in Appendix. Unfortunately, no clear guidelines exist on what level of remaining bias is accept-
able. However, following Rosenbaum and Rubin (1985), the remaining bias should be smaller than 20%. Overall,
radius matching significantly reduces bias for most variables. The remaining mean bias after radius matching varies
slightly across the different propensity scores; however, it is always between 3.1% and 3.7%. Furthermore, the
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Table 4. The results of DID estimation. Radius matching, r=0.01

ATT SE Obs
Log(Patents+1)
t 0.557*** (0.086) 1480
t+1 0.556%* (0.122) 1480
t+2 0.560" (0.128) 1480
Log(Citations+1)
t 0.540%** (0.143) 1434
t+1 0.421%%* (0.138) 1406
t+2 0.379** (0.150) 1397
Citations/Patents
t —0.034 (0.367) 1216
t+1 0.051 (0.360) 1060
t+2 0.097 (0.384) 1021
Technological diversity
t 0.145%** (0.049) 1480
t+1 0.063 (0.052) 1480
t+2 0.079 (0.052) 1480
Breadth of impact
t 0.093 (0.057) 1481
t+1 0.145** (0.060) 1481
t+2 0.031 (0.055) 1481

Notes: Bootstrapped standard errors with 200 repetitions.
*Significant at 10% level, ** significant at 5% level, and *** significant at 1% level.

largest remaining biases for individual variables are always below 20%. Comparing the pseudo-R? values of the pro-
pensity score estimation before and after matching reveals a decline in explanatory power from approximately 0.10
to 0.025. These results indicate that propensity score matching balances the observable covariates between treated
and control firms and the balancing property is satisfied.®

Next, the innovation performance of the treated and matched control group is compared using the DID method-
ology which, in combination with matching, improves the quality of nonexperimental evaluation studies (Blundell
and Costa Dias, 20005 Smith and Todd, 2005). This estimator uses the change in the outcome variable relative to the
pretreatment value and estimates the difference in the changes between the treated and non-treated groups. The treat-
ment effect is estimated for the year of the treatment (¢), year after (¢+ 1), and 2 years after the treatment (¢ + 2). The
results of the radius matching are reported in the table below. The table also reports bootstrapped standard errors
and the number of observations in the area of common support. Only few observations with very high propensity
scores fall outside the area of common support.

Table 4 presents the average treatment effects on treated (ATT). The results indicate that after controlling for self-
selection, beginning R&D internationalization increases innovative output whether measured by the number of pa-
tents or the number of citations. The ATT on the number of patents and citations is approximately 0.55 in the first
year, but the effect decreases somewhat over time with respect to the citations outcome. This implies an over 50% in-
crease in the number of patent applications per year, which seems very large effect indeed. However, note that the
median of patent applications in the year before start is only 3, and thus, the implied increase is only two patents per
year. The median of citations is 2, and thus, the ATT implies increase of one or two citations.

Moreover, the ATTs reveal that the number of citations per patent does not change significantly, although the
ATTs are positive in period ¢+ 1 and ¢+ 2. This finding indicates that the difference in the citations-patent ratio that

6 The covariate balance was also tested using alternative matching methods. Kernel matching and larger radius (r =
0.05) produced approximately similar balance; however, nearest neighbor matching and smaller radius (r=0.005) per-
formed worse.
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we observe in the descriptive statistics in Table 2 is entirely due to self-selection and that beginning overseas R&D
activities does not improve the average quality of innovations, at least not within 3 years. This result is in contrast to
some earlier studies that do not control for self-selection (e.g., Chen et al., 2012). However, the firms that engage in
international R&D throughout the observation period have even higher average quality of innovations than
beginning firms. Therefore, we cannot entirely exclude the possibility that innovation quality would improve after
the 3-year period that we analyze.

The technological diversity of patents and the breadth of impact also increase after beginning overseas R&D.
Thus, international knowledge sourcing helps firms to diversify their innovation activities to new fields of technol-
ogy; and moreover, their inventions have wider applicability. The increase in the indexes varies between 0.031 and
0.145, and the estimated effects are not statistically significant for every lag. Regarding the technological diversity
index, the positive effect is the strongest during the first year, whereas for breadth of impact, it is strongest in the se-
cond year. The ATT estimates for these variables are always positive, which differs from the results of Argyres and
Silverman (2004) that centralized R&D activities lead to greater breadth of impact. The difference is again explained
by self-selection because we found evidence of significant negative self-selection with respect to the breadth of impact
variable.

Because the skewness of outcome variables and thus the validity of t-tests is a possible concern, we use Wilcoxon
signed-ranks test as an additional check. This does not change the results with respect to number of patents, citations,
technological diversity, or breadth of impact. However, with respect to the citations-patent ratio, the test indicates a
positive and significant effect in period ¢+ 1 and ¢+ 2. Thus, there is some indication of improvement in innovation
quality as also implied by the ATT estimates. However, the standard errors of ATT estimates are high, and thus the
estimates with respect to innovation quality do not enable precise prediction.

Overall, the ATT estimates indicate that the quantity and diversity of firm’s innovations increase when the firm
engages in international R&D, but the improvement in quality is not statistically significant. Thus, we not only find
positive self-selection but also observe a positive effect after start. The effect with respect to the number of patents
and citations is highly significant, whereas the results on technological diversity and breadth of impact are not as
strong. The change in innovation performance occurs during the first year of internationalization, and the difference
compared to domestically operating firms persists in the later years. As observed in Table 2, firms with a long history
of international R&D have clearly superior innovation performance than do firms just beginning to engage in inter-
national R&D activities. However, we did not find statistically significant improvement in innovation performance
over time. Nevertheless, it is possible that the 3-year period we analyze is too short to capture long-run learning and
changes. Firms with long international R&D experience might also be quite different from beginning firms in many
other ways, which could explain our findings.

The descriptive statistics in Table 2 show that firms beginning international R&D have over two and half times
more patents and patent citations than firms with only domestic R&D. They have almost twice as many citations per
patent and are more technologically diversified. If we compare them to the firms that conduct international R&D
during the whole sample period, the differences are greater still. To obtain a better grasp of the magnitudes of the se-
lection effect and ATT, we can compare the ATTs to unmatched differences between the treated and control firms in
observations within common support. The unmatched differences and mean-comparison test results are reported in
Table 5. Compared to the unmatched differences, the ATT estimates are approximately 35% lower for the patent
and citation variables and up to 65% lower for the technological diversity and breadth of impact variables. The un-
matched differences also show a statistically significant difference in citations per patent. The differences with the
ATT estimates are significant, and thus, the selection effect forms roughly one-half of the difference in innovation di-
versity and a somewhat smaller portion of the difference in innovation output outcomes.

6. Robustness analysis

6.1 Firms that increase their R&D spending

The key assumption in estimating the causal effect in the model above is that the differences between treated and
non-treated firms are captured by observable characteristics. We calculate the propensity score using several ob-
servable firm characteristics, including past innovation performance, and we also use the DID approach and
matching within years. Nevertheless, a change in innovation performance could be driven by unobservable shocks
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Table 5. The unmatched difference in outcomes between treated and control groups

Unmatched difference SE Obs
Log(Patents+1)
t 0.897%** 0.083 1480
t+1 0.871%** 0.094 1480
t+2 0.890%** 0.102 1480
Log(Citations+1)
t 0.784%** 0.132 1434
t+1 0.660%** 0.124 1406
t+2 0.526*** 0.115 1397
Citations/Patents
t 0.035 0.122 1216
t+1 0.127* 0.092 1060
t+2 0.186** 0.109 1021
Technological diversity
t 0.263%** 0.027 1480
t+1 0.168* 0.034 1480
t+2 0.201%*** 0.033 1480
Breadth of impact
t 0.14 0.036 1481
t+1 0.235%** 0.037 1481
t+2 0.090** 0.036 1481

Notes: *Significant at 10% level, **significant at 5% level, and ** *significant at 1% level.

that are correlated with the start of R&D internationalization. For example, it seems possible that beginning inter-
national R&D activities is related to a general expansion of R&D activities. Therefore, a potentially more accurate
control group is firms that expand their R&D activities domestically. Unfortunately, due to the patchy availability
of inventor addresses, the R&D locations within countries cannot be reliably tracked. To assess this concern in an-
other manner, we limit our sample to firms that increase their R&D spending in real terms, which we take as an in-
dication of expanding R&D activities.” Within this limited sample, we again estimate the treatment effect of R&D
internationalization and also use the increase in R&D investments to compute the propensity scores.® Thus, we
now match firms that increase their R&D investments and begin international R&D with firms with similar
growth in their R&D investments but who keep their R&D activities domestic. This limits our sample consider-
ably because many firms do not report their R&D investments, and only approximately one-half of the firms re-
port increases.

The results of these estimations are presented in Table 6. We used radius matching with both 0.05 and 0.01 radii,
where the larger radius is our preferred choice because the significantly smaller sample reduces the number of pos-
sible matches and leads to significantly higher standard errors. Therefore, the estimates with r=0.01 are mostly stat-
istically insignificant, although the point estimates are similar to our original estimates in Table 4. Overall, the ATT
estimates with respect to patents, citations, and citations per patent are similar, albeit somewhat weaker than in our
baseline model. The ATT estimates (with »=0.05) for the number of patents and citations in period ¢ are approx.
0.51 and lower for the following periods. The standard errors are clearly higher, which leads to weaker statistical sig-
nificance. With respect to technological diversity and breadth of impact, the ATTs are similar and even slightly higher
than in our baseline model. Therefore, we are confident that our main results are not driven by unobservable firm-
specific shocks that induce firms to expand their R&D activities.

7 We excluded firms that more than tripled their R&D investments from year to year. These outliers weakened the estima-
tion of propensity scores and led to weaker balancing of covariates after matching.
8 Probit results are available upon request.
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Table 6. The results of DID estimation. Radius matching, r=0.05 and r=0.01. Sample restricted to firms that increase their
R&D expenditures

Radius 0.05 Radius 0.01

ATT SE Obs ATT SE Obs
Log(Patents + 1)
t 0.145 419 0.577%* 0.233 413
t+1 0.390* 0.218 419 0.680** 0.309 413
t+2 0.290 0.241 419 0.495 0.358 413
Log(Citations + 1)
t 0.508* 0.260 410 0.522 0.415 400
t+1 0.465* 0.270 406 0.545 0.421 396
t+2 0.166 0.275 402 0.120 0.448 392
Citations/Patents
t —-0.097 0.560 366 —0.401 0.875 354
t+1 0.128 0.552 336 0.167 0.878 324
t+2 0.160 0.565 319 0.166 0.946 307
Technological diversity
t 0.199** 0.099 419 0.155 0.168 413
t+1 0.044 0.108 419 0.045 0.172 413
t+2 0.051 0.100 419 0.097 0.154 413
Breadth of impact
t 0.076 0.094 419 0.096 0.176 405
t+1 0.167* 0.087 419 0.142 0.150 4058
t+2 0.052 0.099 419 0.097 0.148 405

Notes: Bootstrapped standard errors with 200 repetitions.
*Significant at 10% level, ** significant at 5% level, and *** significant at 1% level.

6.2 Sensitivity to selection on unobservables

As discussed above, our results are robust to controlling for the expansion of R&D activities, which is one way to
test selection on unobservables. Nevertheless, there may exist other unobservables that induce firms to engage in
international R&D and improve innovation performance. The presence of such unobservables cannot be directly
tested. However, we can test how large the impact of such unobservables would have to be in determining selection
to invalidate our main results. Rosenbaum (2002) and DiPrete and Gangl (2004) discuss a method to identify the
bounds for the ATT estimates in the presence of unobservables.

According to Rosenbaum (2002), two matched observations with the same observable characteristics should have
an identical probability of receiving treatment, i.e., the odds ratio (I') should equal 1. For example, if ' =2, then
matched firms with the same observable characteristics are actually two times more likely to receive treatment due to
unobservables. At each hypothetical value of T, the P-values of Wilcoxon signed rank test can be calculated, and
assuming additive treatment effects, the Hodges-Lehmann point estimates can also be counted. We then calculate
how large T, i.e., the magnitude of unobserved heterogeneity, is needed to make the ATT estimates statistically insig-
nificant at the 10% level. These critical levels of T are reported in Table 7 for estimates that were statistically signifi-
cant in Tables 4 and 6. It should be noted that these present the worst-case scenarios assuming an unobservable that
has a strong effect on both treatment assignment and outcome. If an unobservable has a strong effect on the assign-
ment but only a weak effect on the outcome, the ATT would remain statistically significant even at the reported levels
of . The critical values do not tell us whether unobservables exist; they only measure how sensitive our estimates are
to potential unobservables.

Table 7 shows that the robustness to unobservables varies across outcome variables. With respect to the number of
patents, the critical I's are high, which indicates that the results are robust with respect to unobservable heterogeneity.
With respect to citations, technological diversity, and breadth of impact outcomes, the critical values in Wilcoxon test
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Table 7. Rosenbaum bounds. Critical I" with cutoff P=0.10

Baseline model Firms that increase R&D investments

Wilcoxon sign rank Hodges-Lehmann Obs Wilcoxon sign rank Hodges-Lehmann Obs
Log(Patents + 1)
t 5.18 4.57 1480 3.00 2.54 419
t+1 3.19 2.87 1480 1.53 1.34 419
t+2 3.52 3.16 1480 - - 419
Log(Citations + 1)
t 2.08 1.90 1434 2.18 1.88 410
t+1 1.61 1.48 1406 2.12 1.83 406
t+2 1.49 1.37 1397 - - 402
Technological diversity
t 1.50 1.37 1480 1.56 1.36 419
t+1 - - - -
t+2 - - - -
Breadth of impact
t — — — —
t+1 1.81 1.66 1481 1.41 1.21 419

t+2 - - - -

range from 1.49 to 2.08 in the baseline model, which are also relatively good values. This means that the results remain
statistically significant even if an unobservable covariate causes the odds ratio of treatment assignment to differ by 50%
between treated and control firms. However, in the smaller sample of firms that increase R&D investment, the I's are
lower for several outcome variables. Overall, the innovation quantity outcomes appear less sensitive to unobservable
heterogeneity than innovation diversity, which again supports the main finding that the start of international R&D ap-
pears to have a stronger effect on innovative output and a weaker effect on innovation diversity.

6.3 Alternative specifications

In our baseline estimation, the treatment effect of R&D internationalization is estimated using radius matching.
Next, we assess whether these results are sensitive to the choice of matching estimator. The choice of matching algo-
rithm can be important, and there is typically a trade-off between bias and variance (Caliendo and Kopeinig, 2008).
First, we estimate the baseline model using different radii: 0.05 and 0.005. Selecting a larger versus a smaller radius
involves a similar trade-off between bias and variance as in the choice of matching estimators. Next, kernel matching
and one-to-one nearest neighbor matching are considered as alternative matching estimators. If all matching
approaches produce similar results, we can be fairly satisfied with our estimation approach.

Matching is conducted within years using the propensity scores estimated in Section 5. In the kernel matching
model, we use an Epanechnikov kernel with a bandwidth of 0.06. The results of these alternative estimators are pre-
sented in the Appendix.” Summarizing these findings, we note that changing the matching estimator or radius has lit-
tle effect on the estimated treatment effects. The most notable difference is that the results with respect to
technological diversity and breadth of impact appear stronger when either kernel matching or a larger radius is used.

Next, we test different specifications of our innovation performance variables. In the baseline model, the loga-
rithm of the number of patents or citations plus one is used due to frequent zero observations in the data. However,
this choice may have an impact on the results. Next, we define the patent and citation variables as simply the

9 Huber et al. (2013) suggest that propensity score matching could be improved by using Mahalanobis matching and
matching also on covariates that are good predictors of outcome. In our context, such covariates are, e.g., past innov-
ation performance or increase in firm's R&D expenditure. The treatment effects were estimated using this approach;
however, this did not materially change the results.
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Table 8. The results of DID estimation with alternative innovation performance measures. Radius matching, r=0.01

ATT SE Obs
Log(Patents)
t 0.556* 0.101 1211
t+1 0.476%** 0.121 1190
t+2 0.508%** 0.136 1151
Log(Citations)
t 0.373 0.335 401
t+1 0.839%* 0.363 341
t+2 —0.008 0.380 275
Log(Corrected Citations)
t 0.716* 0.140 1431
t+1 0.699%** 0.169 1428
t+2 0.787%*** 0.181 1422
Corrected Citations/Patents
t —0.070 0.394 1212
t+1 0.143 0.406 1191
t+2 0.194 0.455 1153

Notes: Bootstrapped standard errors with 200 repetitions.
*Significant at 10% level, ** significant at 5% level, and *** significant at 1% level.

logarithm of number of patents and the logarithm of citations received. This specification leads to a lower number of
observations, especially for citations. The results are presented in Table 8. The results with respect to patent outcome
are hardly affected by the specification change, but for the citation variable, the standard errors are now clearly
larger. The estimates also vary considerably; however, the point estimates for the first 2 years are similar to our base-
line results. The estimate for 2 years after the start of internationalization is close to zero. The number of observa-
tions is nevertheless quite low, which makes inference somewhat problematic.

Another computation of the citation counts is also tested. Patents may receive citations over a long time period,
which we only partially observe. The truncation of the citation period may affect patents in different technological
fields differently. In some fields, knowledge diffusion may be slower and citations may take longer to arrive than in
others. To test whether truncation affects our results, we correct for the truncation using the method suggested by
Hall et al. (2000) and applied in Hall et al. (2007). We allow for different knowledge diffusion processes in eight
technological fields'® and calculate the expected citation lag distribution for each field. Then, we estimate the ex-
pected number of citations in 10 years, given the citations observed thus far. The results for the truncation-corrected
citation figures are reported in Table 8. Correcting for the truncated citation period leads to higher treatment effect
estimates. The results now indicate that beginning international R&D activities increases the number of citations by
over 70%. Regardless, after the truncation correction, the average quality of innovations, i.e., number of citations
per patent, does not exhibit significant changes. Thus, the main implications remain unchanged although the trun-
cated citation period may produce a slight downward bias in the ATTs.

6.4 Limitations of the study

In this study, we have not attempted to explore whether the gains from R&D internationalization depend on firm
characteristics. However, previous studies suggests that the benefits and costs of internationally distributed R&D
activities may depend on a firm’s capability to integrate new knowledge and other firm characteristics (Singh, 2008;
Lahiri, 2010). We also realize that the motivations of firms to engage in international R&D are likely to vary, and
these differences may affect how and which firms benefit from international operations (Arvanitis and Hollenstein,
2011). Thus, there can be treatment effect heterogeneity that would be worth studying in further research.

10 The one-digit IPC classes are following: human necessities, performing operations and transporting, chemistry and me-
tallurgy, textiles and paper, fixed constructions, mechanical engineering, physics, and electricity.
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Furthermore, innovation performance is only analyzed at the firm level, and possible differences between overseas
R&D units are not considered. This question provides interesting and relevant avenues for further research as well.

The key data used in this study are patent data, which only capture new-to-market inventions. Therefore, we
are unable to measure the part of R&D internationalization that is conducted to absorb existing knowledge and
create imitative innovations that are only new to an individual firm. This type of knowledge sourcing is undoubt-
edly important to the innovation strategies of many firms; however, it must be addressed with different types of
data.

7. Conclusions

Despite the importance of international knowledge sourcing to the innovation strategies of firms, studies on the in-
novation performance effects of R&D internationalization have been scarce and provided mixed results. They also
raise the question of whether the observed relationship between international R&D and innovation performance is
due to self-selection into international R&D or to improvements in firms’ knowledge sourcing. This question is the
main interest of the present study. To provide an answer, this study has analyzed the internationalization of corpor-
ate R&D activities among European firms by applying matching and DID methods. Through this analysis, this study
has provided novel evidence regarding the self-selection and causal effect of R&D internationalization on the innov-
ation performance of firms.

The results indicate that more-innovative firms self-select to internationalize their R&D activities, which, in our
sample, explains 35-100% of the observed quantitative differences in innovation performance between international
and domestic firms. After we control for self-selection using matching methods, we observe that firms that begin to
internationalize their R&D activities subsequently file approximately 50% more patent applications and receive
more citations. At the median, sample firms file only a few patents per year, and thus, the implied increase is approxi-
mately two patents per year. R&D internationalization is also found to have a somewhat weaker positive effect on
the technological diversity of firms and the breadth of technological impact. This implies that international R&D
activities allow firms to diversify their innovation activities to new fields of technology. In contrast to some previous
studies, we do not find a statistically significant effect on the average quality of innovations, and in that case, the self-
selection process explains the higher average quality of innovations in international firms. The robustness of these re-
sults to selection on unobservables is assessed, and the results with respect to quantity of innovations appear strong,
whereas the results with respect to technological diversity and breath of technological impact are somewhat more
sensitive to possible unobservables. The sensitivity of the results to different matching methods and outcome variable
specifications is also tested.

Our findings indicate that empirical research must account for the self-selection of firms to reliably assess the
causal innovation performance effects of R&D internationalization. The results also have clear implications for
organizing the R&D activities of firms. The innovation performance of firms significantly benefits from international
R&D activities in terms of quantity and technological diversity. However, these benefits are not necessarily as large
as initially envisaged due to the self-selection process. Moreover, our findings suggest that firms cannot expect im-
provements in innovation quality during the first years of R&D internationalization; however, firms with long histor-
ies of international R&D activities have significantly higher innovation quality, which may imply qualitative
improvements later on. Unfortunately, the time frame of the present study does not allow us to analyze potential
long run effects.

Moreover, our results relate to the body of literature on drivers of R&D internationalization. The findings indi-
cate that international R&D activities help firms to increase and diversify their innovative output; thus, the results
support the knowledge-seeking view of R&D internationalization. The results also show that firms with more innov-
ations and higher innovation quality in the past are more likely to engage in international R&D activity, which is
consistent with the capabilities-exploiting view of R&D internationalization. Therefore, both of these views offer im-
portant insights into the relationship between the internationalization of R&D and innovation performance of
European firms.

This study represents only one step in understanding the causal effects of R&D internationalization. Firm charac-
teristics and motives for engaging in R&D internationalization differ and may affect how the gains from such an ac-
tivity materialize and are divided among firms. Interesting avenues for further research include the effects on firm
productivity and imitative innovation, which cannot be studied using patent data alone.
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APPENDIX

Table A1. Balancing test. Covariate means after matching

1. 2. 3. 4.

Variable Treated Control P-value Treated Control P-value Treated Control P-value Treated Control P-value
log(Patents + 1) 1.742 1.802 0.615 1.732 1.851 0.785 1.774 1.828 0.642 1.747 1.772 0.836
log(Patent stock) 3.129  3.179  0.700 3.149 3.260 0.313 3.175 3.242 0.591 3.137 3.137 0.999
Technological diversity  0.543  0.524 0.700 0.537 0.551 0.764 0.554 0.547 0.879 0.552 0.550 0.958
log(Citations + 1) 1.300 1.351 0.785

Citations/patents 1.411 1.460 0.899

Breadth of impact 0.412  0.409 0.941
log(Turnover) 0.082 0.070 0.707 0.081 0.079 0.952 0.084 0.082 0.963 0.082 0.067 0.616
Growth of turnover 0.168 0.179 0.843 0.179 0.163 0.752 0.170 0.175 0.922 0.167 0.176 0.851
Growth missing 6.285 6.305 0.937 6315 6.363 0.836 6.333  6.268 0.778 6.345 6.328 0.946
R&D intensity 0.030 0.030 0.957 0.030 0.033 0.804 0.030 0.032 0.877 0.031 0.028 0.793
R&D not reported 0.364 0.380 0.810 0.348 0.336 0.850 0.348 0.373 0.698 0.352 0.378 0.686
log(Firm age) 3.815 3.813 0.987 3.857 3.787 0.628 3.849 3.815 0.815 3.820 3.821 0.992

Notes: Covariate balance after the four separate propensity score estimations. P-values of tests for equality of means are reported.
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Table A2. The results of DID estimation using alternative radii, kernel, and nearest neighbor matching

Radius 0.05% Radius 0.005° Kernel matching?® Nearest neighbor matching®
Log(Patents + 1) ATT SE Obs ATT SE Obs ATT SE Obs ATT SE Obs
t 0.620*** 0.071 1492 0.578*** 0.092 1469 0.616*** 0.077 1492  0.628*** 0.081 1492
t+1 0.496*** 0.093 1492 0.567*** 0.125 1469 0.499*** 0.092 1492 *0.088 1492
t+2 0.540*** 0.095 1492 0.605*** 0.136 1469 0.541*** 0.093 1492 0.093 1492
Log(Citations + 1)
t 0.486*** 0.118 1442 0.588*** 0.149 1427 0.494*** 0.112 1443 0.122 1443
t+1 0.397*** 0.123 1414 0.527*** 0.170 1399 0.397*** 0.116 1415 0.129 1415
t+2 0.316*** 0.120 1405 0.421** 0.172 1390 0.322** 0.125 1406 0.122 1406
Citations/Patents
t —0.076 0.266 1224 0.108 0.374 1204 —0.128 0.255 1224  0.530* 0.308 1224
t+1 —0.120 0.251 1067 0.072 0.325 1048 —0.110 0.231 1068  0.244 0.229 1068
t+2 —0.013 0.304 1028 0.413 0.381 1008 —0.008 0.259 1029  0.401 0.250 1029
Technological diversity
t 0.152*** 0.041 1492 0.180*** 0.060 1469 0.148*** 0.039 1492  0.124*** 0.045 1492
t+1 0.045 0.041 1492 0.086 0.063 1469 0.043 0.038 1492 -0.001 0.045 1492
t+2 0.085** 0.040 1492 0.091 0.062 1469 0.083** 0.038 1492  0.031 0.046 1492
Breadth of impact
t 0.088*  0.052 1490 0.111*  0.062 1476 0.088** 0.042 1490 0.045 1490
t+1 0.161*** 0.048 1490 0.163*** 0.058 1476 0.156*** 0.039 1490 0.044 1490
t+2 0.038 0.047 1490 0.067 0.055 1476 0.036 0.040 1490 0.043 1490

Notes: “Bootstrapped standard errors with 200 repetitions.

Subsampling standard errors with 200 draws.

*Significant at 10% level, * *significant at 5% level, and ** *significant at 1% level.
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