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< Effects of international R&D alliances on performance of high
tech startups: a longitudinal analysis>

Abstract
In this article, we use the theoretical lens of resource and competencebased perspectives
and global strategic network theories to analyze the effects of international R&D alliances
on the performance of hightech startups. In the empirical section of the article, we
consider the European Unionfunded international R&D alliances established by a large
sample of Italian hightech startups over the period from 1994 to 2003. We measure firm
performance through total factor productivity, and we resort to generalized method of
moments system estimates to detect the treatment effect of alliance formation according to
type and home country of the partners. The econometric results suggest that international
R&D alliances are most beneficial to hightech startups if (1) they involve industrial
partners located in a variety of countries and (2) these countries are closer to world
knowledge sources.

Key words: New technology-based firms; international R&D alliances; total factor productivity;
global strategic networks; proximity
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1

Introduction

It is agreed among entrepreneurship scholars that strategic alliances are critical to the success of
hightech startups, i.e., new technologybased firms (NTBFs). Previous studies have highlighted
that these arrangements allow NTBFs to fill the resource and competence gaps they suffer in the
early stages of their existence (Pisano, 1991; Eisenhardt and Schoonhoven, 1996; Gans and Stern,
2003). For this purpose, selecting suitable partners is crucial. In fact, appropriate alliance networks
may allow NTBFs to rely on a stock of resources and competencies comparable to that of their
more established competitors, and to overcome their liability of newness and smallness (Baum,
Calabrese, and Silverman, 2000; Lavie, 2006, 2007).
Several empirical studies have analyzed the relation between alliance formation and NTBF
performance. They find a positive relation, even though the effects are not uniform across alliance
types (Shan, Walker, and Kogut, 1994; Deeds and Hill, 1996; Lee, Lee, and Pennings, 2001; Baum
and Silverman, 2004; Rothaermel and Deeds, 2004). A limited number of studies have considered
the moderating role of the characteristics of the NTBFs’ alliance partners. Stuart, Hoang, and
Hybels (1999) showed that affiliation with prominent alliance partners was especially beneficial for
biotech startups. Similarly, Stuart (2000) highlighted that alliances with large and innovative
partners had a positive impact on innovation and sales growth of young and small semiconductor
firms. Baum et al. (2000) considered the network of alliances established at foundation by Canadian
biotech firms. The effects of these alliances on firms’ innovation and growth performance, although
generally positive, were found, again, to differ according to the type of partners. Alliance networks
that, given their size, were composed of more heterogeneous partners and so provided access to
more diverse information and capabilities, generally had more beneficial effects.
Recent research (e.g., Lavie and Miller, 2008) has highlighted the importance of the level of
internationalization of the firms’ alliance portfolios. In accordance with the strategic network
perspective (Gulati, 1998, 2007), alliances with foreign partners are an effective mechanism to
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access resources and competencies over and beyond those possessed by these partners—leveraging
the global network of their business links. However, the effects on NTBF performance of the
location of NTBF’s foreign partners, reflected by the position that their home countries occupy in
global networks, have so far remained unexplored.
In this article, we focus attention on the international R&D alliances of NTBFs. We combine
insights offered by resourcebased, competencebased and global strategic network theories to
investigate the performance effects of these alliances contingent on the type and home country of
alliance partners. First, we distinguish firms from research organizations, arguing that in the short
term, only the former partners contribute to improving NTBF performance. Second, we argue that
NTBF performance initially improves, and then declines, with an increase in the international
heterogeneity of the portfolio of industrial partners. Conversely, the international heterogeneity of
the portfolio of academic partners is expected to negatively affect NTBF performance. Third,
drawing on arguments recently advanced in international business literature (Andersson and
Forsgren, 2000; Forsgren, Holm, and Johanson, 2005; Nachum, Zaheer, and Gross, 2008), we claim
that the selection of suitably located industrial partners allows NTBFs to gain access to worldwide
dispersed knowledge which, without these collaborations, would be out of reach to them. Due to
this bridging role of industrial partners, R&D collaborations with firms located in countries close to
world knowledge sources are most beneficial to NTBFs.
To assess the performance effects of international R&D alliances of NTBFs, we focus on a
particular type of alliance, i.e., those that are funded by the European Union (EU) within
Framework Programs and other support schemes (EU Research Joint Ventures, EURJVs). We
analyze the effects on total factor productivity (TFP) of participation in EURJVs for a large sample
of Italian NTBFs observed over the 10year period from 1994 to 2003. Our findings indicate that
engagement in international R&D alliances boosts NTBF performance, but the extent of this
positive effect crucially depends on the type and home country of the alliance partners. Namely, the
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TFP of NTBFs increases with the international heterogeneity of the portfolio of industrial partners.
Conversely, the international heterogeneity of academic partners has a negative effect on TFP.
More interestingly, alliances with partner firms located in countries that are close to world
knowledge sources have a greater positive effect on NTBF performance.
This work is original in various respects. First, to the best of our knowledge, it is the first
largescale empirical study on the moderating effect of the international diversity of alliance
partners’ portfolios on the relationship between international alliance formation and economic
performance of hightech entrepreneurial firms. In particular, the findings highlighting the bridging
function performed by industrial partners of international alliances which connect small firms to
worldwide dispersed knowledge sources is an original addition to the extant entrepreneurship
literature. Second, the focus on EURJVs provides several advantages that prior studies do not enjoy.
As all EURJVs are oriented toward basic and applied research as well as precompetitive
technological development, there is no need to control for heterogeneity in alliances’ objectives and
activities. Moreover, being multilateral and international in scope, these alliances are heterogeneous
as to the aspects of interest in this study, notably the type and home countries of the partners.
Hence, EURJVs offer an ideal test bed to assess the effects of these factors on firm performance.
Finally, the EU’s Community Research and Development Information Service (CORDIS) database
provides very detailed, public data on the entire population of EURJVs. Therefore—unlike previous
studies on the alliances of NTBFs—we do not rely on secondary information obtained from
commercial databases or survey data, which are likely to generate sampleselection bias. In fact,
secondary and survey data generally include only those alliances in which information was
disclosed by partner firms. As information disclosure clearly is not random, these samples of
alliances are not representative of the target population.1 Third, we use TFP to measure the

1

For instance, alliances with large incumbent firms are more likely to be made public by NTBFs, as they certify the
quality of the NTBFs to uninformed third parties. If their effect on firm performance differed from that of the other
alliances, this would engender a bias in the estimate of the treatment effect of alliances. More importantly, NTBFs are
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economic performance of NTBFs. TFP is a classical indicator of firms’ overall relative efficiency
that is attracting increasing interest from entrepreneurship scholars (e.g., Acs, Morck, and Yeung,
1999; Chemmanur and Nandy, 2006; Link and Siegel, 2007; Chemmanur, Krishnan, and Nandy,
2008). However, this study is the first one to apply it in the area of international R&D alliances
established by entrepreneurial ventures. The use of TFP is particularly suitable in this context for
reasons that will be exposed throughout the text (see Dependent Variable Section later). TFP
measures the residual growth in a firm’s output not accounted for by the growth in inputs (i.e.,
labor, capital, materials), given the production technology in place in the firm’s sector of operation.
An increase in TFP may be the result of demand side effect, i.e., greater ability of the firm to
command a premium price for its products or to extend market coverage. Alternatively, an increase
in TFP may be due to supplyside effects, i.e., stemming from the use of better quality production
inputs or from their efficient use (lower quantity and/or lower price). Whatever the source, a TFP
increase documents an increase in a firm’s overall economic performance. To properly compute
TFP, we employ an increasingly popular semiparametric approach proposed by Olley and Pakes
(1996), which offers a more robust solution to omitted variables and simultaneity problems than
other approaches (see also Levinsohn and Petrin, 2003; Van Biesebroeck, 2007). Lastly, we
estimate the treatment effect of EURJVs on TFP through the generalized method of moments
(GMM) system estimator for panel data (Blundell and Bond, 1998. For analogous approaches in
similar contexts, see Girma, Görg, and Strobl, 2007; Girma et al., 2008). As our dataset is very
informative on sample NTBFs, to the usual set of instruments we are able to add additional
instruments aimed at capturing exogenous shifts of the variables of interest (for a similar approach
see, for example, Leiponen, 2005; Benfratello and Sembenelli, 2006). In so doing, we effectively

generally eager to disclose information on successful alliances, while reluctant to advertize failures. This generates an
upward bias in the estimated treatment effect. An opposite bias is also possible if alliances involving strategic projects
that are most beneficial to a firm’s destiny are kept secret so as to prevent technological leakages. In fact, it is
impossible to assess the net effect of this bias on a priori grounds (on this issue, see also Schilling, 2009).
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deal with problems possibly arising from timevarying and unvarying unobserved heterogeneity
that might lead to biased estimates of the parameters of interest.
The article is organized as follows. In the next section, we illustrate our theoretical
hypotheses on the effects of international R&D alliances on the performance of NTBFs. Then we
present the sample of NTBFs and illustrate the characteristics of the EURJVs in which they were
involved throughout the period considered. The next section is devoted to the specification of the
econometric model and the description of the dependent and independent variables. We then present
the results of the econometric estimates. The last section summarizes the main contribution and
implications of the article and indicates directions for future research.

2

Theoretical hypotheses

According to the resource and competencebased perspectives, a firm’s endowment of resources
and competencies determines its performance (Penrose, 1959; Grant, 1996). At foundation, NTBFs
are unlikely to possess all the resources and competencies necessary to compete successfully with
incumbent firms (Colombo and Piva, 2008). Alliances may help fill these gaps. NTBFs can gain
access to alliance partners’ applied technological competencies, knowledge of the relevant markets,
and complementary assets that are useful for the further development and successful
commercialization of their technological artifacts. These alliances may also act as bridging ties
(McEvily and Zaheer, 1999), allowing NTBFs to take advantage of partners’ business contacts to
establish business relations with third parties not otherwise accessible to the startup.
In this perspective, international R&D alliances, i.e., R&D alliances with partners located in
foreign countries, play an especially important role. Foreign partners are embedded in innovation
and economic systems different from that of the focal NTBF; therefore, they are more likely than
domestic partners to possess capabilities that differ from those of the NTBF and generate
synergistic gains when combined with them. This greater diversity opens up greater opportunities

Page 7 of 53

< Effects of international R&D alliances on performance of high
tech startups: a longitudinal analysis>
for interorganizational learning and access to diverse competencies compared to domestic alliances.
Thus, foreign partners can offer NTBFs unique opportunities that domestic partners are unable to
furnish (Lavie and Miller, 2008).
However, international R&D alliances also engender coordination costs that might
negatively affect NTBF performance. As NTBFs possess limited managerial resources, owner
managers have to devote a lot of their time and effort to the organization, coordination, and control
of the firm’s alliance activities to the detriment of other activities in which they are most productive
(such as R&D). If an NTBF enters a large number of alliances, coordination costs rise possibly
beyond a point where the costs of additional alliances outweigh the benefits. In other words, there
may be negative returns to high levels of alliance activity (for similar arguments, see Rothaermel
and Deeds, 2006). The rise of coordination costs is likely to be particularly rapid when the
collaborations involve foreign partners. Indeed, as less information generally is known about
foreign partners than domestic ones, the behavior of the former partners tends to be less predictable
than that of the latter. Developing interorganizational routines is also more complex.
Following these arguments, we predict a curvilinear, inverse Ushaped relation between
NTBF involvement in international R&D alliances and firm performance, with performance first
improving and then declining with an increase in the number of international R&D alliances in
which NTBFs participate. Thus, we formulate the following hypothesis:
Hypothesis 1 (H1): There is an inverse Ushaped relation between the number of international
R&D alliances in which NTBFs participate and NTBF performance.

The effects of participation in international R&D collaborations on NTBF performance also depend
on the type of alliance partner. We distinguish other firms (notably, large incumbent firms)2 from
research organizations (i.e., universities and other public research centers). As the literature

2

NTBFs may also establish R&D collaborations with other startups. However, they are unlikely to join forces with
startups located in foreign countries because of the high costs of partner selection. Therefore, we expect the industrial
partners of the international R&D alliances of NTBFs to be mainly large incumbent firms.

Page 8 of 53

< Effects of international R&D alliances on performance of high
tech startups: a longitudinal analysis>
suggests, (incumbent) firms and research organizations have different competencies (see, among
others, Bower, 1993; Betz, 1996; Santoro and Gopalakrishnan, 2000). The former possess applied
technological expertise and knowledge of markets that compensate for the scant competencies of
most NTBFs in these fields. Therefore, allying with industrial partners is likely to improve NTBF
performance. Instead, research organizations are important repositories of scientific knowledge.
Allying with academic partners may generate positive returns to NTBFs too, as this significantly
enhances NTBFs’ absorptive capacity (Hall, Link, and Scott, 2003). Nonetheless, these
collaborations typically involve basic research and have quite a long time frame (Hall, Link, and
Scott, 2001). Thus, they are likely to result in performance improvements, if any, only in the long
term (Medda, Piga, and Siegel, 2005; Nieto and Santamaria, 2009). Hence, we expect the
involvement of research organizations as partners in international R&D alliances to have no short
term positive effects on NTBF performance.
Let us now focus attention on the industrial partners of international R&D alliances. We claim
that the international heterogeneity of the portfolio of partner firms positively influences the
benefits that NTBFs can obtain from these alliances. Indeed, as we argued above, with all else being
equal, a firm learns more from a foreign partner than from a domestic one; this is because of the
diversity of its national background and culture (Lavie and Miller, 2008). Hence, the greater the
international heterogeneity of the portfolio of industrial partners, the greater the learning
opportunities for NTBFs.
However, an increase in the international heterogeneity of the portfolio of industrial partners is
also likely to increase the coordination and transaction costs associated with the alliances. In fact,
great international heterogeneity implies that the NTBF is collaborating with many partners located
in different countries. This entails high coordination costs. The transaction costs engendered by
appropriation concerns also are high. Indeed, opportunistic behavior may be more likely to arise
when alliances involve foreign firms, as there is greater uncertainty in international relations

Page 9 of 53

< Effects of international R&D alliances on performance of high
tech startups: a longitudinal analysis>
(Hennart, 2000), and trust tends to emerge less readily between firms that are not socially and
culturally similar (Zucker, 1986; Hennart and Zeng, 2002). In addition, when the alliances involve
foreign firms, there is greater difficulty in specifying intellectual property rights, legally enforcing
intellectual property, and monitoring partner activities (Pisano, 1990; Oxley, 1997)—further
increasing transaction costs.
Beyond a certain threshold, the increase in the coordination and transaction costs will
overshadow the marginal benefits of access to the foreign partners’ competencies. Hence, we expect
the relationship between the international heterogeneity of the portfolio of industrial partners and
the performance of NTBFs to be curvilinear, first increasing and then decreasing. Hypothesis 2
follows:
Hypothesis 2 (H2): There is an inverse Ushaped relation between the international
heterogeneity of the portfolio of industrial partners of the international R&D alliances in which
NTBFs participate and NTBF performance.
The above arguments concerning the alleged negative effect on performance of the increase in
coordination and transaction costs engendered by an increase in the international heterogeneity of
partners also hold true for academic partners. As we expect the positive effects of collaborations
with academic partners to be negligible in the short term, we formulate the following hypothesis:
Hypothesis 3 (H3): In the short term, there is a negative relation between the international
heterogeneity of the portfolio of academic partners of the international R&D alliances in which
NTBFs participate and NTBF performance.
Studies in strategic management have emphasized that a firm’s alliance network is a key strategic
resource, and its structure greatly influences firm performance (Walker, Kogut, and Shaw, 1997;
Baum, et al., 2000; Gulati, Nohria, and Zaheer, 2000; Stuart, 2000; Zaheer and Bell, 2005; Lavie,
2006, 2007). It has also been claimed that ‘existing empirical findings point to the centrality of
networks in every aspect of the entrepreneurial process’ (Stuart and Sorenson, 2007: 211).
Moreover, international business literature has documented that firms’ networks increasingly
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involve a variety of actors that are geographically dispersed (see e.g., Andersson and Forsgren,
2000; Andersson, Forsgren, and Holm, 2002; Forsgren et al., 2005). The ability to build and sustain
these geographically dispersed networks is a managerial challenge for firms and has itself become
an important distinctive capability (Cantwell and Piscitello, 2008). In this perspective, the location
of firms in countries that occupy a central position in these networks provides an advantage over
and beyond that relating to the competence endowment of these countries. In fact, foreign countries
crucially differ as to their proximity to other countries. Accordingly, foreign locations matter not
only and simply because of their intrinsic characteristics and competence endowments, but also—
and especially—for their structural position, which makes worldwide dispersed factors accessible to
firms located in favorably positioned countries (Nachum et al., 2008).
In this article, we are interested in international R&D alliances, hence, we focus on
technological knowledge. It is well known that sources of technological knowledge are increasingly
dispersed worldwide. Moreover, as it has been widely documented in literature on localized
knowledge spillovers, accessing and transferring technological knowledge from a distance is
difficult (Jaffe, Trajtenberg, and Henderson, 1993; Almeida and Kogut, 1999). Thus, the proximity
of a country to worldwide technological knowledge makes this knowledge more easily accessible
for firms located in that country. We claim that in international R&D alliances, an NTBF benefits
from the position that the home countries of its partners occupy in global networks. Through the
alliance, partners indirectly make available the stock of knowledge accessible from their home
countries to the NTBF. In other words, international R&D alliances act as bridging organizational
arrangements linking NTBFs with worldwide knowledge. The solidity of the link created by an
alliance clearly depends on partners’ locations and their proximity to world knowledge. However, it
also depends on the type of partners involved in the alliance. In this respect, industrial partners
again enjoy an advantage over academic ones. Worldwide technological knowledge produced by
industrial firms is most useful to NTBFs. This technological knowledge is likely to be more
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accessible for other firms rather than for research organizations. In fact, a firm’s network of
contacts in the private sector is likely to be wider than that of research organizations, which, in turn,
will exhibit more numerous ties in the public research sector.
It is important to emphasize that without international R&D alliances, worldwide
technological knowledge would not be accessible to NTBFs independent of their location because
of the excessive costs that NTBFs would incur in building a global network. Therefore, the closer to
world technological knowledge the home countries of the industrial partners in international R&D
alliances are, the more positive the effect of these alliances on NTBF performance. Our fourth
hypothesis follows:
Hypothesis 4 (H4): The effect of the international R&D alliances in which NTBFs participate
on NTBF performance is more positive the closer to world technological knowledge the home
countries of the industrial partners are.

3

Dataset
3.1 Sample

In this article, we empirically examine the effects of NTBF involvement in EURJVs—a special type
of international R&D alliance—on NTBF performance. EURJVs are crossborder alliances aimed at
basic and applied research and/or precompetitive technological development. They are partly
financed by the EU through Framework Programs and other support schemes (e.g., Eureka).
Financial support is provided by the EU on a competitive basis, and competition is usually fierce.
Hence, the expected output of these alliances is innovative technological knowledge, and the quality
of the partners is generally high.
We consider a sample composed of 265 Italian NTBFs. The sample firms were established in
1980 or later. The firms were owner managed at founding and have remained so up to January 1,
2004. They operate in the following hightech sectors in manufacturing and services: computers,
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electronic components, telecommunication equipment, optical, medical, and electronic instruments,
biotechnology, pharmaceuticals, advanced materials, avionics, robotics and process automation
equipment, software, and Internet and telecommunication services.
The sample firms were extracted from the Research on Entrepreneurship in Advanced
Technologies (RITA) database, developed at Politecnico di Milano. The RITA database constitutes
the most complete source of information presently available on Italian NTBFs.3 The database
provides information on a population composed of 1,974 Italian NTBFs that comply with the
abovementioned criteria as to age, ownership status, and sector of operation. The RITA population
was constructed from a large number of sources. These include lists provided by national industry
associations, online and offline commercial firm directories, and lists of participants in industry
trade shows and expositions. Information provided by the national financial press, specialized
magazines, other sectoral studies, and regional chambers of commerce was also included.
Data contained in the RITA database were collected from two types of information sources.
First, secondary sources of information were used. Data on the participation of Italian NTBFs in
EURJVs obtained from the CORDIS database are available for all the EURJVs in which RITA
firms participated during their lifetime. Financial and accounting data were obtained from the
Accessible Information on Development Activities (AiDA) and Cerved commercial databases. Data
in these databases are available from 1994 onward only for a subset of RITA firms (i.e., limited
liability firms). Information on patent applications was collected through the Esp@ce.net research
engine. Second, additional information on sample NTBFs was obtained through a series of national
surveys administered in the first half of the years 2000, 2002, and 2004 (for details on the surveys,
see Colombo et al., 2006). The surveys provided data for use as control variables and additional
instruments in our models (see Econometric Methodology section).

3

In Italy, data provided by official national statistics do not include a reliable description of the universe of Italian
NTBFs. Most individuals who are defined as selfemployed by official statistics are actually salaried workers with
atypical employment contracts. Thus, on the basis of official data, such individuals cannot be distinguished from
entrepreneurs who created a new firm. Moreover, there are no official data on firms’ ownership status.
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The sample considered in this article includes all the NTBFs that participated in the 2004
survey and for which we were able to build a complete dataset relating to the variables of interest.
The distribution of sample firms across industries and geographical areas is shown in Table 1. Two
χ2 tests show that there are no statistically significant differences between the distributions of the
sample firms across industries and geographical areas and the corresponding distribution of the
population of 1,974 RITA firms from which the sample was drawn (χ2(4) = 7.55 and χ2(3) = 5.74,
respectively).
We do not presume that ours is a random sample. First, in this domain, representativeness is
not clearcut, as new ventures may be defined in different ways (see, for instance, Birley, 1984;
Aldrich et al., 1989; Gimeno et al., 1997). Second, due to the lack of reliable official statistics, it is
difficult to unambiguously identify the universe of Italian NTBFs. Therefore, one cannot check ex
post whether the sample used in this work is representative of the universe or not. Third, the
analysis presented in this article is based on survey data and, therefore, might suffer from sample
selection bias. In fact, firms performing well are probably more willing to provide information;
hence, they are likely to be overrepresented in the sample. More importantly, only firms having
survived and remaining independent up to the survey date were considered. This generates a
survivorship bias that might have significant consequences for our study. In particular, if NTBFs’
participation in EURJVs leads to better economic performance and there is a positive relation
between TFP and likelihood of survival (see e.g., Bernard, Jensen, and Schott, 2006, Bellone et al.,
2008), our estimates of the treatment effect of EURJVs on NTBFs’ TFP will be downwardly biased.
An opposite bias is also possible if more efficient NTBFs involved in several EURJVs are more
likely to be acquired. As in most surveybased studies, it is impossible to properly control for the
survivorship bias. However, here we tried to correct at least partially for this bias through the
econometric exercise described later.
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3.2 Participation in EURJVs by Italian NTBFs
Participation in EURJVs is a rare event for Italian NTBFs: only 24 out of the 265 sample firms
(9.0%) participated in one or more EURJVs in the 19942003 period (see Table 1). This low
number may be a consequence of the high search costs for international partners, the high
administrative costs involved in this type of collaboration, and the highly competitive nature of the
selection procedure adopted by the EU. As we were told during interviews with firms’ owner
managers, these factors would discourage most NTBFs from participation. Table 1 also illustrates
the distribution of the NTBFs that have participated in one or more EURJVs by industry and
geographical area. Quite unsurprisingly, with a 21.4 percent share, firms in the biotechnology,
pharmaceutical, and advanced materials industries are relatively more likely to be involved in these
alliances than firms in other industries. On the contrary, the rate of participation of Internet and
telecommunication services firms in EURJVs is quite low (5.2%). As to the geographical
distribution, firms located in the central regions are more likely to participate in EURJVs (23.2%)
than those located in other geographical areas.
[Table 1 about here]
Table 2 reports some statistics on the 79 EURJVs in which the 24 RITA firms participated in
the 19942003 period. Of note, the average number of EURJVs in which these firms were involved
is 3.3. This may suggest that even though NTBFs face substantial barriers to entry into the EU
funded international collaborative research network, once they manage to do so, this facilitates their
participation in subsequent EURJVs. As to the characteristics of the alliance partners of NTBFs, the
mean number of partners involved in the 79 EURJVs is 9.3, and the mean number of different
countries in which they are located is 3.7. Distinguishing partners according to their type, we find
that the number of industrial partners is slightly greater than the number of universities and public
research centers (academic partners): on average there are 3.9 industrial partners and 3.6 academic
partners per EURJV. The remaining 1.8 partners are other organizations (e.g., public
administrations, associations, foundations). As to the international heterogeneity of these alliances
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measured by the number of different home countries of these three types of partners, both industrial
and academic partners come from 1.9 foreign countries on average, while the diversity is lower (1.1
foreign countries per EURJV) among other partners. The standard deviations of all these variables
are quite high, suggesting that the EURJVs in which sample firms participated differ considerably
as to both number and characteristics of the partners.
[Table 2 about here]

4

Econometric methodology

In the econometric analysis, we use NTBFs’ TFP as a measure of firm economic performance. To
investigate whether participation in EURJVs has an impact on TFP, the following econometric
model is specified:

ln TFPit = a + b ' EURJVit + g ' Pr oximity it + lAgeit + d ' Z it + h i + e it ,
(1)
where ln TFPit is a measure of TFP (described in detail in the Dependent Variable section);
EURJVit is a vector of covariates that captures the number and characteristics of the EURJVs in
which sample NTBFs were involved at time t; Pr oximity it is a vector of variables measuring the
proximity of NTBFs’ alliance partners to the worldwide dispersed knowledge, markets, and
resources (see Explanatory Variables section); Ageit denotes the age of NTBFs; Z it are a series of
control variables that include founder and firmspecific attributes; hi are the unobserved firm
specific fixed effects; and e it are the usual independent and identically distributed (i.i.d.)
disturbance terms.

4.1 Estimation technique
In this article, we aim to assess the treatment effect of the formation of EURJVs on the TFP of
NTBFs according to partner characteristics, i.e., partner type and location. In so doing, we face two
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obstacles. First, a positive association between TFP and the formation of specific types of EURJVs
may simply be a consequence of reverse causality, with higher TFP firms being more likely to
establish these alliances. Second, there may be unobserved factors—such as smart management—
that explain both firms’ economic performance and their involvement in particular EURJV types.
To account for possible timevarying and unvarying unobserved heterogeneity that, if correlated
with regressors, may lead to biased estimates of the parameters of interest, GMM is used for
estimation.
More specifically, to take into account problems generated by the potential endogeneity of
the explanatory variables, we resort to the GMMsystem (GMMSYS) estimator developed by
Blundell and Bond (1998). Accordingly, we simultaneously estimate firstdifference and level
versions of Eq. (1). As the instruments, we use appropriately lagged values of the endogenous
variables for firstdifference estimates and appropriately lagged differences for level estimates. This
method alleviates the typical problem of weak instruments characterizing the first GMMdifference
(GMMDIF) estimator.4 Moreover, it preserves information from the level equations, enabling
consistent identification of timeinvariant covariates. As is customary in this type of analysis (e.g.,
Girma et al., 2008), we formulate the weakest possible assumption. We consider the EURJV vector
as potentially correlated with error terms and accordingly treat it as endogenous. Moreover, to
improve consistency of the estimates, we follow previous studies (e.g., Leiponen, 2005; Benfratello
and Sembenelli, 2006) in using extraneous information provided by a set of three additional
exogenous instruments: (1) the sectoral propensity of RITA NTBFs to participate in EURJV
projects (i.e., the share of RITA NTBFs that participated in EURJVs in each industry); and (2) their
sectoral propensities to invest in R&D and (3) engineering activities (i.e., proxied by the ratios

4

In our case, pseudo firststage regressions support our choice of the GMMSYS estimator, highlighting that lagged
instruments in first differences are strongly correlated with EURJV variables; on the contrary, lagged instruments in
levels are poorly correlated with the change in EURJV covariates, pointing to the strength other than the validity of the
additional instruments implied by the GMMSYS estimator with respect to GMMDIF.
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between RITA NTBFs’ employees in R&D and engineering functions and total number of
employees of RITA NTBFs in each industry, respectively).
To evaluate the relevance of the econometric model, various tests are applied. First, we
implement the Arellano and Bond test for first and secondorder serial autocorrelation of residuals
(AR(1), AR(2)). If εit is not serially correlated, the difference of residuals should be characterized
by a negative firstorder serial correlation and the absence of a secondorder serial correlation.
Then, the Hansen test for the validity of overidentifying restrictions is implemented. This tests the
null hypothesis that the specified orthogonality conditions are equal to zero (Hansen, 1982). Failure
to reject the null hypothesis indicates that the instruments are valid. Finally, we also perform
DifferenceinHansen tests that accept the null hypothesis of exogeneity for the Pr oximity it vector
(χ2(3) = 1.91 for Model 2 in Table 5).

4.2 Dependent variable
We use (relative) TFP to measure the NTBF performance. This indicator reflects how effectively
the NTBF uses production inputs to produce output in comparison with other NTBFs that operate in
the same industry. In other words, NTBFs perform better if they produce the same output with less
inputs or if they use the same inputs but produce more output than other NTBFs in the same
industry. This indicator of firm performance is particularly appropriate in the context of our study.
First, as TFP reflects both output performance and efficiency in the use of inputs, it is suitable to
measure the performance impact of participation in EURJVs that may clearly have beneficial
effects on both sides. Moreover, costs arising from the search for candidate partners, procedures for
application and bureaucracy in general, and coordination of participants may be high, especially for
a small young firm lacking resources. Therefore, considering only output indicators (e.g.,
innovation output or growth in sales or employees) without any consideration for the cost side (that
is, without considering efficiency) would, at best, give only a partial and incomplete indication of
firm performance.
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Second, the use of typical innovation measures as those based on patent awards is highly
problematic in our study. On the one hand, most sample firms operate in service sectors where
patents are rarely used to protect innovations (especially in the European context). This would
create a serious sectoral bias. On the other hand, patent awards signal the quality of entrepreneurial
ventures (Hsu and Ziedonis, 2007), while TFP does not have any signaling effect (since it is not
immediately and easily traceable from the outside). This quality signal may positively influence an
NTBF’s ability to participate in EURJVs (Colombo, Grilli, and Piva, 2006). Therefore, the use of
patents as a dependent variable (rather than as a control factor, as we do in our models) may raise
reverse causality concerns in the study of performance effects.
Third, TFP takes directly into account the effects of potential technological shifts and
organizational changes on the production function, which, again, is extremely pertinent in the
context of analyzing the impact of R&D alliances on firm performance (see on this point also Link
and Siegel, 2007). In fact, measures of partial productivity (e.g., labor productivity) may fail in
doing so, since they do not consider tradeoffs among input factors.
In accordance with the above arguments, the use of TFP as an indicator of the performance
of small young enterprises operating in knowledgeintensive industries is well established.
Examples of applications in samples partially or totally constituted by hightech firms (e.g., Hall
and Mairesse, 1995; Javorcik, 2004; Driffield, Du, and Girma, 2008; Aghion et al., 2009) and
young or small firms (Aitken and Harrison, 1999; Acs et al., 1999; Cingano and Schivardi, 2004;
Chemmanur and Nandy, 2006; Chemmanur et al., 2008) are well documented in various literature
streams.
The TFP of NTBFs is estimated through a semiparametric estimation procedure originally
proposed by Olley and Pakes (1996), which allows for firmspecific productivity differences
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exhibiting idiosyncratic changes over time.5 This semiparametric approach, increasingly used in
empirical industrial organization and international business literature (e.g., Pavcnik, 2003; Cingano
and Schivardi, 2004; Blalock and Gertler, 2007), presents several advantages compared with other
methods in dealing effectively with the typical simultaneity problem in the choice of inputs (see
infra).6 Specifically, the Olley and Pakes methodology assumes that at the beginning of every
period a firm chooses variable production factors (e.g., labor) and the level of investments. The
latter, together with the current value of the capital stock, determines the capital stock at the
beginning of the next period.7 Starting from a standard CobbDouglas production function:
y it = a + b l l it + b k k it + w it + e it ,

(2)
where yit, lit, and kit denote the logarithm of production output, labor, and capital, respectively;
subscripts i and t stand for the crosssection dimension and time; ωit represents a productivity
difference known to the firm but unobservable to the econometrician; and εit denotes other sources
of i.i.d error. Consistent estimates of the coefficients of the input factors are prevented by an
endogeneity problem. In fact, firms choose the input knowing their own level of productivity,
leading to correlation between regressors and error terms if (a proxy of) ωit is not specified. To deal
with this problem, it is assumed that labor is a variable input while capital is a fixed factor affected
only by the distribution of ω conditional on information in t1 and past values of ω (i.e., a first

5

For a survey of the various estimation techniques of TFP and a more detailed description of Olley and Pakes’s (1996)
methodology, see Levinsohn and Petrin (2003) and Van Biesebroeck (2007). In what follows we adhere closely to Van
Biesebroeck (2007).
6

Quoting Griliches and Mairesse (1998), also reported by Levinsohn and Petrin (2003: 321): ‘The major innovation of
Olley and Pakes is to bring in a new equation, the investment equation, as a proxy for w (i.e., the productivity shock),
the unobserved component of the error term. Trying to proxy for the unobserved w (if it can be done correctly) has
several advantages over the usual within estimators (or the more general Chamberlain and GMM type estimators): it
does not assume that w reduces to a fixed (over time) firm effect; it leaves more identifying variance in l (labor) and k
(capital), and, hence, is a less costly solution to the omitted variable and/or simultaneity problem, and it should also be
substantively more informative.’ Additionally, differently from other alternative methods (e.g., the GMM instrumental
variables approach by Blundell and Bond, 2000), it also easily allows separate production functions across sectors to be
specified, notably to distinguish manufacturing from services industries, which is particularly indicated for a sectoral
heterogeneous sample like the one considered in the present study.
7
As customary in this context, investments are calculated as the book value of tangible and intangible assets at time t
minus the book value of tangible and intangible assets at time t1 plus depreciation at time t.
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order Markov process). The level of investments depends on the capital stock and the firm’s
unobserved productivity: iit = iit (w it , k it ) . In turn, if monotonic properties are satisfied, the
unobserved productivity ωit can be expressed as a function of observable investments and kit:

w it = f (iit , k it ) . Then, the function Jit = a + w it + b k k it is defined and approximated
nonparametrically by a fourthorder polynomial. In the first step, this latter expression is substituted
in Eq. (2), to overcome the endogeneity problem and consistently estimate βl. The coefficient βk is
similarly obtained in a second step by exploiting the assumption that the stock of capital does not
immediately respond to productivity shocks, defining and estimating the following equation:
^

^

y it - b l l it = b k k it + y ( J it -1 - b k k it -1 ) + e it ,

(3)
where again function y is approximated nonparametrically by a fourthorder polynomial.
This procedure is run separately for each industry.8 Then, in the final step, the residuals of
the production function ( ln Ait ) segmented for each industry serve to calculate the productivity
levels of each firm with respect to the sector average ( ln At ) according to the following expression:
ln TFPit = ln Ait - ln At = ln y it - ln y t - b l (ln lit - ln l t ) - b k (ln k it - ln k t ) .
(4)

4.3 Explanatory variables
Definitions of all the explanatory variables used in the estimation of the econometric model are
reported in Table 3. As mentioned above, these variables are classified in three groups.
[Table 3 about here]
The first group of variables captures participation in EURJVs. To test Hypothesis 1, we
include in the set of regressors the number of EURJVs in which NTBF i participates at t

8

Note that in order to have a sufficient number of observations in each industry, we aggregate the previously exposed
sectors into three macro industries: manufacturing, software, and Internet and telecommunication services.
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(NumberEURJVit) and its squared value (SqNumberEURJVit). We expect the coefficient of
NumberEURJVit to be positive and that of SqNumberEURJVit to be negative. To test H2 and H3, we
use as proxies for the international heterogeneity of the portfolio of the industrial
(CountriesIndustrialPartnersit) and academic partners (CountriesAcademicPartnersit) at t, the
number of countries where, respectively, the industrial and the academic partners of NTBF i are
located, divided by the number of EURJVs in which the NTBF participates at t. We set the values
of both variables to zero for all the NTBFs that do not participate in any EURJVs at t. We predict a
positive coefficient for the former variable and a negative coefficient for the latter. As we expect a
curvilinear relation between the NTBF performance and the international heterogeneity of their
industrial partners, we also include the squared value of CountriesIndustrialPartnersit
(SqCountriesIndustrialPartnersit). We predict a negative coefficient for this variable. As a control,
we insert an additional variable in the model specification, CountriesOtherPartnersit, to reflect the
average number of countries per alliance where other partners (e.g., foundations, public
administrations) of NTBF i are located.
The second group of variables includes three measures of the proximity of the home countries
of the NTBFs’ industrial partners to world knowledge, markets, and resources. We build the three
variables relying on the indicators of proximity proposed by Nachum et al. (2008). They first
calculated a measure of geographical proximity of country j to the rest of the world by aggregating
the bilateral distance between countries j and k (DISjk) across all countries, using capital cities as the
actual points of measurement (Alfaro, KalemliOzcan, and Volosovych, 2008). Then, they
standardized the basic proximity measures and calculated a country’s proximity to world
knowledge, markets, and resources, respectively, by weighting the standardized geographical
proximity measures by country values of the relevant factors. The three resulting measures are as
follows:
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Proximity to knowledge: PKj = ∑k [DISjk×RDk], where knowledge (RDk) is measured by the
value of R&D investment in country k.



Proximity to markets: PMj = ∑k [DISjk×PCGDPk], where markets (PCGDPk) are
operationalized by purchasing power parity (PPP) per capita GDP in country k.



Proximity to resources: PRj = ∑k [DISjk×LABORk], where in measuring resources, the focus is
on one resource only, labor (LABORk), that is operationalized by the potential size of the labor
force in country k, i.e.,, number of people of working age.

In all these proximity measures, higher values imply lower proximity. Nachum et al. (2008)
calculated the three proximity measures for 119 countries. As the industrial partners that participate
in the EURJVs considered in the present study are located in 27 of these countries, we took into
consideration only these 27 countries and calculated PK’j, PM’j, and PR’j as follows. PK’z, PM’z,
and PR’z were set to zero for the country z exhibiting the highest value of PK, PM, and PR,
respectively; PK’j, PM’j, and PR’j were set to 1  PKj/PKz, 1  PMj/PMz, and 1  PRj/PRz,
respectively, for any other country j. Therefore, the values of PK’j, PM’j and PR’j range from zero
(lowest proximity) to one (greatest proximity).
The variables KnowledgeProxit, MktProxit, and ResourceProxit are calculated as the average
values of the PK’j, PM’j, and PR’j, respectively, of the countries where the industrial partners of
NTBF i are located. Contrary to Nachum et al. (2008), our proximity variables associate higher
values to greater proximity. Therefore, collaborating with firms located in countries that are close to
large knowledge sources corresponds to high values of KnowledgeProxit. Conversely, if all partners
are far from large knowledge centers, KnowledgeProxit assumes a low value. As we do for the
variables describing the number and characteristics of the partners engaged in EURJVs, we set the
values of the three proximity variables to zero for all the NTBFs that do not participate in any
EURJVs at t. According to Hypothesis 4, the proximity to world knowledge of the home countries
of NTBFs’ industrial partners should have a positive effect on NTBF performance. Hence, we
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expect the coefficient of KnowledgeProxit to be positive. However, we have no predictions as to the
coefficients of MktProxit and ResourceProxit, which, again, are inserted in the model specification
as controls.
The third group of variables includes additional controls for firm and founderspecific
characteristics.9 As a firm’s innovativeness is likely to influence productivity (Crepon, Duguet, and
Mairesse, 1998; Parisi, Schiantarelli, and Sembenelli, 2006), we introduce firm patent stock
(Patentit1) in the model specification to capture a firm’s previous patenting activity. We also
consider indicators of the firm’s financial structure. Following Chemmanur et al. (2008), we control
for the alleged positive effect of venture capital (VC) backing by including DIVCit1 and DCVCit1,
indicating NTBFs that received VC financing from independent VC firms and corporate investors,
respectively. We also control for the effect of firm creditworthiness (Becchetti and Trovato, 2002)
by including the debt to total assets ratio (DebtOnAssetsit1) and for the effect of free cash flow
(Brush, Bromiley, and Hendrickx, 2000) by including the cash flow to sales ratio (CFOnSalesit1).
As NTBF performance is influenced by the characteristics of the founders, we control for the size of
the firms’ founding team (NFoundersi) and include measures of both generic and specific human
capital of the firm’s founders. 10 As to the former category, we consider the level of education
measured by the mean number of years of universitylevel education of the founders in both
economics and management (EcoEducationi) and technical and scientific fields (TecEducationi), as
well as the mean number of years of professional experience in sectors other than that of the new
firm (OthWorkExpi). As to specific human capital, SpecWorkExpi measures the years of
professional experience of the founders in the same sector of activity as that of the new firm.
Finally, we include two timeinvariant firmspecific controls: (1) a dummy (DASUi) equal to one for
academic startups, that is, NTBFs that were created by one or more individuals with prior

9

Following Smarzynska, 2004) and Castellani and Zanfei (2006), our list of controls does not include any measure of
NTBF size, as the effect of this variable is already taken into account in the procedure used to calculate firms’ TFP.
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academic experience; and (2) a measure of the level of infrastructure development in the province
(NUTS3 level) of NTBF’s location (LocDevelopi).
Descriptive statistics for the explanatory variables are reported in Table 4.
[Table 4 about here]

5

Theoretical hypotheses
5.1 Results of econometric estimates

Table 5 presents the results of the estimates. The autocorrelation tests and the Hansen test of
overidentifying restrictions support our choice of the GMMSYS estimator. In particular, the
Hansen statistics in Models 15 accept the null hypothesis on the validity of the set of instruments
used for the endogenous variables. Moreover, the autocorrelation tests always exclude the presence
of a secondorder autocorrelation in the error terms.
[Table 5 about here]
Model 1 includes only control variables. The estimates show that NTBF age has a positive
significant impact on TFP. Relatively more mature firms have had more time than very young ones
to properly organize their production and sales activity. Quite reasonably, being located in a
developed area exerts a positive influence on firm productivity. VC investments are beneficial to
TFP (for analogous findings see Chemmanur et al., 2008), but only if they are obtained from an
independent VC investor. DebtOnAssetsit1 and CFOnSalesit1 show positive and statistically
significant coefficients. Conversely, none of the founderspecific attributes is found to significantly
affect NTBF productivity.
In Model 2, we add to the controls all the explanatory variables of interest for the test of the
hypotheses formulated earlier . The addition of these variables substantially increases the

10

See Becker (1975) for such distinction and Colombo, Delmastro, and Grilli (2004) and Colombo and Grilli (2005) for
its empirical application.
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explanatory power of the model, as it is apparent from the value of the Wald test (χ2(6) = 23.91)
significant at 1 percent (reported at the bottom of the table). Contrary to our expectations, the
estimates show the absence of any inverse Ushaped relation between TFP and (1) the number of
EURJVs (i.e., H1 is not supported) and (2) the international heterogeneity of the portfolio of the
industrial partners of NTBFs (i.e., H2 is not supported). In fact, the coefficients of the squared terms
of NumberEURJVsit and CountriesIndustrialPartnersit are far from being significant. However, two
separate Wald tests reject the null hypothesis at conventional confidence levels, i.e., the linear and
quadratic terms of these covariates are jointly equal to zero (χ2(2) = 5.76 and χ2(2) = 6.61), pointing
to the presence of linear effects in both cases. Conforming with our theoretical expectations, the
international heterogeneity of NTBF’s portfolio of the academic partners is found to exert a
negative effect on NTBF productivity (i.e., H3 is supported): the coefficient of the variable
CountriesAcademicPartnersit is negative and weakly statistically significant. Finally, Hypothesis 4,
which theorized an increase in NTBF productivity due to proximity to world technological
knowledge of the industrial partners’ home countries is supported, as highlighted by the positive
(although weakly significant) sign of the variable KnowledgeProxit.11 Of note, proximity of
industrial partners to world markets and supply of labor does not seem to exert any positive effect,
the coefficients of both MktProxit and ResourceProxit not being significant. Finally the magnitude
and statistical significance of the control variables remain almost unchanged (with the exception of
DIVCit1, still positive but only close to significance) with respect to the onlycontrols specification
of Model 1, bringing robustness to our findings.
In Model 3, we drop the squared terms of NumberEURJVsit and CountriesIndustrialPartnersit,
allowing a more direct interpretation of the effects of these variables on TFP. The estimates reveal

11

We also measured the proximity to world knowledge, market, and resources of the home countries of academic
partners and substituted these new variables in KnowledgeProxit, MktProxit, and ResourceProxit, respectively. The
coefficient of the measure of the proximity of academic partners to world knowledge sources is not significant. As we
expected, selecting academic partners located close to world knowledge sources does not contribute to NTBF
performance, as research organizations are less effective than firms in providing NTBFs with access to worldwide
knowledge. The results are available from the authors upon request.
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that both variables have positive and statistically significant coefficients (at the 5% and 1% levels,
respectively). Results concerning other variables are very similar to those illustrated above (i.e.,
only H3 and H4 are supported), the statistical significance of several coefficients being
strengthened. In particular, the positive coefficient of KnowledgeProxit is now significant at the 5
percent level.
In Model 4, the variables IndustrialPartnerPerCountryit, AcademicPartnerPerCountryit, and
OtherPartnerPerCountryit are added to the regressors of Model 3. These new variables are
calculated as the partners to countries ratios distinguishing the three types of partners in NTBFs’
portfolios. The first of these variables is aimed at checking whether the positive effect on TFP that
we attributed to the international heterogeneity of the portfolio of industrial partners of NTBFs is
simply a consequence of the greater number of partner firms. Should this be the case, the coefficient
of IndustrialPartnerPerCountryit would be positive. The other two variables are controls. Actually,
the coefficient of IndustrialPartnerPerCountryit turns out to be negative and weakly significant.
The addition of a new partner contributes positively to NTBF’s productivity only to the extent that
it increases the international heterogeneity of the portfolio. If it does not, the effect is negative. As
to the remaining explanatory variables, only the coefficients of NumberEURJVsit and
KnowledgeProxit are positive and significant as they were in Model 3 (i.e., only H4 is supported).
Finally, Model 5 investigates whether the impact on NTBFs’ TFP of the location of their
industrial partners depends on the knowledge and resources embedded in the partners’ home
countries rather than on the proximity of these countries to world technological knowledge. For this
purpose, we substitute the three previously employed measures of proximity with three
corresponding covariates capturing (1) average R&D expenses (KnowledgeHomeCountryit); (2)
market size (MktHomeCountryit); and (3) labor resources (ResourceHomeCountryit), respectively, in
the home countries of the alliance partners. These new variables show insignificant coefficients,
except for that of ResourceHomeCountryit, which is negative and weakly significant. These
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estimates confirm that the bridging role performed to the advantage of NTBFs by their industrial
partners in EURJVs goes far beyond the creation of a link that allows the NTBF to have access to
the knowledge embedded in partners’ home countries. In fact, the key advantage provided by this
link lies in making world knowledge more accessible, something that NTBFs would not be able to
do on their own. Results concerning other variables are similar to those in Model 3: only H3 is
supported, with the statistical significance of CountriesIndustrialPartnersit and
CountriesAcademicPartnersit being strengthened and that of NumberEURJVsit being weakened.
In summary, the results of our estimates confirm that international R&D alliances potentially
have a positive impact on the performance of NTBFs. However, they also indicate that the extent of
this allegedly positive impact crucially depends on the selection of suitable partners. Alliances with
a plurality of industrial partners, which because of their central location are able to create a bridge
between the NTBF and globally dispersed sources of technological knowledge, are the most
beneficial ones.
To assess the economic magnitude of the effects on TFP of the EURJVs established by
sample NTBFs, we compared the estimated TFP level of a benchmark firm (i.e., a firm not
participating in any EURJV) with that of the same benchmark firm participating in EURJVs.
Initially, based on the estimates of Model 3, we computed the TFP level of a benchmark firm with
all other independent variables set at their median value. Then, we considered the same NTBF but
with a high propensity to be involved in international R&D alliances (i.e., the 90th percentile of the
variable NumberEURJVit, with all other variables in the EURJV and Proximity vectors set at their
median values, conditional upon participation in EURJVs). TFP is estimated to increase by 71
percent. Then, we analyzed the marginal effect on TFP generated by changes in the characteristics
of alliance partners. With respect to the benchmark NTBF, TFP is found to further increase by 129
percent if (1) there is high heterogeneity in the location of industrial partners and (2) the countries
where industrial partners are located are close to world technological knowledge (i.e.,
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CountriesIndustrialPartnersit and KnowledgeProximityit are set at values corresponding to the 75th
percentile). According to our estimates, TFP is sensitive to the international heterogeneity of the
portfolio of alliance partners, while the magnitude of the effects of proximity to world knowledge is
smaller. In fact, if the international heterogeneity of industrial partners is high but their locations are
far from world knowledge sources (CountriesIndustrialPartnersit and KnowledgeProxit are set at
their 75th and 25th percentiles, respectively), the TFP increase is 96 percent. However, the TFP
increase is 19 percent if—albeit close to these knowledge sources—the number of countries where
industrial partners are located is low (CountriesIndustrialPartnersit and KnowledgeProxit set at their
25th and 75th percentiles, respectively).

5.2 Robustness checks: testing for survivorship bias
The use of survey information implies a potential survivorship bias in data that may intervene in
the investigated relationship. To examine the extent of this bias, we focused on the RITA 2000
sample. This sample, composed of 401 firms, was selected according to the same criteria and
strategy that were used for the RITA 2004 sample (see Colombo et al., 2004). Of these firms,
101 exited the sample in the 200003 period. The fraction of EURJV participating firms in the
subsample of surviving firms was slightly lower than in the exited firms’ subsample (9.3% and
9.9%, respectively). A χ2 test showed that the difference between the two subsamples was not
statistically significant at any conventional confidence levels (χ2(1) = 0.03).
More importantly, to directly test for a possible survivorship bias, we adapted to our specific
framework the standard Wooldridge’s (1995) variable addition test for selection bias in panel data
(see also Baltagi 2003) and a more recent methodology proposed by Semykina and Wooldridge
(2006) that extends the previous one in allowing the test in the presence of unobserved
heterogeneity and endogenous regressors.12 In particular, based on the RITA 2000 sample, we

12

We followed as closely as possible, given our data constraints, the two mentioned test approaches of Wooldridge
(1995) and Semykina and Wooldridge (2006). In particular, since we are estimating a single probit equation of firm exit
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estimated a probit model on firm exits in the 200003 period conditional on survival up to the end
of 1999; the dependent variable in this model is the hazard rate of exit of sample firms in the 2000
03 period. The independent variables of this sampleselection model include founders’ human
capital variables (i.e., technicalscientific and economicmanagerial universitylevel education and
professional and managerial experience), firmspecific characteristics (e.g., firm size and age in
1999), and industry and geographical controls. We then used the estimated coefficients of this
model to compute an inverse Mill’s ratio control factor for firm exit in time t for each of the 265
firms included in the sample under consideration in the present work.13 This timevarying ratio was
then inserted as a control for survivorship bias in the TFP equation, which was then estimated both
by the withingroup (WG) estimator and by an instrumental variable approach such as GMMSYS
as required by Wooldridge (1995) and Semykina and Wooldridge (2006), respectively. 14 This
additional variable aims at controlling for the unobserved heterogeneity that affects both a firm’s
probability of being sampled in 2004 and its productivity performance (see Winship and Morgan,
1999; Greene, 2003). The estimates of Models a2 and a3 shown in Table A1 in the Appendix—
Model a1 shows the results of the WG estimates of the specification without controls for selectivity
bias added for comparison purposes—indicate that the coefficient of the inverse Mill’s ratio is not
statistically significant, excluding the presence of any remarkable survivorship bias. Comparison of
the estimates of Models a1 and a2 also suggests that the inclusion of the control for firm exit does
not greatly influence our results.

(see infra in the main text), the only major simplification we are forced to implement in our setting with respect to
Wooldridge’s original framework and its subsequent extension is to assume that the impact of each determinant of firm
exit does not vary over time.
13

Formally (see also Winship and Morgan, 1999; Greene, 2003): λitEXIT =

- f (ψ ' w it )

, wh
wheerree wit is the vector of
Φ(ψ ' w it )
independent variables of the probit model on firm exit; and f(ּ) and F (ּ) are, respectively, the density and distribution
functions of the standard normal.
14

Note that: (1) step 2 (see also Baltagi, 2003) of Wooldridge’s (1995) procedure applies a pooled OLS estimator only
on the sample of selected firms using WG transformed variables; this translates in our framework in implementing a
WG estimator only on the survived firms; and (2) the inverse Mill’s ratio in Semykina and Wooldridge’s (2006) version
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6

Discussion and conclusions

In this article we have investigated the treatment effect of the formation of a particular type of
international R&D alliance—R&D collaborations funded by the EU—on the performance of
NTBFs as measured by their TFP. In particular, we have analyzed whether this effect is contingent
on the type and country of partner firms. For this purpose, we considered the EURJVs established
by a large sample of Italian NTBFs observed over the 10year period from 1994 to 2003, and we
resorted to GMMSYS estimates.
The article provides several new insights. NTBFs with more collaborations performed better
than other comparable NTBFs. More interestingly, the greater the number of countries in which
industrial partners are located and the closer these countries are to worldwide knowledge sources,
the more positive the effect of the R&D alliances on firm performance. Conversely, collaborative
ties with research organizations do not provide similarly beneficial effects, at least in the short term
(for similar results see Medda et al., 2005; Nieto and Santamaria, 2009). Taken together, these
results indicate that the creation of a wide network of international R&D alliances potentially
provides NTBFs with great benefits. However, whether these potential benefits are realized or not
crucially depends on the selection of suitable partners. Previous studies on alliances inspired by the
competencebased perspective (Teece, 1986; Ahuja, 2000; Gans and Stern, 2003) have argued that
alliances are an important mechanism for enlarging the competence endowment on which NTBFs
rely. In this article, we have gone a step further. Drawing on the view recently proposed by
literature on global strategic networks that proximity to worldwide knowledge is an increasingly
crucial characteristic of countries over and beyond their local endowment of resources (Nachum et
al., 2008), we have documented that industrial partners of international R&D collaborations that are
located in proximity to world knowledge sources provide a bridging effect that is beneficial to
NTBFs. In other words, alliance partners create an indirect link with these knowledge sources,
of the test is treated as an exogenous covariate. We thank Dr. Anastasia Semykina for personal communication made
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making them more accessible to NTBFs. Without these links, world knowledge would remain
largely inaccessible to these firms.
We are aware that this study has some limitations, which open up opportunities for future
research. Although the availability of longitudinal detailed data for a quite large number of NTBFs
clearly is a strength of this article, only a few NTBFs entered in EURJVs over the observation
period. This is probably the most important limitation of the present study. To further check the
robustness of our results, additional analyses on samples including a greater number of NTBFs that
were involved in international R&D alliances would be useful. Further analysis would also provide
the opportunity to examine whether the bridging role of industrial partners that was highlighted in
this study is contingent on firm and alliancespecific characteristics. Moreover, it would be
worthwhile extending the analysis of the effects on firm performance of partners’ characteristics to
such aspects as the size and international dispersion of their operations. For instance, one may
wonder whether partnering with multinational enterprises that have developed their own global
networks embedded in a variety of countries due to the multiple locations of their subsidiaries
engenders different, possibly stronger bridging effects to the advantage of NTBFs. Second, we
focus here on Italian NTBFs. This raises the issue of whether our results are generalizable to other
countries. In particular, because of its sectoral specialization, Italy does not have a strong
innovation system in hightech sectors. Therefore, having access to world technological knowledge
is probably even more important for Italian NTBFs than for NTBFs located in countries with more
favorable local knowledge endowments. Italian NTBFs generally suffer from binding resource and
financial constraints (see, e.g., Colombo and Grilli, 2007; Bertoni, Colombo, and Croce, 2009).
This makes the bridging effect provided by alliance partners even more important. Thus, this study
should be replicated in countries with business and financial environments more favorable to
NTBFs. Third, one may also want to investigate whether the results we obtained here—notably

available to the authors confirming this as the correct procedure.
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those relating to the location of alliance partners—extend to other types of alliances. For instance,
we have found here that proximity of EURJVs’ partners to world markets and labor resources does
not play a significant role. However, whether this type of proximity is important in other alliances,
such as commercial alliances, remains an open question. Lastly, we consider the use of TFP as a
strength of the present work. Nevertheless, it would be interesting to make a step further and
examine what precisely are the sources of the positive effect on the efficiency of NTBFs of the
establishment of international alliances with industrial partners (e.g., whether it mainly is a demand
or supplyside effect).
In spite of the above limitations, this study extends our understanding of the international
alliances of NTBFs considerably. Moreover, it has implications for both ownermanagers of NTBFs
and policymakers. Baum et al. (2000) summarizes the prescription of their study for NTBFs’
ownermanagers in the following statement: ‘Do not go it alone.’ While we share their view, we add
another prescription: ‘Select suitable teammates.’ Hightech startups that aim to overcome their
lack of internal competencies through a network of alliances need to carefully select their partners.
In doing so, NTBFs’ ownermanagers should not only consider the specialized competencies their
alliance partners possess, but also the proximity of partners’ countries to worldwide dispersed
sources of knowledge. Of course, building an effective network of alliance partners is a managerial
challenge. In particular, it is often difficult for an NTBF to signal its attractiveness to firms it would
like to team with, especially if it does not have adequate patent activity (Stuart et al., 1999; Stuart,
2000) or does not have a portfolio of successful new products (Rothaermel, 2002). Under these
circumstances, being backed by a sponsor, such as a reputable VC investor, may be of great help
(see e.g., Colombo et al., 2006; Hsu, 2006).
Our study also gives interesting indications to policymakers. First and foremost, it suggests
that the R&D collaborations funded by the EU—when they were properly designed—have
improved the efficiency of the NTBF sector. From this standpoint, it is fundamental to recognize
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the importance of the bridging role toward world knowledge sources played by these collaborations.
In addition, our findings argue in favor of the effort made by the European Commission (EC) in the
last decade to stimulate European NTBFs and small firms to participate in EUfunded R&D
projects. More specifically, since the launch of the EU´s Sixth Framework Programme (FP6),
special smallscale actions such as the Specific Targeted Research Projects (STREPs) have
encouraged small and mediumsized enterprises (SMEs) to initiate their own projects. Substantial
funds have been allocated to such measures. Moreover, the network of National Contact Points
providing information and assistance to potential participants was expanded by the EC in 2007.
This resulted in an increase in both SME requests for funding and SME participation in EUfunded
research projects toward the target 15 percent set by the EC. However, we believe there is room for
further improvements in this area. In particular, policy schemes helping NTBFs in finding suitably
located alliance partners could be very beneficial for these firms. Different schemes may serve this
purpose. On the one hand, business innovation centers, science parks, and incubators could support
tenant NTBFs in their network building activity. In fact, firms incubated in science parks and
business innovation centers have been found to participate in EURJVs more often than off
incubator firms (Colombo and Delmastro, 2002).15 On the other hand, we mentioned above that
NTBFs face serious adverse selection problems in searching for alliance partners. These problems
are alleviated for VCbacked firms. Hence, in countries where the VC sector is still
underdeveloped, policy measures that make it easier for NTBFs to obtain financing from reputable
VC investors may have the indirect beneficial effect of facilitating the formation of international
alliances with suitably located partners. Policy schemes that selectively give grants to innovative
NTBFs in the very early stages of their existence—if they are administered by reputable
governmental bodies—could provide a similar certification effect (Lerner, 1999; Colombo,

15

However, whether onincubator location has any effect on choices by tenant firms concerning type of partners
involved in EURJVs remains to be tested. Hence, whether these organizations help NTBFs in joining forces with
suitable partners is questionable.
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Giannangeli, and Grilli, 2009). A strength of this type of scheme (that has, so far, gone quite
unnoticed) is that they could help the beneficiary NTBFs find suitable alliance partners, which in
turn would positively affect firm performance.
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Table 1. Distribution of sample firms and firms involved in EUfunded research joint ventures
(EURJVs), by industry and geographical area
Sample firms

Industry
ICT manufacturing
Robotics and automation equipment
Biotechnologies, pharmaceutics, and
advanced materials
Software
Internet and telecommunications
services
Total
Geographic area
Northwest
Northeast
Central
South
Total

Firms involved in
EURJVs

N. (a)

%

N. (b)

%

EURJVs
participation
rate
(b)/(a)%

57
25

21.5
9.0

6
2

25.0
8.3

10.5
8.0

14
92

5.3
30.0

3
9

12.5
37.5

21.4
9.8

77

29.1

4

16.6

5.2

265

100.0

24

100.0

9.0

128
65
43
29
265

48.3
24.5
16.2
10.9
100.0

7
4
10
3
24

29.2
16.7
41.7
12.5
100.0

5.5
6.2
23.2
10.3
9.0

Page 46 of 53

< Effects of international R&D alliances on performance of high
tech startups: a longitudinal analysis>
Table 2. Characteristics of EURJVs in which sample firms participated from 1994 to 2003

Number of EURJVs per firm (calculated only for the NTBFs that
have participated in one or more EURJVs)
Number of partners per EURJV
Number of industrial partners per EURJV
Number of academic partners per EURJV
Number of other partners per EURJV
Number of foreign countries in which partners are located per
EURJV
Number of foreign countries in which industrial partners are
located per EURJV
Number of foreign countries in which academic partners are
located per EURJV
Number of foreign countries in which other partners are
located per EURJV

Mean

S.D.

Min.

Max.

3.3

3.3

1.0

15.0

9.3
3.9
3.6
1.8

13.1
6.8
8.9
1.9

1.0
0.0
0.0
0.0

94.0
58.0
77.0
10.0

3.7

2.7

1.0

21.0

1.9

1.7

0.0

10.0

1.9

2.6

0.0

18.0

1.1

1.2

0.0

5.0
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Table 3. Definitions of explanatory variables
Variable

Definition

Participation in EURJVs
NumberEURJVsit

Number of EURJVs in which NTBF i participates at year t

SqNumberEURJVsit

Squared value of the number of EURJVs in which NTBF i participates at year t

CountriesIndustrialPartnersit

International heterogeneity of the portfolio of industrial partners involved in the
EURJVs in which NTBF i participates at year t, measured by the number of foreign
countries where they are located

SqCountriesIndustrialPartnersit

Squared value of the measure of the international heterogeneity of the portfolio of
industrial partners involved in the EURJVs in which NTBF i participates at year t

CountriesAcademicPartnersit

International heterogeneity of the portfolio of academic partners involved in the
EURJVs in which NTBF i participates at year t, measured by the number of foreign
countries where they are located

CountriesOtherPartnersit

International heterogeneity of the portfolio of other (i.e., nonindustial and
nonacademic) partners involved in the EURJVs in which NTBF i participates at year
t, measured by the number of foreign countries where they are located

IndustrialPartnerPerCountryit

Number of industrial partners involved in the EURJVs in which NTBF i participates
at year t divided by the number of foreign countries where they are located

AcademicPartnerPerCountryit

Number of academic partners involved in the EURJVs in which NTBF i participates
at year t divided by the number of foreign countries where they are located

OtherPartnerPerCountryit

Number of other partners involved in the EURJVs in which NTBF i participates at
year t divided by the number of foreign countries where they are located

Proximity variables
KnowledgeProxit

Average value of the rescaled measures of proximity to knowledge (Nachum et al.,
2008) of the countries of the industrial partners involved in the EURJVs in which
NTBF i participates at year t

MktProxit

Average value of the rescaled measures of proximity to market (Nachum et al., 2008)
of the countries of the industrial partners involved in the EURJVs in which NTBF i
participates at year t

ResourceProxit

Average value of the rescaled measures of proximity to resources (Nachum et al.,
2008) of the countries of the industrial partners involved in the EURJVs in which
NTBF i participates at year t

KnowledgeHomeCountryit

Average value of the R&D expenses in the home countries of the industrial partners
involved in the EURJVs in which NTBF i participates at year t

MktHomeCountryit

Average value of the market size, operationalized by purchasing power parity (PPP)
per capita GDP in the home countries of the industrial partners involved in the
EURJVs in which NTBF i participates at year t

ResourceHomeCountryit

Average value of the labor resources, operationalized by the number of people of
working age, in the home countries of the industrial partners involved in the EURJVs
in which NTBF i participates at year t

Firm and founder characteristics
Ageit

Number of years since firm’s foundation at year t

Patentit1

Patent stock of NTBF i at year t−1. Calculated as: Patentt1 = (1 − 0.15)Patentt2 +
NPatentt1, where 0.15 is the Griliches constant depreciation rate of the patent stock
and NPatentt1 is the number of granted patents which were applied by NTBF i at year
t−1

Page 48 of 53

< Effects of international R&D alliances on performance of high
tech startups: a longitudinal analysis>
DIVCit1

One for firms that up to year t1 have obtained venture capital financing from an
independent financial intermediary

DCVCit1

One for firms that up to year t1 have obtained corporate venture capital financing

DebtOnAssetsit1

Debts to total assets ratio at year t1

CFOnSalesit1

Cash flow to sales ratio at year t1

NFoundersi

Number of founders

EcoEducationi

Number of years of founders’ university education in economics and management

TecEducationi

Number of years of founders’ university education in technical and scientific fields

SpecWorkExpi

Number of years of work experience gained by founders in the same sector of NTBF
i before the firm’s foundation

OthWorkExpi

Number of years of work experience gained by founders in other sectors than the one
of NTBF i before the firm’s foundation

LocDevelopi

Value of the index measuring regional infrastructures in 1992 (mean value among
Italian regions = 100; source, Centro Studi Confindustria, 1991)

DASUi

One for academic startups (i.e., firms with at least one founder with previous
research work experience in a university or other public research organization), and
zero otherwise
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Table 4. Descriptive statistics of explanatory variables of econometric models
Variable

NumberEURJVsit
SqNumberEURJVsit
CountriesIndustrialPartnersit
SqCountriesIndustrialPartnersit
CountriesAcademicPartnersit
CountriesOtherPartnersit
IndustrialPartnerPerCountryit
AcademicPartnerPerCountryit
OtherPartnerPerCountryit
KnowledgeProxit
MktProxit
ResourceProxit
KnowledgeHomeCountryit
MktHomeCountryit
ResourceHomeCountryit
Ageit
Patentit1
DIVCit1
DCVCit1
DebtOnAssetsit1
CFOnSalesit1
NFoundersi
EcoEducationi
TecEducationi
SpecWorkExpi
OthWorkExpi
LocDevelopi
DASUi

Number of
observations
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532
1,532

Mean

S.D.

Min.

Max.

0.107

0.556

0.000

7.000

0.320
0.111
0.350
0.124
0.067
0.091
0.068
0.056
0.010
0.048
0.020
0.085
0.001
1.497
8.569
0.124
0.033
0.073
0.699
0.054
2.973
0.217
2.131
4.106
7.861
114.673
0.113

2.618
0.582
3.103
0.652
0.368
0.482
0.323
0.273
0.072
0.198
0.095
0.384
0.005
6.835
5.518
0.680
0.179
0.260
0.193
0.286
1.956
0.711
2.292
5.849
8.454
32.533
0.317

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
1.000
0.000
0.000
0.000
0.046
4.388
1.000
0.000
0.000
0.000
0.000
0.000
0.000

49.000
8.000
64.000
7.000
4.000
7.250
4.048
2.250
1.000
1.000
1.000
2.830
0.029
55.869
23.000
9.000
1.000
1.000
1.572
3.617
21.000
4.000
8.000
23.000
49.000
174.700
1.000

Table 5. Effects of the characteristics of EURJVs on total factor productivity of new technology
based firms
Model 1

Model 2

γ1
γ2
γ3
γ4
γ5
γ6
γ7
γ8
γ9

EURJVit
NumberEURJVsit
SqNumberEURJVsit
CountriesIndustrialPartnersit
SqCountriesIndustrialPartnersit
CountriesAcademicPartnersit
CountriesOtherPartnersit
IndustrialPartnerPerCountryit
AcademicPartnerPerCountryit
OtherPartnerPerCountryit











0.108
0.049
0.456
0.009
0.278
0.035




β1
β2
β3
β4

Proximityit
KnowledgeProxit
MktProxit
ResourceProxit
KnowledgeHomeCountryit






3.929 (2.183)*
0.276 (1.823)
3.506 (3.455)


(0.436)
(0.060)
(0.660)
(0.074)
(0.158)*
(0.190)

Model 3

0.265

0.436

0.273
0.061




(0.118)**
(0.168)**
(0.140)*
(0.263)

3.878 (1.725)**
0.304 (0.785)
3.046 (2.341)


Model 4

0.250

0.733

0.084
0.176
0.531
0.236
1.105

(0.240)
(0.255)***
(0.145)
(0.213)
(0.281)*
(0.444)
(0.439)**

3.276 (1.532)**
1.393 (0.995)
2.426 (2.048)
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β5
β6

MktHomeCountryit
ResourceHomeCountryit

λ

Ageit

δ1
δ2
δ3
δ4
δ5
δ6
δ7
δ8
δ9
δ10
δ11
δ12
α

Zit
Patentit1
DIVCit1
DCVCit1
DebtOnAssetsit1
CFOnSalesit1
NFoundersi
EcoEducationi
TecEducationi
SpecWorkExpi
OthWorkExpi
LocDevelopi
DASUi
Constant
Wald tests
H0: EURJVit =0
H0: Proximityit=0
H0: γ1 = γ2 = 0
H0: γ3 = γ4 =0
Observations
Groups
Hansen test
AR(1)
AR(2)



0.041 (0.010)***

0.051
1.506
0.560
0.607
0.395
0.014
0.101
0.014
0.015
0.000
0.003
0.304
1.297

(0.129)
(0.686)**
(0.522)
(0.286)**
(0.221)*
(0.030)
(0.070)
(0.028)
(0.011)
(0.009)
(0.002)*
(0.197)
(0.296)***



0.032 (0.011)***

0.107
0.998
0.139
0.624
0.402
0.000
0.084
0.004
0.010
0.000
0.003
0.278
1.157

(0.110)
(0.729)
(0.436)
(0.275)**
(0.222)*
(0.009)
(0.072)
(0.026)
(0.012)
(0.009)
(0.002)*
(0.241)
(0.288)***



0.029 (0.011)***

0.092
1.013
0.148
0.604
0.436
0.001
0.080
0.004
0.010
0.002
0.003
0.273
1.139

(0.105)
(0.687)
(0.440)
(0.285)**
(0.205)**
(0.030)
(0.072)
(0.026)
(0.012)
(0.009)
(0.002)*
(0.221)
(0.285)***



0.031 (0.010)***

0.103
0.995
0.112
0.611
0.385
0.006
0.093
0.009
0.011
0.000
0.002
0.302
1.115

(0.081)
(0.612)
(0.268)
(0.276)**
(0.197)*
(0.030)
(0.070)
(0.025)
(0.012)
(0.009)
(0.002)*
(0.210)
(0.272)***






23.91 (6)***
7.28 (3)*
5.76 (2)*
6.61 (2)**

18.19 (4)***
19.25 (3)***



28.79 (7)***
22.83 (3)***



1532
265
36.85 (43)
3.35***
1.15

1532
265
43.54 (109)
3.24***
1.18

1532
265
45.13 (107)
3.17***
1.21

1532
265
41.82 (108)
3.27***
1.16

Legend: * p < 0.10; ** p < 0.05; *** p < 0.01. Estimates are obtained through a twostep GMMSYS estimator with
finite sample correction for standard errors in accordance with Windmeijer (2005). Standard deviation in round
brackets; degrees of freedom in square brackets. The EURJV vector is considered endogenous while all other variables
are exogenous. To limit possible finite sample bias and potential distortions by measurement errors (e.g., Bond 2002)
we restrict moment conditions of endogenous variables to the interval t3 and t4. Estimates employ extraneous
information provided by additional exogenous instruments capturing NTBFs’ sectoral propensities to participate in
EURJVs and invest in R&D and engineering activities.
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APPENDIX
Table A1. Test for survivorship bias: withingroup (WG) and generalized method of moments
system (GMMSYS) estimates

γ1
γ2
γ3
γ4

EURJVit
NumberEURJVsit
CountriesIndustrialPartnersit
CountriesAcademicPartnersit
CountriesOtherPartnersit

β1
β2
β3

Proximityit
KnowledgeProxit
MktProxit
ResourceProxit

λ

Ageit

δ1
δ2
δ3
δ4
δ5
δ6
δ7
δ8
δ9
δ10
δ11
δ12
δ13
α

Zit
Patentit1
DIVCit1
DCVCit1
DebtOnAssetsit1
CFOnSalesit1
NFoundersi
EcoEducationi
TecEducationi
SpecWorkExpi
OthWorkExpi
LocDevelopi
DASUi
InverseMillsRatioit
Constant
Wald tests
H0: EURJVit =0
H0: Proximityit=0
Observations
Groups
Hansen test
AR(1)
AR(2)

Model a1

Model a2

Model a3

(WG estimator)

(WG estimator)

(GMMSYS estimator)

0.081
0.070
0.073
0.071

(0.034)**
(0.049)
(0.051)
(0.057)

0.089
0.069
0.073
0.079

(0.039)**
(0.048)
(0.051)
(0.061)

0.259
0.431
0.276
0.073

(0.122)**
(0.165)***
(0.139)**
(0.248)

2.210
0.374
1.843
0.030

(0.900)**
(0.400)
(1.161)
(0.006)***

2.236
0.424
1.843
0.014

(0.908)**
(0.395)
(1.167)
(0.028)

3.945
0.209
3.148
0.030

(1.779)**
(0.743)
(2.431)
(0.012)**

0.025
0.857
0.280
0.533
0.441








0.650

(0.028)
(0.652)
(0.234)
(0.155)***
(0.149)***

0.001
0.829
0.455
0.537
0.443







2.372
3.937

(0.035)
(0.573)
(0.324)
(0.173)***
(0.155)***

0.104
1.069
0.126
0.637
0.427
0.003
0.076
0.003
0.010
0.002
0.003
0.279
0.055
1.059

(0.103)
(0.639)
(0.563)
(0.284)**
(0.190)**
(0.030)
(0.068)
(0.026)
(0.012)
(0.009)
(0.002)
(0.218)
(0.245)
(0.520)**

(0.149)***

(3.778)
(5.184)

3.49 (4)***
8.28 (3)***

3.37 (4)***
7.83 (3)***

19.87 (4)***
16.98 (3)***

1532
265




1507
261




1507
261
44.64 (105)
3.17***
1.21

Legend: * p < 0.10; ** p < 0.05; *** p < 0.01. Estimates are obtained through a twostep GMMSYS estimator with
finite sample correction for standard errors in accordance with Windmeijer (2005). Standard deviation in round
brackets; degrees of freedom in square brackets. The EURJV vector is considered endogenous while all other variables
are exogenous. To limit possible finite sample bias and potential distortions by measurement errors (e.g., see Bond
2002) we restrict moment conditions of endogenous variables to the interval t3 and t4. Estimates employ extraneous
information provided by additional exogenous instruments capturing NTBFs’ sectoral propensities to participate in
EURJVs and invest in R&D and engineering activities.
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