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Abstract

This study examines how research collaboration of firms affects the quality of their
innovation outcomes using comprehensive patent data for firms in the world from
1991 to 2010. Identifying research collaboration by co-patenting relationships, we
find that research collaboration with other firms, particularly with foreign firms,
leads to substantial improvement in innovation quality. We also observe a positive
effect of the brokerage in the global network, especially for firms with international
collaboration links. These results are applicable to the effect on the quality of inno-
vation achieved individually without any collaboration. Therefore, our findings
emphasize the importance of links with a variety of partners, particularly with for-
eign partners to improve innovation performance. Finally, we find that the collabora-
tion effect is larger in the 2000s than in the 1990s and varies depending on firm size
and across countries.

Keywords Research collaboration - Network - Innovation - Co-patenting

JEL Classification F14 - F23 - L14

1 Introduction

Because innovation is the ultimate source of economic growth (Romer 1990), how
innovation can be promoted is one of the central issues among academic researchers,
business persons, and policymakers. As innovation is mostly generated from a com-
bination of different types of knowledge (Schumpeter 1934), knowledge diffusion
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through networks of individuals and organizations is an important driver of innova-
tion (Jackson 2010; Romer 1990). Accordingly, the effect of networks on innova-
tion performance has recently been examined extensively in the literature as sur-
veyed in Phelps et al. (2012). In the literature, a major type of network that conduits
knowledge diffusion is a research collaboration among researchers and organizations
(Ahuja 2000; Belderbos et al. 2014; Fleming et al. 2007a, b; Forti et al. 2013; Gon-
zalez-Brambila et al. 2013; Haus-Reve et al. 2019), while some other types, such as
supply chains (Fitjar and Rodriguez-Pose 2013; Todo et al. 2016) and interpersonal
interactions (Brennecke and Rank 2017; Perry-Smith 2006; Sosa 2011), can also
facilitate knowledge diffusion.

This paper particularly focuses on the effect of research collaboration among
firms in the world economy, because inter-firm knowledge linkages across countries
have been strengthened recently due to the expansion of global value chains (Bald-
win 2016) and the recognition of the importance of open innovation (Chesbrough
2003). Many existing studies have already examined the effect of inter-firm research
collaboration, although the mainstream of the literature has focused on collaboration
between scientific researchers and between firms and universities (Chen et al. 2019,
Phelps et al. 2012). However, the literature has not reached a consensus or conclu-
sion in the following five aspects, as we will explain in more detail in the next sec-
tion on the literature review.

An important aspect of research collaboration is internationality (Chen et al.
2019). On the one hand, collaboration partners in the same country are geographi-
cally and technologically similar to each other. This proximity may facilitate more
diffusion of knowledge due to smaller transport and transaction costs and thus more
innovation. On the other hand, proximate linkages may also lead to less innovation
due to overlapped and redundant knowledge shared among neighbors (Berliant and
Fujita 2008; Boschma 2005; Boschma and Frenken 2010).

The number of each firm’s collaboration partners can also affect the innovation.
The number of partners, or the degree centrality, may be related to the amount of
accessible knowledge and thus be positively associated with innovation. However,
creating and maintaining many collaboration ties may be too costly in terms of phys-
ical transportation, social communication, and administration (Phelps et al. 2012).

How densely a firm’s collaborators are connected with each other also matters to
innovation. On one hand, when the firm’s partners also collaborate with each other,
the firm and its partners are more likely to trust each other and thus be willing to
share knowledge (Coleman 1988), resulting in more innovation. On the other hand,
because knowledge of a firm’s partners already connected may be overlapped with
each other and redundant (Burt 1992), the firm’s dense ego-networks may not be
able to facilitate innovation.

Further, Burt (1992) conceptualizes “structural holes” through which agents are
connected directly and indirectly to diverse partners in a network. Although Burt
(1992, 2004) argues that brokers that fill structural holes and connect different groups
can obtain more knowledge and thus perform better, firms liked with diverse partners
may not be able to exchange much knowledge due to lack of strength of ties.

Another factor that has mostly been neglected in the literature is whether or not
a research collaboration improves the ability of the participant firms and thus the
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quality of their subsequent innovation without any collaboration. Most of the exist-
ing studies examined how research collaboration affects innovation without dis-
tinguishing between outcomes achieved by collaborative and individual research
activities. Therefore, although some research collaboration is found to improve the
quality of innovation achieved by the collaboration, it is still unclear whether or not
the collaboration raises the ability of collaboration partners.

The present study re-examines these issues, using a comprehensive firm-
level panel dataset of 534,569 patent-holding firms in the world for the period
1991-2010." We identify the global research collaboration network among firms
by patent co-ownership or co-patenting. We realize that co-patenting relationships
capture only a subset of successful research collaboration (Briggs 2015) due to, for
example, firms’ reluctance to disclose the new knowledge to the public through pat-
enting and legal and institutional complication of value appropriation from co-pat-
enting (Belderbos et al. 2014; Hagedoorn 2003; Hagedoorn et al. 2003). However,
we use this identification so that we can cover a substantially large number of firms
in the world including small- and medium-sized enterprises (SMEs) in developed,
emerging, and even some developing countries, thanks to the richness of patent data.

Using the dataset, we find that co-patenting with other firms, particularly with
foreign firms, leads to substantial improvement in the quality of firms’ innovation.
In addition, the structure of the firm’s co-patenting network is found to influence
its innovation performance. Most notably, when a firm bridges a larger variety of
firms in the global co-patenting network, its performance is higher, suggesting the
important role of diverse linkages in innovation. These results are applicable to the
effect on the quality of innovation achieved individually without any co-patenting,
although the size of the effect on innovation without co-patenting is smaller than
that with co-patenting. Hence, there is a possibility that research collaboration raises
the collaborating firms’ innovative ability. Finally, we find that the co-patenting
effect is larger in the 2000s than in the 1990s and varies across countries.

We contribute to the empirical literature on the effect of inter-firm research col-
laboration on innovation performance in the following five aspects. First, we use a
large-scale dataset for more than a half-million firms in the world to evaluate how
the global research collaboration network of firms affects the quality of their innova-
tion. Existing studies often use smaller samples, typically of several hundred R&D-
intensive firms. Although these data may capture research collaboration among
firms more accurately than ours, the larger coverage of our data enables us to apply
the results to more general settings. Second, we distinguish between the effect of
intra- and international research collaboration, finding a substantially larger effect of
the latter. This adds to the evidence in the literature supporting a larger effect of dis-
tant ties than of proximate ties. Third, we also highlight differences between intra-
and international collaboration in the effect of network characteristics, showing that
brokerage in the international network can promote more innovation than broker-
age in an intra-national network. Fourth, we estimate the effect of collaboration on

! The sample for estimations is smaller because of data cleaning, but the measures of research collabora-
tion networks are calculated based on the 534,569 firms.
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the quality of innovation achieved individually without collaboration to confirm that
innovation capacity is expanded by research collaboration. This examination has not
been conducted, to the best of the authors’ knowledge. Finally, we carefully inves-
tigate cross-country variations in the characteristics of firms’ research collaboration
and the resulting effect on performance. Based on the examination, we provide prac-
tical policy implications in general as well as specific to some countries. The closest
works to ours are Belderbos et al. (2014) and Briggs (2015) who also use large-scale
patent data to examine the effect of international co-patenting on citations. However,
these two works do not incorporate any measure of network structure.

The structure of the paper is as follows. The next section provides testable hypoth-
eses based on theoretical considerations in the literature, whereas Sect. 3 describes
the data and variables used in the estimation, including cross-country comparison
and network structure. Section 4 explains the estimation equation and methodology,
and Sect. 5 presents the results. Section 6 summarizes and discusses the results and
provides policy implications.

2 Literature review, conceptual framework, and hypotheses

This section summarizes the literature on the effect of inter-firm research collabora-
tion and alliances on innovation® to generate our conceptual framework and empiri-
cal hypotheses.

2.1 Effect of research collaboration

Inter-firm research collaboration generates knowledge networks among firms that
can be a major channel of knowledge diffusion (Owen-Smith and Powell 2004).
Research collaboration enables firms to exchange new knowledge and information
about scientific and engineering technologies from each other and hence improves
the quantity and quality of innovation outcomes. Positive effects of research collabo-
ration on innovation are widely found in the literature using various specifications
and data. For example, Ahuja (2000) and Gilsing et al. (2008) find that inter-firm
alliances increase the number of patents granted to firms, a measure of the quantity
of innovation widely used in the literature, whereas Phelps (2010) shows a positive
effect on the number of citations received by patents of each firm, a measure of the
quality of innovation. These studies use databases in which inter-firm collaborations
and alliances are identified by surveys and texts, such as the MERIT-CATI data-
base, the Dow Jones News Retrieval Text Index, Lexis-Nexis, and the SDC Alliance
Database. By contrast, Belderbos et al. (2014) examine the effect of co-patenting,

2 Many studies examine similar issues using data for research collaboration among scientific researchers,
among universities, and between firms and universities. However, we focus on the literature on inter-
firm collaboration, because of the specific interest of this study. Our literature review also includes some
studies that identify co-ownerships of patents in general, including those among firms, universities, and
institutions, such as Briggs (2015), Fleming et al. (2007b), Guan and Liu (2016) and Guan et al. (2017).
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considering that research collaboration can result in co-patenting, and find its posi-
tive effect on the number of patents granted. Provided the literature, we re-visit the
following hypothesis on the effect of research collaboration in general, focusing
more on the quality of innovation, rather than its quantity.

Hypothesis 1 The firm’s innovation quality with research collaboration is higher
than the firms without it.

2.2 Effect of international research collaboration

In addition to the presence of research collaboration, characteristics of collaboration
partners should also affect innovation. A particular characteristic examined in the
literature is geographic and technological distance to collaboration partners. On the
one hand, geographically and technologically proximate linkages often observed in
practice (D’Este et al. 2012; Hoekman et al. 2009; Hong and Su 2013) may facili-
tate more diffusion of knowledge due to smaller transport and transaction costs and
thus more innovation. On the other hand, proximate linkages may not be effective to
innovation due to overlapped and redundant knowledge (Berliant and Fujita 2008;
Boschma 2005; Boschma and Frenken 2010) as a result of knowledge sharing within
regions and industries (Audretsch and Feldman 1996; Jaffe et al. 1993; Murata et al.
2014). In other words, firms can learn more from international collaboration than
from intranational collaboration, because knowledge of foreign collaborators may
not be available domestically.

In the inter-firm network literature, a larger positive effect of geographically dis-
tant linkages on innovation than of proximate linkages is found in some studies (Fit-
jar and Rodriguez-Pose 2013; Todo et al. 2016), while others find that the effect of
research collaboration deteriorates with the distance between collaborators (Whit-
tington et al. 2009). Belderbos et al. (2014) find a positive effect of inter-industry
research and development (R&D) collaboration on innovation quality measured by
the number of patent citations and the firm value measured by Tobin’s g, while the
effect of intra-industry collaboration is mixed. According to Gilsing et al. (2008),
technological distance between firms in technological alliances has an inverted
U-shaped effect on the number of patents. These results suggest that the mechanism
behind knowledge diffusion across geographical and technological spaces is quite
complex.

A growing number of studies examine international research collaboration, a par-
ticular type of collaboration with geographically and technologically distant part-
ners (Chen et al. 2019). The results are also mixed. For example, Briggs (2015)
regards that co-patenting can capture part of research collaboration and shows a
positive effect of multi-country co-patenting on the number of citations at the pat-
ent level. Gertler and Levitte (2005) find that the participation of foreign researchers
improves firms’ patenting activities. However, Ebersberger and Herstad (2013) show
that international collaboration does not significantly affect innovation performance
of relatively backward SMEs, whereas Phelps (2010) indicates a negative effect
of international alliance on the number of citations to firms’ patents. These results
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suggest that the benefits of international collaboration are not always realized pos-
sibly because linguistic, cultural, and institutional barriers hinder knowledge diffu-
sion among collaborators (Chen et al. 2019). Accordingly, we propose contrasting
hypotheses as follows:

Hypothesis 2a The effect of international research collaboration on a firm’s innova-
tion quality is higher than the effect of domestic collaboration.

Hypothesis 2b The effect of international research collaboration on a firm’s innova-
tion quality is lower than the effect of domestic collaboration.

2.3 Effect of characteristics of firms’ collaboration network

Moreover, the structure of each firm’s egocentric (ego) network should affect the
quality of innovation. We particularly focus on the following three characteristics of
the ego network often examined in the literature.

First, when firms are engaged in research collaboration with more firms, they
can obtain more knowledge from their partners and hence better improve the qual-
ity of their innovation outcomes. This prediction is empirically supported by Ahuja
(2000), Baum et al. (2000), Owen-Smith and Powell (2004), Shan et al. (1994) and
Stuart (2000). However, creating and maintaining many collaboration ties may be
costly in terms of physical transportation, social communication, and administra-
tion (Phelps et al. 2012). Accordingly, other studies, such as Guan and Liu (2016),
find an inverted U-shaped relationship between the number of collaboration partners
and innovation performance. Therefore, our hypotheses consider two possibilities
regarding the effect of the number of collaboration links.

Hypothesis 3a A firm’s innovation quality is higher when it collaborates with more
firms.

Hypothesis 3b A firm’s innovation quality is lower when it collaborates with more
firms.

Second, knowledge diffusion to the focal firm is affected by not only how the
focal agent is connected with its partners, but also how its partners are connected
with each other (Barabési 2016; Jackson 2010). For example, in a network in which
firms are densely connected with each other, agents are more likely to trust each
other and thus are more willing to share information (Coleman 1988), leading to
more innovation. However, because the knowledge of agents in a dense network
tends to be overlapped and redundant, as in the case of geographically or technologi-
cally proximate linkages, dense networks can be less effective in the diffusion of new
knowledge than networks in which agents are connected to those in different groups
more (Burt 1992, 2004). The two opposing theoretical predictions are consistent
with mixed empirical results. Some studies find a positive correlation between the
density of a firm’s ego-network, i.e., how much its partners are connected with each
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other, and innovation performance (Ahuja 2000; Phelps 2010). However, others
show an inverted U-shaped effect of the density on innovation (Gilsing et al. 2008;
Rost 2011). That is, the effect of the density is positive when the level of the density
is low but negative when it is sufficiently high, and thus, the medium level of the
density is optimal in promoting innovation. Accordingly, we presume the two pos-
sibilities in the following two contrasting hypotheses.

Hypothesis 4a A firm’s innovation quality is higher when its research collaboration
partners are densely connected.

Hypothesis 4b A firm’s innovation quality is higher when its research collaboration
partners are not densely connected.

Third, Burt (1992, 2004) argues and empirically finds that nodes that are con-
nected with a variety of nodes and thus that bridge different groups of nodes can
receive a variety of knowledge and perform better. This argument is closely related
to that of Granovetter (1973), that an individual obtains more valuable information
from weak ties, ties with partners the individual does not frequently meet or does
not closely interact with than from strong ties, ties with close friends and relatives.
Burt (1992) develops a measure to represent the level of brokerage for each node
in a network. The measure, Burt’s constraint measure, which is defined in detail in
the next section, is negatively related to the level of brokerage and thus is small
when the focal agent is bridging various types of groups in the network. Burt’s
constraint measure is positively correlated with innovation performance in Ahuja
(2000), implying that more clustered networks lead to more innovation. However,
Rost (2011) and Guan et al. (2017) find the relationship between the constraint
measure and measures of innovation statistically insignificant. These findings imply
that network brokerage may positively or negatively affect innovation performance,
depending on the situation, as suggested by Fleming et al. (2007b). Accordingly, our
hypotheses related to network brokerage are as follows:

Hypothesis 5a A firm’s innovation quality is higher when Burt’s constraint measure
is higher.

Hypothesis 5b A firm’s innovation quality is higher when Burt’s constraint measure
is lower.

2.4 Effect on non-collaborative innovation

When firms collaborate for a particular innovation, they can combine different types
of knowledge specific to each firm, and thus are more likely to achieve innovation
of higher quality than when they conduct research activities individually. However,
this quality improvement from research collaboration does not necessarily mean
that the knowledge base of each firm in the collaboration network expands because
the knowledge exchanged in the collaboration may be specific to the innovation and

@ Springer



12 The Japanese Economic Review (2021) 72:5-48

may not be applied to other innovations. Alternatively, although various knowledge
is utilized for the collaboration, it is not fully disclosed to collaboration partners
and thus cannot be utilized afterwards. In either case, a firm’s research collabora-
tion with others may not improve the knowledge capital of the firm or the quality of
innovation outcomes achieved by the firm’s subsequent individual research activities
without collaboration. If this is the case, the benefits of research collaboration do not
persist in the long term and are quite limited.

Although this issue is important, existing studies in the literature typically exam-
ine the effect of collaboration on innovation performance at the firm level (Ahuja
2000; Belderbos et al. 2014; Gilsing et al. 2008; Owen-Smith and Powell 2004;
Phelps 2010; Whittington et al. 2009), researcher level (Fleming et al. 2007a, b;
Forti et al. 2013; Gonzalez-Brambila et al. 2013; Rost 2011), or patent level (Briggs
2015) and do not distinguish between innovation performance from research activi-
ties conducted individually and jointly. Therefore, this study tests the following con-
trasting hypotheses.

Hypothesis 6a The quality of innovation achieved only by a firm without research
collaboration improves when the firm is engaged in research collaboration.

Hypothesis 6b The quality of innovation achieved only by a firm without research
collaboration does not improve when the firm is engaged in research collaboration.

3 Data
3.1 Construction of data

To test the hypotheses in the previous section, our empirical analysis utilizes data for
patent-holding firms in the world, taken from the Orbis dataset compiled by Bureau
van Dijk (BvD). It includes various firm attributes, in addition to information on
patents granted to each firm that is originally provided by PATSTAT. PATSTAT
contains detailed information of patents, such as the patent identification number,
date of filing, name and address of applicants and owners, country code, interna-
tional patent classification, abstract, and identification numbers of patents cited by
the focal patent.

In this study, we utilize data for patents that were applied for from 1991 to 2010
and granted by 2014, the final year in our dataset. We exclude patents applied for in
the most recent four years because it takes several years for an applied patent to be
actually granted. Harhoff and Wagner (2009) report that the average duration from
the application of a patent to EPO to its grant was 4.36 and 5.10 years in 1991 and
1998, respectively. Therefore, many patents applied for in recent years have not been
granted and thus are not included in our data.

BvD aggregates the patent data at the firm level. This is possible because BvD
assigns an identification number to each firm in the Orbis data and identifies the
identification number of each patent owner firm in PATSTAT, by matching firm
names reported in PATSTAT and the Orbis. Therefore, the Orbis data can identify
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co-patenting networks among firms quite accurately. However, it should be noted
that because BvD focuses on companies as their business target, non-firm pat-
ent owners, such as universities, public research institutions, and individuals, are
excluded from our sample.

In this study, we focus on firms that were granted any patent during the period
1991-2010. The total number of patents owned by any firm with an identification
number assigned by BvD in this period is 26,181,824, and the number of firms that
have been granted any patent is 534,569.

To locate each firm, we use its addresses recorded in the Orbis data. Thus, a pat-
ent can be assigned to multiple countries because of possible multiple owners. The
number of patents for firms located in each of the top six countries is 8,506,558
for Japan, 6,528,207 for the United States (US), 2,833,394 for Germany, 1,547,916
for South Korea, 1,043,371 for France, and 972,034 for China. These six countries
account for approximately 80% of all patents.

Although patent-holding firms are generally larger than non-patent holders, we
should note that our sample includes many SMEs, as the number of workers of
the bottom 10% firm in our sample is just five whereas its median is 128. Accord-
ingly, most firms in our sample do not apply for patents frequently but rather once
every few years. Therefore, rather than using annual panel data, we divide the whole
20-year period into four five-year periods, 1991-1995, 1996-2000, 2001-2005, and
2006-2010.

Our rich dataset allows us to construct a measure of the citations the patents of
each firm receive. Because a patent cites another patent when the former is influ-
enced by the latter, the number of forward citations and the number of forward
citations per patent are often regarded as an indicator of the quality of innovation
(Griliches 1998; Nagaoka et al. 2010; Trajtenberg 1990) and are used in the litera-
ture on the effect of the firm network on innovation (Belderbos et al. 2014; Briggs
2015; Rost 2011). We first count the number of forward citations that the focal pat-
ent received from subsequent patents, excluding self-citations. A citation of patent
A by patent B is defined as a self-citation if patents A and B share any firm as their
owners.

Our key measure of innovation quality is the number of citations at the firm level.
We count the number of citations each patent receives during the whole period in
our entire data, i.e., from 1991 to 2014. Some studies fix the period (window) in
which patents receive citations, e.g., for four or seven years after the application
(Belderbos et al. 2014; Phelps 2010). However, we find that some patents are cited
for a long period after their applications. For example, 49% of citations to patents
applied for in 1991 were cited 10 years after the application or later. To incorporate
the long duration of patent citations, we count all citations that each patent receives
during the whole period in our data when we measure the quality of each patent.
However, the number of citations tends to be smaller for more recent patents than
for earlier ones. For example, a patent applied for in 1991 receives more citations
than that with the same quality applied for in 2010, simply because of the longer
time period after the application for the former. To account for the differences in the
number of citations stemming from differences in application years, we standardize
the number of citations by dividing it by the average number of citations in each
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year and summing it up over the 5-year period. Specifically, the standardized meas-
ure of the number of citations for firm i in 5-year period #, CITATION;,, is given by
CITATION” _ Z citation,,

e avecitation, ’ (D

where citation;, is the number of citations that patents applied for in year y and
owned by firm i receive from year y to 2014 and avg_citation, is the average
number of citations to patents applied for in year y from y to 2014. Therefore,
citation,, /avg_citation, represents the number of citations to patents applied for in a
particular year standardized by its average.

Using the data, we also create measures of the co-patenting network of firms,
i.e., the network in which firms are connected through the co-ownership of patents.
Identifying the co-patenting network is possible because each owner firm of a pat-
ent is provided with an identification number in the Orbis dataset. The number of
patents with more than one owner is 959,363, or 3.7% of the total number of patents,
whereas the number of firms that co-own any patent with other firm or institution
is 89,175, or 17% of those that own any patent. The total number of links in the co-
patenting network is 166,183. The number of patents whose owners are located in
more than one country, or internationally co-owned patents, is 248,909, or 0.95% of
all patents, whereas the number of firms that co-own any patent with a foreign firm
or institution is 20,445, or 3.8% of patent-holding firms.

We regard a co-patenting relationship between two firms as an indication of their
research collaboration, because research collaboration can result in co-ownership
of its outcomes, i.e., patents (Belderbos et al. 2014; Briggs 2015; Hagedoorn et al.
2003). In practice, however, firms may not co-own patents generated from their
research collaboration because of their strategic decision to avoid possible legal
and institutional complications in co-patenting (Hagedoorn 2003). Empirically,
Hagedoorn et al. (2003) fail to show a significant correlation between research col-
laboration and co-patenting. Belderbos et al. (2014) find that co-patenting does not
necessarily improve Tobin’s g of firms, suggesting that this may be because values
from co-patenting are difficult to appropriate to patent co-owners. Therefore, some
existing studies utilize firm-level data in which research collaboration and alliances
are identified from surveys, news media, and business reports (Ahuja 2000; Owen-
Smith and Powell 2004; Phelps 2010; Rost 2011; Whittington et al. 2009), such as
the community innovation surveys (CIS) (Belderbos et al. 2006; Ebersberger and
Herstad 2013; Haus-Reve et al. 2019) and the CATI database of MERIT (Gilsing
et al. 2008; Hagedoorn et al. 2003). However, the present study relies on co-patent-
ing links to identify research collaboration to cover a large number of firms around
the world, following Belderbos et al. (2014) and Briggs (2015).

Firm attributes, such as sales and the number of employees, are included in the
Orbis dataset. However, these attributes for most firms are available only from 2007
to 2014, while for a small sub-sample of firms they are also available from 1991
to 2010, our sample period. Therefore, our benchmark estimation does not use any
firm attribute information from Orbis but only use the location and industry clas-
sification of each firm. To overcome possible shortcomings from not using standard
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firm attributes, we will use fixed effects at the firm level and at the country-industry-
year level, as we will explain later in detail. To check the robustness of the bench-
mark estimations, we will also experiment with the sub-sample of firms with firm
attributes.

3.2 Changes in the global co-patenting network over time by country

In this subsection, we highlight changes in the global co-patenting network over time
and differences across countries so that we can later obtain more adequate interpre-
tation and implication from our estimation results on the relationship between the
network structure and innovation. In particular, we focus on the top six countries in
terms of the number of patent grants, which represent approximately 80% of all pat-
ent grants.

Figure 1 shows changes in the number of patents granted by application year from
1991 to 2010. Japanese firms are granted the largest number of patents throughout
the period, whereas the US is granted the second-largest number. However, in the
last few years of the period examined, the number of patents in both Japan and the
US declined, while China emerged as the third-largest country. These dynamics in
the number of patents for each country presented here are mostly consistent with
what is reported by the five largest intellectual property offices, EPO, JPO, USPTO,
the Korean Intellectual Property Office, and the State Intellectual Property Office of
the People’s Republic of China (IP5 Offices 2012, Fig. 3.2). There are slight differ-
ences because we focus on patents granted to firms and institutions included in the
firm-level Orbis dataset. Notably, the number of patents granted to China reported in
IP5 Offices (2012), 312,507, is larger than that in Fig. 1.

Figure 2 indicates the changes in the ratio of the average number of citations
per patent for a country to the overall average number of citations per patent.
Note that the ratio is standardized so that the average of this ratio in each year
is one. Thus, Fig. 2 illustrates the average quality of innovation in each country
relative to other countries. Then, we can see that the US has created innovations
of the highest quality, while its relative quality declined from 1991 to 2003. This
decline is partly because the relative quality of patents granted to Japan increased
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during the same period. However, the relative quality for Japan decreased after
2003, associated with an increase in the US. Thus, we conclude that both the
quantity and quality of innovation generated by Japanese firms have recently
deteriorated. By contrast, Chinese firms have recently increased both the quantity
and quality of innovation, although the quality measure is the lowest among the
six countries at the time of the year 2010.

Looking at the dynamics in the extent of co-patenting for each country, we
illustrate changes in the share of co-owned patents in all patents in Fig. 3. The
overall co-patenting share at the patent level has been increasing from 3% in 1990
to 4.3% in 2010, indicating that research collaboration has been increasingly per-
formed over time, possibly because of the spreading recognition of the effective-
ness of open innovation (Chesbrough 2003). The share has been the highest for
France in most years during the period examined, increasing substantially. The
recent increase in the share of China is also prominent.

Furthermore, we focus on the dynamics of international co-patenting in
Fig. 4. We find that the share of patents internationally co-owned in all patents
has also been increasing over time. However, there is a substantial gap in the
share between Japan and South Korea, the lowest two countries, and the others.
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Fig.4 Changes in the share of internationally co-owned patents among all patents

Because the other four countries, France and China in particular, considerably
increased the share of international co-patenting in the 2000s, while Japan and
South Korea were stagnant, the gap has been widened over time. This feature of
Japan and South Korea will be confirmed in the visualization of the global net-
work in the next subsection.

3.3 Structure of the global co-patenting network

To provide an overview of the structure of the global co-patenting network of firms, we
visualize the network using an algorithm, ForceAtlas2 (Jacomy et al. 2014), in Gephi,
open-source software for network visualization. ForceAtlas2 assumes gravity between
linked nodes and repulsion between unlinked nodes. Accordingly, a set of nodes linked
with each other are located closely together and form a group. Consequently, nodes
linked with many others, or hubs, tend to be located in the center of the network.

Figure 5 shows the visualization in the period 1991-1995 (panel [A]) and
2006-2010 (panel [B]) for comparison across periods. The figure uses different
colors for firms located in each of the top six countries in terms of the number of
patents granted, Japan (red), the US (blue), Germany (green), South Korea (light
blue), France (yellow), and China (black), while other firms are colored in gray.
In the visualization, we pick up the largest connected component, i.e., the largest
sub-network in which firms are directly or indirectly linked with each other. This
is because there are many fragmented sub-networks separated from the largest con-
nected component and located far away from the center of the visualized space,
and they are less important in the big picture of the network. However, we use all
firms in the estimations conducted in later sections. The share of firms in the largest
connected component is 48% and 63% in the periods 1991-1995 and 2006-2010,
respectively. This share varies across countries. In the period 2006-2010, 91% of
Japanese firms are in the largest connected component, while the shares are substan-
tially smaller for other countries: 69% for South Korea and China, 64% for France,
60% for Germany, and 59% for the US.

Figure 5 also illustrates that firms are likely to be linked within each country.
In particular, firms in Japan and South Korea form two groups that are remarkably
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(A) 1991-1995 (B)2006-2010
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Note: Each dot represents a firm, and its color indicates the country of the firm shown by the legend. More precisely, firms
in Japan (JP), the US (US), Germany (DE), South Korea (KR), France (FR), and China (CN) are represented by red, blue,
green, light blue, yellow, and black, respectively.

Fig.5 Global co-patenting network

separated from firms in other countries. While firms in the US, Germany, and
France are also located closely together, these clusters are located closely with each
other. This finding implies that firms in the US, Germany, and France collaborate
more across national borders with each other, while firms in Japan and South Korea
mostly collaborate with other firms in the same country.

The comparison between panels (A) and (B) further indicates the following. First,
the isolation of Japanese and South Korean firms has remained over time. Second,
US, German, and French clusters are more closely linked with each other in the
period 2006-2010 than in the period 1991-1995, implying that firms in these coun-
tries have become more active in international collaboration. Finally, Chinese firms,
the black dots, are not clearly visible in the period 1991-1995 but form a cluster
located closer to the combination of the US, German, and French clusters than to the
Japanese and South Korean clusters in the period 2006-2010.

We further show the distribution of the number of firms linked with the focal
firm, or the degree centrality (Newman 2010), in Fig. 6. The degree distribution is
of great interest because if it follows the power law, i.e., there are a few nodes with
an extremely large number of links or hubs, the network is classified as a scale-free
network. It is well known that because in a scale-free network, most nodes are indi-
rectly connected with each other with a small number of steps through hub nodes,
diffusion of information can be quick (Barabasi 2016). Many types of networks have
been found to be scale free, including firms’ transaction networks (Fujiwara and
Aoyama 2010; Saito 2015).

Panels (A) and (B) of Fig. 6 show the cumulative density function (CDF) of the
degree centrality by period and by country, respectively. Panel (A) illustrates the
linear relationship between the log of the cumulative density and the log of degree,
indicating that the global research collaboration network in any period is scale free.
The gradient of the linear relationship is similar, while the size of the network (the
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total number of firms) increases over time. Because a larger gradient (or a smaller
gradient in absolute values) of the log—log relationship indicates larger heterogene-
ity in the degree centrality among nodes, and a similar gradient over time implies
that such heterogeneity is unchanged for the 20 years examined.

In panel (B) of Fig. 6, we observe that the gradient is different across countries.
The gradient calculated by a linear regression is the largest (or the smallest in abso-
lute values) for Japan,—0.91, and the smallest for the US, —1.42. This implies that
there are more hubs with many links in Japan than in the US and that the median firm
in Japan has more links than that in the US. These results suggest that the structure of
the research collaboration network differs substantially across countries. In addition,
we examine the variation across the country in assortativity of nodes, i.e. whether
nodes are likely to be connected with others with a similar value of degree centrality,
finding a large variation across countries. Appendix shows the details of the analysis.

3.4 Variables for co-patenting networks
This study considers three measures that represent the characteristics of the ego net-

work of each firm in each period: the degree centrality, the local clustering coef-
ficient, and Burt’s constraint measure. When we construct the network measures, we
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exclude isolates, i.e., firms that do not co-own any patent with others, because the
measures cannot be defined for isolates. The co-patenting network is regarded as an
undirected graph, i.e., a network in which links have no direction.

The degree centrality in a network is the number of nodes directly linked to the
focal node. In the co-patenting network examined in this study, degree centrality
represents the number of firms that co-own any patent with the focal firm. The
degree centrality is a widely used index that measures the centrality of the focal
firm in the network (Ahuja 2000; Whittington et al. 2009). When we use the degree
centrality in the estimations, we take its log because its distribution has a fat tail, as
shown in Fig. 6.

The local clustering coefficient is an index to measure how densely each firm’s
partners are also connected. It is defined as the ratio of the number of pairs of firms
that are connected with the focal firm and are also connected with each other to
the number of all possible pairs of firms that are connected with the focal firm.
When a firm is linked with only one firm, we define that its clustering coefficient
is zero, following the standard literature (Barabasi 2016). Because this definition is
rather arbitrary, we will include a dummy variable for firms with only one link in
the estimations. The clustering coefficient ranges from zero to one, and its higher
value indicates that a firm’s research collaboration partners are also collaborating
with each other. This measure has been used in the literature on the effect of network
characteristics on innovation (Fleming et al. 2007b; Gonzalez-Brambila et al. 2013;
Phelps 2010; Rost 2011).

The constraint measure of Burt (1992) for node i is defined as follows:

2
C= X pit )y PigPgj | > (2)

JEVij#L qEV.q#ij

where V; represents the set of nodes in i’s ego network, p;; is the relative link strength
between nodes i and j and is assumed to be 1/N; for any j V,. N, represents the degree
centrality of i, assuming the same weight across links. Everett and Borgatti (2018)
show that Eq. (2) can be rewritten as

. 1 2 1
C(l)=i+ﬁ Z z pq/'+ﬁ E Z Py ) - 3)
! i JEVij#i qEV ,q#ij i jeVij#i \ 9€Viq#ij

Thus, the constraint measure for node i is smaller when (a) node i is connected
with more nodes (; is larger), (b) i’s direct neighbors are not connected with each
other (p,; is zero), or (¢) i’s direct neighbors are connected with many more others
beyond i’s ego network (p,; is smaller). In other words, this measure is small when
the focal node is connected with a variety of nodes directly and indirectly, bridging
between different clusters of nodes. When a firm is linked with only one firm, we
assume that Py is zero although there is, in fact, no firm j and thus that this measure
is one. Because this definition is arbitrary, similar to the case of the clustering coef-
ficient when the degree is one, we will include a dummy for firms with one link in
the estimations. This measure ranges from zero when a node is connected with an
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Note: The arrows (a), (b) and (c) correspond to variations of network that atfect C(7) (the Burt’s constraint measure for node
7). The value of C(7) is smaller when (a) node i is connected with more nodes, (b) i's direct neighbors are not connected with
each other, or (¢) i's direct neighbors are connected with many more others beyond i's ego network.

Fig.7 A Schematic figure of the concept of the Burt’s constraint measure

infinite number of nodes to 1.125 when a node is connected with two nodes that are
also connected (Everett and Borgatti 2018). Burt’s constraint measure is also used in
the literature on the effect of networks on innovation (Ahuja 2000; Gonzalez-Bram-
bila et al. 2013; Guan et al. 2017; Rost 2011). Figure 7 illustrates examples of the
three cases (a), (b) and (c) as described above. The arrows (a), (b) and (c) in Fig. 7
correspond to the above three cases that affect the constraint measure for node i. The
upper center example (C(i)=1.125) in Fig. 7 is the case of the largest value of Burt’s
constraint measure, and the value decreases as it follows each arrow.

3.5 Descriptive statistics

In our estimation, we drop firm-period observations in singleton groups, i.e., groups
with only one observation, to fully exploit the benefits of using fixed effects at the
firm level and at the country-industry-period level (Correia 2015). Note that the
results are essentially the same if we do not drop singletons. In addition, when we
estimate the effect of the three network measures on innovation performance, we
restrict the observations to firms with any co-patenting relationship because these
measures can be defined only for these firms. Then, our sample contains 356,397
and 48,910 firm-period observations for the estimation of the effect of research col-
laboration and the three network measures, respectively.

Table 1 shows the descriptive statistics of the variable used in the estimations for
the sample for estimations. Among all firms, the average number of patents granted
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Table1 Descriptive statistics at the firm-period level

Variables N Mean  Std. dev  Min Median Max

All firms granted any patent

# patents granted 356,397 63.82 1,01631 1 5 139,275
— (log) 356,397 1.81 1.57 0 1.61 11.84
# citations 356,397  63.92 121530 0 2.41 207,851
— (log) 356,397 1.57 1.64 0 1.23 12.24
# citations per patent 356,397 1.32 381 O 0.37 475.11
Dummy for co-patenting 356,397 0.20 040 0 0 1
Dummy for international co-patenting 356,397 0.05 022 0 0 1
Dummy for largest connected component 356,397 0.13 034 0 0 1

Firms with co-patenting relationship
# patents granted 48,910 371.33 2,718.77 1 24 139,275
— (log) 48,910 3.36 205 0 3.18 11.84
# citations 48,910 37541 3,257.68 O 17.08 207,851
— (log) 48,910 3.09 212 0 2.89 12.24
# citations per patent 48,910 1.21 259 0 0.65 259.09
Degree centrality 48,910 5.36 16.81 1 2 599
— (log) 48,910 0.85 1.01 0 0.69 6.40
Clustering coefficient 48,910 0.17 031 0 0 1
Burt’s constraint measure 48910 0.64 0.36 0.0039 0.61 1.125

Each period consists of 5 years

is 63.8, although its distribution is quite skewed, as its median is only 5 and its max-
imum is 139,275. The number of citations is also skewed: its mean is 63.9, whereas
its median is 2.41. The number of citations per patent, which can be considered as
an indicator of innovation quality at the firm level, is 1.32, on average. The dummy
for firms with any co-patenting relationship with other firms or institutions is 0.20,
on average. The dummy for firms with any co-patenting relationship with foreign
firms or institutions is 0.05, on average, indicating that international research col-
laboration is quite rare. It should be noted that the dummy for co-patenting and the
dummy for international co-patenting are not exclusively defined. In other words,
when a firm engages in international co-patenting, both dummies are one. When a
firm engages in domestic co-patenting, the dummy for co-patenting is one while the
dummy for international co-patenting is zero. The correlation coefficient between
the dummy for co-patenting and its first lag is 0.52, whereas the corresponding fig-
ure for international co-patenting is 0.46. These figures suggest that while co-patent-
ing behaviors are persistent, we still have sufficient variations in these key variables
over time for the estimations of their effects. The dummy for firms in the largest
connected component of the co-patent network, i.e., the largest sub-network of firms
linked directly and indirectly with each other, is 0.13, on average. Therefore, the
share of firms in the largest connected component among firms in the sample firms
in the co-patenting network is approximately 65% (=0.13/0.20). The lower rows
of Table 1 show that firms with a co-patenting relationship are more likely to be
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granted more patents and receive more citations in total and citations per patent.
Thus, it is inferred that firms that engage in research collaboration with other firms
innovate more in terms of both quantity and quality. We will test this inference by
econometric analysis later.

In addition to the summary statistics of the three network measures in Table 1, we
present histograms of the distributions for firms in the sample for the estimations in
Fig. 8. The distribution of the degree is shown by a logarithmic scale in panel (A) of
Fig. 8. We confirm a power-law distribution, as found for all firms in our data before
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Table 2 Correlation coefficients
between network measures
(firms with two or more links
[N=27,700])

Degree (log) Clustering Burt’s constraint
coefficient

Degree centrality (log)  1.0000
Clustering coefficient  —0.2646 1.0000
Burt’s constraint -0.7576 0.5878 1.0000

Table 3 International comparison of descriptive statistics at the firm-period level

No. of firm-period  No. of patents Degree cen- Cluster coef- Burt constraint
observations per firm trality (log) ficient

us 29,069 149.7 0.45 0.18 0.84

Japan 22,392 363.3 0.97 0.20 0.60

Germany 9,939 193.9 0.45 0.12 0.80

South Korea 7,446 175.5 0.44 0.14 0.81

France 2,897 205.5 0.50 0.19 0.79

China 1,099 3339 0.40 0.14 0.82

singletons are dropped in Fig. 6. The median and mean of the number of partners
are 2 and 5.36, respectively, indicating that most firms have only a few co-patent-
ing partners. Panels (B) and (C) of Fig. 8 illustrate the distribution of the clustering
coefficient and Burt’s constraint measure, respectively. In these figures, we exclude
firms with only one partner, which represent 43% of all firms in the estimation sam-
ple, because the clustering coefficient and Burt’s constraint measure of those firms
are arbitrarily defined as zero and one, respectively. Neither distribution is standard
bell-shaped. The clustering coefficient is zero for 32% of firms, whereas it is one for
17%, of which 78% have two partners. Firms with a clustering coefficient between
0.5 and one are scarce. Burt’s constraint is 0.5 for 20% of firms, among which all
have two partners. Firms with Burt’s constraint measure between 0.6 and one are
scarce.

Table 2 indicates the correlation coefficients between the three network meas-
ures. Here, as mentioned before, we exclude firms with only one link in common
with panels (B) and (C) of Fig. 8. As implied by Eq. (3), Burt’s constraint meas-
ure includes the inverse of the degree centrality by definition. Accordingly, the cor-
relation coefficient between the two measures is—0.758 and quite high. We also
find a negative correlation between the degree and the clustering coefficient, as
often found in the literature (Barabasi 2016). In addition, the correlation coefficient
between Burt’s constraint measure and the clustering coefficient is 0.588, a reason-
ably high value, because the former is related to the latter, as shown by the second
term of Eq. (3).

Table 3 shows the international comparison in the number of firm-period obser-
vations, the number of patents per firm, and the three measures of the global co-
patenting network at the firm-period level. This table conspicuously shows that Jap-
anese firms are different from firms in other countries. The number of firm-period
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observations for Japan is small, compared with its large number of patents granted.
Accordingly, the number of patents per firm is substantially larger for Japan than
for other countries. The average of the logarithm of the degree centrality and the
clustering coefficient is the largest for Japan. By contrast, Burt’s constraint measure,
which is smaller when the focal firm bridges different groups of firms, is the small-
est for Japan. The evidence reveals that in Japan, a limited number of large firms are
densely connected with many other domestic firms.

4 Estimation method
4.1 Estimation equation

To test the hypotheses provided in Sect. 2, we estimate the following equation that
determines the quality of innovation:

InCITATION,, = B, + f,InPATENT,, + /,NETWORK,, + 4; + U iy + €
“)
The dependent variable, InCITATION;,, is the log of the standardized number of
citations that patents owned by firm i receive during time period ¢.> Alternatively,
when we test hypothesis 6 in Sect. 2, i.e., whether knowledge obtained through
research collaboration is effectively utilized in the focal firm’s individual research
activities without any collaboration, the dependent variable is the standardized num-
ber of citations that patents owned only by the firm receive, excluding citations that
co-owned patents receive. INPATENT;, is the log of the number of patents applied
for and owned by the firm during the time period ¢. We include INPATENT;, as an
independent variable to control for the quantity of innovation and firm size. Because
Eq. (4) can be rewritten as

cIn(CITATION,, /PATENT,,) = §, + (f, — 1)InPATENT,

+ /NETWORK,, + 4; + Uiy T+ Eirs )
our specification essentially estimates how the number of citations per patent, a
measure of innovation quality at the firm level, is determined, controlling for the size
effect. We take a natural logarithm of CITATION and PATENT because these val-
ues are quite skewed and fat-tailed (Sect. 3.5). Because CITATION is zero when no
patent of a firm is cited, we add one before taking its log, following the convention.
NETWORK,, represents two sets of variables for characteristics of research col-
laboration at the firm level. First, using the sample of firms including those with no

3 As the dependent variable, we focus on the standardized number of citations and do not use other pos-
sible firm performance measures, such as sales growth or Tobin’s ¢, for the following two reasons. First,
the Orbis data do not include attributes of most firms in earlier years in the period examined in this anal-
ysis, 1991-2010, although attributes for the early 2010s are available for a large number of firms. Second,
this study focuses on the direct effect of research collaboration networks on the quality of innovation,
rather than their indirect effect on sales and profits. As Belderbos et al. (2014) find, innovation due to co-
patenting does not necessarily lead to value appropriation. The effect of co-patenting on value appropria-
tion is beyond the scope of this paper.
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collaborator, we utilize three dummy variables for overall co-patenting, international
co-patenting and the largest connected component of the co-patenting network. In
this case, we test hypotheses 1 and 2 in Sect. 2, examining the effect of research
collaboration and international research collaboration in particular on the quality of
innovation. Second, using the sample of firms with at least one collaborator, we uti-
lize the three measures of the firm’s characteristics in the global co-patenting net-
work, i.e., the logarithm of degree centrality, clustering coefficient, and constraint.
Here, we test hypotheses 3—5 and examine the effect of more detailed characteristics
of firms in the global co-patenting network on the quality of innovation. Because
the three measures are correlated with each other, we will incorporate each of them
in separate estimations. In addition, to examine possible non-linearity of the effect
of the network measures found in the literature (Guan and Liu 2016; Guan et al.
2017; McFadyen and Cannella 2004; Rost 2011; Sosa 2011), we incorporate the
squared term of each measure in alternative specifications and compare the results
with those from linear specifications. We further check the validity of the quadratic
form by experimenting with first-, third-, and fourth-order equations. As explained
in Sect. 3.4, the definition of the clustering coefficient and Burt’s constraint measure
is arbitrary for firms with only one link. Therefore, we include the dummy variable
for firms with only one link whenever either of the two measures is used.

As we mentioned earlier, our benchmark estimations do not control for firm
attributes, such as sales, number of employees, and research expenditures, due to
lack of data for a large number of firms. Hence, we incorporate fixed effects at the
firm level, 4;, to control for time-invariant firm attributes. In addition, we include
fixed effects at the country-industry-period level, y. ), Where c(i) and k(i) repre-
sent the country and industry of firm i, respectively, to control for any unobservable
factor of innovation in an industry in a country during a time period. The numbers
of firms and country-industry-period groups are 139,997 and 2,137, respectively,
when the co-patenting dummies are used as the key independent variable, whereas it
is 19,225 and 986, respectively, when the three network measures are used.

4.2 Estimation method

We estimate Eq. (4) by fixed-effects (FE) estimations. Standard errors are clustered
at the firm level, at the country-period level, and at the industry-period level to
account for possible correlation between the error terms. The number of country-
period and industry-period groups is 261 and 82, respectively.

There are two concerns about this estimation methodology. First, the dependent
variable is zero when the firm’s patents do not receive any citation. In our bench-
mark estimations where the key independent variables are the two dummies for
research collaboration, the log of the standardized number of citations plus one is
zero for 114,229 among 356,397 observations. When we focus on the sub-sample of
co-patenting firms, it is zero for 5,112 among 48,910 observations. Under these cir-
cumstances where the dependent variable is above a threshold, we usually use Tobit
estimations (Tobin 1958) or the extended Tobit estimations that incorporate fixed
effects (Honore 1992). However, because we utilize fixed effects at two levels, one
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with 139,997 groups and the other with 2137, it is infeasible to achieve convergence
using Tobit estimations with this large number of fixed effects. When we drop these
fixed effects at two levels, we find that the results from Tobit are mostly consistent
with the FE results but not robust across specifications. Therefore, we will rely on
FE estimations. It should be noted that when the dependent variable is truncated at
zero, FE estimations assuming linearity tend to be smaller than the true non-linear
effect of the independent variables. Therefore, the FE estimates can be viewed as a
lower bound of the true effect.

Second, an obvious econometric issue is biased due to endogeneity of independ-
ent variables. For example, the dependent variable, CITATION, and an independ-
ent variable, PATENT, are simultaneously determined. Our key independent vari-
ables, i.e., measures of characteristics of research collaboration networks, may be
affected by firms’ innovation activities, leading to reverse causality. Although these
biases may be minimized because we control for fixed effects at two levels so that
the remaining disturbance is less likely to correlate with PATENT, one may still be
concerned about endogeneity bias. Therefore, we will experiment with alternative
specifications to address this issue in Sect. 5.8.

5 Results
5.1 Effect of research collaboration

Table 4 shows the benchmark results from the estimation of Eq. (4) using vari-
ous independent variables. Column (1) shows the effect of the dummies for co-
patenting in general and international co-patenting in particular. Because the
two dummies are not exclusively defined as explained in Sect. 3.5, the coeffi-
cient of the co-patenting dummy indicates the effect of co-patenting with firms
in the same country, whereas the sum of the coefficients of the two dummies
represents the effect of co-patenting with foreign firms. The results show that
the effect of the two dummies is positive and highly significant. The size of the
coefficient of the dummy for co-patenting indicates that co-patenting with a
domestic firm improves the quality of innovation by 13% because in this case,
the dummy for co-patenting is one while the dummy for international co-patent-
ing is zero. Moreover, co-patenting with a foreign firm improves the innovation
quality by 36% (=0.133 +0.226), because in this case, the dummies for co-pat-
enting and international co-patenting are both one.* Because these independent
variables are dummies whereas the dependent variable is in logs, the coefficient
indicates semi-elasticity, i.e., the percentage change associated with the change
of the dummy from zero to one. Therefore, our findings imply that research col-
laboration can lead to substantial improvement in innovation quality most likely

* When a firm becomes engaged in international co-patenting, or the two dummies change from zero to
one, the dependent variable, InNCITATION, increases by 0.359. Therefore, CITATION, the measure of
innovation quality, improves by 36%.
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Table 4 Effect of co-patenting network on innovation (dependent variable: log of the standardized num-

ber of citations)

@ @) 3 “ (6)) (©)
Dummy for co-patenting ~ 0.133%** (.0552%%*%*
(0.0129) (0.0114)
Dummy for international ~ 0.226%** (.2]14%**
co-patenting
(0.0246) (0.0242)
Dummy for largest con- 0.150%*%*
nected component
(0.0187)
Degree centrality (log) 0.140%%*%*
(0.0119)
Clustering coefficient —0.100%**  0.115%
(0.0244) (0.0603)
Clustering coefficient? —0.221 %%
(0.0591)
Constraint —0.504#%*
(0.0500)
Dummy for degree of 1 —0.0746%**  —0.0654%** (.21 [#**
(0.0141) (0.0136) (0.0288)
Log of the number of 0.669%** 0.667***  0.837*** (.868%** 0.866%** 0.850%**
patents
(0.0174) (0.0173)  (0.0144) (0.0132) (0.0134) (0.0133)
Firm fixed effects Yes Yes Yes Yes Yes Yes
Country-industry-period  Yes Yes Yes Yes Yes Yes
fixed effects
Observations 356,397 356,397 48910 48910 48,910 48,910
Adjusted R* 0.765 0.766 0.885 0.884 0.884 0.885

Clustered robust standard errors are in parentheses
**¥p <0.01, **p <0.05, *p<0.1

because a variety of knowledge is combined in collaboration. Therefore, hypoth-
esis 1 in Sect. 2 is confirmed. Moreover, the effect of international collabora-
tion is considerably larger than the effect of domestic collaboration, confirming
hypothesis 2a in Sect. 2, most likely because foreign collaborators are equipped
with knowledge that is not available domestically. In addition, we incorporate
a dummy variable that is one for firms in the largest connected component and
zero otherwise and find a positive and significant effect of the dummy, as shown
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in column (2) of Table 4. This is because firms in the largest connected compo-
nent are indirectly linked with more firms and thus can access more knowledge
than firms in separate smaller components.

5.2 Effect of network structure

We further estimate the effect of each of the three measures of network character-
istics, provided that the firm is engaged in any collaboration, i.e., using the sub-
sample of co-patenting firms. The results in columns (3), (4), and (6) of Table 4
show that the effect of the log of the degree centrality (the number of collaboration
partners) on innovation quality is positive and highly significant, and the effect of
the clustering coefficient (a measure of how densely a firm’s partners are connected
with each other) and Burt’s constraint measure (an inverse measure of brokerage)
is negative and highly significant, supporting hypotheses 3a, 4b, and 5b. The size
of the effect of the degree centrality and Burt’s constraint measure is large. When
a firm with only one collaboration partner adds one more collaborator or increases
the degree by 69%, it can improve innovation quality by 10% (=0.140 X 0.69) and
a one-standard-deviation increase leads to an increase in innovation quality by 14%
(=0.140 x 1.01). A decrease in Burt’s constraint measure of one standard deviation
(0.36) leads to an increase in innovation quality by 18% (=-0.504 x 0.36). By con-
trast, the clustering coefficient has a smaller effect because a one-standard-deviation
decrease improves innovation quality by only 3%.

We further check possible non-linearity of the relationship between the three
measures and innovation quality using second-, third-, and fourth-order equations.
Almost all the coefficients in the higher-order specifications are highly significant.’
Figure 9 illustrates the non-linear relationship between each of the three and innova-
tion quality estimated by the linear and higher-order equations. Panel (A) of Fig. 9
indicates that the effect of the degree centrality is always positive, regardless of the
specifications. The U-shaped relationship for the degree between one and two in the
cases of the third- and fourth-order equations can be ignored because the degree
must be an integer. However, the results from the higher-order specifications are
slightly different from the result from the linear specification in that the marginal
effect is smaller for smaller degrees, suggesting that the marginal effect is increasing
with the degree centrality. Panel (C) also shows that the effect of Burt’s constraint
is negative, regardless of specifications employed, although the negative effect is
likely to be smaller in absolute values when the measure is close to one. Because the
results for the degree centrality and Burt’s constraint measure from the linear speci-
fication are not substantially different from those from higher-order specifications,
we will stick with the linear specification for simple presentation.

However, panel (B) of Fig. 9 indicates that the effect of the clustering coefficient
is most likely to be inverted U-shaped when it is between zero and 0.5. Because the
clustering coefficient rarely takes a value between 0.5 and one (panel [B] of Fig. 8),

5 The results from higher-order equations are not presented for brevity of presentations but available
upon request.
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(A) Degree centrality (log scale)
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we can ignore substantial differences across specifications in that range. Although
the coefficient of the first-order term in the quadratic specification is only weakly
statistically significant (column [5] of Table 4), all other coefficients in all speci-
fications are highly significant. These results suggest that the relation between the
clustering coefficient and innovation quality is inverted U-shaped, rather than simply
negative, supporting both hypotheses 4a and 4b conditional on the current value.
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Accordingly, we will show results from linear and quadratic specifications for the
clustering coefficient in later estimations.

The benchmark results suggest that when firms collaborate with more firms, they
can utilize more knowledge and thus improve innovation quality. Moreover, when
firms are connected directly and indirectly with more firms, i.e., firms are bridging
different groups of firms, they can exploit a variety of knowledge and thus achieve
innovation of higher quality. When a firm’s partners are not densely connected,
increasing the density has a positive effect on innovation quality possibly because
a dense network can nurture trust and thus promote knowledge sharing within the
network. However, when the density is already sufficiently high, increasing it more
deteriorates innovation because the knowledge of collaboration partners tends to be
overlapped and redundant.

5.3 Effect on innovation without collaboration

Next, we examine whether a firm’s research collaboration with others can improve
not only the quality of innovation resulting from the collaboration but also the qual-
ity of innovation resulting from the firm’s research activities individually conducted
without any collaboration. For this purpose, we employ as the dependent variable
the standardized number of citations received by patents that the firm owns with-
out any co-owner. Columns (1) and (2) of Table 5 indicate that the dummies for
co-patenting in general, international co-patenting, and co-patenting in the largest
connected component significantly and positively affect the innovation quality of
individual research. These effects are slightly smaller in size than the effects on the
total number of citations (columns [1] and [2] of Table 4). For example, the effect of
domestic and international research collaboration on the performance of individual
research is 0.118 and 0.336, respectively, while their effect on the performance of
overall research is 0.133 and 0.359, respectively. Thus, the results support hypoth-
esis 6a.

Columns (3)-(6) of Table 5 show the coefficients of the three network measures.
The effect of the log of the degree on the quality of innovation without collaboration
is positive and highly significant (column [3] of Table 5), although it is smaller than
the effect on overall innovation quality (column [3] of Table 4). Similarly, the effect
of Burt’s constraint measure is significant (column [6] of Table 5) but smaller in
absolute values than the measure in Table 4, although the coefficient of the cluster-
ing coefficient in the linear specification is similar in column (4) of Tables 4 and 5.
These findings confirm our previous conclusion that research collaboration improves
the quality of innovation conducted by the same firm without any collaboration.

5.4 Comparison between firms with only domestic collaborators and those
with foreign collaborators

In column (1) of Table 4, we find that international research collaboration is more

effective than domestic collaboration. To examine differences between the two
modes of collaboration further, we incorporate interaction terms between the three
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Table6 Comparison between firms with only domestic collaboration and those with foreign collabora-
tion (dependent variable: log of the standardized number of citations)

@ @) 3 (C))
Degree centrality (log) 0.101#%*
(0.0126)
Degree centrality (log) X dummy for any interna-  0.0967*%**
tional link
(0.0174)
Clustering coefficient —0.0614** 0.161%**
(0.0254) (0.0574)
Clustering coefficient? —0.227%%*
(0.0588)
Clustering coefficient X dummy for any interna- —0.0978** —0.205*

tional link
(0.0376) (0.109)

Clustering coefficient’ x dummy for any interna- 0.105
tional link

(0.122)

Constraint —0.403%%**

(0.0454)
Constraint X dummy for any international link —0.216%%*

(0.0450)
Firm fixed effects Yes Yes Yes Yes
Country-industry-period fixed effects Yes Yes Yes Yes
Observations 48,910 48,910 48910 48,910
Adjusted R* 0.885 0.885 0.885 0.885

Clustered robust standard errors are in parentheses. The log of the number of patents is included as an
independent variable. The dummy variable for the degree of one is included when the clustering coef-
ficient or Burt’s constraint is included. However, the results are not presented for brevity

#kp <0.01, #4p <0.05, *p<0.1

measures of network characteristics and the dummy variable for any international
patent co-ownership link. The coefficient of each network measure alone can be
interpreted as the effect of characteristics of firms with only domestic collaborators,
whereas the sum of the coefficients of each network measure and the dummy signi-
fies the effect of firms with foreign collaborators.

The results estimated from this specification are shown in Table 6. In column (1)
of Table 6, we find that the interaction term between the degree centrality and the
dummy for any international link is positive and significant. This finding suggests a
larger effect of the number of collaborators on innovation quality for firms with for-
eign collaborators than for firms with only domestic collaborators, consistent with
the previous finding. When we examine the effect of the clustering coefficient, we
rely more on results from a quadratic equation shown in column (3) than results
from a linear equation shown in column (2). Then, we find that the effects of the
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Table7 Heterogeneity by firm size (dependent variable: log of the standardized number of citations)

()] @) 3 (C))
Subsamples of firms Large number of patents Small number of patents Large Small
with number of number
workers of work-
ers
1. Dummy for co- 0.0877%** 0.0566%** 0.0847%** 0.140%**
patenting
(0.0104) (0.0185) (0.0249) (0.0258)
Dummy for interna- 0.101%*** 0.00679 0.116%** 0.0770
tional co-patenting
(0.0151) (0.0492) (0.0313) (0.0579)
Number of observations 184,246 172,151 41,189 41,147
2. Degree centrality 0.0767%** 0.117%** 0.0899%** 0.0880%*
(0.0111) (0.0193) (0.0162) (0.0393)
3. Clustering coefficient — 0.0717%* — 0.0706%* —0.0334 —0.0377
(0.0272) (0.0349) (0.0375) (0.0863)
4. Clustering coefficient 0.0335 0.552%%* 0.237 0.128
(0.0695) (0.106) (0.218) (0.185)
Clustering coefficient?>  — 0.115% — 0.615%** —0.296 -0.172
(0.0671) (0.106) 0.251) (0.189)
5. Constraint — 0.327%** — 0.379%** — 0.382%* — 0.362%*
(0.0537) (0.0662) (0.170) (0.136)
Number of observations 24,831 24,079 7306 7304
Firm fixed effects Yes Yes Yes Yes
Country-industry-period Yes Yes Yes Yes

fixed effects

Clustered robust standard errors are in parentheses. The log of the number of patents is included as an
independent variable in all specification. The dummy variable for the degree of one is included when the
clustering coefficient or Burt’s constraint is included. However, these results are not presented for brevity

#kp <0.01, #+p <0.05, *p<0.1

interaction term with the clustering coefficient or with its square are not statistically
significant at the 5% level. This result indicates that the inverted U-shaped relation-
ship between the clustering coefficient and innovation performance can be applied
to both firms with only domestic links and those with international links. In other
words, trust among firms is nurtured in a dense domestic network, as it is nurtured
in a dense international network. The effect of Burt’s constraint measure is larger in
absolute values when firms collaborate with foreign firms than when they collabo-
rate with only domestic firms (column [4] of Table 6). This finding indicates that
bridging firms in the global research network can facilitate innovation more than
bridging only domestic firms, suggesting the importance of combining a variety of
knowledge across countries for high-quality innovation.
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5.5 Heterogeneity by firm size

The effect of research collaboration and network characteristics on innovation may
be heterogeneous. To check this heterogeneity, we first run the same regressions
using subsamples of firms divided by measures of firm size, specifically the number
of patents and the number of workers.

In Table 7, the first column shows results from regressions using the subsample
of firms with the number of patents equal to or larger than its median, while the
second using the subsample of firms with the number of patents smaller than its
median. Similarly, the third and fourth columns respectively indicate results for the
subsample of firms with a larger and smaller number of workers than its median.
Note that results from five types of regressions shown in Table 4 (except for that
in column [2]) are combined in each column for each subsample for the brevity of
presentation.

Overall, the results using the subsamples are similar to those using the full sam-
ple shown in Table 4. One difference is that although the effect of international
collaboration is positive and significant in Table 4, it is positive and significant for
larger firms in terms of the number of patents and the number of workers (columns
[1] and [3]) but insignificant for smaller firms (columns [2] and [4]). This finding
suggests that international collaboration can promote the quality of innovation only
when firms are sufficiently large in terms of the size of innovation or production. In
other words, firms that are not innovation-oriented cannot benefit from international
collaboration possibly because of their small absorptive capacity. By contrast, in
other regressions shown lower rows of Table 7, the effect of network characteristics
in the larger- and smaller-firm subsamples are quite similar.

5.6 Heterogeneity across time

In addition, we examine how the effect of research collaboration and network char-
acteristics changes over time. Because our data contain four five-year periods, we
divide them into two, one in the 1990s and the other in the 2000s, and incorporate
the interaction term between each network measure and the dummy variable for the
2000s. Thus, the effect in the 1990s is represented by the coefficient of a variable,
whereas the effect in the 2000s is the sum of the coefficients of the variable and the
interaction term with the 2000s dummy.

The results presented in Table 8 show that the effect of most network variables
is larger in absolute values in the 2000s than in the 1990s. For example, column
(1) indicates that domestic and international co-patenting improves the innova-
tion quality by only 5% and 13%, respectively, in the 1990s but by 19% and 26%,
respectively, in the 2000s. The coefficient of the log of the degree centrality is 0.09
in the 1990s and increases to 0.16 in the 2000s. Using the quadratic specification,
the effect of the clustering coefficient is mostly negative in the 1990s but becomes
inverted U-shaped in the 2000s. The effect of Burt’s constraint is insignificant in
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Table8 Heterogeneity across time (dependent variable: log of the standardized number of citations)

M (@) 3 “ (5)
Dummy for co-patenting 0.0491%%*
(0.0225)
— X dummy for 2000s 0.139%#%*
(0.0261)
Dummy for international co-patenting ~ 0.125%%**
(0.0283)
— X dummy for 2000s 0.137%#%*
(0.0406)
Degree centrality (log) 0.0904%#**
(0.0174)
Degree centrality (log) X dummy for 0.0722%%*
2000s
(0.0140)
Clustering coefficient —0.108***  —(0.317**
(0.0321) (0.122)
Clustering coefficient’ 0.236*
0.127)
Clustering coefficient X dummy for 0.0124 0.700%%*%*
2000s
(0.0294) (0.135)
Clustering coefficient? x dummy for —0.738%**
2000s
(0.146)
Constraint —0.0660
(0.0466)
Constraint X dummy for 2000s —0.228%**
(0.0463)
Firm fixed effects Yes Yes Yes Yes Yes
Country-industry-period fixed effects Yes Yes Yes Yes Yes
Observations 356,397 48,910 48,910 48,910 48,910
Adjusted R? 0.766 0.885 0.884 0.884 0.885

Clustered robust standard errors are in parentheses. The log of the number of patents is included as an
independent variable. The dummy variable for the degree of one is included when the clustering coef-
ficient or Burt’s constraint is included. However, these results are not presented for brevity

waxp < 0,01, ¥4 <0.05, *p<0.1

the 1990s, while it is negative and highly significant in the 2000s. All of these find-
ings suggest that the effect of research collaboration and network characteristics has
increased over time.

@ Springer



The Japanese Economic Review (2021) 72:5-48 37

Table9 Heterogeneity across countries (dependent variable: log of the standardized number of cita-
tions)

@ (@) 3 (C)) (6)) ©)
[N Japan Germany South Korea France China
1. Dummy for co- 0.104%**  (0.114%%%  0.130%**  0.100%** 0.0881***  (.711%**

patenting
(0.0173) (0.0139) (0.0145) (0.0171) (0.0299) (0.0672)

Dummy for interna- 0.169%**  (0.155%*%*%  (0.229%**  (.307%** 0.253%**  0.627*%*
tional co-patenting

(0.0275) (0.0320) (0.0396) (0.0825) (0.0553) (0.139)

Number of observations 188,400 45,016 67,794 38,465 18,648 51,019
2. Degree centrality 0.105%%*  0.139%**  (.234%**  (.183*** 0.175%*%*  (0.32]%**
(0.0211) (0.0153) (0.0256) (0.0363) (0.0448) (0.103)
3. Clustering coefficient —0.0781*  —0.0285 —0.129* —0.153%#%  —(0.227**  0.0444
(0.0396) (0.0295) (0.0738) (0.0538) 0.111) (0.346)
4. Clustering coefficient 0.111 0.143* 0.360%* 0.704%%* -0.326 —1.248
(0.165) (0.0817) (0.183) (0.220) (0.378) (1.102)
Clustering coefficient’ —0.191 —0.180%*%  —0.508*** —0.875%** 0.101 1.308
(0.158) (0.0824) (0.180) (0.223) (0.365) (1.231)
5. Constraint —0.378%*%%  —0.417%** —0.877**¥* —0.718*** —0.659*** (.0754
(0.0685) (0.0551) (0.155) (0.119) (0.168) (0.625)
Number of observations 29,069 22,392 9939 7446 2897 1099
Firm fixed effects Yes Yes Yes Yes Yes Yes
Industry-period fixed Yes Yes Yes Yes Yes Yes
effects

Clustered robust standard errors are in parentheses. The log of the number of patents is included as an
independent variable in all specification. The dummy variable for the degree of one is included when the
clustering coefficient or Burt’s constraint is included. However, these results are not presented for brevity

#kp <0.01, #4p <0.05, *p<0.1

5.7 Heterogeneity across countries

Section 3.2 shows heterogeneity in the characteristics of research collaboration
across countries. We further examine heterogeneity in the effect of network char-
acteristics across countries by applying the same estimation method to the subset of
firms in each of the top six countries. In these estimations, we keep singleton firms,
although they have been dropped so far to maximize benefits of using fixed effects.
This is because, if we drop singletons in country-level specifications, the number of
observations for France and China amounts to only several hundred and is too small.

The first two rows of Table 9 show the effect of the two dummies for overall and
international co-patenting, corresponding to column (1) of Table 4. For all coun-
tries, the effect of domestic and international collaboration is positive and highly
significant. The effect is particularly large for China possibly because China is still
a latecomer in the global research field in the 1900s and 2000s considered in this
study and thus can benefit substantially from learning from other countries. The
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effect of international collaboration is also large for South Korea, France, and Ger-
many. For South Korea, this is because of the benefit of backwardness as in the case
of China. For France and Germany, the two most innovative countries in Europe,
this is possible because of benefits from collaboration within the European Union,
where international collaboration is officially subsidized.

The lower rows of Table 9 indicate the coefficients of the degree centrality in
logs, clustering coefficient, and constraint measure from regressions using each of
the three separately, corresponding to columns (3)—(6) of Table 4. For the cluster-
ing coefficient, we show the results from the quadratic specification as well. The
results show that the effect of the degree is the largest for China, followed by Ger-
many, South Korea, France, and Japan, and the smallest for the US. The effect of the
clustering coefficient and Burt’s constraint measure is larger for Germany, France,
and South Korea than for other countries. The results indicate an important role of
both clustering coefficient and Burt’s constraint in innovation in the three countries,
suggesting that they benefit substantially from the global research collaboration net-
work. By contrast, all the results shown in Table 9 imply a smaller effect of the
global research network on innovation in Japan and the US.

5.8 Robustness checks

To check the robustness of the results above, we experiment with a number of alter-
native specifications and estimation methods.

First, we incorporate firm attributes into the set of independent variables to mini-
mize biases due to missing variables. For example, although our measure of firm
size so far, the number of patents, may not properly capture the actual firm size
(Cohen 2010). For this purpose, we use balance-sheet information in the Orbis data
to extract the amount of capital stocks and the number of workers. However, because
these data are not available for many firms for earlier years (see Sect. 3.1), our sam-
ple size declines from 356,397 in the benchmark estimation of the effect of research
collaboration to 36,633 and from 48,910 in the benchmark estimation of the effect of
the network structure to 8509. The results from the alternative specification shown
in column (1) of Table 10° are quite similar to qualitatively and quantitatively. Only
one difference is that while we found an inverted U-shaped relationship between
the clustering coefficient and the measure of innovation quality in the benchmark,
their relationship is insignificant in the alternative estimation (row 4 in column [1]
of Table 10).

Second, an important issue of international patent data is that some patents are
applied for to and granted by more than one patent office. In our data, 78.8% of all
patents can be classified as patent families, i.e., patents granted by more than one
patent office. Our estimations use firm-level data in which we aggregate the number
of patents and citations at the firm level, rather than patent-level data. Accordingly,
the number of citations each firm receives in each period and co-patenting networks

% Asin Tables 7 and 9, each column in Table 10 does not show results from one regression but combines
results from five separate regressions, corresponding to columns (1), (3), (4), (5), and (6) in Table 4.
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among firms in each period are correctly identified. For example, suppose a particu-
lar invention of a firm is granted patent A by a patent office and patent B by another
office. Then, some patents cite patent A while some others cite patent B, but no pat-
ent should cite both. Therefore, the number of citations the firm’s invention receives
is the sum of the number of citations to patents A and B. However, the number of
patents of each firm, which is used as an independent variable to control for the
size of innovative activities, can be overvalued as we count the same patent granted
by multiple patent offices multiple times. To control for this possible measurement
issue, we utilize information in the Orbis data about how each patent granted by
a patent office is granted by other offices and construct an alternative measure of
the number of patents that account for possible double-counting and use it as an
independent variable. The results in column (2) of Table 10 indicate that the results
are essentially the same as the benchmark results. A difference is that the cluster-
ing coefficient has a monotonically negative and significant effect in this robustness
check, while its effect is inverted U-shaped in the benchmark.

Third, another issue of international patent data is that different patent offices
have different criteria for citing existing patents. For example, the patent office of
a country may be stricter about citing patents than others, and thus the number of
citations to patents granted by the patent office tends to be smaller. Then, the qual-
ity of patents granted by the patent office is more likely to be low in our dataset. To
account for the possible variation in the number of citations, our measure of innova-
tion quality, across patent offices, we define the following alternative index of the
number of citations by standardizing the number of citations for each patent office
and year:

citation;y

CITATION, = ¥ > ———=—, (6)

%
= avgfcllanonu"_

where citation;koy is the number of citations that patents applied for to patent office
o in year y and owned by firm i receive during the period from year y to 2014 and
avg_citation:y is the average number of citations to patents applied for to patent
office o in year y from y to 2014. Column (3) of Table 10 demonstrates that the
results using this alternative measure for the quality of innovation are essentially the
same as the benchmark results.

Finally, a major source of estimation biases is the endogeneity of the key inde-
pendent variables related to research collaboration networks. There may be miss-
ing variables in the estimations that affect both innovation quality and innovation
networks. In addition, while the network variables may affect innovation quality,
innovation quality may also change collaboration networks. For example, firms that
achieve higher innovation quality are more likely to attract others’ request for col-
laboration. Although we incorporate firm and country-industry-period fixed effects
and thus control for biases due to missing variables to a large extent, biases due to
reverse causality may still remain.

To alleviate possible biases due to the endogeneity, we employ two approaches.
We first follow the dynamic generalized method of moments (GMM) estima-
tion developed by Blundell and Bond (1998), or the system GMM estimation.
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Specifically, we consider a dynamic equation in which the lagged dependent vari-
able is added as an independent variable, first-difference it to eliminate firm fixed
effects, and apply GMM estimations using lagged endogenous variables as instru-
ments. However, Hansen J tests for over-identification always reject the null hypoth-
esis that the instruments used are orthogonal to the error term, even though we
experimented with many possible sets of instruments. Therefore, the results from the
system GMM estimations, although they are quite similar to the benchmark results,
may be biased and thus are not shown here.’

Alternatively, we take a simpler approach in which all the independent variables
are lagged for one period (i.e., 5 years) to avoid endogeneity, especially because
of reverse causality. It should be noted that because each period in our analysis is
a 5-year period, we can most likely avoid reverse causality using the one-period
lagged independent variables. Further, to account for endogeneity due to unobserved
factors that affect both the innovation quality and collaboration links simultaneously,
we include the lagged innovation quality as an independent variable and thus modify
the regression equation as:

InCITATION;, = iy + aInCITATION;,,_; + §InPATENT,,_, + /,NETWORK_| + 4; + feiicin + €ir
)

Because the unobserved factors causing endogeneity are now included in
InCITATION;,_,, the error term in the equation above is less correlated with

InNETWORK,,_,, or the network variables.

The results from the use of the lagged dependent variables and additionally the
lagged dependent variables shown in columns (4) and (5) of Table 10 are similar to
the benchmark results, although the coefficients are smaller slightly, possibly reflect-
ing weaker effects in a long run than immediate effects. Besides the size of the coef-
ficients, the effect of the clustering coefficient is also different, as it is U-shaped,
rather than inverted U-shaped as in the benchmark results.

Overall, these alternative specifications yield results that are quite similar to the
benchmark results. One notable difference is that the effect of the clustering coef-
ficient is not consistent across specifications. In the benchmark regression, it is
inverted U-shaped, while it is U-shaped, negative, or insignificant in others.

6 Discussion and conclusion

This study examines how research collaboration of firms affects the quality of their
innovation outcomes using comprehensive patent data for firms in the world from
1991 to 2010. We identify research collaboration by co-patenting relationships. The
results above can be summarized as follows.

Most importantly, research collaboration substantially improves the quality
of innovation of firms by combining a variety of knowledge in the collaboration.

7 In these system GMM estimations, we use balanced panel data, i.e., firms with complete information
throughout the period examined.
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Further, research collaboration improves the quality of innovation conducted by the
same firm without any collaboration. These results show that the effect of research
collaboration can expand beyond innovation generating from the collaboration
and generally improve the ability in the innovation of firms participating in the
collaboration.

Moreover, we find that two of the three measures of firms’ research network
greatly affect the outcome of research collaboration. First, when firms collaborate
with more firms, i.e., when their degree centrality is larger, they are exposed to a
larger amount of knowledge and thus achieve higher innovation quality. According
to our higher-order specifications, the positive effect is particularly large when firms
are already collaborating with two or more firms. This finding is consistent with the
findings of Ahuja (2000) and Owen-Smith and Powell (2004), although some stud-
ies, such as Guan and Liu (2016), find an inverted U-shaped relationship because
of the costs of creating and maintaining many linkages. We find an increasingly
positive relationship possibly because the benefits of collaboration increase as firms
experience more research collaboration and thus absorb others’ knowledge more
easily. In other words, the marginal cost of creating and maintaining collaboration
ties is likely to be diminishing, rather than increasing, as found in Guan and Liu
(2016) and others.

Second, by expanding the role of brokerage, i.e., connecting with more firms
indirectly and bridging a variety of firms, firms can achieve a higher quality of inno-
vation, as suggested by Burt (1992). This finding of a positive effect of the broker-
age on innovation performance is consistent with that of Ahuja (2000), while many
other studies find either negative, U-shaped, or insignificant effects.

By contrast, the effect of the clustering coefficient that measures how densely
a firm’s collaborators are collaborating with each other is not robust to alternative
samples or specifications (Sect. 5.8). Moreover, its effect is statistically significant
but quantitatively small in the benchmark estimations (Sect. 5.2). Therefore, we con-
clude that the effect of the clustering coefficient is at most limited. This unclear and
limited effect found in this study may be due to the skewed distribution of the clus-
tering coefficient. As Fig. 8 (B) illustrates, the clustering coefficient is zero for more
than one-third of firms and one for one fifth, whereas few firms have a cluster coeffi-
cient between 0.4 and 0.9. The skewness of the distribution is quite large, compared
with that of the degree (Fig. 8 [A]) and Burt’s constraint (Fig. 8 [C]). This skewness
is not much discussed in the literature on the effect of the clustering coefficient on
performance, but our detailed analysis reveals that we need to closely look at its
distribution when we examine the effect of the clustering coefficient on innovation.

In addition, we find that international research collaboration is 2.7 times more
effective than domestic research collaboration. The effect of international research
collaboration is more prominent for larger firms in terms of the number of patents
and the number of workers. We further distinguish between firms with only domes-
tic collaborators and those with foreign collaborators and examine the effect of the
network measures for each type of firms. Then, we find that the positive effect of
the number of collaborators and brokerage of firms is larger for firms with foreign
collaborators than for those with only domestic collaborators. These findings sug-
gest that because the knowledge of firms around the world varies more than the
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knowledge of firms in the same country, linking with a variety of foreign firms
directly and indirectly is a more effective means to high-quality innovation than
linking with domestic firms.

From all of these results, we can clearly conclude that links with a variety of
firms in the global research collaboration network, particularly links with foreign
partners, improve the quality of innovation than densely connected links with a lim-
ited number of domestic firms.

Finally, we investigate changes in the effect of research collaboration over time
and find that the effect has intensified in more recent years. This is consistent with
Chesbrough (2003), the seminal work in the open-innovation literature, who argues
that open innovation is more important after the late 1990s than before due to the
growing mobility of knowledge workers and the availability of venture capital.
Rising technological complications in the high-technology sectors may also have
increased the need to combine a variety of knowledge, including foreign knowledge,
in innovation.

The results suggest a number of policy implications. Generally, our findings
emphasize the importance of international research collaboration for better innova-
tion performance. However, firms are often connected within each country, as shown
in Fig. 5. Particularly, Japanese and South Korean firms are considerably less con-
nected to foreign firms (Figs. 4, 5) than are firms in other countries. As the effect of
international collaboration is substantially large in South Korea (Table 9), an obvi-
ous policy prescription to South Korea is to promote international collaboration. In
the case of Japan, the effect of international collaboration is the lowest among the
top six countries (Table 9); therefore, policies in Japan should also alleviate barriers
to knowledge diffusion through international collaboration, e.g., linguistic, cultural,
and institutional barriers, when promoting international collaboration. Because
the innovation quantity and quality have recently deteriorated in Japan (Figs. 1,
2), increasing international collaboration and its effectiveness is an urgent policy
agenda. By contrast, Chinese firms have actively collaborated with foreign firms
(Fig. 4), improving the quantity and quality of innovation (Figs. 1, 2), because the
effect of international collaboration on Chinese firms is extremely large (Table 9).
European firms are also actively collaborating with foreign firms (Fig. 4) and gener-
ate a large effect of international collaboration on innovation (Table 9). Japan and
South Korea should follow the trajectories of China and Europe.

Another important issue is that although a smaller value of Burt’s constraint
measure is better for higher innovation quality, its average is 0.64 and relatively
high (Table 1). Therefore, policies should facilitate the creation of a network for
research collaboration with a variety of partners. In addition, our analysis is shown
in Sect. 5.4 (column [4] of Table 6) suggests that links with a variety of foreign part-
ners are more important than those with a variety of domestic partners.

This conclusion is particularly important to Japanese firms because their broker-
age feature is peculiar. The average constraint measure of Japanese firms is substan-
tially lower throughout the period 1991-2010 (0.60 as shown in Table 3) than that
of other countries (0.79-0.84), but they are less likely to collaborate with foreign
partners (Fig. 4). These observations indicate that Japanese firms are linked with
a variety of domestic firms, but not with a variety of foreign firms. Combined with
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another observation that performance of Japanese firms had been rising until 2003
but deteriorated since then (Fig. 2), we conclude as follows. Japanese firms per-
formed well in the earlier period thanks to their diverse research collaboration net-
works but worse in the later period due to lack of collaboration with diverse foreign
partners as the importance of international research collaboration has become larger
(Sect. 5.5). Therefore, our analysis suggests that Japanese firms should be linked
with more diverse foreign firms to improve their innovation performance.

Several caveats of this study should be noted. First, as we noted earlier, we iden-
tify inter-firm research collaboration by co-ownership of patents. Therefore, it is
most likely that research collaboration identified in this study is a subset of actual
research collaboration (Briggs 2015) because of legal and institutional complication
associated with value appropriation from co-patenting (Belderbos et al. 2014; Hage-
doorn 2003). Second, we define a firm as a legal entity and ignore parent-subsidiary
relationships among firms. Although Belderbos et al. (2014) incorporate these rela-
tionships to define co-patenting between a parent firm and its subsidiary as intra-
firm R&D activities, not inter-firm research collaboration, we did not distinguish
parent-subsidiary relationships from other inter-firm relationships. Because sub-
sidiaries may be equipped with knowledge different from that of their parent firms,
our distinction from the previous study may be justified but should be noted. Third,
our results are based on the sample of firms that are granted at least one patent in
the period examined. Because firms with any patent are likely to be more innova-
tive than those without, our results can be applied to relatively innovative firms, not
to the population of firms, although we should emphasize that our sample includes
SME:s. Finally, although we show the large effect of international collaboration, our
analysis does not explicitly consider the costs of creating and maintaining linkages.
Therefore, it is still unclear how we can reduce the costs and thus promote interna-
tional linkages and whether collaborating with foreign firms results in a net positive
benefit. We leave this important research agenda for future research.
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Appendix
Details of data construction

Orbis dataset records patent-holding firms in the world, compiled by Bureau van
Dijk (BvD). The Orbis dataset is commercially available. It includes various firm
attributes, in addition to information on patents granted to each firm that is origi-
nally provided by PATSTAT. PATSTAT is the worldwide patent data created by the
Organization for Economic Cooperation and Development (OECD) in corporation
with the Patent Statistics Task Force consisting of patent offices in the world, such
as the World Intellectual Property Organization (WIPO), the United States Patent
and Trademark Office (USPTO), the European Patent Office (EPO), and the Japan
Patent Office (JPO), and distributed by the EPO.}

When BvD aggregates the patent data at the firm level and merges them with the
Orbis data, one problem in this matching process is that firm names in PATSTAT are
often abbreviated or misspelled so that they are different from their formal names
recorded in the Orbis. Thus, BvD employs detailed matching algorithm and, in some
cases, human eyes using firms’ address, contact information, and other attributes to
successfully identify the identification numbers of most patent owner firms, including
SME:s. BvD also closely follows M&A deals and changes the patent owner’s identifica-
tion number when an owner firm is acquired by another firm.

Assortativity

We examine the assortativity of nodes, i.e., whether nodes are likely to be connected
with others with a similar value of degree centrality. Assortativity for a network can be
measured by the correlation coefficient of the degrees of all pairs of connected nodes
(Newman 2010) and can be positive or negative, depending on the network structure.

8 The data are available at https://www.epo.org/searching-for-patents/business/patstat.html.
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For example, Fujiwara and Aoyama (2010) and Bernard et al. (2018) find negative
assortativity in firms’ transaction networks in Japan, indicating that hub firms are more
likely to transact with firms with a small degree. In our research collaboration network,
the correlation coefficient is 0.45, indicating positive assortativity. In other words, firms
collaborating with many others are more likely to collaborate with each other, while
firms collaborating with only a few others are likely to collaborate with each other. Fig-
ure 10 demonstrates the changes in assortativity over time for each country. Here, we
use the average of Spearman’s rank correlation between a firm’s own degree and the
mean of the degree of firms directly connected with the firm to define country-level
assortativity. Assortativity is larger for France, the US, and Germany than for Japan and
South Korea, whereas it is the smallest for China. The variation in assortativity across
countries also suggest that we conduct analysis for each country.
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