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Collaboration is the cornerstone of European innovation policy, because it stimulates the recombination of
knowledge across technological, social, institutional and organizational boundaries and strengthens the knowl-
edge productivity of regions. Despite this key role, little attention has been paid to collaboration as a specific
set of organizational arrangements strengthening the knowledge productivity of regions. Therefore, this study fo-
cuses on collaboration and looks at the effect of intra- and inter-regional collaboration on the knowledge produc-
tivity of regions. Furthermore, it examines the interaction between collaboration and technological variety as
complementary drivers of this productivity. The analysis uses a large dataset referring to 269 European regions.
This study produces some major original contributions. First, we show that a balance between intra- and inter-
regional collaboration is required to support regional knowledge performance. Second, we emphasize that the
effect on knowledge productivity is stronger in regions with a diversified knowledge base. The implications of
these findings in terms of policy design are then discussed extensively.
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1. Introduction

Collaboration is the cornerstone of innovation policy for the Europe-
an Union (EU) (Hoekman et al., 2009; Scherngell and Lata, 2013). The
main idea underlying this policy is that the flow of knowledge between
and within regions strengthens the innovative capacity of regions
through the continuous recombination of pieces of knowledge embed-
ded in different technological, organizational and institutional settings
(Marrocu et al., 2013; Paci and Usai, 2009). The theoretical foundations
of such an idea are to be found in the literature on spatial agglomeration
and more specifically in the evolutionary view of regional innovation
systems (Cooke et al., 1998). Central to this literature are the concepts
of knowledge spillovers, which represent the unconscious exchange of
knowledge between two or more actors sharing some degree of cogni-
tive proximity (Boschma, 2005), and of technological variety, a charac-
teristic that strengthens the capability of regions to produce new
knowledge by means of knowledge spillovers across technological
boundaries (Asheim et al., 2011; Frenken et al., 2007). However, the ca-
pability of a region to sustain the production of new knowledge is also
associatedwith its capability to sustain the recombination of knowledge
through collaboration within and between regions (Maggioni et al.,
2007; Marrocu et al., 2013). Even if the contribution of collaboration
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to the knowledge productivity of regions is commonly recognized, few
studies attempt to assess its specific effect (Lamin and Dunlap, 2011).
This is because the focus of most studies is on the role of regions in in-
novation, rather than the role of actors, and the outcome of collabora-
tion is often treated as similar to knowledge spillover itself (Sun and
Cao, 2015); however, there is a significant difference between knowl-
edge spillovers and collaboration. The first is a largely unconscious
and often unwanted process, while the second implies intentionality;
indeed, and the definition of a specific organizational arrangement of
strength: the capability of actors to innovate through sharing and
knowledge recombination (Boschma, 2005; Marrocu et al., 2013).

Therefore, in this paper, we focus on collaboration between inven-
tors at the regional level as a specific organizational arrangement
meant to stimulate innovation through the sharing and re-combination
of knowledge across organizational and institutional settings. We dis-
tinguish between two forms of collaboration: intra- and inter-regional
(Sun, 2016; Sun and Cao, 2015). Intra-regional collaboration supports
the recombination and sharing of knowledge within and between ac-
tors in a regional system (Belussi et al., 2010; Broekel, 2012; Fitjar and
Rodríguez-Pose, 2013; Sun, 2016), while inter-regional collaboration,
by providing access to complementary and diversified sources of
knowledge, is supposed to be a remedy to the problem of spatial lock-
in generated by an excessive propensity to collaborate intra-regionally
(Boschma, 2005; Sun and Cao, 2015). Since these two forms of collabo-
ration are often portrayed as complementary in the virtuous develop-
ment of a region (Asheim and Isaksen, 2002; Boschma, 2005; Broekel,
r-regional knowledge collaboration and technological variety on the
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2012; Tödtling et al., 2009; Sun and Cao, 2015), the role of a balanced
ratio between these two forms of collaboration is specifically explored
in this study.

Furthermore, since it has also been shown that organizational and
collaborative ‘thickness’ influences a region's capability to absorb the
potential of diversification embedded in external sources of knowledge
(Asheim and Isaksen, 2002; Tödtling et al., 2009), the interactive effect
of collaborationwith technological varietymust be further investigated.

Based on a longitudinal panel dataset involving 269 regions in 29
countries over a 7-year period (2002–2008), this study makes two
major contributions to the existing literature. First, it shows that inter-
regional collaborations have a negative effect on the knowledge produc-
tivity of regions. Second, the effect of collaboration becomes positive in
regions where there is a balance between intra- and inter-regional col-
laborations, and is even stronger in regions where a diversified knowl-
edge base already exists. This result has significant implications in
terms of policy.

The next section of this paper discusses the background literature
and frames the hypotheses of the study. In Section 3, we address the
methodology and the main results are presented. Section 4 discusses
those results. In the last section, the results and limitations of the
study are summarised while directions for further research are
addressed.

2. Theoretical background and building of hypotheses

Collaboration is becoming a critical competence to strengthen the
capability of regions to innovate (Fitjar and Rodríguez-Pose, 2013).
The number of collaborations has grown in recent decades, for several
reasons. Innovation requires exploring and exploiting a wide array of
highly specialized and spatially distributed bodies of knowledge and
know-how1 (Singh, 2008). Thus, collaboration enables actors to jointly
lower the costs associated with gaining access to, mobilizing, and
exploiting complementary sources of knowledge (Powell and
Giannella, 2010; Singh and Fleming, 2010). This is common not only
in industries where invention is modular, such as software and biotech,
but also in industries where the underlying process of solving problems
cannot be broken apart and addressed discretely, such as the pharma-
ceutical industry (Powell and Giannella, 2010). However, productivity
and efficiency are not the only reasons why inventors collaborate. Im-
proving the quality of their outputs, developing path breaking inven-
tions, and supporting acceptance and adoption of innovations, are
other reasons that motivate both inventors and companies to unite
their efforts in a collaborative venture (Singh, 2008).

For a long time, collaboration has mainly been associated with geo-
graphical proximity (Sun and Cao, 2015). Geographical proximity con-
tributes to interactive learning and innovating by supplying actors
with a common base of collaborative relationships (Boschma, 2005).
Local collaboration is expected to facilitate and strengthen network
embeddedness and to thicken social capital, stimulating the formation
and evolution of organizations and institutions, which may reduce the
cost of opportunism associated with the transmission and sharing of
tacit knowledge and untraded interdependencies (D'Este et al., 2013;
Johnston andHuggins, in press). In otherwords, geographical proximity
supplies local actors with a form of collective capital, strengthening
their collective capability to exchange and combine (tacit) knowledge
smoothly across organizational and technological boundaries. However,
toomuch geographical proximitymay hamper the capability of local ac-
tors to harness these dynamics (Boschma, 2005; Sun and Cao, 2015).
There are two main reasons why this may happen. First, geographical-
ly-bounded knowledge externalities and local collaboration may lead
1 Even if the availability of powerful digital infrastructures has reduced the geographical
constraints linked to the exchange of knowledge, it still makes sense to talk about the geo-
graphical distribution of knowledge, particularly because knowledge is often tacit, embod-
ied, and embedded into specific geographical systems and/or fields of specialization.
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to the standardization of know-how between firms and inventors
(Belussi et al., 2010; Fitjar and Rodríguez-Pose, 2013; Sun, 2016). There-
fore, extensive sharing of knowledge between local actors does not lead
to any innovation capable of stimulating the development of the local
knowledge base. Moreover, dismissing knowledge diversity reduces
the possibility for communication and interaction between different
kinds of skills, knowledge and competencies, thus reducing learning
possibilities (Nooteboom, 2000; Sedita et al., 2016). Second, local inter-
action and collaboration between geographically close actors fuel their
inability to interact and collaborate with actors located outside the geo-
graphical system (Boschma, 2005). This is because local collaboration
promotes the internalization of common organizational routines,
which increasingly prevents members from seeing potential in ideas
far away from the set of core competencies and know-hows already
shared within the network (Andersen, 2013). Even if these two factors
are often strongly interlinked, the difficulties encountered in collaborat-
ingwith external actors is often themain driver triggering local homog-
enization of knowledge between actors and heightening their inability
to absorb external knowledge that is cognitively distant from what is
available locally (Boschma, 2005). Therefore, intra-regional collabora-
tion is expected to positively influence the knowledge productivity of
regions, but this effect is in decline (Broekel, 2012). Therefore the fol-
lowing hypothesis should hold:

H1a. :The relationship between intra-regional collaboration and the
knowledge productivity of regions takes an inverted U-shape.

While this hypothesis implies the existence of an optimal level of
intra-regional collaboration, at the same time we suppose that this op-
timumchanges according to the level of technological variety character-
izing the regional knowledge base. This occurs because we expect
knowledge homogenization to take place more slowly in regions with
amore diversified base of technological knowledge. In fact, even though
the literature on agglomeration economies has initially emphasized the
benefits of Marshallian externalities and the advantages of a local base
of specialized knowledge,more recently the focus has shifted to empha-
size the role of Jacobs' externalities and the advantages of a more diver-
sified local knowledge base (Asheim et al., 2011; Frenken et al., 2007).
As suggested by Asheim et al. (2011), the more diversified the regional
knowledge base the better, because diversity triggers new ideas, in-
duces knowledge spillovers and provides valuable resources required
for innovation. This is because of the higher number of knowledge re-
combination opportunities (Sun and Liu, 2016), novel linkages and as-
sociations (Phene et al., 2006), and collaboration opportunities.
Therefore, intra-regional collaboration in technologically diversified re-
gions strengthens the flow of knowledge within and across industries,
stimulating the production of further diversified knowledge and in con-
trast with the homogenization of the knowledge base.2 Therefore, the
following hypothesis should also hold:

H1b. : The more diverse the regional knowledge base, the higher the
contribution of intra-regional collaboration to a region's knowledge
productivity.

Although geographical proximity is still an advantage in exchanging
information and sharing (tacit) knowledge, it is not a prerequisite for in-
teractive learning to take place (Boschma, 2005). Other forms of prox-
imity have recently been asserted to stimulate interaction and
collaboration more than the spatial form. Boschma (2005) and Paci et
al. (2014) emphasize the role of cognitive, social, organizational and in-
stitutional proximity as drivers affecting interactive learning,
contrasts homogenization depends on themorphology of the collaboration network. Spe-
cifically, if this is clustered within industries, the opportunities for recombination and col-
laboration do not increase. However, if it spans across industries than the opportunities to
produce diversified forms of knowledge either through spillovers or collaboration
increases.

r-regional knowledge collaboration and technological variety on the
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opportunities for collaboration and the production of knowledge. In this
light, increasing attention has recently been placed on inter-regional
collaboration as a complementary driver supporting regional knowl-
edge production (Sun and Cao, 2015). In these relationships, the ex-
change of knowledge requires actors to share some degree of
cognitive (technical) proximity, while their collaborationmay be the re-
sult of their being socially, institutionally or organizationally close to
each other (Marrocu et al., 2013). These inter-regional collaborative re-
lationships and networks may arise spontaneously, primarily through
the mobility of persons, or may be institutionalized from the top
down, through organizational arrangements within and between
firms, or within and between regional and national institutions
(Maggioni et al., 2007). For instance, collaborations may take place be-
tween two local branches of multinational companies, within a joint
venture or strategic alliances between two independent companies, or
between independent actors within an EU-funded project.3 Non-local
connections enable regionally embedded parties to gain access to com-
plementary and diversified external sources of knowledge.4 Therefore,
inter-regional collaboration supports the knowledge productivity of re-
gions through the absorption and embeddedness of new and diversified
sources of knowledge (Boschma and TerWal, 2007; Gertler and Levitte,
2005; Sun, 2016).

H2a. : The higher the level of inter-regional collaboration, the higher
the level of a region's knowledge productivity.

Even though inter-regional collaborations are often portrayed as a
possible solution to spatial lock-in, the capacity of a region to exploit
the innovative potential embedded in the knowledge absorbed through
inter-regional linkages also depends on the interactionwith the techno-
logical variety of the regional base of knowledge (Boschma, 2005; Sun
and Cao, 2015). As we have suggested above, technological variety is
the source of Jacobs' externalities and the extension of those externali-
ties depends on the variety of the technological base of knowledge
available within regions. Therefore, the higher the variety, the higher
the extension of the Jacobs' externalities that the absorption of an addi-
tional source of external knowledge triggers. If a newpatent is produced
through inter-regional collaboration in regions patenting only in a sin-
gle technological field, the number of innovative combinations trig-
gered by the absorption of that piece of knowledge is very limited as
there are only a few patents with which knowledge can combine. In
contrast, if the same patent interacts with a diversified base of knowl-
edge, the number of innovative recombinations grows exponentially
as it may also trigger path breaking events in related and unrelated
technological fields (Cattani, 2006; Levinthal, 1998). Therefore, the fol-
lowing hypothesis should also hold:

H2b. : The more diverse the regional knowledge base, the higher the
contribution of inter-regional collaboration to a region's knowledge
productivity.

Although the capability to exploit the knowledge absorbed through
inter-regional network depends on the technological variety of the re-
gional base of knowledge, a balance between intra- and inter-regional
collaboration is also required to strengthen interactive learning and
knowledge absorption between regions (Asheim and Isaksen, 2002;
3 Although the development of transportation and communication technologies has
drastically reduced the costs of establishing, managing and maintaining those relation-
ships, geographical proximity still plays a role in their development asmany of these rela-
tionships are established with actors located in neighboring regions.

4 The opportunity to establish external connectionsdepends on the attractiveness of the
knowledge base of a region. Therefore, in this perspective, regions with a diversified
knowledge base enjoy a competitive advantage compare to those with a specialized one
as they may establish collaborations with a larger number of partners in different regions,
the quality of their knowledge base is higher, and they might have a consolidated base of
inter-regional collaboration. However, regionswith a specialized knowledge basemay use
financial resources, such as EU funding, to attract human capital from and establish collab-
oration with technologically diversified regions.
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Boschma, 2005; Broekel, 2012; Tödtling et al., 2009; Sun and Cao,
2015). This is required for two reasons. The first reason is logistical.
On the one hand, the capacity of a region to gain access to external
sources of knowledge depends on the extent to which it is connected
to other regions. On the other hand, knowledge absorbed through
inter-regional collaboration spreads at a regional level, the extent to
which inter-regional collaborations are socially embedded in the re-
gional context. Given the fact that the capacity to establish and manage
collaborative relationships is limited, there is a trade-off between geo-
graphical openness and regional embeddedness (Bathelt et al., 2004).
Therefore, significant imbalances in the distribution of collaboration be-
tween intra- and inter-regional collaboration imply a limited capacity of
the region to either gain access to external sources of knowledge or ex-
ploit the knowledge absorbed inter-regionally. The latter happenswhen
universities attract the best scholarsworldwide, but fail to embed them-
selves in the regional system of which scholars are a part. The second
reason is cognitive. The kinds of language spoken in inter-regional and
regional networks are different. In the former, technical languages pre-
vail over practical and operative ones; the opposite is true for the latter,
where knowledge creation and transmission are mainly contextualized
and based on socialization and learning by doing. Thus, from a cognitive
perspective, the balance between intra- and inter-regional collaboration
is required in order to support a more organic translation of technical
knowledge into contextual practice and vice versa (Asheim and
Isaksen, 2002). Therefore, the following hypothesis should hold:

H3a. : The greater the extent of balanced collaboration in the regional
base of knowledge, the higher its contribution to the region's knowl-
edge productivity.

The balance between intra- and inter-regional collaboration ensures
greater efficiency and effectiveness of regions in exploring, disseminat-
ing and exploiting external knowledge. This greater efficiency has a
larger effect in regions with a more diversified base of technological
knowledge. Even though this type of region does not need to gain access
to external knowledge because of the internal variety, the expected ca-
pability to better embed and exploit external knowledge either directly,
through recombination, or indirectly, through disruption, makes exter-
nal knowledge highly attractive (Boschma, 2005). Moreover, the large
internal variety fosters access to a larger number of diversified external
sources of knowledge, increases the collaboration opportunities and
produces knowledge spillovers (Asheim et al., 2011). Therefore, the bal-
ance produces a virtuous circle between technological diversity and a
balanced relationship between intra- and inter-regional collaboration,
further feeding the knowledge productivity of regions. This is because
the balance enables diversified regions to both recombine internal
knowledge through intra-regional collaboration and to recombine the
latter with the external knowledge the regions acquire through inter-
regional collaborations. In contrast, since the regions with high levels
of technological specialization are typically associated with high levels
of intra-regional collaboration, the effect of balance is decreasing be-
cause the lack of inter-regional collaboration reduces the opportunities
for increasing variety and leads to the homogenization of the internal
knowledge base. Similarly, the regions with excessive levels of inter-re-
gional collaboration are unable to embed the potential of the external
knowledge they explore because of the lack of intra-regional collabora-
tion. High levels of intra-regional collaboration are typical of
manufacturing regions dominated by the presence of Marshallian in-
dustrial districts (De Marchi and Grandinetti, 2014). Furthermore, in
these regions, collaboration is mainly clustered within rather than be-
tween industrial districts and even technological homogeneous geo-
graphical areas. High levels of inter-regional collaboration are typical
of peripheral regions where the lack of variety and thinness of innova-
tion structures negatively affects the capability of these regions to ex-
ploit external knowledge (Isaksen, 2014). Therefore, the following
hypothesis should hold.
r-regional knowledge collaboration and technological variety on the
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H3b. : The higher the level of technological diversity in a region, the
greater the balanced collaboration effect on the region's knowledge
productivity.

3. Methodology

3.1. Setting and sample

The goal of this paper is to explore the role of collaboration and tech-
nological variety on the knowledge productivity of regions. The recent
attention the European Commission (EC) has placed on collaboration
across regions and the increasing number of programmes supporting
the development of regional innovation systems make European re-
gions a suitable and highly relevant population to analyse. For analysis
purposes, the European regions are defined at the NUTS25 level.
NUTS2 represents fundamental regions and is used by the EC for the ap-
plication of regional policies supporting job creation, innovation, com-
petitiveness, economic growth, improved quality of life and
sustainable development. For this reason, and as also suggested by
other contributors to the field of regional innovation systems (e.g.
Bottazzi and Peri, 2003; Capello, 2009; Marrocu et al., 2013; Paci et al.,
2014; Rodríguez-Pose and Crescenzi, 2008), the population of NUTS2
European regions is significant in order to analyse and discuss EU poli-
cies in the field of regional cooperation, innovation and knowledge
production.

The data collection process merges data on patents and their inven-
tors from the OECD (Organisation for Economic Co-operation and De-
velopment) RegPat database,6 and demographic and economic data
from Eurostat, over a 10-year window (from 2002 to 2011). Patent
data include all patents granted by the European Patent Office (EPO).7

Patents are assigned to regions based on the address of their inventors.
Thus, EPO patents not involving European inventors are not considered.
Similarly, patent data involving inventors from regions ‘not classified’
are also excluded. ‘Priority year’ is used to assign patents to each year.
Finally, in case a patent has several inventors coming from more than
one region, fractional counting is applied in order to calculate the inven-
tor share (Inv_share). Regional share (Reg_share) also needs to be taken
into account since, in a number of cases, an inventor's address could not
be allocated to a unique NUTS2 region.8 Hence, the weighted patent
contributions per region r and per year t are counted as follows:

Number of patentsr;t ¼ ∑
r;t

∑
i
Invshare � Regshare:

where Invshare is the share that inventor i is involved in, in the creation of
the patent, and Regshare is the regional share, if inventor i is registered in
5 The Nomenclature of territorial units for statistics (NUTS) classification is a hierarchi-
cal system for dividing up the economic territory of the EU for the purposes of a) the col-
lection, development and harmonization of European regional statistics, b) socio-
economic analyses of the regions and c) framing of EU regional policies. Data collected
from OECD RegPat database (February 2015 edition) and Eurostat are updated to the
NUTS2 2010 version.

6 We use the OECD RegPat database edition released in February 2015, which contains
regionalized data on all patent applications filed at the EPO from 1977 to 2014. However,
the data from 2012 to 2014 are excluded from the analysis because of their incomplete-
ness. Due to the time lag between patent filing, the disclosure of filing information by
the patent office, and data processing by the database provider (i.e. OECD), 2011 is the
most recent year that is currently available.

7 This choice is justified by a) the quality of the basic data (clean and complete ad-
dresses are not easily accessible from most other patent offices) and b) the international
character of EPO patents, which makes the resulting data more comparable across
countries.

8 Reg_share and Inv_share are directly provided by the RegPat database. Inv_share is 1 if
the patent has a unique inventor, while it is b1 when the patent is co-invented. Thus, if a
patent has more than one inventor, each is weighted equally based on the number of in-
ventors. Reg_share is b1 if the inventor has multiple address registrations due to the re-
gionalization procedure applied in RegPat, which could be based on postal code, town
name or mixed methods. When unique assignment is not possible, the same inventor is
allocated to different regions, each having a regional share (where the sum is 1).
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different regions. Moreover, the total sum of patent contributions does
not correspond to the total number of EPO patents considered because
shares pertaining to extra-EU inventors, or of inventors moving outside
the EU, are not counted.

The initial sample consists of the 284 European regions defined
within the 28 EU countries, plus Norway and Switzerland. Due to miss-
ing data related to control variables, we then exclude the seven regions
of Switzerland, the four French regions of theDépartements d'outre-mer,
the German regions of Niederbayern and Oberpfalz, Kontinentalna
Hrvatska in Croatia and South Finland. A final balanced panel dataset
is built up, consisting of 269 European regions in 29 countries (EU28
plus Norway) over a 7-year period (2002–2008). The dependent vari-
able has been operationalized as a shifted window over the subsequent
three years with respect to exploratory and control variables and covers
the period 2003–2011.

Finally, a fixed effect panel model is preferred to a random effect
panel or pooled Ordinary Least Squares (OLS) model because of specific
regional features, which may be latent or not included in the available
set of variables. A spatial autoregressive (SAR) panel specification is fur-
ther introduced because innovation is generally considered to be a spa-
tially lagged, dependent phenomenon (Acs et al., 2002; Anselin, 2003;
Castaldi et al., 2015; Marrocu et al., 2013; Millo and Piras, 2012; Paci
et al., 2014). Several statistical tests are adopted to control these expec-
tations in Section 3.3.
3.2. Variables

3.2.1. Dependent variables

3.2.1.1. Knowledge productivity (KNW·PRD). Since knowledge is typically
considered to be a cumulative process, based on Charlot et al. (2014)
and Tavassoli and Carbonara (2014), regional knowledge productivity
is measured as the logarithmic transformation of the weighted regional
patent contributions9 per million inhabitants over a shifted window
over the subsequent three years. Patents have been found to be a
good proxy for innovation at a regional level (Acs et al., 2002), and a
3-year lag window is convenient for measuring the lagged effect of
the invention process (Crescenzi et al., 2012; Paci and Usai, 2009;
Ponds et al., 2010). A 3-year lag window smooths away undue cycle ef-
fects, while the lag permits a consistent response time for innovation to
vary in response to input factors while avoiding potential endogeneity
problems (Marrocu et al., 2013; Paci et al., 2014). For instance, the set
of independent and control variables measured in 2007 is expected to
produce effects on regional innovation performance (KNW·PRD) in
the subsequent lagged time, from 2008 to 2010, while in 2008 the
same set of variables is expected to generate effects on the same vari-
able from 2009 to 2011.
3.2.2. Exploratory variables

3.2.2.1. Collaboration (INTRA.CLL, INTER.CLL and CLL.BLC). The regional
collaboration preference is measured by distinguishing a) intra-regional
collaboration (INTRA.CLL) when the patent involves more inventors
within the same European region, b) inter-regional collaboration
(INTER.CLL) when the patent involves more inventors belonging to dif-
ferent European regions and c) intra/inter-collaboration balance
(CLL.BLC) as the interaction between intra- and inter-regional collabora-
tion. INTRA.CLL is measured as a share of intra-regional collaborative
patents over the total regional co-patents. INTER.CLL is defined as a
share of inter-regional collaborative patents over the total regional co-
patents. The CLL.BLC index is operationalized as the reverse of the
9 See Section 3.1

r-regional knowledge collaboration and technological variety on the
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squared collaboration ratio (CLLratio):

CLL:BLC ¼ 1− CLLratio½ �2

CLLratio ¼ INTRA:CNN−INTER:CNNð Þ
INTRA:CNNþ INTER:CNNð Þ

where CLLratio represents a value between−1 and+1. Values close to
+1 indicate a regional tendency towards intra-regional collaboration,
values close to−1 imply a regional tendency towards inter-regional col-
laboration, while values close to 0 suggest a balance between intra- and
inter-collaboration (see Fig. 2). If we square this term and subtract 1, we
obtain an indicator varying between 0 and 1,where 1 indicates a perfect
balance, whilst 0 suggests the prevalence of intra- or inter-regional
collaboration.

3.2.2.2. Technological diversification (TCN.DIV). Technological diversifica-
tion is adopted as a proxy for regional knowledge variety (Boschma et
al., 2012; Frenken, 2007; Quatraro, 2010; Tavassoli and Carbonara,
2014). Itmeasures the distribution of regional patents across technolog-
ical classes using the International Patent Classification (IPC) and is op-
erationalized by using the entropy index at the 4-digit IPC level, based
on Castaldi et al. (2015), according to the following formula:

TCN:DIVr ¼ −∑
n

j¼1
pj ln pj

� �

where pj = Ej,s/Er. The number of patents guaranteed in each IPC class
within a region r (Ej,r) is related to the overall number of patents guar-
anteed in the same region r (Er). Patents relying on multiple IPC classes
are homogeneously weighted for the number of classes they are in. The
higher the index, the more diversified the regional patent distribution
across the IPC classes. Conversely, specialized innovation regional sys-
tems should show lower index values.

3.2.3. Control variables

3.2.3.1. R&D expenditures (RD.EXP. Gross domestic expenditure on Re-
search&Development (R&D) as a percentage of gross domestic product
(GDP) is an indicator of high political importance at the EU, national and
regional levels. R&D intensity is expected to have a positive impact on
innovation, as long as a positive correlation exists between technologi-
cal input and output (Gilsing et al., 2008; Maurseth and Verspagen,
2002). R&D represents the basic measure of economic input employed
to generate innovation in each region (Crescenzi and Rodríguez-Pose,
2013; Jiao et al., forthcoming).

3.2.3.2. Human capital (HUM.CAP). Human capital supports and en-
hances the innovative processes because highly specific skills are neces-
sary to produce new ideas, and also impact on the capability to absorb
external knowledge (Ponds et al., 2010). Thus, the propensity of a re-
gion to innovate depends on the average level of human capital with-
in the local economy (Lee et al., 2010); tertiary educational
attainment is used here as a proxy for human capital; the higher
the overall educational level, the higher the potential number of in-
ventors. This variable is defined as the percentage of the population
aged 25–64 who have successfully completed tertiary studies (e.g.
university, higher technical institution, etc.) (Charlot et al., 2014;
Hervas-Oliver et al., 2011; Marrocu et al., 2013; Paci et al., 2014).
The indicator is provided by Eurostat and is calculated based on the
EU Labour Force Survey. Specifically, for data up to 2013, educational
attainment refers to ISCED (International Standard Classification of
Education) 1997, levels 5–6.

3.2.3.3. Manufacturing specialization (MAN·SPC). Since sectors have dif-
ferent technology and innovation opportunities, and manufacturing is
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typically more inclined towards innovation than services (Hipp and
Grupp, 2005), the location of manufacturing activity is one of the most
significant drivers of the spatial distribution of innovation (Audretsch
and Feldman, 1996). Therefore, manufacturing specialization is intro-
duced as a control variable: the manufacturing concentration index is
operationalized as the share of regional employees operating in
manufacturing with respect to the total number of regional employees.

3.2.3.4. Inventor productivity (INV·PRD). Despite the potential
established through human capital, the regional capability to innovate
also depends on individual inventors, in particular their areas of compe-
tence and their creativity (Zhang et al., 2014). The productivity of inven-
tors is measured as the effective yearly number of individual and co-
invented EPO patents; an average value is calculated at the regional
level for each year.

3.2.3.5. Population density (POP.DEN). The population per square
kilometre in each region for each year is applied as a proxy for external-
ities related to urbanization. The urbanization process is expected to be
positively associated with the presence of universities, industry re-
search laboratories, trade associations and other knowledge generating
organizations (Frenken et al., 2007, Marrocu et al., 2013; Paci et al.,
2014). Thus, urbanization economies may strengthen regional innova-
tion performance.

3.3. Model

Spatial panel data models capture spatial interactions across spatial
units and over time (Millo and Piras, 2012). Our research strategy high-
lights that a spatial SAR panel specification is adequate to model the re-
gional collaboration pattern, which allows the exchange of innovation
across neighboring territories (Paci et al., 2014). According to Anselin
(2003), because of the spatial lag of the dependent variable, the SAR
model yields global spillovers. The related structural model indicates
that the result of a given dependent variable is the effect of all the in-
teractions among units (in our case regions) that have taken place
across space and over time. Spatial lag models therefore imply possi-
ble diffusion processes of knowledge creation (Acs et al., 2002;
Anselin, 2003; Paci et al., 2014), because spatial dimensions of social
interactions and collaboration processes are typically considered an
important aspect of innovation and knowledge spillovers (Bathelt
et al., 2004; Breschi and Lissoni, 2001; Malmberg and Maskell,
2002, 2006; Ponds et al., 2010; Tödtling et al., 2009). Moreover,
since we expect our data to be characterized by spatial dependence,
some tests are implemented to verify the conditions of application
for the SAR panel model.

Thefirst step in thismodelling technique is to compare the goodness
of fit for the panelmodelswith the commonOLSmodel. Here, we report
only the results concerning the base model (Model 1 in Table 2), but all
the models show the same significance and behaviour. An F-test (F =
197.45 and p b 0.001 in Model 1), as measured by the pFtest function
of R's plm package,10 confirms that both fixed effect and random effect
panel models are a better fit than OLS.

In the second step, the fixed effect was expected to fit better than
the random effect because the innovation diffusion in the European
regions is not likely to be randomized but rather is influenced by ob-
served and latent time-invariant territorial features; the Hausman
test on the full model (×2 = 452.76, and p b 0.001 in model 1, mea-
sured by the phtest function of R's plm package) confirms this
expectation.

Third, since we expect a ‘time effect’ due to the financial crisis in
2007/2008, an F-test is used to assess whether the time effect needs to
be considered further. The result on the baseline model suggests that
a time effect must be included (time effect is preferred since F =
2.507 and p b 0.05).
r-regional knowledge collaboration and technological variety on the
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Next we use the Breusch-Pagan test to evaluate the presence of
heteroscedasticity in the models. The low probabilities calculated for
this test in the full model highlight the existence of heteroscedasticity
(BP= 290.56 and p b 0.001). This is not necessarily a surprise because
the variance could well be affected by the spatial dependence in the
data (see Moran I test).

Finally, we run Moran I and Lagrange multiplier (LM) tests to assess
the spatial dependence of models implemented in the R package spdep
(spatial dependence). The Moran I test score of 18.069 in model 1 is
highly significant (p b 0.001), indicating strong spatial autocorrelation
of the residuals.

The LM statistics are the simple LM test for a missing spatially lagged
dependent variable (LM-lag), the simple LM test for error dependence
(LM-err) and the robust variants of these two tests (RLM-lag and RLM-
err) (Anselin, 1988a, 1988b).

Simple tests of both lag (LM-lag = 251.95 and p b 0.001) and error
(LM-err=204.15 and p b 0.001) are significant, indicating the presence
of spatial dependence. The robust variant of these tests allows us to un-
derstand what type of spatial dependence may be at work in our data.
The robust measure for the lag test is still significant (RLM-lag =
51.19 and p b 0.001), but the robust error test becomes insignificant
(RLM-err = 3.39 and p N 0.05), which means that apparent spatial de-
pendence in the error terms is not an issue in modelling the level of re-
gional knowledge productivity; therefore, the spatial error model is not
the most appropriate choice for model specification.

After identifying the presence of spatial dependence utilizing the
Moran I test and LM tests, we use the R package splm (spatial panel linear
model) to re-estimate the regressionmodelswith amaximum likelihood
approach, while controlling for both spatial dependences (spatial lag and
spatial error). In Table 2 we present only the results of the spatial lag
panel model, which are more useful to capture the effects of spatial spill-
overs on knowledge production (Anselin, 2003) than the spatial error
models. Moreover, the results obtained by the two specifications are
quite similar, except that the spatial lag model results seem to be more
robust than the spatial error panel model.11 Thus, following Millo and
Piras (2012), the expression of the spatial lag panel model is defined as

Y ¼ λ IT⊗WNð Þyþ ιT⊗INð Þμ þ Xβþ ε

where Y is a vector of the dependent variables,X is amatrix of the explan-
atory and control variables,β represents the vector of the coefficients, ε is
the vector of the residuals, ιT a columnvector of ones of dimension T, IN an
N×N identitymatrix, μ is the vector of cross-sectional specific effects,λ is
the SAR coefficient andWN is the spatial weightmatrix, which shows the
strength of the interaction between two regions. Aweightsmatrix is used
to impose a neighbourhood structure on the data to assess the extent of
similarity between locations and values (spatial dependence). In this
analysis, we use a contiguity-based weights matrix where regions are
neighbours if they share either a border or point (the queen criterion).

4. Results

The map in Fig. 1 shows the more innovative European regions (on
the left) which aremainly in Germany, Scandinavia, northern Italy, Aus-
tria and England, alongside a map showing the regions with more bal-
anced levels of intra- and inter-collaboration (on the right). The map
in Fig. 2 highlights the regions that are inclined to develop high intra-re-
gional collaboration (Spain, southern France, Italy, Greece, Bulgaria,
Scandinavia and the Baltic countries) and regions showing high inter-
regional collaboration (the Benelux countries, Germany, and most of
Central and Eastern Europe).12
11 We also ran a SARMAmodel with both spatial lag and spatial error, but obtained sim-
ilar coefficients to those in the spatial lag model.
12 The indices shown in Figs. 1 and 2 are average values for the period analyzed. Thus,
some differences with respect to the panel regression analyses results are expected. The
legend clusters and colours are based on quartile distribution.
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Table 1 presents the descriptive statistics and the correlation values
for all variables. The correlation values among explanatory and control
variables are relatively low, i.e. below the cut-off point of 0.50 (Hair et
al., 2010, p. 189), except for two bivariate correlations HUM.CAP/
R&D.EXP and R&D.EXP/TCN.DIV that are above the suggested cut-off
point. Therefore, we eliminated the R&D.EXP variable from the spatial
regression analysis to avoid collinearity issues. We also checked for
the existence of multicollinearity by measuring the variance inflation
factors (VIFs) (see Table 2) which are lower than the threshold of 4 sug-
gested by O'Brien (2007), and found multicollinearity not to be a prob-
lem. Furthermore, we entered interaction terms in the analyses because
our hypotheses expect intra-regional collaboration, inter-regional collab-
oration, intra/inter collaboration balance and technological diversification
to interact. In addition, we standardize these variables prior to calculat-
ing their interaction terms, in order to avoid unnecessary
multicollinearity, as well as the quadratic terms (Aiken et al., 1991;
Gilsing et al., 2008; Rothaermel and Deeds, 2004).

Table 2 presents the spatial panel fixed effect estimates with spatial
lag to explain the knowledge productivity of the European regions in our
sample.

We operationalized the adjusted R squared and the Generalised Least
Squares (GLS) residual variance to evaluate the goodness of fit of the
models. As a base model, we first present the outcome using only the
control variables. Model 1 represents the effect of control variables on
the dependent variable knowledge productivity. Model 2 introduces
intra-regional collaboration, technological diversification, their pairwise
interaction term and the quadratic form of intra-regional collaboration
(INTRA.CLL^2) to test our first two hypotheses (H1a and H1b). In
model 3, the linear effect on the knowledge productivity of each Europe-
an region of inter-regional collaboration and its interaction with techno-
logical diversification are also verified (H2a and H2b). Finally, model 4
presents the results of the impact of collaboration balance and its inter-
action with technological diversification on knowledge productivity (H3a
and H3b).

The overall fit of the models increases compared to the baseline, as
Models 2, 3 and 4 fit our data better and have more explanatory
power thanModel 1. Moreover, the coefficients and signs of the control
variables remain stable along the different models, showing robust re-
sults and that multi-collinearity is not a particular problem in these
regressions.

Model 1 presents estimates of the coefficients of the control vari-
ables. As expected, the regional stock of human capital is positive and
significant (p b 0.001). To check for sectoral effects, we introduce the
variable manufacturing specialization. The manufacturing specialization
(MAN·SPC) of regions also has a significant (p b 0.001) and positive ef-
fect on knowledge productivity. The same is true in the case of inventor
productivity (p b 0.001). In contrast, the population density is positive
but not significant in any of the five models.

Model 2 provides support for the inverted U-shape relationship be-
tween the intra-regional collaboration and regional knowledge productiv-
ity (H1a). As we expect, a certain level of intra-regional collaboration
supports the exploitation of the regional knowledge base, but we also
expect high values of intra-regional collaboration to lead to diminishing
returns on knowledge productivity, since the linear term of intra-regional
collaboration is positive and significant (p b 0.001), while the squared
term is negative and significant (p b 0.1). Moreover, the coefficient of
technological diversification (p b 0.001) is positive and statistically signif-
icant. As the first hypothesis (H1b) suggests, intra-regional collaboration
and technological diversification as well as their interaction
(INTRA.CLL*TCN.DIV) yield a positive effect on the dependent variable;
in fact, the interaction effect is also significant (p b 0.001). Hence, our
hypothesis 1b is confirmed. The diversity of the knowledge base of re-
gions mediates the effect of collaboration on the knowledge productivity
of regions.

Model 3 points out a negative and statistically significant direct ef-
fect of inter-regional collaboration (p b 0.001) and a positive and
r-regional knowledge collaboration and technological variety on the
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Fig. 1. – Knowledge productivity (left) and collaboration balance (right) of European regions.
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significant direct effect of technological diversification (p b 0.001). Hence,
our hypothesis 2a is not confirmed. A positive but not significant impact
of the interaction between these variables (INTER.CLL*TCN.DIV) would
seem to suggest that technological variety may mitigate the impact of
inter-regional collaboration, but we cannot confirm our hypothesis 2b
statistically.

The results of Model 4 provide support for hypothesis 3a. Model 4
shows a positive and significant direct impact (p b 0.001) of collabora-
tion balance and technological diversification (p b 0.001). Thus, regions
with a good balance between intra- and inter-regional collaboration
propensity and also those featuring a higher degree of technological va-
riety see enhanced innovation. The pairwise interaction of these two
variables (CLL.BLC*TCN.DIV) is also positive and significant (p b 0.05)
confirming hypothesis 3b. As we expect, there is an optimal level of col-
laboration balance, which maximizes the knowledge productivity of re-
gions; meanwhile, the higher the level of technological diversity in a
region, the higher the effect of a balanced collaborationmix on its knowl-
edge productivity.

Finally, all models confirm the important spatial dependence on the
knowledge performance of European regions, as has been strongly ar-
gued in regional studies that rely on notions of spatial interaction and
diffusion effects, hierarchies of place and spatial spillovers (Basile et
Fig. 2. – Intra-regional (left) and inter-regional (rig
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al., 2012; Capello, 2009; Ponds et al., 2010). The positive and significant
lamba-coefficient (spatial lag dependence) means that being part of a
highly innovative geographical context supports the knowledge produc-
tivity of regions.

5. Discussion

The objective of this paper is to investigate the interactive effect of
collaboration and technological variety at a regional level by
distinguishing between intra- and inter-regional collaboration. Several
studies have recently looked at the roles of collaboration and variety
on regional performance (Basile et al., 2012; Boschma, 2005; Bottazzi
and Peri, 2003; Broekel, 2012), but none has explored the effect of the
interplay between them (Sun and Cao, 2015).

The results of our spatial model highlight these findings:

• Intra-regional collaboration enhances the knowledge productivity of
regions; however, the effect tends to flatten for high levels of intra-re-
gional collaboration.

• Contrary to what we expected, a high propensity towards inter-re-
gional collaboration negatively affects the knowledge productivity of
regions. Thus, a disproportionate emphasis on inter-regional
ht) collaboration attitude of European regions.
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Table 1
– Descriptive statistics and correlation matrix.

Variables Mean St.dev. 1 2 3 4 5 6 7 8 9 10

1 KNW·PRD 7.668 0.781 1
2 INTRA.CLL 0.320 0.201 0.37⁎⁎⁎ 1
3 INTER.CLL 0.557 0.231 0.13⁎⁎⁎ −0.43⁎⁎⁎ 1
4 CLL.BLC 0.223 0.322 0.41⁎⁎⁎ 0.52⁎⁎⁎ −0.56⁎⁎⁎ 1
5 TCN.DIV 3.403 1.333 0.87⁎⁎⁎ 0.41⁎⁎⁎ 0.19⁎⁎⁎ 0.43⁎⁎⁎ 1
6 R&D.EXP 1.423 1.285 0.62⁎⁎⁎ 0.23⁎⁎⁎ 0.02 0.29⁎⁎⁎ 0.52⁎⁎⁎ 1
7 HUM.CAP 22.960 8.387 0.54⁎⁎⁎ 0.22⁎⁎⁎ 0.00 0.25⁎⁎⁎ 0.46⁎⁎⁎ 0.52⁎⁎⁎ 1
8 MAN·SPC 18.021 6.792 0.04† 0.05⁎ 0.12⁎⁎⁎ −0.03 0.11⁎⁎⁎ −0.04 −0.35⁎⁎⁎ 1
9 INV·PRD 0.499 0.171 0.21⁎⁎⁎ 0.09⁎⁎⁎ 0.06⁎⁎ −0.02 0.19⁎⁎⁎ 0.00 0.01 0.07⁎⁎ 1
10 POP.DEN 344.585 848.485 0.15⁎⁎⁎ −0.03 0.06⁎⁎ 0.04† 0.18⁎⁎⁎ 0.10⁎⁎⁎ 0.29⁎⁎⁎ −0.22⁎⁎⁎ −0.02 1

Notes: Significant levels are ⁎⁎⁎p b 0.001, ⁎⁎p b 0.01, ⁎p b 0.05, †p b 0.10. The average value of KNW·PRD and HUM.CAP are not in logarithmic form for easier reading.
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collaboration reduces the capacity of a region to produce new knowl-
edge.

• Technological variety is confirmed to be a fundamental determinant
of regional knowledge productivity. It moderates the decreasing ef-
fects of intra-regional collaboration and reduces the risk of lock-in
due to knowledge homogenization. Furthermore, the technological
variety of a region not only moderates the negative effect of excessive
inter-regional collaboration, but even changes the sign of this rela-
tionship. Thus, in regions with a diversified knowledge base, an em-
phasis on inter-regional collaboration supports knowledge
productivity.
Table 2
– Spatial fixed effects lag regression results.

Dependent variable -
KNW·PRD

Spatial panel fixed effects lag models

Model 1 Model 2 Model 3 Model 4

Lambda (spatial lag) 0.748(0.012)⁎⁎⁎ 0.509
(0.013)⁎⁎⁎

0.508
(0.013)⁎⁎⁎

0.507
(0.013)⁎⁎⁎

Explanatory variables
INTRA.CLL 0.253

(0.042)⁎⁎⁎

INTRA.CLL^2 −0.009
(0.006)†

INTER.CLL −0.140
(0.041)⁎⁎⁎

INTER.CLL^2
CLL.BLC 0.165

(0.030)⁎⁎⁎

TCN.DIV 0.240
(0.009)⁎⁎⁎

0.258
(0.007)⁎⁎⁎

0.239
(0.008)⁎⁎⁎

INTRA.CLL*TCN.DIV 0.022
(0.006)⁎⁎⁎

INTER.CLL*TCN.DIV 0.001
(0.006)

CLL.BLC*TCN.DIV 0.014
(0.007)⁎

Control variables
HUM.CAP 0.525

(0.025)⁎⁎⁎
0.289
(0.020)⁎⁎⁎

0.278
(0.020)⁎⁎⁎

0.279
(0.020)⁎⁎⁎

MAN.SPC 0.014
(0.001)⁎⁎⁎

0.003
(0.001)⁎⁎

0.004
(0.001)⁎⁎⁎

0.004
(0.001)⁎⁎⁎

INV.PRD 0.184
(0.044)⁎⁎⁎

0.094
(0.036)⁎⁎

0.079
(0.036)⁎

0.096
(0.036)⁎⁎

POP.DEN 0.000 (0.000) 0.000
(0.000)

0.000
(0.000)

0.000
(0.000)

No. of observations 1883 1883 1883 1883
EU NUTS2 regions 269 269 269 269
No. of years 7 7 7 7
R squared 0.828 0.885 0.884 0.885
GLS residual variance 0.0865 0.0590 0.0593 0.0590
Max VIF 1.554 3.348 2.538 2.617
Mean VIF 1.237 1.826 1.718 1.725

Notes: Standard errors are in parentheses. Significant levels are ⁎⁎⁎p b 0.001, ⁎⁎p b 0.01,
⁎p b 0.05, †p b 0.10.
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• Finally, the significant effect of the mix of intra- and inter-regional col-
laboration suggests that an optimal balance between the two maxi-
mizes knowledge productivity at a regional level. Furthermore, this
optimal mix enables regions to boost the effect of technological variety.

Theory has suggested that co-location supports knowledge flows be-
tween inventors because of spatial and cultural proximity, which in-
creases interaction opportunities and facilitates collaboration.
However, the significant negative coefficient of the squared value of
intra-collaboration inModel 2 suggests that an excess of local collabora-
tion may produce homogenization and flattening of shared knowledge,
and lead to lock-in situations (Nooteboom, 2000). However, the signif-
icant interaction between intra-regional collaboration and variety sug-
gests that increased variety may reduce the decreasing returns to
intra-regional collaboration in the long run. In otherwords, the strength
of local collaboration is crucial to foster regional knowledge flows and to
increase the knowledge creation and recombination opportunities, but
it may require that the stock of knowledge internal to the region be
sustained by external knowledge flows. In this context, the develop-
ment of inter-regional relationships and collaborations, as a means of
access to external knowledge and to balance the specialization of locally
embedded innovation networks, is to be encouraged and supported by
regional policies.

Analysis of the relationships between intra- and inter-regional col-
laboration balance and knowledge productivity suggests that a degree
of balance is required to optimize access to and utilization of knowledge.
A high level of intra-regional collaboration suggests that the region has
developed locally embedded innovation networks to support knowl-
edge production and recombination, but that increased inter-regional
openness is required in order to foster access to new and diversified
sources of knowledge. In contrast, a high level of inter-regional collabo-
ration suggests that the region needs external collaborative relation-
ships to innovate, but that internal research structures and services
must develop in order to assimilate and exploit external knowledge,
foster the diffusion of external knowledge within the regional system
and enhance innovation performance.

Fig. 2 in Section 4 shows that regions with high levels of intra-re-
gional collaboration, outside of Scandinavia, are mainly Latin regions,
which historically have a low degree of openness (Fukuyama, 1996)
and are inclined to individually develop internal resources and struc-
tures. In contrast, high levels of inter-regional collaboration involve
two contrasting types of regions: innovative regions of Germany and
the Benelux countries, where inter-regional, compared to intra-region-
al, cooperation is prevalent, and those regions of Central and Eastern Eu-
rope which are typically less structured for innovation and collaborate
with knowledge intensive regions because they lack internal resources
and competencies (Hajek et al., 2014). In the latter case, the attitude
to inter-regional collaboration in these regions is often the result of Eu-
ropeanprojectswhich required them to collaborate to gain access to Eu-
ropean funds.
r-regional knowledge collaboration and technological variety on the
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Furthermore, themap in Fig. 1 suggests that themost innovative re-
gionsmatch those of amedium-high and high balance between internal
and external collaboration. However, different equilibrium levels are
potentially conceivable. If we plot the density of the collaboration
ratio13 (Fig. 3), we can observe the average inclination of regions to bal-
ance or to specialize in the intra- or inter-regional collaboration ap-
proach. Looking at Fig. 3, on the one hand, French regions are more
inclined towards a balance on the side of intra-regional connectivity,
which encourages thedevelopment of local networks,while German re-
gions have a larger inclination to inter-regional collaboration. However,
the significance of spatial lag may suggest that the inter-regional apti-
tude of German regions does not mean a greater openness than other
regions but it is likely to be due to a strong collaboration with spatially
closed regions. Similarly, the inability of regions of Spain to exploit
their balance between intra- and inter-regional collaborations may be
due to an inter-regional collaboration system that is limited to other re-
gions of Spain, rather than extended to more diverse European regions.
As highlighted in the following section, this study is limited, as it does
not distinguish between collaboration across regions of the same coun-
try and with regions of other countries.

Finally, in recent decades, the increasing commitment of EU to poli-
cies sustaining the innovation performance of both core and peripheral
regions has led to contradictory results, as suggested by the so-called
European paradox on innovation. The establishment of the European
Research Area (ERA) in 2000 has facilitated and encouraged inter-re-
gional collaboration as a means to promote knowledge diffusion across
regions. However, this study highlights that fragmentation and hetero-
geneity in regional innovation capacity needs to evolve towards struc-
ture and balance in order to make inter-regional collaboration more
effective. Development strategies promoting inter-regional collabora-
tion are effectivemainly in the core regions, where the level of social, or-
ganizational, institutional and technological ‘thickness’ and diversity is
already high.

Therefore, European research and innovation policies should sup-
port regional innovation by distinguishing local innovation systems ac-
cording to their breadth and complexity. On the one hand, core regions
characterized by structured internal innovation systems based intra-re-
gional collaboration should be encouraged and supported to extend
their inter-regional networks in order to improve their access to exter-
nal knowledge and foster the diversity of knowledge available and its
potential utilization. On the other hand, interventions meant to
strengthen the knowledge productivity of more peripheral regions
13 See the formula of CLLratio in Section 3.2
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through inter-regional collaboration should be complemented by
others to strengthen the social, organizational and institutional capaci-
ties of the region. In other words, peripheral regions focusing on high
inter-regional collaboration should be encouraged and supported in im-
proving their internal collaborative configuration by developing syner-
gies among regional governments, research institutions, universities
and private firms (Zhao et al., 2015).

6. Concluding remarks, limitations of this study and directions for
future research

In this paper, we focus mainly on the interaction between techno-
logical variety and intra- and inter-regional collaboration in order to un-
derstand how these factors support regional knowledge productivity, as
measured by patent performance.

Our main findings suggest, first, that local collaboration has a curvi-
linear effect on the knowledge productivity of regions and that there is
an optimal level of intra-regional collaboration. Secondly, inter-regional
collaborations positively affect the innovation performance of regions
only if balanced with intra-regional collaboration (as a proxy of a good
organizational, social and institutional density). Finally, regional tech-
nological variety positively moderates the decreasing effect of high
intra-regional collaboration in the long-run, counters the negative effect
of inter-regional collaboration in the absence of organizational and in-
stitutional thickness, and increases the effect of the collaboration mix
on knowledge productivity.

This study has several limitations. First, a more comprehensive eval-
uation of the impact of intra- and inter-regional collaboration on the
level of knowledge productivity should not rely only on patent mea-
surements, but also measure innovative or improved products and pro-
cesses. The availability of more comprehensive datasets providing
further information on regional knowledge productivity and R&D out-
comes would allow future research results to be extended and im-
proved. Furthermore, a more realistic representation of the interactive
dynamics linking regional and inter-regional levels is also required. In
our perspective, we already emphasize the need to understand the
way collaboration spans industries and consider cognitive distance as
a driver of path breaking events. However, the morphology of the net-
work between institutionally different actors should have a significant
effect on theway absorbed knowledge is diffused in the regional system
and indeed on the knowledge productivity of regions. Second, we are
aware that some particular forms of knowledge spillover might not be
properly captured by using only physical distance (contiguity-based
weights matrix) without considering other forms of distance (e.g. cog-
nitive). Third, the IPC, although acceptable and sufficiently clear for
r-regional knowledge collaboration and technological variety on the
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our purpose, has been developed for reasons other than providing
scholars with a complete picture of the knowledge bases and variety
of organizations and regions. Fourth, we have not distinguished be-
tween inter-regional collaborations within a country and those across
countries; this could also be of analytical and policy interest.

Future research could examine the dynamics of knowledge produc-
tivity among European regions using not only intra- and inter-EU re-
gional collaboration, but also including the interactions with countries
outside the EU, such as with regions of North America, Eurasia or in de-
veloping countries.

References

Acs, Z.J., Anselin, L., Varga, A., 2002. Patents and innovation counts asmeasures of regional
production of new knowledge. Res. Policy 31, 1069–1085.

Aiken, L.S., West, S.G., Reno, R.R., 1991. Multiple Regression: Testing and Interpreting In-
teractions. Sage.

Andersen, K.V., 2013. The problem of embeddedness revisited: collaboration and market
types. Res. Policy 42:139–148. http://dx.doi.org/10.1016/j.respol.2012.05.005.

Anselin, L., 1988a. Lagrange multiplier test diagnostics for spatial dependence and spatial
heterogeneity. Geogr. Anal. 20:1–17. http://dx.doi.org/10.1111/j.1538-4632.1988.
tb00159.x.

Anselin, L., 1988b. Spatial Econometrics: Methods and Models. Kluwer, Dordrecht. The
Netherlands, p. 285.

Anselin, L., 2003. Spatial externalities, spatial multipliers, and spatial econometrics. Int.
Reg. Sci. Rev. 26:153–166. http://dx.doi.org/10.1177/0160017602250972.

Asheim, B.T., Isaksen, A., 2002. Regional innovation systems: the integration of local
“sticky” and global “ubiquitous” knowledge. J. Technol. Transf. 27, 77–86.

Asheim, B.T., Boschma, R., Cooke, P., 2011. Constructing regional advantage: platform pol-
icies based on related variety and differentiated knowledge bases. Reg. Stud. 45:
893–904. http://dx.doi.org/10.1080/00343404.2010.543126.

Audretsch, D.B., Feldman, M.P., 1996. R&D spillovers and the geography of innovation and
production. Am. Econ. Rev. 86, 630–640.

Basile, R., Capello, R., Caragliu, A., 2012. Technological interdependence and regional
growth in Europe: proximity and synergy in knowledge spillovers. Pap. Reg. Sci.
91:697–722. http://dx.doi.org/10.1111/j.1435-5957.2012.00438.x.

Bathelt, H., Malmberg, A., Maskell, P., 2004. Clusters and knowledge: local buzz, global
pipelines and the process of knowledge creation. Prog. Hum. Geogr. 28, 31–56.

Belussi, F., Sammarra, A., Sedita, S.R., 2010. Learning at the boundaries in an “open region-
al innovation system”: a focus on firms' innovation strategies in the Emilia Romagna
life science industry. Res. Policy 39:710–721. http://dx.doi.org/10.1016/j.respol.2010.
01.014.

Boschma, R.A., 2005. Proximity and innovation: a critical assessment. Reg. Stud. 39:61–74.
http://dx.doi.org/10.1080/0034340052000320887.

Boschma, R., Ter Wal, A.L., 2007. Knowledge networks and innovative performance in an
industrial district: the case of a footwear district in the South of Italy. Ind. Innov. 14:
177–199. http://dx.doi.org/10.1080/13662710701253441.

Boschma, R., Minondo, A., Navarro, M., 2012. Related variety and regional growth in
Spain. Pap. Reg. Sci. 91:241–256. http://dx.doi.org/10.1111/j.1435-5957.2011.00387.
x.

Bottazzi, L., Peri, G., 2003. Innovation and spillovers in regions: evidence from European
patent data. Eur. Econ. Rev. 47:687–710. http://dx.doi.org/10.1016/S0014-
2921(02)00307-0.

Breschi, S., Lissoni, F., 2001. Knowledge spillovers and local innovation systems: a critical
survey. Ind. Corp. Chang. 10, 975–1005.

Broekel, T., 2012. Collaboration intensity and regional innovation efficiency in Germany–a
conditional efficiency approach. Ind. Innov. 19:155–179. http://dx.doi.org/10.1080/
13662716.2012.650884.

Capello, R., 2009. Spatial spillovers and regional growth: a cognitive approach. Eur. Plan.
Stud. 17:639–658. http://dx.doi.org/10.1080/09654310902778045.

Castaldi, C., Frenken, K., Los, B., 2015. Related variety, unrelated variety and technological
breakthroughs: an analysis of US state-level patenting. Reg. Stud. 49:767–781. http://
dx.doi.org/10.1080/00343404.2014.940305.

Cattani, G., 2006. Technological pre-adaptation, speciation, and emergence of new tech-
nologies: how corning invented and developed fiber optics. Ind. Corp. Chang. 15,
285–318.

Charlot, S., Crescenzi, R., Musolesi, A., 2014. Econometric modelling of the regional knowl-
edge production function in Europe. J. Econ. Geogr. 15:1227–1259. http://dx.doi.org/
10.1093/jeg/lbu035.

Cooke, P., Uranga, M.G., Etxebarria, G., 1998. Regional systems of innovation: an evolu-
tionary perspective. Environ. Plan. A 30, 1563–1584.

Crescenzi, R., Rodríguez-Pose, A., 2013. R&D, socio-economic conditions, and regional in-
novation in the U.S. Growth Chang. 44:287–320. http://dx.doi.org/10.1111/grow.
12011.

Crescenzi, R., Rodríguez-Pose, A., Storper, M., 2012. The territorial dynamics of innovation
in China and India. J. Econ. Geogr. 12:1055–1085. http://dx.doi.org/10.1093/jeg/
lbs020.

DeMarchi, V., Grandinetti, R., 2014. Industrial districts and the collapse of theMarshallian
model: looking at the Italian experience. Compet. Chang. 18, 70–87.

D'Este, P., Guy, F., Iammarino, S., 2013. Shaping the formation of university-industry re-
search collaborations: what type of proximity does really matter? J. Econ. Geogr.
13:537–558. http://dx.doi.org/10.1093/jeg/lbs010.
Please cite this article as: De Noni, I., et al., The impact of intra- and inte
knowledge productivity of Europea..., Technol. Forecast. Soc. Change (201
Fitjar, R.D., Rodríguez-Pose, A., 2013. Firm collaboration and modes of innovation in Nor-
way. Res. Policy 42:128–138. http://dx.doi.org/10.1016/j.respol.2012.05.009.

Frenken, K., 2007. Entropy statistics and information theory. In: Hanusch, H., Pyka, A.
(Eds.), The Elgar Companion to Neo-Schumpeterian Economics. Edward Elgar, Chel-
tenham, pp. 544–555.

Frenken, K., van Oort, F., Verburg, T., 2007. Related variety, unrelated variety and re-
gional economic growth. Reg. Stud. 41:685–697. http://dx.doi.org/10.1080/
00343400601120296.

Fukuyama, F., 1996. Trust: Human Nature and the Reconstitution of Social Order. Simon
and Schuster, New York, US.

Gertler, M.S., Levitte, Y.M., 2005. Local nodes in global networks: the geography of knowl-
edge flows in biotechnology innovation. Ind. Innov. 12:487–507. http://dx.doi.org/10.
1080/13662710500361981.

Gilsing, V., Nooteboom, B., Vanhaverbeke, W., Duysters, G., van den Oord, A., 2008. Net-
work embeddedness and the exploration of novel technologies: technological dis-
tance, betweenness centrality and density. Res. Policy 37:1717–1731. http://dx.doi.
org/10.1016/j.respol.2008.08.010.

Hair, J.F., Black,W.C., Babin, B.J., Anderson, R.E., Tatham, R.L., 2010. Multivariate Data Anal-
ysis. seventh ed. Pearson, NY.

Hajek, P., Henriques, R., Hajkova, V., 2014. Visualising components of regional innovation
systems using self-organizing maps-evidence from European regions. Technol. Fore-
cast. Soc. Chang. 84:197–214. http://dx.doi.org/10.1016/j.techfore.2013.07.013.

Hervas-Oliver, J.-L., Albors, G., Gil-Pechuan, I., 2011. Making sense of innovation by R&D
and non-R&D innovators in low technology contexts: a forgotten lesson for
policymakers. Technovation 31:427–446. http://dx.doi.org/10.1016/j.technovation.
2011.06.006.

Hipp, C., Grupp, H., 2005. Innovation in the service sector: the demand for service-specific
innovation measurement concepts and typologies. Res. Policy 34:517–535. http://dx.
doi.org/10.1016/j.respol.2005.03.002.

Hoekman, J., Frenken, K., van Oort, F., 2009. The geography of collaborative knowledge
production in Europe. Ann. Reg. Sci. 43:721–738. http://dx.doi.org/10.1007/s00168-
008-0252-9.

Isaksen, A., 2014. Industrial development in thin regions: trapped in path extension?
J. Econ. Geogr. 15, 585–600.

Jiao, H., Zhou, J., Gao, T., Liu, X., 2016. The more interactions the better? The moderating
effect of the interaction between local producers and users of knowledge on the rela-
tionship between R&D investment and regional innovation systems. Technol.
Forecast. Soc. Chang. 110:13–20. http://dx.doi.org/10.1016/j.techfore.2016.03.025.

Johnston, A., Huggins, R., 2015. University-industry links and the determinants of their
spatial scope: a study of the knowledge intensive business services sector. Pap. Reg.
Sci. http://dx.doi.org/10.1111/pirs.12185 (in press).

Lamin, A., Dunlap, D., 2011. Complex technological capabilities in emerging economy
firms: the role of organizational relationships. J. Int. Manag. 17:211–228. http://dx.
doi.org/10.1016/j.intman.2011.05.004.

Lee, S.Y., Florida, R., Gates, G., 2010. Innovation, human capital, and creativity. Int. Rev.
Public Adm. 14, 13–24.

Levinthal, D.A., 1998. The slow pace of rapid technological change: gradualism and punc-
tuation in technological change. Ind. Corp. Chang. 7, 217–247.

Maggioni, M.A., Nosvelli, M., Uberti, T.E., 2007. Space versus networks in the geography of
innovation: a European analysis. Pap. Reg. Sci. 86:471–493. http://dx.doi.org/10.
1111/j.1435-5957.2007.00130.x.

Malmberg, A., Maskell, P., 2002. The elusive concept of localization economies: towards a
knowledge-based theory of spatial clustering. Environ. Plan. A 34:429–449. http://dx.
doi.org/10.1068/a3457.

Malmberg, A., Maskell, P., 2006. Localized learning revisited. Growth Chang. 37:1–18.
http://dx.doi.org/10.1111/j.1468-2257.2006.00302.x.

Marrocu, E., Paci, R., Usai, S., 2013. Proximity, networking and knowledge production in
Europe: what lessons for innovation policy? Technol. Forecast. Soc. Chang. 80:
1484–1498. http://dx.doi.org/10.1016/j.techfore.2013.03.004.

Maurseth, P.B., Verspagen, B., 2002. Knowledge spillovers in Europe: a patent citations
analysis. Scand. J. Econ. 104, 531–545.

Millo, G., Piras, G., 2012. Splm: spatial panel data models in R. J. Stat. Softw. 47.
Nooteboom, B., 2000. Learning by interaction: absorptive capacity, cognitive dis-

tance and governance. J. Manag. Gov. 4:69–92. http://dx.doi.org/10.1023/A:
1009941416749.

O'Brien, R.M., 2007. A caution regarding rules of thumb for variance inflation factors. Qual.
Quant. 41:673–690. http://dx.doi.org/10.1007/s11135-006-9018-6.

Paci, R., Usai, S., 2009. Knowledge flows across European regions. Ann. Reg. Sci. 43:
669–690. http://dx.doi.org/10.1007/s00168-008-0256-5.

Paci, R., Marrocu, E., Usai, S., 2014. The complementary effects of proximity dimensions on
knowledge spillovers. Spat. Econ. Anal. 9:9–30. http://dx.doi.org/10.1080/17421772.
2013.856518.

Phene, A., Fladmoe-Lindquist, K., Marsh, L., 2006. Breakthrough innovations in the US bio-
technology industry: the effects of technological space and geographic origin. Strateg.
Manag. J. 27, 369–388.

Ponds, R., van Oort, F., Frenken, K., 2010. Innovation, spillovers and university-industry
collaboration: an extended knowledge production function approach. J. Econ.
Geogr. 10:231–255. http://dx.doi.org/10.1093/jeg/lbp036.

Powell, W.W., Giannella, E., 2010. Collective invention and inventor networks. Handb.
Econ. Innov. 1:575–605. http://dx.doi.org/10.1016/S0169-7218(10)01013-0.

Quatraro, F., 2010. Knowledge coherence, variety and economic growth: manufacturing
evidence from Italian regions. Res. Policy 39:1289–1302. http://dx.doi.org/10.1016/
j.respol.2010.09.005.

Rodríguez-Pose, A., Crescenzi, R., 2008. Research and development, spillovers, innovation
systems, and the genesis of regional growth in Europe. Reg. Stud. 42:51–67. http://dx.
doi.org/10.1080/00343400701654186.
r-regional knowledge collaboration and technological variety on the
7), http://dx.doi.org/10.1016/j.techfore.2017.01.003

http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0005
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0005
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0010
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0010
http://dx.doi.org/10.1016/j.respol.2012.05.005
http://dx.doi.org/10.1111/j.1538-4632.1988.tb00159.x
http://dx.doi.org/10.1111/j.1538-4632.1988.tb00159.x
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0025
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0025
http://dx.doi.org/10.1177/0160017602250972
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0035
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0035
http://dx.doi.org/10.1080/00343404.2010.543126
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0045
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0045
http://dx.doi.org/10.1111/j.1435-5957.2012.00438.x
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0055
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0055
http://dx.doi.org/10.1016/j.respol.2010.01.014
http://dx.doi.org/10.1016/j.respol.2010.01.014
http://dx.doi.org/10.1080/0034340052000320887
http://dx.doi.org/10.1080/13662710701253441
http://dx.doi.org/10.1111/j.1435-5957.2011.00387.x
http://dx.doi.org/10.1111/j.1435-5957.2011.00387.x
http://dx.doi.org/10.1016/S0014-2921(02)00307-0
http://dx.doi.org/10.1016/S0014-2921(02)00307-0
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0085
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0085
http://dx.doi.org/10.1080/13662716.2012.650884
http://dx.doi.org/10.1080/13662716.2012.650884
http://dx.doi.org/10.1080/09654310902778045
http://dx.doi.org/10.1080/00343404.2014.940305
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0105
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0105
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0105
http://dx.doi.org/10.1093/jeg/lbu035
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0115
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0115
http://dx.doi.org/10.1111/grow.12011
http://dx.doi.org/10.1111/grow.12011
http://dx.doi.org/10.1093/jeg/lbs020
http://dx.doi.org/10.1093/jeg/lbs020
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0130
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0130
http://dx.doi.org/10.1093/jeg/lbs010
http://dx.doi.org/10.1016/j.respol.2012.05.009
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0145
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0145
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0145
http://dx.doi.org/10.1080/00343400601120296
http://dx.doi.org/10.1080/00343400601120296
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0155
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0155
http://dx.doi.org/10.1080/13662710500361981
http://dx.doi.org/10.1080/13662710500361981
http://dx.doi.org/10.1016/j.respol.2008.08.010
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0170
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0170
http://dx.doi.org/10.1016/j.techfore.2013.07.013
http://dx.doi.org/10.1016/j.technovation.2011.06.006
http://dx.doi.org/10.1016/j.technovation.2011.06.006
http://dx.doi.org/10.1016/j.respol.2005.03.002
http://dx.doi.org/10.1007/s00168-008-0252-9
http://dx.doi.org/10.1007/s00168-008-0252-9
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0195
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0195
http://dx.doi.org/10.1016/j.techfore.2016.03.025
http://dx.doi.org/10.1111/pirs.12185
http://dx.doi.org/10.1016/j.intman.2011.05.004
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0215
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0215
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0220
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0220
http://dx.doi.org/10.1111/j.1435-5957.2007.00130.x
http://dx.doi.org/10.1111/j.1435-5957.2007.00130.x
http://dx.doi.org/10.1068/a3457
http://dx.doi.org/10.1111/j.1468-2257.2006.00302.x
http://dx.doi.org/10.1016/j.techfore.2013.03.004
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0245
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0245
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0250
http://dx.doi.org/10.1023/A:1009941416749
http://dx.doi.org/10.1023/A:1009941416749
http://dx.doi.org/10.1007/s11135-006-9018-6
http://dx.doi.org/10.1007/s00168-008-0256-5
http://dx.doi.org/10.1080/17421772.2013.856518
http://dx.doi.org/10.1080/17421772.2013.856518
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0275
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0275
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0275
http://dx.doi.org/10.1093/jeg/lbp036
http://dx.doi.org/10.1016/S0169-7218(10)01013-0
http://dx.doi.org/10.1016/j.respol.2010.09.005
http://dx.doi.org/10.1016/j.respol.2010.09.005
http://dx.doi.org/10.1080/00343400701654186
http://dx.doi.org/10.1016/j.techfore.2017.01.003


11I. De Noni et al. / Technological Forecasting & Social Change xxx (2017) xxx–xxx
Rothaermel, F.T., Deeds, D.L., 2004. Exploration and exploitation alliances in biotechnolo-
gy: a system of new product development. Strateg. Manag. J. 25, 201–221.

Scherngell, T., Lata, R., 2013. Towards an integrated European research area? Findings
from Eigenvector spatially filtered spatial interaction models using European frame-
work programme data. Pap. Reg. Sci. 92:555–577. http://dx.doi.org/10.1111/j.1435-
5957.2012.00419.x.

Sedita, S., De Noni, I., Apa, R., Orsi, L., 2016. Measuring how the Knowledge Space Shapes
the Technological Progress of European Regions. Section of Economic Geography,
Utrecht University.

Singh, J., 2008. Distributed R&D, cross-regional knowledge integration and quality of in-
novative output. Res. Policy 37:77–96. http://dx.doi.org/10.1016/j.respol.2007.09.
004.

Singh, J., Fleming, L., 2010. Lone inventors as sources of breakthroughs: myth or reality?
Manag. Sci. 56:41–56. http://dx.doi.org/10.1287/mnsc.1090.1072.

Sun, Y., 2016. The structure and dynamics of intra- and inter-regional research collabora-
tive networks: the case of China (1985–2008). Technol. Forecast. Soc. Chang. 108:
70–82. http://dx.doi.org/10.1016/j.techfore.2016.04.017.

Sun, Y., Cao, C., 2015. Intra- and inter-regional research collaboration across organization-
al boundaries: evolving patterns in China. Technol. Forecast. Soc. Chang. 96:215–231.
http://dx.doi.org/10.1016/j.techfore.2015.03.013.

Sun, Y., Liu, K., 2016. Proximity effect, preferential attachment and path dependence in
inter-regional network: a case of China's technology transaction. Scientometrics
108:201–220. http://dx.doi.org/10.1007/s11192-016-1951-0.

Tavassoli, S., Carbonara, N., 2014. The role of knowledge variety and intensity for regional
innovation. Small Bus. Econ. 43:493–509. http://dx.doi.org/10.1007/s11187-014-
9547-7.
Please cite this article as: De Noni, I., et al., The impact of intra- and inte
knowledge productivity of Europea..., Technol. Forecast. Soc. Change (201
Tödtling, F., Lehner, P., Kaufmann, A., 2009. Do different types of innovation rely on spe-
cific kinds of knowledge interactions? Technovation 29:59–71. http://dx.doi.org/10.
1016/j.technovation.2008.05.002.

Zhang, G., Lv, X., Duan, H., 2014. How do prolific inventors impact firm innovation in ICT:
implications from patent co-inventing network. Tech. Anal. Strat. Manag. 26:
1091–1110. http://dx.doi.org/10.1080/09537325.2014.944151.

Zhao, S.L., Cacciolatti, L., Lee, S.H., Song, W., 2015. Regional collaborations and indigenous
innovation capabilities in China: a multivariate method for the analysis of regional in-
novation systems. Technol. Forecast. Soc. Chang. 94:202–220. http://dx.doi.org/10.
1016/j.techfore.2014.09.014.

Ivan De Noni has Ph.D. in Corporate Finance and Management at the University of Milan.
He is a research fellow at the same university. His research project concerns local and re-
gional Innovation Systems.

Andrea Ganzaroli is lecturer of StrategicManagement and InnovationManagement at the
University of Milan. He has Ph.D. inmanagement from Rotterdam School of Management.
His research examines innovation and governance of open source communities.

Luigi Orsi is assistant professor at the Department of Economics, Management and Quan-
titative Methods, University of Milan, Italy. His scientific interests are in the field of inno-
vation, with primary focus on the themes of patent intelligence and strategic alliances.
r-regional knowledge collaboration and technological variety on the
7), http://dx.doi.org/10.1016/j.techfore.2017.01.003

http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0300
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0300
http://dx.doi.org/10.1111/j.1435-5957.2012.00419.x
http://dx.doi.org/10.1111/j.1435-5957.2012.00419.x
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0310
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0310
http://refhub.elsevier.com/S0040-1625(17)30013-6/rf0310
http://dx.doi.org/10.1016/j.respol.2007.09.004
http://dx.doi.org/10.1016/j.respol.2007.09.004
http://dx.doi.org/10.1287/mnsc.1090.1072
http://dx.doi.org/10.1016/j.techfore.2016.04.017
http://dx.doi.org/10.1016/j.techfore.2015.03.013
http://dx.doi.org/10.1007/s11192-016-1951-0
http://dx.doi.org/10.1007/s11187-014-9547-7
http://dx.doi.org/10.1007/s11187-014-9547-7
http://dx.doi.org/10.1016/j.technovation.2008.05.002
http://dx.doi.org/10.1016/j.technovation.2008.05.002
http://dx.doi.org/10.1080/09537325.2014.944151
http://dx.doi.org/10.1016/j.techfore.2014.09.014
http://dx.doi.org/10.1016/j.techfore.2014.09.014
http://dx.doi.org/10.1016/j.techfore.2017.01.003

	The impact of intra-� and inter-�regional knowledge collaboration and technological variety on the knowledge productivity o...
	1. Introduction
	2. Theoretical background and building of hypotheses
	3. Methodology
	3.1. Setting and sample
	3.2. Variables
	3.2.1. Dependent variables
	3.2.1.1. Knowledge productivity (KNW·PRD)

	3.2.2. Exploratory variables
	3.2.2.1. Collaboration (INTRA.CLL, INTER.CLL and CLL.BLC)
	3.2.2.2. Technological diversification (TCN.DIV)

	3.2.3. Control variables
	3.2.3.1. R&D expenditures (RD.EXP
	3.2.3.2. Human capital (HUM.CAP)
	3.2.3.3. Manufacturing specialization (MAN·SPC)
	3.2.3.4. Inventor productivity (INV·PRD)
	3.2.3.5. Population density (POP.DEN)


	3.3. Model

	4. Results
	5. Discussion
	6. Concluding remarks, limitations of this study and directions for future research
	References


