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Abstract
In rapidly changing regional economies, less innovative European regions (henceforth
referred to as lagging-behind regions) must actively work to reduce the gap between them
and knowledge-intensive regions. Recent literature has stressed that the lack of efficient
institutional settings reduces the opportunities of local knowledge spillover and increases
the need for local organisations to exploit collaborative networks to better support their
innovation performance. In this light, since increasing attention has recently been directed
at the role of inter-regional collaborations, we have measured the capacity of local
innovative organisations embedded in lagging-behind European regions to develop internal
and external regional inventors’ networks by exploring their collaborative patenting
processes. Then, a seven-year panel dataset (2002-2008) was organised using patents data
at a regional level to validate the research hypothesis that collaborations, and specifically
with highly innovative (knowledge-intensive) regions, positively affect the innovation
performances of lagging-behind regions. Finally, the implications of EU policies for

supporting lagging-behind regions are discussed.
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1. Introduction

Over the last decade, many European Union (EU) cohesion programmes have pursued ambitious
research and development (R&D) policies with the aim of fostering innovation and economic
growth in the peripheral regions of Europe. Local conditions that have been critically discussed to
make these policies effective include the minimum threshold of R&D expenditures, the possibility
of benefitting from technological spillovers, and the availability of others socio-economic
conditions (Bilbao-Osorio & Rodriguez-Pose, 2004). The European Commission traditionally
identifies the regions needing support by adopting a classification based on Schiirmann and Talaat’s
report (2000) which distinguishes core and peripheral regions focusing on productivity
performance. In this light, peripheral regions are typically characterised by a lower GNP per capita
(well below 75% of the EU average, which was the threshold for eligibility to receive financial
support in many EU development projects), higher unemployment rates, and a less developed
regional economy (Morgan, 2007; Puga, 2002). However, in the academic literature, this
classification is not as rigorously adopted and many researchers are inclined to assume
classification criteria based on different regional features. According Aiginger et al. (2012), the
peripheral regions belong to underdeveloped European countries, such as Greece, Portugal and
Spain. Todtling and Trippl (2005) distinguish peripheral regions from metropolitan and old
industrial regions by their lower R&D intensity and lower share of product innovations. Some
studies attempt to capture the diversity of regional innovation systems across EU regions by looking
at innovation disparities (Crescenzi et al., 2007; Navarro et al., 2009). Other studies mainly focus
on the organisational and institutional thinness of less developed regional innovation systems
(Trippl et al., 2016). Finally, the peripheral regions have sometimes been referred to as lagging-
behind regions (Hajek et al., 2014).

Thus, because of the lack of a widely accepted classification and in the attempt to produce more
robust findings, a map of lagging-behind and knowledge-intensive regions has been shaped by
adopting two alternative classification methods. The first method is more specifically focused on
the patenting activities of European regions, since evidence exists showing that patents are a good
proxy for measuring innovation in specific spatial contexts (Acs et al, 2002; Cantwell &
Iammarino, 2000; Co, 2002; Ronde & Hussler, 2005). The second refers to the Regional Innovation
Scoreboard (European Commission, 2016) which provides a comparative assessment of innovation
performance across European regions.

Based on this alternative classification, the study explores the role that collaborative inventors’
networks, promoted by local innovative organisations, play in improving the innovation

performance of these less innovative regions. According to Asheim et al. (2011), in fact, the



participation in collaborative networks not only enables organisations to enhance firm-internal
knowledge creation processes, but influences the innovation capacity of the entire region by
providing fast access to specific knowledge components, supplying localised actors, and increasing the
opportunities of knowledge spillovers. However, the literature extensively claims that knowledge
spillover tends to be spatially bounded (Bottazzi & Peri, 2003) and depends on the region-specific
institutional framework in which the organisations are embedded (Asheim & Gertler, 2005; Cooke,
2001; Todtling, et al., 2013). This suggests that the knowledge-intensive regions are inclined to
better support local knowledge spillovers than lagging-behind regions, thanks to the larger
availability of resources and services supporting innovation processes and information exchanges
(Todtling & Trippl, 2005). Moreover, when regional capacity to sustain local knowledge spillovers
is limited, organisations need to promote knowledge exchange and access external knowledge by
collaborations, international partnerships and alliances, or other forms of global networking
(Grillitsch & Nilsson, 2015). Thus, in order to compensate for the lack of local knowledge
spillovers (Grillitsch & Nilsson, 2015), collaboration networks in lagging-behind regions are
expected to enable the exchange and transfer of knowledge, foster the interactive learning process,
create organisational proximity, and increase the opportunities to complement and combine
knowledge available regionally with knowledge acquired from extra-regional sources (Asheim &
Coenen, 2006; Cantner et al., 2010; Fitjar & Rodriguez-Pose, 2011; Todtling et al., 2012; Trippl,
2011).

Based on such a framework, this study aims to explore to what extent the innovation performance
of lagging-behind regions positively depends on the capacity of innovative organisations embedded
in lagging-behind regions (OELRs) and engaged in knowledge-production processes to activate
collaborative inventors’ networks with external and knowledge-intensive regions. Therefore, the
paper contributes to an enriched understanding of the interplay between collaboration networks,
inter-regional knowledge flows, and regional innovation performance.

In order to investigate this issue, we apply a fixed effects regression model on a 7-year longitudinal
dataset of 205 European regions. The OECD RegPat database is used for measuring both the
networking capacity of OELRs as co-patenting activities from 2002 to 2008, and the innovation
performance of lagging-behind regions as the 3-year lagged cumulative number of patents. Data
from Eurostat are further collected to define the control variables more widely assumed by the
literature on innovation.

Our findings are threefold. First, the innovation performance of the less innovative regions does not
depend on the average size of inventors’ networks (internal and external to the region) developed by

local organisations. Second, the more the OELRs’ collaborative networks are extended outside the



region, the higher the level of regional innovation. Third, the more the OELRs’ collaborative
networks involve inventors from knowledge-intensive regions, the more innovative the lagging-
behind region. This suggests that the quality and openness of collaborative networking are likely to
be more important than network size.

The structure of the paper is as follows. The next section is devoted to the background literature and
hypotheses building. We define and justify the main hypotheses linking regional innovation
performance and collaboration networks in lagging-behind regions. In section 3, we address the
methodology and, in the successive section, the main results are presented. Section 5 is devoted to
discussing the results and implications for European regional innovation and cooperation policies.

The last section is devoted to summarising the main conclusions, including some limitations.

2. Theory and hypotheses

The literature shows considerable evidence that the production of scientific and technological
knowledge is increasingly considered a collective knowledge-driven process (Crescenzi et al.,
2016), wherein knowledge is shared among a community of inventors who are often employed by
organisations with competing intellectual property interests (Powell & Giannella, 2010), and
wherein actors collaborate to combine organisation-internal and organisation-external knowledge.
The literature on inter-organisational knowledge transfer and knowledge spillovers has identified
various formal and informal mechanisms for stimulating knowledge exchange and flows across
organisations and regions. The former mainly involves joint research, licensing, acquisition of
patents and consulting, the latter differently refers to social networks and non-contractual
interactions (Cantner et al., 2010; Grimpe & Hussinger, 2013). The mixed mechanisms of
knowledge spillover are labour mobility (Breschi & Lissoni, 2009) and spin-offs (Ponds et al.,
2010), which could be both spontaneously developed or strategically encouraged. Each of these
mechanisms enables organisations to access various external knowledge sources, increasing the
opportunities for knowledge exchange, transfer and sharing, fostering knowledge spillovers and
enhancing innovation performance at the organisational and regional levels (Asheim et al., 2011;
Huggins & Thompson, 2014).

In addition, even though some studies have recently shown the complementary effect of the
technological, social and organisational proximity to the geographical one (Paci et al., 2014), these
mechanisms tend to stress the importance of the spatial proximity and the unequal level of
innovativeness across regions (Chaminade & Plechero, 2015). Following these considerations,
knowledge spillovers are often related to the structuring of regional innovation systems (Fritsch,

2000; Isaksen, 2001; Todtling & Grillitsch, 2014; Todtling & Trippl, 2005) and on the extent of the



regional knowledge base (Asheim et al., 2011). The knowledge-intensive regions, in fact, are
typically characterised by higher local public or private research and innovation-supporting
services, investments and institutes/universities (Breschi & Lissoni, 2009) that facilitate and
stimulate the local flows or exchanges of knowledge, resources and human capital, in order to
promote the knowledge transfer, sharing, creation or recombination processes. Therefore, such an
environment encourages organisations embedded in these elite regional innovation systems to
network among themselves (Hoekman et al., 2009; Ter Wal & Boschma, 2009) and to benefit from
local knowledge spillovers as undirected and spontaneous ‘buzz’ (Storper & Venables, 2004).

Conversely, lagging-behind regions are typically characterised by a lack of dynamic firms,
organisational thinness, lowly specialised organisations, weak educational institutions, brain drain,
loss of highly qualified personnel and weakly developed local networks (Todtling et al., 2013).
Here, spontaneous knowledge spillovers are limited. As a result, in lagging-behind regions where
institutional systems are unable to foster local knowledge spillovers, OELRs must increase their
collaboration processes in order to provide extra-organisational knowledge sources and better
support the innovation processes of local firms. According to Wanzenbdck et al. (2014), in fact, the
knowledge creation success of regions depends not only on internal conditions but on the ability of
local organisations to identify and access a diverse set of external knowledge sources, and on their
ability to participate and position themselves in inter-organisational knowledge networks. Based on

this issue, we can formulate the following wide hypothesis:

Hyp.1: The larger the collaborative inventors’ network (number of nodes/inventors of the
network) of organisations located in a lagging-behind region, the higher the number of

innovations of that specific region.

In the last decade, several studies argued that both intra- and inter-regional extra-muros
collaborations, as well as their balance (De Noni et al., 2017), enable organisations to exchange
and combine knowledge across organisational and technological boundaries, and support
organisations to improve innovation performance (Tsai, 2009). The effect of local networks has
specifically been considered, for a long time, as being strongly related to spatial proximity
because of the opportunity to better support interactive learning and innovation processes by
providing actors with a shared base of collaborative links (Boschma, 2005). However, other
types of proximity, such as cultural, cognitive, social or organisational proximity (Crescenzi et
al., 2016), have recently been shown to be even more effective than geographical ones. Despite
this consideration, local collaborations have still been expected to enable and boost network
embeddedness and to strengthen social capital, stimulating the creation and development of a

solid canvas of organisations and institutions (Fitjar & Rodriguez-Pose, 2013). Moreover, local
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ties are inclined to produce stronger and trusting relationships (Capaldo, 2007), which may
decrease the cost of opportunism associated with the transmission and sharing of knowledge and
interconnections for local organisations. Organisational and control criteria make it likely to be
convenient for OELRs to support, in the short time, the development of intra-regional

collaborations. Thus, we formulate the following hypothesis:

Hyp. 2: The higher the capacity of organisations located in a lagging-behind region to extend
their collaborative networks to inventors of the same region, the higher the number of

innovations of that specific region.

Moreover, collaborative relationships with inventors embedded in other regional systems may
foster access to a number of more diversified region-external knowledge sources, preventing firms
and organisations from being locked into inferior technological paths of development (Broekel,
2012; Timmermans & Boschma, 2014). The lack of local spontaneous knowledge spillovers in
knowledge periphery (Grillitsch & Nilsson, 2015) may lead organisations to build non-local
pipelines to tap into knowledge from outside their region (Bathelt et al., 2004). Throughout the
access to extra-region inventors’ networks, firms and organisations may access and explore the
potential embedded in different and diversified knowledge sources that, once transferred and
integrated in the regional stock of knowledge, may give rise to new technological trajectories
exploitable within the regional system (Sun, 2016; Zhao et al., 2015). In this way, extra-regional
collaborations may enlarge the space of possibilities and identify new systems of use alongside the
discovery of new functionalities and the recombination of new and old knowledge within a process
of innovation cascades (Bonaccorsi, 2011; Lane, 2011). These considerations suggest that the
innovation performance of a knowledge periphery may depend on the capacity of OELRs to
promote and exploit formal and informal inter-regional collaborative links. Thus, we formulate the

following hypothesis:

Hyp. 3: The higher the capacity of organisations located in a lagging-behind region to extend
their collaborative networks to inventors outside the region, the higher the number of

innovations of that specific region.

In addition, because prolific inventors increase each other’s productivity through collaboration
innovation networks (Zhang et al., 2014), the linkages with inventors from knowledge-intensive
regions (with a higher average productivity than inventors from knowledge periphery) is expected
to enhance the innovation aggregated performance of OELRs. Similarly, Sebestyén and Varga
(2013) observe that the quality of inter-regional knowledge networks in Europe is related to the

level of knowledge accumulated by the partners in the networks, and consequently, the involvement



of inventors from knowledge-intensive regions is likely to enhance access to a more broadly
differentiated knowledge base. Finally, through collaboration with inventors from these knowledge-
intensive regions, OELRs are, indirectly, also entitled to have access to the innovation support
services they need for upgrading their technological assets and that are missing in the local regional
environment (Graf & Henning, 2009; Pekkarinen & Harmaakorpi, 2006). In summary, the ability to
create relationships with inventors embedded in innovation-intensive regions can grant access to a
high quality and diversified knowledge base and compensate for the lack of local institutional

support (Sun & Cao, 2015). Thus, hypothesis 3 should hold:

Hyp. 4: The higher the capacity of organisations located in lagging-behind regions to extend
their collaborative networks to inventors of knowledge-intensive regions, the higher the

number of innovations in that specific region.

3. Methodology
3.1 Setting and Data

As emphasised in the Introduction section, the measurement of collaboration and the mapping of
lagging-behind regions are the critical elements of this study.

Firstly, collaboration is defined as a collaborative network of inventors and measured through co-
patenting activities by using data about patents granted by the European Patent Office (EPO) and
relative inventors per year and region, as provided by the OECD-RegPat database (release version
February 2015). The RegPat database is organised so as to merge information about patents (i.e.,
identification number of patent, international patent classes, priority year), inventors (name and
address of inventor) and applicants (name and address of organisation or of inventor if the patent is
a personal patent). The dataset also provides the inventor (/nvgiare), region (Regsiare) and applicant
(Appshare) shares per patent, allowing the user to specify if a patent is a co-invented patent involving
multiple inventors, if an inventor is registered in different regions or if a patent is a co-applicant
patent assigned to more inventors or organisations!. A general cleaning process was applied to
make the dataset more effective. Because we are looking at knowledge flows across European

regions, only EPO patents with at least one European inventor (based on the inventor’s address

' 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 less than 1 when the patent is co-invented. Thus, if a patent has more than one inventor, each is
weighted equally based on the number of inventors. Similarly, App share is less than 1 when the patent has co-
applicants. Reg share is less than 1 if the inventor has multiple address registrations due to the regionalization
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).



registered by European Patent Office) were considered. Moreover, data concerning ‘not classified’
regions were deleted.

Secondly, an original setting of 284 NUTS-2 (NUTS version 2010) regions of the EU-28 member
states (plus Norway and Switzerland) is used to identify a map of lagging-behind and knowledge-
intensive regions. Two alternative classification methods have been adopted in order to achieve
more robust findings.

The first method focuses on the patenting activities of European regions because of the specific
relevance of patents as a result of the organisations’ innovation process. In this case, based on the
quartile distribution of their cumulated patenting activities in a 30-year range of time (from 1980 to
2010), European regions were clustered in knowledge-intensive (the last quartile) and more,
moderate and less innovative lagging-behind regions (respectively the third, second and first
quartiles).

Classification based on quartile
distribution of patenting activities
B Knowledge-intensive regions (4qrt)
B More innovative lagging-behind regions (3qrt)
E Moderate innovative lagging-behind regions (2qrt)
O Less innovative lagging-behind regions (1grt)

QOur elaborsation from OECD-RegPat database

Figure 1 — Map of the sampled lagging-behind and knowledge-intensive regions based on the quartile patent

distribution

Figure I shows the four clusters. In this step, individual and collaborative patents were assigned at
the regional level by using inventors’ addresses. Moreover, fractional counting is applied in case a

patent has several inventors coming from more than one region (/nv_share) and in case an



inventor’s address could not be allocated to a unique NUTS2 region (Reg share). Hence, the total
weighted patent contribution per region » and per year ¢ is counted as follows:

Number of patents, , = Z Z Invgare * ReGsnare

Tt i

where Invgy ... 1s the share that inventor 7 is involved in the creation of the patent, and Reggpqre 18
the share that inventor i is registered in different regions.
The second method is based on the classification of innovative European regions provided by the
European Commission through the Regional Innovation Scoreboard (RIS). The RIS is a composite
index which integrates data from Eurostat (share of population aged 25-64 having completed
tertiary education, R&D expenditures in the public and business sector, EPO patent applications,
and Employment in medium-high/high tech manufacturing and knowledge-intensive services),
European Commission reports (exports of medium and high tech products) and the Community
Innovation Survey (CIS) (Non-R&D innovation expenditure by Small and Medium Enterprises
(SMEs), SMEs innovating in-house, innovative SMEs collaborating with others, SMEs with
product or process innovation, SMEs with marketing or organisational innovations and sales of
new-to-market and new-to-firm product innovations by SMEs). According this classification,
European regions are defined as Innovation Leaders, Strong Innovators, Moderate Innovators and
Modest Innovators (European Commission, 2016).
If compared to the previous method, this classification considers not only the patenting activities
but multiple forms of innovation. However, the RIS shows some weaknesses. It is collected only
every two years (starting from 2008), data are not provided at the NUTS2 level for each region, and
finally, data coming from the CIS are limited to a sample of small and medium local enterprises.
Operationally, we use the classification provided by the RIS in 2008 because it is more consistent
with the period of analysis (from 2002 to 2008, as defined below). Moreover, in case only NUTS1
data are provided, we extend the classification at the NUTS2 regional-level. Figure 2 shows the
four RIS-based clusters.
The patent intensity by region indicator shows the existence of a highly concentrated core of
innovative regions in the EU, along the densely urbanised region known as the ‘Blue Banana’,
which starts in South England, descends through Germany, Switzerland, South East France, and
Northern Italy. In addition, three newly urbanised spots are emerging in Europe: a) regions in the
South of Sweden and Finland; b) some central regions of France (around Paris and, more recently,
the area that connects Paris to the Brittany, and, finally, c¢) the areas belonging to the South of
France (Provence, Rhone-Alps and Mid-Pyrenees, including Toulouse), recently Catalonia (centred

in Barcelona) and Lazio (in Italy). The classification based on the RIS confirms the relevance of



South Germany and of some Scandinavian regions. Conversely, the main difference concerns

Northern Italy, Southern England and some French regions.

Classification based on
Regional Innovation Scoreboard 2008
B |eader

@ Strong

O Moderate

O Modest

Qur elaboration from OECD-RegPat database

Figure 2 — Map of the sampled lagging-behind and knowledge-intensive regions based on the RIS 2008 distribution

Using both of the two classification methods, OELRs are defined as peripheral organisations
(considering firms, universities or other R&D centres) addressed in lagging-behind regions
(according to the address of the organisation’s office) and applicants for at least one patent from
2002 to 2008. In this step, the OELRs’ networking capacity was specifically measured based on the
number and the address of inventors involved in the organisations’ co-patenting activities. In other
words, we only considered patents associated with an organisation embedded in a lagging-behind
region and involving multiple inventors.

Data from Eurostat were further collected in order to define some typical control variables, such as
GDP per capita, R&D expenditures or human capital. Because of missing data?, 15 regions (the
seven Swiss regions, the four French regions of Départements d’outre-mer, the German regions of
Niederbayern and Oberpfalz, Kontinentalna Hrvatska in Croatia and South Finland) are deleted.
Thus, the final sample of European regions is limited to 269.

Finally, a seven-year panel database involving only European lagging-behind regions (the number

2 The lack of data may be primarily due to mergers between pre-existing regions, changes of borders, changes of NUTS
code and non-availability of data.
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of regions depending on the classification method is shown in Tables 3, 4, Al and A2) was
organised and a time-fixed effect panel regression model was implemented to exclude bias arising

from the global crisis.
3.2 Variables

Dependent variable

Innovation performance of lagging-behind regions (INN.PERF). The innovation performance
depends on the capacity of a region to create new knowledge by exploiting existing internal and
external knowledge stock (Tavassoli & Carbonara, 2014). It is typically measured as the regional
patenting capacity. Patents have been found to be a good proxy for innovative activity at a regional
level (Acs et al., 2002) and a three-year lag is a good proxy to measure the lagged effect of the
invention process (Castaldi et al., 2015). Hence, the innovation performance is operationalised as
the regional cumulative number of patents per million inhabitants over a shifted window over the
subsequent three years (e.g. with reference to 2008, the measure covers the period 2009-2011). As
argued above, the regional cumulative number of patents is the result of a fractional counting
process which considers both inventor and region share. A logarithmic transformation is finally

adopted to linearise the variable and reduce its skewness.

Exploratory variables

Density of collaborative networks (DNS.NET). The density of the collaborative network is
measured as the average number of inventors involved in collaborative patents by peripheral
organisations. In other words, it defines at the regional level the capacity of OELR in developing
small or large-sized collaborative inventors’ networks and thus the regional potential to exploit
socialization mechanisms for fostering knowledge transfer and creation processes.

Rate of local inventors (LOC.INV.RATE) represents the average capacity of peripheral organisations
to extend their innovation networks by involving inventors of the same region. It is operationalised
as the ratio between the number of local inventors involved in the OELR’s collaborative patents and
the total number of inventors involved in the same patents; the higher the ratio, the higher the
invention potential based on local opportunities.

Rate of external inventors (EXT.INV.RATE) represents the average capacity of organisations at the
regional level to promote and support inter-regional knowledge flows by developing collaborations
with inventors from both knowledge-intensive and other lagging-behind regions. It is
operationalised as the ratio between the number of external inventors from European regions
(outside the focal region) involved in the OELR’s collaborative network and the total number of

inventors belonging to its network. The higher the rate of external inventors, the more open and
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globally larger the average networking capacity of peripheral organisations. The rate of external
inventors is expected to positively affect the innovation performance of lagging-behind regions.
Lower values may suggest a lack of networking activities or a propensity to develop primarily intra-
regional collaborations.

Rate of inventors of European core regions (CORE.INV.RATE) represents the average capacity of
organisations at a regional level to extend their innovation networks by involving inventors from
knowledge-intensive regions. It is measured as the rate of inventors from knowledge-intensive
regions with respect to the total number of external inventors involved in OELRs’ collaborative
patents per region. The higher the rate, the higher the invention potential and opportunities of

regions in absorbing and utilizing knowledge from core regions.

Control variables

Business density (BUS.DEN) is measured as the number of organisations embedded in lagging-
behind regions divided by the population of the region. The number of OELRs per capita is
expected to be related to the potential innovative capacity of regions because of the role played by
organisations in financing, promoting and supporting patent creation and opportunities to activate
and exploit network collaborations and externalities (Trigilia, 1992; Wanzenbdock et al., 2014).

GDP per capita (GDP.PC). Gross domestic product is an indicator of the output of a country or a
region. It reflects the total value of all goods and services produced minus the value of goods and
services used for intermediate consumption in their production. Thus, as a proxy of the wealth of a
region, it reflects the availability of financial resources to support regional development, including
R&D investments (Le Gallo & Ertur, 2003). GDP per capita allows the comparison of regional
economies significantly different in absolute size. We operationalised this variable as a dichotomic
variable (0 is equal to or below the average value and 1 is above the average value) to avoid
unnecessary multicollinearity with R&D expenditure or number of OELRs.

R&D expenditures (R&D.EXP). Gross domestic expenditure on Research & 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
because of the positive correlation existing between technological input and output (Castaldi et al.,
2015; Gilsing et al., 2008; Marrocu et al., 2013).

Technological diversification (TCN.DIV). Technological diversification is adopted as a proxy for
regional knowledge variety (Boschma et al., 2012; Castaldi et al., 2015; Frenken et al., 2007). It
measures the distribution of regional patents across patent technological classes using the

International Patent Classification (IPC). It is operationalised using the Shannon entropy index at
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the four-digit IPC classes’ level. The higher the index, the more diversified the regional patent
distribution across the IPC classes. Conversely, specialised innovation regional systems should
show lower index values. In this case, we expect that a broader knowledge base has a positive
impact on innovation performance. An average value is calculated at the regional level per year.
Human capital (HUM.CAP). Because the attitude of a region to innovate depends on the average
level of human capital within the local economy (Lee et al., 2010), tertiary educational attainment is
used as a proxy for human capital; the higher the educational level, the higher the potential number
of inventors. The indicator is defined as the percentage of the population aged 25-64 who have
successfully completed tertiary studies (e.g., university, higher technical institution, etc.) (Marrocu
et al., 2013). The indicator is provided by Eurostat and is based on the EU Labour Force Survey.
Specifically, educational attainment refers to ISCED (International Standard Classification of
Education) 1997 level 5—6 for data until 2013.

Manufacturing specialisation (MAN.SPC). We introduced manufacturing specialisation to control
for the sectoral effect on innovation performances. Because sectors have different technology and
innovation opportunities, and manufacturing is typically more inclined to innovate than services
(Hipp & Grupp, 2005; Marrocu et al., 2013), manufacturing specialisation is introduced as the
control. Specifically, the manufacturing concentration index is operationalised as the share of
regional employees operating within the manufacturing industry with respect to the total number of
regional employees.

Population density (POP.DEN) is measured as the logarithm of the population density (population
is divided by land area in square kilometres). It is usually applied as a proxy for externalities related
to the urbanisation process. Urbanisation is expected to be positively associated with the presence
of universities, industry research laboratories, trade associations and other knowledge-generating
organisations (Audretsch & Feldman, 1996; Frenken et al., 2007). Thus, urbanisation of economies
may better support regional innovation performance.

European funds per capita (EU.FUND). The European Regional Development Fund and the
Cohesion Fund had a combined budget of € 160 billion for the years 2000-2006. The aim of these
funds was to support economic development across all EU countries and regions. We
operationalised this variable using only the portion of funds allocated to the R&D category divided
by the population as a dichotomic variable (0 is equal to or below the average value and 1 is above
the average value) to avoid unnecessary multicollinearity with other variables. We expect that this
variable positively affects the regional ability to generate higher innovation performance (Mohl &

Hagen, 2010; Rodriguez-Pose & Fratesi, 2004).
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Number of neighbouring core regions (CORE.REG). The number of neighbouring knowledge-
intensive regions is used to control for the spatial effect of being located in the proximity of highly
innovative regions. It serves as a proxy to capture the impact of the spatial spillovers on the regional

innovation performance (Capello, 2009; Corrado & Fingleton, 2012).

3.3 Model

Our dependent variable measures innovation performance by computing the fractionalised number
of patents each European lagging-behind region filed in a given year. Because the dependent
variable (INN.PERF) is a continuous variable, it excludes the possibility of using models for count
data, such as Poisson or negative binomial, traditionally used in innovation performance contexts;
consequently, a linear panel model specification is recommended.
After running poolability tests (F-test) and checking for the presence of random effects (Hausmann
test), we adopted a fixed effect model with time effects because we expect a significant effect over
time on regional innovation performance related to the financial crisis in 2007/2008. In addition,
innovation diffusion in European regions is not likely to be randomised; rather, it is expected to be
influenced by observed and latent time-invariant territorial features. Moreover, fixed effect models
are the safest choice to eliminate possible omitted variables bias. We also used a logarithmic
transformation of the dependent variable to linearise the variable.
These considerations are reflected in the following regression equation:

Yie=ar+X;fte, fort=1,..7andi=1,..,205
where y; ; is the dependent variable observed for individual i at time ¢, X is time-variant / * K
regressor matrix, 8 represents the vector of the coefficients, a, is the unobserved individual-
invariant time effect and €; ; is the error term.
In order to make the results more robust, the model is further verified on a different sampling of
peripheral regions as mentioned above. Specifically, the analysis of all lagging-behind regions, as
defined in the three quartiles by the classification method based on cumulative patenting, and the
analysis of the moderate and modest innovator regions, as identified by the Regional Innovation
Scoreboard 2008, are both discussed in the paper. However, the analysis results based on different
cut-off points, such as the first two quartiles and the first quartile only of the first classification
method are also shown in the appendix.
In addition, clustered robust standard errors are also introduced to control for heteroscedasticity. As
suggested by Bester et al. (2011), in the case of nested data, clustered robust standard errors should

be computed at the highest level of aggregation (in our case at country level) to be conservative and
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avoid bias. We similarly ran clustered robust standard errors at a regional level and Arellano-Bond
robust standard errors, but we found no significant difference in the results.

Finally, tests based on adjusted R-squared, F-statistics and the residual sum of squares are used to
assess the goodness of fit of the models and to compare the performance of nested models.

All estimates are obtained by using the package p/m in R (version 3.3.1).

4. Results

Descriptive statistics and the correlation matrix are shown in Tables 1 and 23, respectively. Data
show that the independent variables are tightly correlated to the dependent variable innovation
performance (INN.PERF). The correlation values among explanatory and control variables are
relatively low; thus, no serious collinearity problems are expected. Collinearity is further supported
by measuring the variation inflation factors (VIFs) for each model (see Tables 3 and 4) and was

found not to be a problem, with the VIF values below the cut-off point of 5 (O’Brien, 2007).

Table 1 — Descriptive statistics (based on the first three quartile distribution)

Variable Mean Std.dev Coefvar Min Max

1 INN.PERF (log) 1.80 0.74 041 -0.75 3.26
2 DNS.NET 2.42 2.03 0.84 0 20
3 LOC.INV.RATE 0.51 0.37 0.71 0 3.5
4 EXT.INV.RATE 0.35 0.25 0.74 0 1
5 CORE.INV.RATE 0.17 0.20 1.18 0 1
6 BUS.DEN *1000 0.02 0.02 1.21 0 021
7 GDP.PC (dummy) 0.48 0.50 1.03 0 1
8 R&D.EXP 1.07 0.98 0.92 0.06 13.73
9 TCN.DIV 3.02 1.29 0.43 0 488
10 HUM.CAP 21.85 8.28 0.38 6.1 48.6
11 MAN.SPC 17.57 6.52 0.37 3.7 368
12 POP.DEN (log) 4.74 1.13 024 1.19 879
13 EUFUND (dummy)  0.27 0.44 1.66 0 1
14 COREREG 0.70 1.17 1.67 0 6

From Tables 1 and 2, we can derive some interesting insights. First, the local inventor rate is higher
when technological diversification in the region is high. Second, networks with external inventors
and networks with core region inventors are positively correlated; in contrast, local networks and

external networks are negatively correlated, to highlight a polarization of regional networks towards

3 We report only the results of the quartile distribution for Tables 1 and 2 (the first three quartiles), because the RIS-
based distribution results are very similar.
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a specific model of collaboration. Third, the core inventor rate is higher where there is a
neighbouring core region; this implies that proximity distance still matters.

Tables 3 (using the first three quartiles’ cut-off on patent distribution) and 4 (using the RIS-based
distribution cut-off) provide the results of the panel regression analysis based on the model
specifications mentioned before. They specifically report the mean-centred standardized
coefficients to better appreciate the actual significance of the variables and the robust country-level
clustered standard errors in parentheses.

As a base model against which to compare our results, we first present the outcome with only the
control variables. Models 1a and 1b present the estimates of the coefficients of the control variables.
The density of organisations embedded in lagging-behind regions (BUS.DEN) has a significant
(»<0.001 in modla and p<0.00! in modlb) effect on INN.PERF. Thus, we can affirm that the
larger the density of organisations located in the region, the higher the opportunity to activate
networks for supporting and stimulating innovation processes at a regional level.

As expected, the GDP per capita (p<0.0/ in modla and p<0.05 in mod1b) and the intensity of R&D
expenditure (p<0.0! in modla and p<0.001 in mod1b) are positively and significantly correlated on
INN.PERF. A GDP per capita higher than the average of the peripheral regions and a greater
capacity to invest in R&D can lead to extremely favourable conditions for creating collaborative
networks and achieving higher innovation performance, which surpasses that of regions without the
same starting assets.

Furthermore, another important condition for innovation performance seems to be the technological
diversification (TCN.DIV) of the region’s knowledge base (p<0.001). Thus, we confirm that the
technological variety of a region is a fundamental determinant of regional knowledge productivity
(Basile et al., 2012; Boschma, 2005; Bottazzi & Peri, 2003).

The effect of the regional stock of human capital (HUM.CAP) shows differences across models. If it
is positive for lagging-behind regions sampled in the first three quartiles (Table 3), it is inclined to
be insignificant, but always positive, by referring to regions identified through the RIS-based cut-
off (Table 4). Anyway, the presence of a well-educated labour force is commonly expected to be a
critical factor in stimulating the innovative activities of regions.

To check for sectoral effects, we introduce the variable manufacturing specialisation. The
manufacturing specialisation (MAN.SPC) of regions does not have a significant (p>0.05 in both

models) effect on the innovation performance of peripheral regions.
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Table 2 — Correlation matrix (based on the first three quartiles distribution)

Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14
INN.PERF (log) 1

DNS.NET 0.33%* 1

LOC.INV.RATE 0.39%* .11+ 1

EXT.INV.RATE 0.34%*  0.34%%  0.66%* 1

CORE.INV.RATE ~ 041** 035%*  -0.05 0.45%* 1

BUS.DEN 0.69%* 0.20%*  0.16%*  0.20%F  0.27%* 1

GDP.PC (dummy) ~ 0.53** 0.15%*  0.14%x 0.17** 0.16** 0.57** 1

R&D.EXP 0.56** 0.30%*  0.16%*  0.17%% 0.22%F 047%% 037** 1

TCN.DIV 0.84%* 0.36%*  047%%  020%% 039%F (.53%* (040%* 0.49%* 1

HUM.CAP 0.57*%  0.27%*  0.16%*  0.21%*F  0.14%% 0.43%*x  045%% (.52%% (.49%* 1

MAN.SPC 0.08%*  -0.02  0.11%* -0.10%* -0.10%* -0.12%* -0.19%* -0.14**  0.01 -0.33** 1

POP.DEN (log) 0.16** 0.23**  -0.02 025% 0.17*F 0.11%** 0.12%* 0.15% 031** 0.15%*  -0.02 1

EU.FUND (dummy) 0.00 -0.01 0.15%* -0.08** 001 -0.12%* -0.17**  -0.01 0.06* 0.07** -022**  -0.05 1
CORE.REG 0.46%*F 0.12%*  0.16%*  0.11%%  0.40%* 0209%* (024%% (.]9%* (0.43%* 0.00 0.09%* 0.07** -0.15%* 1

Significant levels are ** p <0.01, * p <0.05
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Surprisingly, but in line with other recent studies (Dijkstra et al., 2013; Marrocu et al., 2013;
McCann, 2013), population density (POP.DEN) is negative and significant (p<(0.0/ in modla and
p<0.05 in mod1b) in all models. Even though urbanisation economies are expected to better support
the regional innovation performances, in largely populated areas negative externalities may be due
to congestion costs, unskilled workers and immigrant inflows rather than talents, oversupply of
labour, higher cost of living and insufficient infrastructure investments (Dijkstra et al., 2013).

The dummy variable European funds per capita (EU.FUND) allocated for R&D does not seem to
have a significant effect, in both models, on improving peripheral regions’ innovation performance.
This may depend on how these development funds are effectively used in the real economy context
of these regions. Future research should investigate more effective policies for using these
development funds to driven innovation processes.

Finally, the importance of spatial proximity on the knowledge performance of regions is confirmed
by the positive and significant (p<0.00/ in modla and p<0.00!/ in modlb) coefficient of the
number of neighbouring core regions variable (CORE.REG). Several regional studies relying on
notions of spatial interaction, diffusion effects, hierarchies of place and spatial spillovers strongly
argue that being part of a highly innovative geographical context supports collaboration networks
and knowledge productivity of regions (Basile et al., 2012; Capello, 2009; Marrocu et al., 2013;
Ponds et al., 2010).

Models 2a and 2b introduce density of collaborative networks (DNS.NET) in order to test the first
hypothesis (Hyp. 1). A positive but not statistically significant effect (p>0.05) of the density of
collaborative networks (DNS.NET) on regional innovation performance is detected in both models.
Contrary to expectations, we cannot affirm with statistical significance that OELRs with larger
collaborative inventors’ networks are able to better manage creative production processes and
generate new knowledge in a more efficient way (Fleming et al., 2007). Thus, our Hyp. 1 is not
confirmed.

Models 3a and 3b show the effect of local inventors rate (LOC.INV.RATE) on innovative regional
performance to check our second hypothesis (Hyp. 2). Both models pinpoint a positive but not
statistically significant effect (p>0.05) of the engagement rate of local inventors (LOC.INV.RATE)
on regional innovation performance. This means that the development of local networks does not
necessary support the knowledge creation process in lagging-behind regions and thus, the Hyp. 2 is
not confirmed. However, in spite of such a result, we trust that local network plays a relevant role in
fostering knowledge sharing and innovation and its insignificance may depend on other regional
features, such as the organisational and institutional thinness of the region (Rodriguez-Pose & Di

Cataldo, 2015) or the low internal technological variety (De Noni et al., 2017).
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Models 4a and 4b provide support for our third hypothesis (Hyp. 3). Higher values of the rate of
external inventors (EXT.INV.RATE) have a positive and significant (p<0.00I in mod4a and p<0.05
in mod4b) effect on the invention productivity of the lagging-behind regions. Therefore, the higher
the organisations’ ability to encourage and support inter-regional knowledge flows and
collaborative networks with other regions, the higher the potential to generate new inventions at a
regional level. Hyp. 3 is confirmed.

Models 5a and 5b highlight that the involvement rate of inventors from European knowledge-
intensive regions (CORE.INV.RATE) is a significant (p<0.00I in mod5a and p<0.001 in mod5b)
and positive driver of regional innovation performance (INN.PERF). The higher the OELRs’
capacity to involve inventors from knowledge-intensive regions, the higher the regional ability to
generate innovations. Hyp. 4 is confirmed, too.

Consequently, although proximity and local networks may help inventors to connect and
interchange knowledge, regions locked in local enclaves, based only on local and close networks,
might harm their innovative performance (Broekel & Boschma, 2012; Marrocu et al., 2013).

The robustness of our results is additionally tested by using alternative model cut-offs, such as the
first two quartiles and only the first quartile (as identified by the quartile-based classification
method we have described above). Results are reported in the appendix (see Tables Al and A2).
The findings appear to be consistent with respect to Tables 3 and 4. Only in Table A2, focusing on
regions belonging to the first quartile, were found some appreciable differences related to our
hypotheses. DNS.NET is positive but also significant (p<0.001), while EXT.INV.RATE becomes

insignificant. We discuss the reasons for these differences in the next section.

Table 3 — Results of Fixed effect regression models (based on the first three quartiles distribution)

Dependent variable - Panel fixed effect models
Innovative performance
(first three quartiles) Mod. 1a Mod. 2a Mod. 3a Mod. 4a Mod. 5a

Explanatory variables

0.03
DNS.NET (0.016)
0.033
LOC.INV.RATE (0.018)
0.079
EXT INV.RATE (0.021)**+
0.059

CORE.INV.RATE (0.016)**
Control variables

0.227 0.228 0.229 0.212 0.222

BUS.DEN (0.057)%*%%  (0.058)%**  (0.056)*** (0.058)***  (0.055)%**
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0.201 0.202 0.197 0.204 0.208
GDP.PC (dummy) (0.063)%%  (0.062)%*  (0.063)**  (0.062)%**  (0.062)***
0.064 0.06 0.066 0.068 0.062
R&D.EXP (0.023y%%  (0.023)*  (0.023y**  (0.023)**  (0.023)**
0.555 0.548 0.535 0.542 0.54
TeN.pIy 041y (0.041)%*=*  (0.04)%**  (0.04)%**  (0.041)***
0.138 0.135 0.139 0.135 0.141
HUM.CAP (0.038)%%%  (0.038)*  (0.038)***  (0.037)%**  (0.038)***
20.001 20.002 -0.005 0.006 0.007
MAN.SPC (0.025) (0.025) 0.026)  (0.025) (0.025)
-0.079 -0.083 -0.073 -0.094 -0.083
POP.DEN (0.024y%  (0.025)%*%%  (0.025/**  (0.022y%%*  (0.024y***
0.043 0.047 0.032 0.061 0.042
EU.FUND (dummy) (0.053) (0.053) (0.053)  (0.053) (0.053)
0.131 0.131 0.133 0.132 0.114
CORE.REG (0.027y%%%  (0.027)%  (0.027)%**  (0.026)**  (0.026)***
No. of observationss 1435 1435 1435 1435 1435
EU NUTS-2 regions 205 205 205 205 205
No. of years 7 7 7 7 7
Residual Sum of Squares ~ 238.38 237.36 237.31 230.86 234.65
Adj. R squared 0.831 0.832 0.832 0.836 0.834
F-stat 780.52%%%  T1376%%F  TI3.04%K  T37.84EEE 703 644
Mean VIF 1.624 1596 1.667 1.595 1.620
Max VIF 2.368 2434 2.896 2,399 2.444

Notes: Robust clustered standard errors are in parentheses. Mean centred standardized coefficients are provided. Significant
levels are *** p<0.001, ** p<0.01, * p<0.05

Table 4 — Results of Fixed effect regression models (based on the RIS2008 distribution)

Dependent variable -
Innovative performance

Panel fixed effect models

(RIS distribution) Mod. b Mod.2b  Mod. 3b  Mod. 4b  Mod. 5b
Explanatory variables
0.037
DNS.NET 0.019)
0.032
LOC.INV.RATE 0.02)
EXT.INV.RATE ?(')05226)*
0.061

CORE.INV.RATE 0.017)+
Control variables

0.207 0217 0.206 0.212 0.208
BUS.DEN (0.042)%%%  (0.042)%%  (0.042)%%* (0.041y¥%*  (0.042)%**

0.255 0.255 0.254 0.252 0.256
GDP.PC (dummy) (0.103)* 0.102*  (0.103)*  (0.102)*  (0.102)*

0.13 0.126 0.132 0.121 0.129
R&D.EXP (0.038)¥%*  (0.037)%**  (0.038)*** (0.038)**  (0.037)***
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0.541 0.525 0.523 0.538 0.539

TeN.pIy (0.053)%%%  (0.052)%%  (0.05%*  (0.053y%**  (0.053)***
0.02 0.02 0.019 0.026 0.02

HUM.CAP (0.038) (0.038) 0.038)  (0.037) (0.038)
0.007 0.006 0.005 0.007 0.007

MAN.SPC (0.033) (0.033) 0.033)  (0.033) (0.034)
-0.056 -0.06 L0.054 -0.061 -0.056

POP.DEN (0.029)* (0.029)%  (0.029)%  (0.03)* (0.03)*
0.087 0.093 0.078 0.091 0.088

EUFUND (dummy) (0.072) (0.073) 0.074)  (0.073) (0.073)
0.137 0.14 0.138 0.13 0.136

CORE.REG (0.026)%*  (0.026)**%*  (0.026)*** (0.025y**  (0.026)***

No. of observationss 826 826 826 826 826

EU NUTS-2 regions 118 118 118 118 118

No. of years 7 7 7 7 7

Residual Sum of Squares 150.11 149.20 149.56 148.01 147.9

Adj. R squared 0.814 0.815 0.814 0.816 0.819

F-stat 402.93%F%  3648TFFE 36379%kE  3684THEE  369.27%

Mean VIF 1.963 1.927 1.97 1.881 1.916

Max VIF 3210 3.442 3.687 3212 3302

Notes: Robust clustered standard errors are in parentheses. Mean centred standardized coefficient are provided. Significant
levels are *** p<0.001, ** p<0.01, * p<0.05

5. Discussion and conclusion

The extent to which the innovation performance of lagging-behind regions positively depends on
the capacity of the local innovative organisations to activate collaborative inventors’ networks
seems to be related not so much to size as to the interregionality of the networks. Specifically,
despite network density and openness, the involvement of inventors from knowledge-intensive
regions plays a critical role.

The insignificant effect of network density suggests that regional innovation performance does not
depend on the number of inventors involved in OELRs’ co-patenting, but is more likely to be on the
OELRSs’ propensity for extending their collaboration networks outside the region. The involvement
of external (non-local) inventors, and, even more so, of inventors from knowledge-intensive
regions, seems to better sustain higher regional innovation performance. This leads to the following
considerations. First, the openness more than the size of collaboration networks fosters access to
diversified knowledge sources and increases the opportunities for knowledge exchange,
recombination, and spillovers. However, density remains important for the less developed regions
included in the first quartile because a potential critical mass needs to be achieved in order to be
attractive and stimulate the collaboration opportunities. Second, the involvement of inventors from
knowledge-intensive regions, who are potentially more prolific than inventors from lagging-behind

regions, is inclined to increase the productivity of connected inventors (Zhang et al., 2014). Third,

21



because inventors in knowledge-intensive regions tend to have access to more pipelines and
personal relationships (Lorenzen & Mudambi, 2013), this interconnectivity facilitates indirect
access to more dispersed international networks, and produces additional knowledge spillover
opportunities. In other words, inventors from knowledge-intensive regions may play an
intermediating role in sustaining the global knowledge flows of OELRs. Fourth, interconnectivity
with knowledge-intensive regions also enables OELRs to access external research and innovation,
in order to compensate for regional organisational thinness (Grillitsch & Nilsson, 2015).

This study stresses that collaboration per se does not necessarily contribute to increasing EU
cohesion at the regional level. The integration of cohesive and development strategies in less
innovative regions needs to be promoted by stimulating linkages across regions (specifically with
knowledge-intensive regions) and by sustaining and fostering the improvement of institutional
frameworks. In this regard, two biases must be overcome: a) the propensity towards domestic
collaboration, and b) the propensity of knowledge-intensive regions to network among themselves.
Looking at the former, several studies argue the risk of lock-in, when proximal relationships are
overly developed in the long run (Boschma, 2005; Nooteboom, 2000). There is evidence of the
significant role that non-localised extended networks play in knowledge-intensive environments
(Broekel & Boschma, 2012). Regarding the latter, even though the importance of spatial proximity
is decreasing, some degree of organisational, technological, cultural and social proximity is required
to make the collaboration process effective and productive (Crescenzi et al., 2016). The lagging-
behind regions may be considered excessively distant for developing sustainable collaborations and
consequently, incentives for collaboration should be provided to encourage their involvement in
extended networks.

The increasing availability of financial resources, as a result of increasing EU funds for less
innovative regions, is not enough to reduce the gap between the core and the periphery. The
European innovation paradox highlights the fact that an increase in R&D expenditure in the
peripheral regions has not yielded the expected socio-economic benefits. Similarly, even though the
European Commission has implemented inclusive policies to promote inter-regional collaboration
and linkages between peripheral and core regions, the success of such funding and policies has so
far been limited. This suggests that the European innovation policies in the periphery areas need to
be rethought in order to better acknowledge the importance of territorial specificity and to be
adapted according to the specific conditions of each territory. In this regard, the European policies
for stimulating innovation in lagging-behind regions must promote and address the integration of
the territory and its actors into extended networks and global value chains in order to foster the

creation of ‘pipelines’ that encourage the inflow of new knowledge. Collaboration with knowledge-
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intensive regions is a particularly important condition for OELRs and is even more critical if related
to local inefficient institutional structures and organisational thinness.

Our analyses suggest that European Commission should implement policies focusing on
organisational and institutional improvements and incentives for stimulating inter-organisational
collaborations between lagging-behind and knowledge-intensive regions. On the one hand, lagging-
behind regions are required to enhance the quality of government in order to create a more
favourable environment for supporting networking and innovation activities of local organisations
(Rodriguez-Pose & Di Cataldo, 2015). A more competitive local environment enables OELRs to be
potentially more attractive partners for collaborative projects involving organisations from
knowledge-intensive regions; especially, for those OELRs with a wider inter-regional collaboration
network. The extent of networking needs to be stressed at both an organisation and a region level to
increase the opportunities for developing links outside the region. Informal more than formal
socialization mechanisms, such as participation in conferences, workshops or fairs may be crucial to
increase the international visibility of OELRs. On the other hand, some form of incentive should be
devised in order to encourage the governmental institutions in knowledge-intensive regions to
define inter-regional agreements, with corresponding actors in lagging-behind regions, which may
then increase the partnership opportunities by balancing trust-based and control-based benefits in
order to moderate the risk of opportunistic behaviours (Zwikael & Smyrk, 2015). Similarly,
organisations in knowledge—intensive regions should be stimulated to activate formal socialization
mechanisms, such as labour mobility programmes, collaborative projects or consulting agreements
able to favour the interaction and networking with OELRs.

Increasing the opportunities for knowledge transfer, sharing and spillover also requires EU policies
promoting institutional efficiency, the improvement of regional knowledge infrastructures, research
institutions/centres and educational institutions and the reduction of institutional barriers that may
inhibit innovation. Some additional effort needs to be made to improve the absorption capacity of
individuals and organisations to exploit the potential of external knowledge and variety (Niosi,
2002; Niosi & Bellon, 1994), to increase the participation of local organisations in the regional
innovation system, to support starting up new global firms, to attract innovative companies from
outside and to anchor them to the regional innovation system, and to build relationships with
regional knowledge suppliers and transfer agencies. Mobility schemes should also be organised in
order to foster network linkages with both knowledge-intensive and lagging-behind regions.
Finally, a strong vertical and horizontal coordination of policies at different levels is necessary to
ensure the consideration of local contextual conditions and maximise efficiencies and synergies

across regions.
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This study suffers from some limitations. First, a better and more comprehensive evaluation of
intra- and inter-regional collaborations on the level of regional innovativeness should not rely only
on patent measurements, but also on other indicators, such as the share of innovative or improved
products or processes or more comprehensive growth indicators. Second, we have not distinguished
between inter-regional collaborations within a country and across countries.

Furthermore, future research could attempt to draw the dynamics of innovation among European
regions using not only intra- and inter-EU regional collaborations among organisations, but also
distinguishing among collaborations from different types of organisations (e.g., SMEs, large firms,
multinationals and public research organisations). It would also be interesting to understand if the
more collaborative core regions with lagging-behind regions have advantages in terms of better
innovative performances or growth.

The availability of more comprehensive datasets, providing further information on the patents,

could allow future research to extend and improve our work.
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Appendix A

Table A1 — Results of Fixed effect regression models (based on the first two quartiles distribution)

Dependent variable -
Innovative performance

Panel fixed effect models

(first two quartiles)

Mod. Ic Mod. 2c Mod. 3¢ Mod. 4c Mod. 5¢
Explanatory variables
0.016
DNS.NET 0.031)
0.005
LOC.INV.RATE (0.053)
0.091
EXT.INV.RATE (0,034
CORE.INV.RATE ?(')0317 e
Control variables
0.239 0.238 0.239 0.225 0.236
BUS.DEN (0.068)%**  (0.068)**  (0.067)*** (0.069)**  (0.067)**
0.062 0.064 0.062 0.077 0.072
GDP.PC (dummy) (0.059) 0.059)  (0.058)  (0.057)  (0.059)
0.064 0.062 0.064 0.068 0.063
R&D.EXP (0.023y%%  (0.023)%*  (0.023)**  (0.023)**  (0.023)*
0.376 0.381 0.376 0.371 0.364
ren.otv (0.076)%%%  (0.078)**  (0.075)%** (0.075)%** (0.077)**
0.112 0.11 0.113 0.107 0.114
HUM.CAP (0.033)%%%  (0.034)*  (0.034)** (0.033)**  (0.033)**
0.025 0.025 0.024 0.043 0.032
MAN.SPC (0.03) (0.03) (0.03) 0.029)  (0.031)
L0.071 L0.074 L0.071 -0.085 L0.074
POP.DEN (0.023)%%  (0.024)*  (0.023)**  (0.021)*** (0.023)*
-0.098 20.098 20.099 L0.072 20.099
EU.FUND (dummy) (0.059) (0.059)  (0.06) (0.058)  (0.059)
0.11 0.108 0.109 0.11 0.099
CORE.REG (0.021Y5%%  (0.021)%**  (0.021)%** (0.02)***  (0.022)%*
No. of observations 966 966 966 966 966
EU NUTS-2 regions 138 138 138 138 138
No. of years 7 7 7 7 7
Residual Sum of Squares 88.11 87.94 88.10 84.94 87.43
Adj. R squared 0.725 0.726 0.725 0.735 0.727
F-stat 285.64%%  25T5IFRE 256.84%K  206.06FF 295 53k
Mean VIF 1.451 1.403 1.400 1.430 1.448
Max VIF 1.660 1.691 1.661 1.661 1706

Notes: Robust clustered standard errors are in parentheses. Mean centred standardized coefficients are provided.

Significant levels are *** p<0.001, ** p<0.01, * p<0.05
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Table A2 — Results of Fixed effect regression models (based on the first quartile distribution only)

Dependent variable -
Innovative performance

Panel fixed effect models

(first quartile only)

Mod. 1d Mod. 2d Mod. 3d Mod. 4d Mod. 5d

Explanatory variables
0.083
DNS.NET (0,018
-0.07
LOC.INV.RATE 0052)
0.073
EXT.INV.RATE 000
0.093

CORE.INV.RATE (00325
Control variables

0.17 0.164 0.165 0.159 0.164
BUS.DEN (0.048)%%%  (0.046)**  (0.049)%** (0.05)** (00451

0.046 0.039 0.048 0.052 0.066
GDP.PC (dummy) (0.05) 0.048)  (0.05) (0.05) (0.048)

0.116 0.101 0.116 0.122 0.116
R&D.EXP (0.021)*%  (0.016)**  (0.021y%%* (0.022)*** (0.021)%**

0.059 0.075 0.059 0.072 0.013
ren.otv (0.07) 0.076)  (0.068)  (0.064)  (0.064)

0.001 -0.008 -0.003 -0.007 20.001
HUM.CAP (0.027) 0.024)  (0.026)  (0.025  (0.024)

0.077 0.082 0.094 0.093 0.091
MAN.SPC 0.036)*  (0.034)*  (0.034)*  (0.034)**  (0.034)"*

-0.026 -0.049 20.036 20.038 -0.024
POP.DEN (0.019) 0017y  (0.019)  (0.019*%  (0.018)

-0.057 L0.075 -0.062 20.049 -0.067
EU.FUND (dummy) (0.057) 0.055)  (0.055  (0.052)  (0.054)

0.064 0.05 0.062 0.064 0.038
CORE.REG 0.016)*  (0.016)*  (0.016)*** (0.016)*** (0.015)*
No. of observations 476 476 476 476 476
EU NUTS-2 regions 68 68 68 68 68
No. of years 7 7 7 7 7
Residual Sum of Squares 17.40 15.32 17.06 16.79 16.16
Adj. R squared 0.677 0.715 0.683 0.690 0.701
F-stat 1127745 12119%9%  10426%%%  [07.05%%% 112.55%*
Mean VIF 1.422 1.439 1.495 1.479 1.488
Max VIF 2.160 2.176 2.183 2202 2.162

Notes: Robust clustered standard errors are in parentheses. Mean centred standardized coefficients are provided.

Significant levels are *** p<0.001, ** p<0.01, * p<0.05

Table A2 — Results of Fixed effect regression models (based on the first quartile distribution only)
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