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Proximity, Networks and
Knowledge Production in Europe

Emanuela Marrocu, Raffaele Paci, Stefano Usai
University of Cagliari and CRENOS

Abstract

This paper aims at assessing the role of various dimension of proximity on the
innovative capacity of a region within the context of a knowledge production
function where we consider as main internal inputs R&D expenditures and human
capital. We want to assess if, and how much, the creation of new ideas in a certain
region is the result of flows of information and knowledge coming from proximate
regions. In particular, we examine in details the concept of proximity combining the
usual geographical dimension with the institutional, the technological, the social and
the organizational proximity. The analysis is implemented for an ample dataset
referring to 287 regions in 29 countries (EU27 plus Norway, Switzerland) for the last
decade.

Results show that human capital and R&D are clearly essential for innovative
activity but with an impact which is much higher for the former factor. As for the
proximity and network effects, we find that geography is important but less than
technological and cognitive proximity. Social and organizational networks are also
relevant but their role is more modest. Finally, most of these proximities prove to
have a complementary role in shaping innovative activity across regions in Europe.

Keywords: knowledge production, technological spillover, proximity, networks.
Jel classification: C31, O31, O18, O52, R12
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1. Introduction

According to the European Council, regional policy, within the
Europe 2020 strategy, is essential in unlocking the growth potential of
the EU by promoting innovation in all regions. In this perspective,
regions have a central role since they are the institutions which deal with
all the actors involved in the regional innovation system and its local
dynamics.

The capacity of a region to generate, transmit and acquire
knowledge and innovation depends on many factors: investment in
R&D, work force experience, education and training, collaboration
networks, technology transfer mechanisms, mobility of researchers,
among many others. In particular, the literature has distinguished
between the creation of new ideas and inventions and the absorption of
innovations generated in other regions. Several works both on the
theoretical (Grossman and Helpman, 1990; Rallet and Torre, 1999) and
the empirical side (Jaffe, 1989; Coe and Helpman, 1995) have argued and
shown that innovation depends on investments in knowledge as much as
on interactive learning and on ideas circulation. Both aspects are strictly
related to the concept of proximity across economic agents and how this
may affect their ability to connect and, possibly, cooperate within
networks. This concept has several dimensions and interpretations, the
most common of which applies to geography: spatial concentration is
widely believed crucial in the dynamics of innovation thanks to local
knowledge spillovers. However, local relations go often together with
wider links and networks. In this respect, territory may be just a
counterpart of other forms of  proximity: institutional,
cognitive/technological,  social/relational and  organizational, as
exhaustively argued and commented by Boschma (2005).

The main object of this paper is to analyse the interaction of
these internal and external factors in determining the technological
performance of European regions. We want to understand how much of
the regional innovative capacity depends on intra-regional characteristics
(mainly R&D expenditure and human capital) and how much on the
ability to exploit inter-regional spillovers. The original feature of this
contribution is that we extend the usual model of the Knowledge
Production Function (KPF) in order to assess the role of different types
of proximity and networks in channeling technological spillovers across
regions.



Therefore we try to address the following questions: 1) what is
the balance of internal and external factors in shaping regional innovative
performancer 2) what kind of proximity drives technological spillovers
across regions? 3) are these externalities complementary or substitute?

These questions refer to the European regional setting, which
represents an extremely interesting case of study because of the high
heterogeneity of regions with respect to economic as well as innovative
performance (Hollander et al., 2009). Most importantly, the European
Union clearly regards policy interventions at the regional level in favor of
innovative activity as strategic for both economic growth and cohesion
targets. Our results may therefore support a better understanding of this
process in the European Union.

The analysis is implemented for an ample dataset referring to
276 regions in 29 countries (EU27 plus Norway, Switzerland) in the first
decade of the new century. More specifically, we try to measure the
impact of local factors at the beginning of the decade (2002-2004) on
innovative performance measured at the second half of the decade
(2005-2007). Further, the role of external factors, that is proximity and
networks, is assessed thanks to spatial econometric techniques where
distinct matrices for each dimension are tested first singularly and
secondly in couples. This allows to evaluate and compare, on the one
hand, the importance of internal and external determinants and, on the
other hand, the influence of five types of proximities on regional
innovation.

Main results confirm the importance of investment in research
and development and reveal the even greater role of human capital in
enhancing innovative activity. More importantly, our empirical analysis
shows that geography is not the only dimension which may help
knowledge diffusion and not even the most important one.
Technological proximity always proves the most relevant one while the
other types of proximities may have a complementary decisive role.

The paper is structured as follows. Section 2 presents the
literature background on knowledge production function and on the
application of proximity within this framework. Section 3 deals with the
variables description dealing, in particular, with the search for adequate
ways to measure the different dimensions of proximities across regions.
Section 4 introduces the econometric model and the main estimation
issues. In section 5 results for the different proximity measures are
presented. Section 6 concludes.



2. Literature background

The idea that technological progress is a complex process which
combines local and global factors is by now widely shared. Endogenous
growth and New Economic Geography literature provide theoretical
backing to this idea, which is based on the presence of technological
spillovers both within and across regions and countries. Such spillovers
are obviously related to the geographical dimension since close-by agents
are believed to have a better innovative performance because or
pecuniary and pure technological advantages. More specifically, they can
access information less costly and they can share tacit knowledge (a local
public good) through face to face contacts. Nonetheless, the French
School of Proximity argues that geographical proximity is neither
necessaty nor sufficient and that there may be a sepatrate role for a-
spatial links among economic entities (see Carrincazeaux and Coris,
2011, for a recent review). The exchange of knowledge and technological
interdependence, in other words, may be related, according to Boschma
(2005), to proximities across agents with respect to at least four other
dimensions: institutional, technological (or cognitive), social (ot
relational) and organizational. In this section we first define each concept
of proximity and then we analyse how they have been measured and
implemented in the empirical studies based on the knowledge
production function.

Institutional proximity means that the effective transmission of
knowledge may be facilitated by the presence of a common institutional
framework. Institutions, such as laws and norms, can provide a set of
standard procedures and mechanisms which are shared by agents and,
therefore, taken for granted. This mutual endowment proves relevant in
reducing uncertainty and lowering transaction costs and, thus, favouring
cooperative behaviours in the regional context (Maskell and Malmberg
,1999; Gertler, 2003)

Technological (or cognitive) proximity indicates that knowledge
transfer requires appropriate absorptive capacity (Cohen and Levinthal,
1990), which entails an homogenous cognitive base with respect to the
original knowledge in order to understand and process it effectively. In
practical terms we expect that economic agents which share the same
knowledge, or territories which have in common the same specialisation
structure, can exchange information more easily and less costly, and this
may favour innovation.



Social (or relational) proximity refers to the fact that economic
relationships may reflect social ties and vice versa (Granovetter, 1985). In
the context of innovation processes, this implies that social closeness
facilitates firms capacity to learn, absorb external knowledge and
innovate since this breeds trust which lowers transaction costs and
facilitate collaboration. This aspect can be particulatly relevant in a risky
and uncertain phenomenon such as technological progress.

Organisational proximity refers to the relations within the same
group or organisation which influence the individual capacity to acquire
new knowledge coming from different agents. It thus reduces
uncertainty and incentives to opportunistic behaviours since it provides
an area of definition of practices and strategies within a set of rules based
on an organizational arrangement (Kirat and Lung, 1999). Such an
arrangement can be either within or among firms and take different
forms along a range which goes from informal relations among
companies to formally organised firms.

The different dimensions of proximity discussed above can be
seen as a critical condition for firms interaction and cooperation aimed at
innovation. Boschma and Frenken (2010), in particular, explain how
proximity (or similarity) can act as a driving force for the formation and
the evolution of networks. The interconnected role of proximity and
networks on local innovation performance is going to be analysed thanks
to the KPF approach, introduced by Griliches (1979) to study the
relationship, at the firm level, between knowledge inputs and outputs.
Since then it has been extensively used to analyze how such a
relationship works both at the firm and at the territorial level. In
particular, regional KPF’s have been estimated to assess the role of
internal as much as external factors on regional innovation systems. The
seminal paper is due to Jaffe (1989), who proves the existence of
geographically mediated spillovers from university research to
commercial innovation among US metropolitan areas. The main results
of this paper have been later extended and strengthened by many other
authors who observe the presence of local externalities both within and
across regions in the US (Acs et al, 1992; Anselin et al, 1997,
O’hUallacha’in and Leslie, 2007). Most of these studies introduce the
concept of geographical proximity and test for its importance by means
of spatial econometric techniques.



Along the same vein, several studies have been proposed for the
EU regions (Tappeiner et al., 2008; Acosta et al., 2009; Buesa et al., 2010
are among the latest contributions).! All in all, these studies find that
innovation performance is partly due to internal factors and partly to
technological spillovers which flow from one region to another.
Contrary to the studies on the US, some of these papers start
introducing other possible dimensions of proximity to assess their role
on knowledge production together with the geographical one. In
particular Bottazzi and Peri (2003), Greunz (2003) and Moreno et al.
(2005) investigate inter-regional knowledge spillovers across European
regions, trying to assess if technological proximity influences the creation
of new knowledge within European regions. Results show that
interregional knowledge spillovers exist both between close-by regions
and between regions with similar technological profiles. This indicates
that geographical distance is not the only dimension to be investigated
and that knowledge spillovers may be affected also by cognitive distance.
Furthermore, all these studies consider institutional proximity (measured
by means of country dummies) and find it relevant in discriminating
among more and less innovative regions.

There are only few contributions which examine the role of
social/relational networks? together with geographical proximity within a
KPF. Maggioni et al. (2007), Kroll (2009) and Ponds et al. (2010) find
that both the local neighborhood and the co-operation based
connectedness to other regions matter for the local process of
knowledge generation. The former paper measures social proximity by
means of cooperation networks for the fifth framework programme, the
second one uses co-patenting across regions, whilst the latter uses co-

" The only contributions which analyse different continents at the regional level
are Crescenzi ef al. (2007) for US and EU with data coming from USPTO and
EPO respectively and Usai (2011) on OECD regions with homogenous
information coming from the Patent Cooperation Treaty.

2 The social proximity has been also included in studies of R&D cooperation
networks, such as that of Autant-Bernard et al (2007), who find that the
probability of collaboration is influenced by each individual’s position within the
network and in particular that social distance seems to matter more than
geographical distance. In the same vein, Hoekman et al (2009), with data on
inter-regional research collaboration measured by scientific publications and
patents in Europe, find negative effects of both geographical and institutional
distance on research collaboration.



publications. Other papers have introduced various features of inventors’
network in a knowledge production function framework: Lobo and
Strumsky (2008) for the case of US MSA’s and Miguelez and Moreno
(2010) for the European NUTS2 regions. They all find that the scale and
extent of networks have a positive impact on innovative performance.
However, none of these studies implement this concept in order to
measure proximity for each couple of regions but rather as a regional
indicator which measures its degree of connectivity and openness.

Finally, to the best of our knowledge, there are no contributions
which focus directly on the role of organizational proximity on regional
innovation performance. The only partial exceptions is the paper by
Sorensen et al. (2006) where organizational proximity is considered as a
determinant of knowledge flows proxied by citations. The use of micro
data allows to introduce organizational proximity as a binary variable
which is equal to unity when the citation comes from employees of the
same firm even though they reside in different regions. Another
interesting study on the impact of organizational proximity on
innovation, even though at the firm level, is Oerlemans and Meeus
(2005), who, thanks to survey based micro data on the Netherlands,
conclude that interregional relations with business agents (users and
suppliers) are conducive to a better innovative performance.

3. Data description and proximity measures

The literature on the determinants of innovative activity at firm
and regional level has been traditionally based on the estimation of a
KPF where the output is mainly measured by the patenting activity and
the input by the R&D expenditure. We follow this approach but we
augment the KPF by introducing human capital as an additional input
given its well known effects on knowledge creation.

More specifically, as a proxy of the innovative activity we use the
number of patents application filed at the European Patent Office
(EPO) classified by priority year and by inventor’s region. In case of
multiple inventors we assign a proportional fraction of each patent to the
different inventors’ regions of residence. Since patenting activity,
especially at the regional level, is quite irregular over time we smooth the
variable by computing a three-year average. Moreovert, to control for the
different size of the regions, the number of patent is divided by total
population. Thus our dependent variable is measured as the yearly
average of patents per million inhabitants in 2005-2007.



The summary statistics, reported in Table 1, show the substantial
differences in patenting activity among European regions ranging from
nearly zero in Sud-Vest Oltenia in Romania to 627 in the German region
of Stuttgart. The high value (1.2) of the coefficient of variation (CV)
confirms the great degree of spatial concentration of innovative activity.
Map 1 shows the distribution of patenting activity in Europe and
highlights its strong spatial divide with a concentration of innovation in
the north-centre of Europe and a scarce patenting activity in the eastern
and southern regions.

The traditional input in the KPF is the R&D expenditure
computed as a share of GDP. The average R&D expenditure in Europe
is 1.4% with a minimum of 0.07% and a maximum of 7.6% in
Braunschweig (Germany). In this case, yet again, the spatial distribution
in Europe appears quite concentrated (CV= 0.85) in Scandinavia, Central
Europe (Germany, Switzerland, France) and in Southern England (see
Map 2).

As an additional input, expected to influence the process of
knowledge production at the local level, we consider the availability of
human capital. Indeed, in the case of traditional sectors and small
enterprises the creation of innovation is not necessarily the result of a
formal investment in research but it is often derived from an informal
process of learning by doing (Nelson and Winter, 1982) strictly linked to
the presence of well educated labour forces. Following a well established
literature we measure human capital as the share of population with
tertiary education (ISCED 5-6) over total population. The spatial
distribution of this variable across European regions appears more
uniform (CV = 0.39) and with a cleatly identifiable national pattern. A
high endowment of human capital characterizes the Scandinavian
countries, UK, Germany, Spain while lower values are generally detected
in the Eastern countries, France and Italy.

As discussed in the Introduction, one of the original elements of
this paper is to consider different measures of proximity among regions
which may influence the exchange and diffusion of knowledge:
geographical, institutional, technological, social and organizational. Let
us now analyze in detail the different measures of proximities, which are
summarized in Table 2.

Geographical proximify. This is the standard and widely used
indicator of proximity measured by the distance in Km between the
centroids of each couple of regions. This measure is preferred with
respect to the contiguity matrix since it allows to consider all the



potential interactions among regions so that spillovers are not limited to
the those regions which share a border. The average spatial distance
across regions in Burope is 1370 km ranging from a lowest value of 18
km among Belgium regions to the maximum distance, that is 4574 km,
between Cyprus and Ireland. In the econometric analysis we use the
inverse of the distance so that high values indicates more proximate
regions and thus a higher probability to exchange knowledge.

Institutional proximity. Knowledge is transmitted more easily when
individuals and firms share the same institutional framework, a common
language and similar cultural, ethnic and religious values. A simple way to
account for these time invariant common factors is to include country
dummies ot, alternatively, model institutional proximity by means of a
weight matrix, whose elements take value 1 if two regions belong to the
same country and zero otherwise. We anticipate here that the empirical
specification based on such a proximity matrix is outperformed by the
estimation which includes country dummies to account for the
importance of institutional similarity across regions.

Technological proximity. In order to attract new knowledge from
outside, firms and regions need to build up an absorptive capacity
around the existing knowledge base and carry out technological activity
in similar fields. In other words, cognitive capacity is bounded and only
companies and regions sharing an analogous knowledge base may
exchange information and knowledge and learn from each other. To
measure the technological, or cognitive, proximity across regions we
have computed two matrices based on the distribution of patenting
activity among 44 sectors. The first measure is a similarity index between
region 7 and region ; defined as:

1 K=44

tij =1_(2 z‘lik _ljk‘)

where li is the sectoral share of sector £ in region 7 The coefficient 7 is
defined between zero (perfect dissimilarity of the sectoral distribution)
and one (perfect similarity). The index has been computed for each
couple of regions to build up a technological proximity matrix T with
generic element #; .

Similarly, we have computed a second matrix based on the
correlation coefficient among the sectoral patent shares between regions
7and j as in Jaffe (1986) and Moreno et al. (2005). For both matrices the
higher the index value, the more similar in the technological structure are



the two regions, the higher is the probability that they can exchange
knowledge. The two matrices are highly correlated (r=0.91) and they give
very similar results; therefore in the following sections we present only
the results based on the similarity index.

In Table 2 we see that the two most technologically distant
regions (lonia Nisia and Notio Aigaio in Greece) have an index of 0.05.
Interestingly, the higher degree of technological similarity (0.94) is found
in two not spatially contiguous regions, located in different countries:
Piedmont in Italy and Niederbayern in Germany. The econometric
estimation allows to test if regions with a similar technological
specialization, for instance in high tech industries, and therefore with a
common cognitive background are more likely to benefit from mutual
knowledge flows independently from their geographical location.

Social proximity. The main idea is that individuals who have
socially embedded relations are more likely to trust each other and
therefore to exchange tacit knowledge smoothly. It is clear that social
proximity refers mainly to individuals’ characteristic and its measurement
at the regional level is not an easy task. The suggested solution here is to
measure this proximity by means of co-inventorship relations among
multiple inventors of the same patent in case they are resident in
different regions. As a result, the generic element s; of the symmetric
social matrix § is defined as the number of inventors located in region 7
which have co-operated with inventors located in region ; to conceive a
patented invention. In this matrix we do not consider the intra-regional
relationships, 1.e. the principal diagonal in our matrix which, as usual in
the spatial econometric analysis, is equal to zero. The rationale is that the
number and the intensity of links among inventors located in different
regions is able to catch the existence of a social network between regions
which facilitates the exchange of knowledge.

We also compute another matrix to measure social interaction
thanks to migration flows. The idea is that a migration flow between two
areas creates a bilateral link which may favor the exchange of knowledge.
Unfortunately, data on migration flows, with the specification of the
origin and destination, are available only at the national level so we have
regionalized them using the population shares. Not surprisingly, results
were not satisfactory.

Table 2 shows that the number of non-zero links (co-
inventorships) in the matrix represents only a small fraction (18%) of all
potential relationships, while the remaining 82% of cells is empty. The
highest social interaction (137) is reached by the two contiguous German
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regions of Diusseldorf and Kéln, followed by other couples of
contiguous German regions located in the industrialized area of Baden-
Waurttemberg: Karlsruhe with Rheinhessen- Pfalz and Stuttgart with
Karlsruhe. Thus there is a geographically defined cluster of regions
characterized by a strong social relationships measured by co-
inventorships. As expected, spatial proximity favors social interactions
among inventors although, from Table 2, we can see that the correlation
coefficient between the geographical and social proximity matrices is
positive even though its magnitude is quite modest (0.12).3

Organizational proximity. Organizational proximity refers to the
connections within the same organization or group which explain the
capacity of an agent to acquire knowledge coming from a multitude of
different actors. For example, we can think of establishments belonging
to the same firm, departments of the same university or inventors
working for the same company. As for social proximity, however, the
organisational proximity is mainly about the attributes of agents and
companies rather than regions. We suggest to measure organizational
proximity by referring to the affiliation to the same organization of the
applicant and the inventors of a patent (see Maggioni et al., 2011). Given
this definition, we are not considering the case in which the applicant
and the inventor are equivalent as much as the case in which they are
different but located in the same region. As a result the main diagonal is
as usual equal to zero. A characteristic of the applicant-inventor matrix is
that it is not symmetric. In other words, the relationships originated by
the applicant in region /7 with inventors resident in region ; are different
with respect to the links between applicant in region ;j and inventors
living in region 7 Since we are interested in the total number of
organizational relationships between the two regions we sum up mirror
cells so that the generic element o; of the organizational matrix O is
defined as the total number of bilateral relationships between applicants
and inventors located in the regions 7 and j. As for the previous types of
proximity, we expect a positive influence of organizational networks in
the process of knowledge creation and diffusion since it is believed to
reduce uncertainty and opportunism. We have to stress that this is a not
completely satisfactory measure for organizational proximity, which is
quite complex to define even at the micro level. Moreover, it is quite

It is interesting to notice that the correlation coefficient with the contiguity
matrix is much higher (0.39) signaling that strong social relationships are more
likely to develop among contiguous agents.
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difficult to differentiate empirically organizational and social proximity.
Indeed, the correlation coefficients between the two proximity matrices
reported in Table 2 is 0.74 signaling a potential problem of collineatity in
the econometric estimations.

Table 2 shows that the number of non-zero links in the
organizational matrix amount to 17% of total possible relationships
among Buropean regions. Interestingly, the highest value (480) is
reached by two far-away regions in France: Ile de France and Rhone
Alpes. The former hosts the capital, Paris, where most French
companies locate their headquarters, whist the latter is renowned for its
scientific parks and research laboratories which are apparently linked to
parent companies. In such a case the hypothesis, to be tested in the
econometric analysis, is that the two regions are characterized by a high
organizational proximity which should help them in exchanging
knowledge.

4. The KPF model with geographical proximity

The econometric model used to investigate the determinants of
the process of knowledge creation is presented in section 4.1 along with
the discussion on some aspects of the econometric methodology
adopted to analyze the process of creation and diffusion of innovative
knowledge among regions in Europe. In section 4.2 we present the
estimation results obtained from spatial model specifications based on
the traditional geographical proximity measure while the analysis of the
various type of proximity is presented in section 5.

4.1 The empirical model

The basic KPF relates the innovative output in region 7 to R&D
inputs in the same region. We depart from this specification by
introducing human capital as a further input which influences the
creation of innovation. Moreover, we also include two additional
variables, population density and manufacture specialization, to control
for possible agglomeration/congestion effects and for the productive
pattern. The general form of the empirical model for the KPF is
specified according to a Cobb-Douglas technology as:

INN, = RD/" HK/* DEN* MAN/"¢" 1)
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where the innovative output INN is proxied by the yearly average of
patents per capita in 2005-20074, RD indicates R&D expenditures, HK
human capital, DEN population density and MAN the regional share of
manufacturing activities, ¢ is the random error term. All explanatory
variables are averaged over the three-year period 2002-2004 to smooth
away cycle effects and to avoid potential endogeneity problems.

Model (1) is estimated in the log-linearized form, for which we
consider alternative spatial specifications to take into account the well
documented spatial dependence for geo-referenced data in general, and
for the knowledge diffusion process in particular (Moreno et al. 2005,
LeSage et al. 2007, Parent and LeSage 2008, Autant-Bernard and LeSage,
2010). We start from the simplest specification, the Spatial Error Model
(SEM), which allows only for spatial dependence in the disturbance
term, and proceed with the Spatial Autoregressive model (SAR), which
includes the spatial lag of the dependent variable. The Spatial Durbin
Model (SDM), which includes the spatially lagged terms for both the
dependent and the independent variables, should be the preferred
specification (LeSage and Pace, 2009) in all cases in which there are
omitted variables featuring a spatial pattern correlated with the one
characterizing the included explanatory variables. In the case of KPF the
omitted variables may be related to informal not directly observable
inputs of the innovation production process. We also consider the
alternative specification of spatial spillovers based on the SLX model,
which includes spatial lags only for the explanatory variables and its
variant, the Spatial Durbin error model (SDEM), which also allows for
spatially correlated errors.

A part from the SEM model, all other specifications specify
spatial dependence as due to the presence of spatial spillovers, as we
think that knowledge spreads over territories by a diffusion process
nourished by spatial externalities. Consequently, we devote limited
attention to SEM models, since they remove spatial spillovers by
construction, and we focus on the alternative specifications.>

* See section 3 and Appendix 2 for a detailed description of the variables.

5 For a comprehensive description of spatial models and related specifications,
estimation and testing issues refer to Le Sage and Pace (2009) and references
therein. We are very grateful to J. LeSage and R. K. Pace for making publicly
available the Matlab scripts used for the analysis carried out in this paper in the
websites spatial-econometrics.com and spatial-statistics.com.
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In order to carry out the comparison among alternative spatial
specifications, particular attention has to be paid to the estimated effects
of the explanatory variables. For the case of the simple SEM model®,
these coincide with the estimated coefficients, while this is not the case
for SAR and SDM models, due to the presence of the spatially lagged
dependent variable, which induces feedback loops and spillovers effects
generated by the dependence structure among the spatial units (regions
in our case).

Starting from the spatial lag model, as described in (2), we can
get to its reformulation proposed in (3):

Y=XB+pWY +¢ 2)

in our case Y=INN and X=/RD, HK, DEN, MANJ, with £=1,...4
indexing the generic xx explanatory variable; W is a generic
proximity/spatial matrix, which in our analysis is in turn the geographical
(G), institutional (I), technological (1), social () and organizational (O)
matrix;

Y=(I,-pW)' ' XB+(I,-pW) e 3)

Y = i 0, (W)x, +V(W)e

where, 0,07) = V(W)LB, and
VW)=, -pW) "' =, + pW + p°W> + p°W>..) and I, is the
identity matrix’.

The effect of a change in the explanatory variable xx occurring
in region 7 on the dependent value of the same region is given by the

partial derivative dy, /dx,, =Q, (W), and it does not coincide with the
estimated coefficient due to the fact that region 7 is neighbor to its

neighbors so that affecting them it will receive, in turn, feedback effects.
The effect on region 7/ dependent variable arising from a change x

% The SEM model is specified as ¥ = XB +u with u=2AWu +¢.
7 The Spatial Durbin Model is specified as Y = XB + WX + PWY +¢, SO that

QW) =VIW)UL,B, +W8,) -
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variable in region ; is represented by the partial derivative

ayi/axlg' =0, (),;.

LeSage and Pace (2009) proposed summary scalar measures for
the #xn matrix of impacts caused by a change in the x variable on the Y
dependent variable. The main diagonal elements of the matrix Ox(IV) are
the own partial derivatives, which represent the direct effects and are
summarized by their average value; the off-diagonal entries of the same
matrix are the cross-partial derivatives, the indirect or spillover effects,
which are summarized by computing the average of the row sums of the
elements of the matrix Qk(W), excluding the diagonal ones. The total
effect is obtained as the sum of the direct and indirect effect. It is worth
noting that feedback and spillover effects occur over time through the
simultaneous system of interdependences among regions, so that the
summary scalar measures have to be considered as the result of a new
steady state equilibrium. LeSage and Pace (2009) also provide dispersion
measures for the direct, indirect and total effects, which allow to draw
inference on their statistical significance.

4.2 Choosing the spatial specification

In table 3 we first report OLS (column 1) results along with the
robust LM diagnostics designed to test the null hypothesis of non
spatially correlated residuals. The tests are computed using as a spatial
weight matrix the inverse distance in kilometers between each possible
couple of regions (G); it is normalized by dividing each element by its
maximum eigenvalue.® As expected, the tests are both highly significant
leading to the rejection of the null of non spatially correlated residuals
for the OLS regression. The subsequent results (columns 2-G) are
obtained from five different spatial model specifications.

Focusing on the comparison of regression models (2)-(4) of
table 3, the results, with a significant spatial error and spatial lag
coefficient, provide empirical evidence on the existence of spatial
dependence for the SEM and SAR models, which show similar direct
impacts for the main production inputs, R&D and human capital. As far
as the SDM is concerned, the estimation treturned an insignificant

¥ Such normalization is sufficient and avoids strong undue restrictions, as it is
the case when the row-standardization method is applied (Keleijan and Prucha,
2010). Moreover, the importance of absolute, rather than relative, distance is
maintained.
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coefficient associated with the dependent variable spatially lagged term,
this in turn yields indirect and total effects that are not significant at
conventional levels. This unexpected result should lead us to exclude the
presence of relevant spillovers effects; however, this conclusion seems
rather inappropriate for the case of the innovation production process
and we argue that the SDM specification is not supported by our data.
This may be due to the fact that the knowledge unobservable factors are
not correlated with the included variables and they are not playing a
determinant role or that the inclusion of the human capital variable - a
variant of the usual KPF model - being itself spatially correlated is
capturing most of the unmeasurable factors.

As a robustness check for the presence of spillovers effects we
also estimate the SLX specification, which includes only the spatially
lagged terms of the explanatory variables. For this model the direct
effects are represented by the estimated coefficients of the non-lagged
variables, while the spillover/indirect ones ate given by the estimated
coefficients of the spatially lagged independent regressors. For this
model (column 5) the direct effects are similar to the ones provided by
the SAR model, while the indirect effects are much higher in absolute
terms and in the case of human capital they exhibit a counterintuitive
and unexpected negative sign. This would imply that a region
surrounded or close to regions with a high endowment of human capital
has, ceteris paribus, a reduced innovation output. The same kind of result is
obtained when we allow for spatial correlated disturbances in the (6)
model specification (SDEM), which allows for spatially dependent
residuals, signaled by the robust error LM test carried out for model (5)
errors. The negative human capital spillover does not seem plausible on
economic grounds and it is sharply at odds with previous empirical
evidence provided on the mechanics of knowledge diffusion and with
the results provided by the SAR model specification (3), which yield
positive and significant spillover effects for both R&D and human
capital. On the basis of these considerations we argue that the SAR
specification is the most adequate in representing the spatial pattern
featured by the knowledge production process taking place in the 276
European regions included in our sample. For the SAR model the
significance of the LM test on the estimated residuals points out that the
complexity of the inter-connectivity among the regions is not entirely
captured by the geographical weight matrix, this provides a further
rationale to investigate whether other proximity measures have a role to
play in unveiling other aspects of the innovation process.
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5. The KPF models with different proximity measures

In this section we consider the various types of proximity
measures - geographical, institutional, technological, social and
organizational - discussed in detail in section 3. In section 5.1 we first
consider them as alternative measures by relying, temporarily, on the
simplifying assumption that, in principle, they are all equally relevant
proxies for capturing the closeness among regions and that their relative
importance can be established only on empirical grounds. However, it is
more realistic to consider proximity measures in a more complementary
guise since, as emphasized in the previous sections, they capture quite
different, non-overlapping aspects of interregional connections. In
section 5.2 we take into consideration such a complementarity by
estimating spatial models based on all possible couples of proximity
matrices.

5.1 KPF models with single proximity dimensions

We start by specifying a SAR model with the weight matrix
represented by the institutional proximity matrix, where the generic
element I; takes value 1 if the two regions belong to the same country
and zero otherwise. With respect to the SAR model reported in table 3
(column 3), the estimated direct effects are pretty similar, while the
indirect effects obtained from the Institutional SAR model (table 4,
column 1) are much smaller, yielding to lower total effects as well. Note
that all the estimated effects are significant. The institutional proximity
among regions seems to be relevant, as pointed out by the positive and
significant coefficient associated with lagged dependent variable term;
however the LM test designed to detect the presence of “spatial”
dependence in the residuals is highly significant.

In light of this result, we propose an alternative specification
based on the inclusion of country dummies, as anticipated in section 3,
since these are expected to be informative enough to capture the
institutional similarity among regions. We thus proceed by re-estimating
our baseline model with OLS and testing the residuals for
“spatial/proximity” dependence by using the five alternative proximity
measures. Being applied to the same residuals to test the same null
hypothesis, the LM tests reported in the bottom panel of model (2) in
table 4 cannot be interpreted formally. Nonetheless, they are useful in
providing further suggestive indications on the presence of spatial
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dependence in the OLS residuals, due to the omission of the spatially
lagged dependent variable.

The LM test designed to detect the presence of spatially lagged
terms is highly significant confirming that the SAR specification is the
adequate one. Thus in columns 3-6 we estimate SAR models with the
four different proximity measures, while controlling at the same time for
the institutional factors through the inclusion of country dummies.

Specification (3) reports the results obtained from the
geographical proximity matrix model. The first remarkable finding is that
the coefficient of the lagged dependent variable (+r=0.33) is positive and
statistically significant, signaling that the innovation activity in a region is
positively affected by knowledge spillovers coming from other regions.

Turning to the input variables, R&D shows an estimated direct
elasticity of 0.27 and an indirect one of about in 0.15, thus direct effects
account for almost two-thirds of the total effect estimated in 0.41 and
the spillovers for the remaining one-third. This means that if the ratio
between R&D expenditure and GDP increase by 10% from an average
actual value of 1.4% to 1.56% it produces a total increase on patents (per
million population) from the observed value of 105 to the new estimated
value of 110.

Comparing our findings with similar studies on the European
regions, we see that our direct effect is very similar to the elasticity of
0.26 estimated by Moreno et al. (2005) for 17 EU countries. While
Bottazzi and Peri (2003) for a sample of patents of 86 regions in 12
European countries found a higher value of 0.8. However both studies
do not consider the indirect effects coming from other regions.

As for human capital, we find a direct elasticity of 1.5, which is
much higher than the one estimated for R&D. This is an important
result offering further support to the idea that a high endowment of well
educated labour forces in a region strongly enhances the innovative
activity once we control for the R&D expenditure. In some industries
the process of knowledge production is not derived by formal R&D
activity but is rather the result of the capacity of human capital to
produce new ideas. Moreover, we have also to consider the indirect
effect of human capital which has an elasticity of 0.83; thus the total
effect of human capital on innovation reach the value of 2.3. It implies
that an increase of the share of graduates on population by, say, 10%
(that means an increase of the average European value from 10.5% to
11.6%) has a total effect on the production of knowledge that
determines an increase from 105 to 130 patents (per million population).
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The only two comparable studies are the one by Greunz (2003) for 153
NUTS2 regions and the one by Usai (2011) for 342 regions in OECD
countries, which report estimates of 2.0 and 1.0, respectively.

Another interesting comparison applies to the value of the
coefficient of the lagged dependent variable, which measures the
strength of spatial dependence. For the case of the geographical
proximity matrix, this value goes from 0.09 for EU regions in Moreno et
al. (2005) to a much higher 0.4 for the US in Catlino et al. (2007). In the
middle we find the estimate suggested in Usai (2011), 0.18, which refers
to both US and EU. Our estimate of 0.33 is in between the minimum
and the maximum value provided so far by the existing empirical
literature.

It is also worth remarking that most of the country dummies
turn out to be significant, meaning that the institutional and cultural
factors play a relevant role in affecting the regional innovative activity.
From model (3) we have also calculated a sort of Knowledge total factor
productivity, derived from the estimated coefficient of the country
dummies.” In table 5, we rank the 29 countries values in descending
order: higher values indicate a better innovation performance of the
regions belonging to the same country, once the role of the inputs (R&D
and human capital) and other regional characteristics has already been
accounted for. In general, more advanced old countries turned out to be
more efficient in the production process of knowledge with respect to
the new developing ones.

We now consider the results of the SAR models estimated with
the other three proximity measures (column 4-6). Interestingly, the
coefficients of the innovative inputs — R&D and human capital — appear
all positive and significant and their magnitude is rather stable. In model
(4) direct elasticities for both R&D and human capital are slightly lower
than the one obtained for model (3) while the indirect ones although
positive are not significant, however the total effects are both significant
and greater in magnitude than the one yielded by the SAR-G model. The
direct effect of R&D in models (5) and (6) is lower when compared to
SAR-G and SAR-T models, it is estimated in 0.19 for the Soca/ SAR
model and nearly 0.21 for the Organizational one. Higher elasticity are
found for human capital, which are comparable in magnitude with the
geographical specification. Indirect effects are not significant for R&D in

? The other specifications reported in Table 4 yielded similar results.
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both models, while human capital spillovers are found to be positive and
significant, they are estimated in 0.20 for the SAR-S model and half the
size for the SAR-O model (0.12). The total effects are also positive and
significant, for both models (5) and (6); for R&D they are around half
the value of the corresponding effects obtained from models (3) and (4),
higher total elasticities (1.74 and 1.61) are found for human capital.

Looking at the coefficients of the dependent lagged variable they
are always positive and significant: there is a process of knowledge
spillover across regions which is determined not only by the geographical
distance but also from other proximity measures like technological, social
and organizational. The strength of the spatial dependence is quite low
for the case of the relational proximities (0.11 for the social and 0.07 for
the organisational) while it reaches its highest value for the case of the
cognitive proximity (0.49). Previous compatable studies for this last
proximity measure are Greunz (2003), who reports an estimate of 0.25
and Moreno et al. (2005) with a value of 0.05. Moreover, we confirm
Greunz (2003), rather than Moreno et al. (2005), since technological
proximity in the former study is more important than the geographical
one (estimated coefficient of 0.22).

So far we have focused on the discussion of the impacts of the
knowledge production inputs, R&D and human capital; turning to the
control variables, the population density and the manufacture
specialization structure, it is worth reporting that for most of the
estimated models the first one turns out to be not significant!’, while for
the second one we found a total elasticity ranging from 1.14 (SAR-O) to
1.92 (SAR-T).

Note that, according to the LM test on the estimated residuals,
all SAR models (3)-(6) are able to capture the “spatial” dependence
present in the data, once accounting for the institutional factors.

Due to model uncertainty it is quite a difficult task to select a
preferred model among the one presented in table 4, although they
provide quite interesting evidence on the role played by the knowledge
productive inputs and on the relevance of different regional connectivity
measures. It is the object of current research to undertake a model
compatison by applying the recent approach proposed by LeSage and
Pace (2009), based on the computation of posterior model probabilities

" In place of the population density we have also used other measure of
population agglomeration process such as the settlement structure typology
(SST), but it also turned to be not significant.
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or Bayes’ factors, which is particularly suitable for the case of non-nested
models, as it is the case for SAR models estimated with alternative
weight matrices. The posterior model probabilities can also be used to
obtain - rather than a preferred model - a combined one resulting from the
average of all possible alternative specifications. This route seems very
promising for future research since the combined model is expected to
encompass all the relevant dimensions of the complex interconnectivity
linking the European regions in the production process of knowledge.

5.2 KPF models with a couple of proximity dimensions

In order to check whether the results presented in the previous
section for one-weight matrix models are robust to the inclusion of an
additional proximity measure, in this section we present the results for
the SAR models estimated by including two different proximity weight
matrices at a time. This kind of models was first proposed by Lacombe
(2004) to carry out a policy spending evaluation analysis while controlling
for spatial dependence!!. Such models are a useful estimation device
when the connectivity among spatial units cannot be entirely captured by
the traditional geographical measures (distance, contiguity, neatest-
neighbors) since it also features other “intangible” kinds of links.!2

The results for models estimated by using each possible couple
of weight matrices are reported in table 6, in all models we control for
institutional factors by including country dummies. In order to ease the
comparison of the strength of proximity dependence the estimated
coefficients of the lagged dependent variable terms are summarized in
table 7. In general we find that the strength of the geographical
connectivity is confirmed, for all the three models it is estimated in about
0.3 (it was 0.33 for the single weight matrix SAR model of table 4). This
is also the case for the proximity measure based on technological

"' We are very grateful to D.J. Lacombe for making available to us the Matlab
scripts to estimate two-weight matrix SAR models. Although ideally it would be
preferable to specify a model which includes all the four proximity matrix used
in this paper, the estimation codes are not readily available so that this extension
is left for future research.

12 The  two-weight matrix SAR  model is  specified as:
Y=XB+pWY+p,W,Y +¢ and it requires to solve a bivariate optimization
problem over the range of feasible values for the parameters r, and r, . See
LeSage and Pace (2009) for a detailed description of the estimation procedures.
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similarity, which exhibits across all the models a much higher impact
(average value 0.5) when compared with the geographical one.

The regional connectivity based on both the social and the
organizational proximity show a weak degree of dependence, with an
estimated coefficient which on average is equal to 0.11 and 0.07,
respectively. It is interesting to note that when this matrices are included
together (model 6 in table 6) both the coefficients of the spatially lagged
terms are no longer significant, signaling a sort of multicollinearity
problem. This is plausibly due to the fact that the information contained
in the two matrices somehow overlaps (the correlation coefficient is
estimated in 0.74). For future research we plan to represent social
interactions by using the information on participation in the European
research Framework Program for all the 29 countries considered in this
paper, such a measure is expected to be less correlated with the
organizational one.

As far as the knowledge production inputs, R&D and human
capital, the results provided in the previous section on the estimated
coefficients are broadly confirmed. More specifically, for R&D the
highest coefficient estimates, 0.275, was found in the case of model (1),
which includes the geographical and the technological weight matrices;
for all the other models the estimates are lower, ranging from 0.19, for
the model based on the technological and the social matrix, to 0.235 for
the model including the geographical and the organizational proximity
matrix. For human capital the estimated coefficient is highly significant
across all models and it exhibits a lower variability with respect to R&D,
ranging from 1.25 for model (5) to 1.53 for model (2).

The results presented in this section, while offering further
support to the crucial role of R&D and human capital as determinants of
innovation outcomes, provide novel and interesting evidence on the
importance of five different proximity measures - geographical,
institutional, technological, social and organizational - in capturing the
complementary channels through which the creation and diffusion of
knowledge take place among European regions.

6. Concluding remarks

Both economists and politicians agtee that the availability of
knowledge and its diffusion are crucial ingredients of growth processes
at the regional level in Europe. The same agreement is shared for the
idea that technological diffusion depends on the relative location of
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regions along different dimensions, which go beyond the geographical
space. Several authors, from different schools of thoughts, believe that
knowledge transmission can be facilitated by the simultaneous presence
of proximity and networking in social, institutional, technological and
organizational “space”.

In spite of this common belief, most studies in the past have
relied on the geographical proximity measure as a sort of all-
encompassing connectivity measures and thus have overlooked the
concurrent effects of all these types of proximities in order to
understand their complementarity and/or substitutability and, therefore,
to assess their relative importance. This importance can be evaluated in
several context of the innovation process: knowledge generation, ideas
transmission or network formation and dynamics. In this paper we focus
on the first and most important phase of technological progtess: the
creation and production of new knowledge and therefore we move along
the research line of KPF. We should remember, however, that while
assessing proximities of several types we also investigate the relative
strength of internal factors (that is mainly investments in R&D and
human capital) in order to provide a comprehensive picture for a
complex and multifaceted phenomenon.

The chosen field of analysis is the European space, which
represents the most important economic system characterized by high
heterogeneity at the regional and country level in innovative
performance, a reflection of differences in investments in R&D and
human capital. Furthermore, regions in Europe clearly feature diverse
scenarios with respect to institutional, technological, organizational and
social characteristics and their respective networks.

Our empirical analysis starts carrying out a careful investigation
of the spatial dependence present in our data in order to select the most
adequate model specification; this turned out to be the spatial
autoregressive model (SAR) when compared with the spatial error and
spatial Durbin alternative specifications. The SAR model permits to
compute the direct and the indirect effects of the explanatory variables
and thus to assess the relative importance of the internal endowments of
production factors (R&D expenditure and human capital) with respect to
the spatial spillover effects.

After considering the traditional geographical distance as a
measure of proximity, we estimate SAR models based on the other four
proximity  measures  (institutional,  technological, social and
organizational) proposed in this paper. While controlling for institutional
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factors proxied by country dummies, we first introduce them one at a
time and then, by implementing the two-weight matrix SAR model, we
estimate models based on all possible couples of proximity matrices.
This allows us to take into account, at least partially, the complementarity
of these different connectivity matrices. We are aware that a fully
comprehensive approach would entail the estimation of a multi-matrix
SAR model, however this extension is left for future research as it
requires to tackle some non trivial econometric aspects. Alternatively, we
are also currently investigating the possibility of “averaging” in one
model the evidence provided by the single-matrix SAR models, such an
average model should encompass and thus account for the different
complementary information embodied in each proximity matrix.

The results presented in this paper, while confirming some
outcomes of the previous literature, introduce interesting novelties. As
far as the internal factors are concerned, we find that both R&D and
human capital are essential components for technological progress but
with quite a different impact. The latter, once institutional proximity is
considered, has an impact which is around six times higher than the
former. This outcome is a clear indication of the importance of a skillful
and qualified labour force for incremental technological progress based
on continuous learning and experience accumulation.

Regarding the external factors, we ascertain that all dimensions
of proximities are significantly related to innovative performance and
they represent complementary channels of knowledge transmission.
Nonetheless, we find that their relative influence differs significantly.
Cognitive or technological proximity has an average impact, across our
estimations, which is 1.7 times that of geographical proximity and at least
five times higher than that of social and organizational networking. The
existence of a common knowledge and productive base can be, in other
words, more important than information sharing which happens at the
local level thanks to spatial proximity. Moreover, we prove that the social
and organizational dimensions are important too, although the size of
their spatial lag is more modest. Besides, these two dimensions turn out
to be not always substitute since the two proxies suffers from some
ovetlapping.

In general, our results confirm that the complexity of the inter-
connectivity among regions is not entirely captured by the geographical
weight matrix and that there are other forms of proximity — institutional,
technological, social - which play a decisive role in the innovation
process across the European regions.
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Finally, we find evidence that a relevant part of the total effects
of R&D expenditures and human capital endowments on the knowledge
creation in a certain region detives from the spillover effect coming from
other regions which are interconnected in a variety of dimensions. These
estimated indirect effects vary according with the proximity dimension
employed, but it is crucial to consider these feedback and spillover
effects which occur through the simultaneous system of
interdependences among regions.

There are at least two main policy implications which can be
drawn from the outcomes of the present paper. The first is the
importance of policies aiming at increasing the endowments of well
educated labor forces, given their strong and pervasive role in
determining both the internal creation and the external diffusion and
absorption of knowledge. The impact of graduates on innovation
activities is much stronger than formal R&D expenditures. New ideas,
inventions, product and process innovations come mainly from the
inventive capacity of well educated people and thus university education
must be adequately supported in Europe.

The second policy implication derives from the fact that
technological proximity matter even more than the geographical one in
influencing innovation spillovers. Knowledge diffusion is facilitated
within a sort a-spatial technological clusters, where regions which share a
common cognitive base are more likely to cooperate and exchange
technology. This suggests the implementation of specific industrial
policies to support the formation and the functioning throughout
Europe of such a-spatial industrial clusters characterized by proximate
technology.
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Map 2. R&D expenditure over GDP, % average 2002-2004
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Map 3. Human capital, graduates over population, % average 2002-2004
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Table 1. Summary statistics

Variable Unit of measurement Min Max _ Mean Var. coeff.
Patent per million pop 020 627.57 10545 1.20
Research & Development over GDP, % 0.07 7.59 1.42 0.85
Human Capital over total population, % 351 23.33 10.52 0.39
Population density thousands per km : 3.08 9049.64 331.35 2.47
Manufacture specialisation  over total empl.,, % 3.67 36.23 17.25 0.37

Table 2. Summary statistics for proximity matrices

Proximity matrices Units of Min Max Mean Var. coeff. Links % *
measurement

Geographical km 17.86 4574.57 1370.15 0.56 -

Technological index [0, 1] 005 094 0.70 0.18 -

Social num links 0.00 137.84 0.16 10.68 18.18

Organisational num links 0.00 480.13 0.58 10.52 17.11

* % of total cells, excluding the principal diagonal

Correlation coefficients

Geographical Technological Social
Technological 0.200
Social 0.120 0.070
Organisational 0.113 0.069 0.740
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Table 3. Knowledge Production Function: initial specification with geographical proximity (G)

Dependent variable : Patents, 2005-2007 average per capita values

1 2 3 4 5 6
OLS SEM SAR SDM SLX SDEM
Production inputs
R&D 1.372 *xx 0.981 #*x* 1.044 **x* 0.799 0.804 #*x* 0.772 **x*
(12.159) (9.296) (10.118) 8.251) (8.168) (8.260)
Human capital 0.934 #okx 1.042 Hoxx 0.863 ke 1.206 *** 1.234 xx 1.32] ok
3.737) (4.431) (3.960) (5.386) (5.598) (6.042)
Control variables
Population density 0.063 -0.159 ** -0.227 0.011 0.009 -0.020
0.912) (-2.211) (-3.305) 0.162) 0.127) (-0.300)
Manufacture specialisation 0.594 #*x* 0.343 * 0.290 0.716 *** 0.728 *** 0.732 #**
(2.861) (1.773) (1.580) (3.84%) (3.886) (4.053)
G*R&D 0.843 #kx 10.426 *** 12379 *A*
(6.558) (10.611) 9.731)
G*Human capital -13.896 *** 14,690 ***  .17.602 ***
(-6.409) (-9.965) (-8.959)
G *Population density -0.383 -0.247 -0.288
(-0.49D) (-0.318) (-0.331)
G *Manufacture specialisation -7.310 *+x 7 682 *¥**  _11.036 ***
(-2929 (-3.289) (-4.256)
Spatial error (7‘) 0.970 *** 0.980 ***
(45.686) (69.199)
Spatial lag (P) 0.557 0.160
(9.359) (0.555)
Adi-R2 0.586 0.682 0.662 0.745 0.747 0.762
Effects estimates (@)
Direct R&D 1.047 ** 0.820 sk 0.304 #kx* 0.772 #*x
Direct Human capital 0.874 *xx 1.173 #ok* 1.234 #** 1.32] **
Indirect R&D 1334 *** 14682 10.426 *** 12379 ***
Indirect Human capital 1117 **+* .19 421 -14.690 ***  _17.602 ***
Total R&D 2381 15511 11230 #* 13,151 ***
Total Human capital 1991 ***  _18.248 -13.457 *#* - _16.281 ***
Diagnostics
Robust LM test - spatial error 97.310 10.743
p-value 0.000 0.001
Robust LM test - spatial lag 17.611 0.096
p-value 0.000 0.756
LM error test for SAR model residuals 56.680
p-value 0.000

Observations: 276 regions

All variables are log-transformed

For all the explanatory variables the values are averages over the period 2002-2004

All regressions include a constant

The proximity weight matrix is the inverse distance matrix (G), max-eigenvalue normalized
Asymptotic t-statistics in parenthesis; significance: *** 1%; ** 5%; * 10%
(a) We report only the effects for the main interest explanatory variables
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Table 4. Knowledge Production Function with different proximity measures:
Institutional (I), Geographical (G), Technological (T), Social (S), Organisational (O)

Dependent variable : Patents, 2005-2007 average per capita values

1 2 3 4 5 6
SAR OLS SAR SAR SAR SAR
Proximity matrix included I G T S ©)
Production inpuits
R&D 1.230 *** 0.249 ** 0.271 *** 0254 ** 0.191 * 0.207 **
(11.627) 22749 (2.683) 2518 (1.837) (1.992)
Human capital 0.811 *** 1.524 *** 1.535 %% 1326 %% 1524 %Kk ] 484wk
(3.451) (4.624) (5.063) (4.286) (4981) (4832
Control variables
Population density -0.050 0.129 * 0.048 0.112 * 0.091 0.095
(-0.749) (1.906) 0.713) (1.780) (1.409) (1.460)
Manufacture specialisation 0.512 *** 1.069 *** 0.863 *** (00913 1.026 ***  1.058 ***
(2.649) (5.906) (4.875) 272 6.077) (6.283)
Spatial lag (P) 0.278 *** 0.330 ***  (0.493 ***  (0.115 ***  0.072 **
(6.478) (3.396) (3364 (2.552) (2.200)
Adj-R2 0.614 0.802 0.810 0.809 0.806 0.805
Country dummies no yes yes yes yes yes
Effects estimates (a)
Direct R&D 1.232 *** 0.270 ***  0.250 ** 0.188 * 0.206 **
Direct Human capital 0.821 *** 1.546 *** 1344 *%% ] 540 **+* 1409 **
Indirect R&D 0.477 **x* 0.146 * 0.287 0.023 0.015
Indirect Human capital 0.316 *** 0.827 ** 1.434 0.202 ** 0.117 **
Total R&D 1.709 *** 0.416 ** 0.538 * 0.212* 0.221 **
Total Human capital 1.137 *** 2373 %%k 2828 ** 1.742 *¥** 1616 ***
Diagnostics Proximity matrix
G I T S O
Robust LM test - spatial error 0.254 7543 0.040 0876 1.060
p-value 0.614 0006 0.841 0349 0.303
Robust LM test - spatial lag 1279 7548 10.598 7.357 58353
p-value 0.000 0.006 0.001 0.007 0.016
LM error test for SAR model residuals 113.917 0.011 0.029 0293 0.009
p-value 0.000 0918 0.864 0.589 0923

Observations: 276 regions

All variables are log-transformed
For all the explanatory variables the values are averages over the period 2002-2004

All proximity matrices are max-eigenvalue normalized; I=institutional, T=technological, S=social and O=organisational.
Asymptotic t-statistics in parenthests; significance: *** 1%; ** 5%, * 10%
(@) We report only the effects for the main interest explanatory variables
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Table 5. Institutional effects estimates - model 3 of table 4

Code Country Effect

SE Sweden 15.04

AT Austria 15.03 ***
FI Finland 14.68

IT Italy 14.40

LU Luxembourg 14.38
DK Denmark 14.29

CH Switzerland 13.93 *
MT Malta 13.93

DE Germany 13.79 **
IE Ireland 13.71

FR France 13.68 **
NO Norway 13.45 **
PT Portugal 13.21 **
NL Netherlands 12.91 ***
UK United Kingdom 12.80 ***
SI Slovenia 12.76 **
CYy Cyprus 12.59 *
BE Belgium 12.25 **x*
ES Spain 11.90 ***
HU Hungary 11.61 ***
Lv Latvia 11.56 **
CZ Czech Republic 11.43
SK Slovakia 11.26 ***
GR Greece 11.06 ***
EE Estonia 10.87 ***
PL Poland 9.77 **x*
RO Romania 9.53 HHx*
BG Bulgaria 9.34 ok
LT Lithuania 6.90 ***

Significance for the difference wrt to Austria (reference country) :
*EE 1%; ** 5%; *10%
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Table 6. Knowledge Production Function with two weight matrix SAR models

Dependent variable : Patents, 2005-2007 average per capita values

1 2 3 4 5 6
Proximity matrices included G,T G,S G,0 T, S T,O 5,0
Production inputs
R&D 0.275 *** 0.225 ** 0.235 ** 0.190 * 0.204 ** 0.191 *
(2.786) .251) (2.346) 1912 (2.047) (1.885)
Human capital 1.348 *** 1.533 sk 1.501 *** 1311 *** 1.258 *** 1.514 ***
4.539) (5.089) (4.983) (4.381) (4.196) 4.952)
Control variables
Population density 0.034 0.029 0.026 0.068 0.069 0.090
0.553) 0.47% 0.419) (1.102) (1.112) (1.426)
Manufacture specialisation 0.723 *** 0.856 *** 0.870 *** 0.854 *** (0.884 *** 1.031 ***
(4.434 6177 6.257) .197) (56.373) (6.140)
Spatial lag - 1 st proximity matrix 0.319 *** 0.290Q *** 0.305 *** 0.528 *** 0.543 #** 0.095
(3.497) (2.906) (3.110) (3.529 (3.615) 1.17%
Spatial lag - 2nd proximity matrix 0.464 *** 0.085 * 0.059 * 0.128 *** 0.087 *** 0.017
(3.496) (1.842) (1.811) (2.840) (2.701) 0.297)
Ad,]'_R2 0.817 03812 0.812 03814 0814 0.806

Observations: 276 regions
All variables are log-transformed

For all the explanatory variables the values are averages over the period 2002-2004

All models include country dummies

All proximity matrices are max-eigenvalue normalized; G=geographical, T=technological, S=social and O=organisational.
Asymptotic t-statistics in parenthesis; significance: *** 1%; ** 5%; * 10%

Table 7. Comparing estimated lag coefficients for different proximities measures

G
Geographical proximity G 0330
Technological proximity T 0.464
Social proximity S 0.085
Organisational proximity O 0.059

T
0.319
0493
0.128
0.087

S @) Average
0.290 0.305 0311
0.528 0.543 0.507
0115 0.095" 0.109
0.0177 0072 0.073

Diagonal entries are the estimated tho coefficients of the Table 4 one-weight matrix SAR models
Off-diagonal entries are the estimated rho coefficients of the Table 6 two-weight matrix SAR models

" not significant

The average 1s computed only for statistically significant coefficients
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Appendix 1. Regions and NUTS level

Code Country NUTS Regions
AT Austria 2 9
BE Belgium 2 11
BG Bulgaria 2 6
CH Switzerland 2 7
CYy Cyprus 0 1
CZ Czech Republic 2 8
DE Germany 2 39
DK Denmark 2 5
EE Estonia 0 1
ES Spain (a) 2 16
FI Finland 2 5
FR France (a) 2 22
GR Greece 2 13
HU Hungary 2 7
[E Ireland 2 2
IT Italy 2 21
LT Lithuania 0 1
LU Luxembowrg 0 1
LV Latvia 0 1
MT  Malta 0 1
NL Netherlands 2 12
NO Norway 2 7
PL Poland 2 16
PT Portugal (a) 2 5
RO Romania 2 8
SE Sweden 2 8
Sl Slovenia 2 2
SK Slovakia 2 4
UK United Kingdom 2 37

(@) Territories outside Europe are not considered
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Appendix 2. Data sources and definition for variables and proximity matrices

Variable Primary Source Years  Definition
average . o .
Patent INN OCRE Pat-Reg 2005.2007 total patents published at EPO, per million population
average . .
Research & Development RD  Eurostat 2002.2004 total intramural R&D expenditure, over GDP
Human Capital HK  Eurostat 2&[1]\[’]e2ra2g[]e[] 4 population aged 15 and over with tertiary education ISCED 5-6), over total population
. . average ) 2
Population d DEN Eurostat
opulation density urosta 2002-2004 Population per km”, thousands
T average .
Manufacture specialisation MAN Eurostat 20022004 manufacturing employment over total employment
1=less densely populated without centres, 2=less densely populated with centres,
Settlement Structure Typology SST ESPON project3.1 BBR 1999  3=densely populated without large centers, 4=less densely populated with large centres,
5= densely populated with large centres, 6=very densely populated with large centres
Proximity matrix Primary Source Years  Definition
Geographical G own calculation inverse of distance in Km
Institutional [  own calculation binary matrix: value 1 if the two regions belong to the same country and 0 otherwise
. average . .. . . . -
Technological T OCRSE Pat-Reg 20022004 similarity index based on 44 sectoral shares of patenting activity
Social S OCSE PatReg average co-%nver}torslnp -relanon mong multiple 1nven'.cors of the same patent by inventors'
2002-2004 region (intra regions relationships are not considered)
Organisational O OCSE PatReg average applicant-inventors relation of the same patent by region of residence (intra regions

2002-2004 relationships are not considered)
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