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Abstract

This paper incorporates time-dependence into a regional knowledge production
function framework. Within this setup, the long-run dynamic behaviour of R&D
and knowledge has been analysed in four European countries - France, Germany,
Italy and Spain - using unit root tests and cointegration techniques. We find
that the regional stock of knowledge is cointegrated with R&D employment and
external knowledge. Nonetheless, knowledge spillovers play a more important role
in the generation and accumulation of new ideas. This suggests that innovation
policies should aim at enhancing knowledge diffusion and regional absorptive

capacity.
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1 Introduction

Explicitly considering innovation as the driving force of economic growth, the Lisbon
Agenda established the objective of making the European Union (EU) the most compet-
itive and dynamic knowledge-based economy in the world. The importance of research
and development (R&D), innovation and knowledge flows has subsequently been em-
phasised by the ‘Europe 2020’ strategy for smart, sustainable and inclusive growth. It
has also been acknowledged that key incentives to foster innovative activities should be
tackled at the regional level because that is where the transmission of knowledge takes
place. This explains why the EU Cohesion Policy has increased the percentage of its
total funds that is set aside for R&D and innovation from nearly 25% in the previous
programming period (2007-2013) to 30% in the present one (2014-2020).

The estimation of knowledge production functions (Griliches, 1979) has been exten-
sively used for the empirical analysis of innovation. At the regional level, this framework
permits the study of how local inputs contribute to the generation of knowledge (Jaffe,
1989). The production of new ideas in a region not only depends on the amount of
resources that it devotes to R&D but also on the stock of knowledge available in other
regions, especially nearby ones. Therefore, knowledge production functions (KPFs,
hereafter) are also used to measure the intensity and spatial extent of these knowledge
spillovers that are of interest in the geography of innovation literature (Audrestch &
Feldman, 2004).

Given the relevance of the determinants of regional innovation for policy-making,
several studies have analysed this issue in European regions within a KPF setting!.
Bottazi and Peri (2003) explored the influence of R&D and its externalities on the
ability of regions to generate new ideas, finding that knowledge spillovers exist only
within a distance of 300 kilometers. Using spatial econometric techniques, Moreno,
Paci, and Usai (2005) dealt with the geographical distribution of innovation and the
influence of spillovers in knowledge creation and diffusion. As well as the importance
of regional factors, these authors provided evidence of spatial spillovers in R&D and
patenting - constrained by national borders and within 250 kilometers - and of the
role played by technological similarity in the diffusion of new ideas. In this line, Paci,
Marrocu, and Usai (2014) analysed the effects of different dimensions of proximity on
regional innovative capacity, concluding that technological closeness exerts the most

important influence.

!See Guastella and van Oort (2015) for a comprehensive and up-to-date literature review on this
topic.



Charlot, Crescenzi, and Musolesi (2015) adopted a semi-parametric setting - relaxing
the assumptions of linearity, additivity and homogeneity - that included region-specific
time trends. These authors found that knowledge generation in EU regions is charac-
terized by the presence of nonlinearities, thresholds, complex interactions and shadow
effects®. Guastella and van Oort (2015) considered the presence of spatial heterogene-
ity, concluding that the significance of knowledge spillovers decreases when geographical
characteristics are accounted for. Miguélez and Moreno (2015) showed that regions with
large absorptive capacity make the most of knowledge inflows from other regions.

This paper contributes to the literature on the determinants of knowledge genera-
tion in European regions by introducing time-dependence into the flow of new ideas.
More specifically, we adopt a longitudinal perspective by considering that knowledge
generation depends on the existing stock of ideas. Our main aim is to analyse the
long-run dynamic behaviour of regional knowledge (output), R&D employment and
external knowledge (inputs). This will be done using unit root tests and cointegration
estimation techniques that exploit both the cross-sectional and temporal dimensions of
the data. These methods will take into account both the presence of cross-sectional
dependence - due to interactions between economic agents and institutions located in
different regions - and spatial heterogeneity in the innovation process and its determi-
nants. Constrained by the longitudinal perspective adopted and data availability, the
present study will refer to the regions of four EU countries: France, Germany, Italy and
Spain.

As well as uncovering the factors behind the creation of new ideas and how they flow
between regions, KPF's serve as a testing ground to discriminate between alternative en-
dogenous growth theories. Within this setup, the dynamics of the knowledge-generating
sector and the long-run relationship between R&D and knowledge permits the testing of
different ‘ideas-based’ growth models® through the study of the scale of the effect that
the R&D sector exerts on knowledge creation. This distinction may serve as a basis for
the design of regional innovation policies regarding R&D expenditures. Moreover, it is

an empirical check of the assumptions made on the process of technological change in

2The complexity of the European innovation process at the regional level motivates the extension
of the KPF empirical framework. In this study, and following Charlot et al. (2015), time-varying
unobserved factors and heterogeneous effects of innovation inputs have been taken into account within
a parametric setting.

3These models assign a prominent role to the non-rival nature of knowledge and its diffusion. The
public good attributes of the knowledge produced by R&D expenditures - that generate intertemporal
positive knowledge externalities - create a negative gap between private and social returns to R&D.
Montmartin and Massard (2015) review the implications for R&D policies of the difference between
the decentralised level of investment in R&D and the socially optimal level.



the models currently used to assess the impact of EU regional policies (Brandsma &
Kancs, 2015; Brandsma, Kancs, Monfort, & Rillaers, 2015).

2 An ‘ideas-based’ growth framework for the R&D

sector

The so-called ‘ideas-based’ endogenous growth models assign a key role to the mecha-
nism through which the resources devoted to R&D turn into new knowledge. Never-
theless, there are alternative approaches within these theoretical models that establish
different predictions about the scale of the effect that the R&D sector will have on
the generation of technological knowledge and, hence, on long-run productivity growth.
On the one hand, the first generation of R&D-based growth models (Romer, 1990;
Grossman & Helpman, 1991; Aghion & Howitt, 1992) exhibits strong scale effects as a
higher level of R&D employment is positively related to the growth rate of the knowl-
edge stock. On the other hand, semi-endogenous growth models (Jones, 1995; Kortum,
1997; Segerstrom, 1998) avoid this strong scale effect by introducing diminishing re-
turns in the R&D sector. As a consequence, an increase in the level of R&D resources
will only have short-run effects, not affecting the steady-state growth rate.

The empirical setting presented in this section is based on the simple theoreti-
cal model proposed by Jones (2005), adopted later by Bottazi and Peri (2007). This
framework begins by assuming that, in a given region, the final good is obtained from a
neoclassical technology. That is, the production function in terms of output per worker
(y¢) is specified as:

y, = BATK!; 0>0, 0<6<1, (1)

where total factor productivity (TFP) depends on a term B that captures efficiency in
production. This term is considered to be time-invariant as it is determined by slowly
evolving regional factors such as the quality of institutions or agglomeration economies.
o denotes the elasticity of TFP to the available stock of scientific and technological
knowledge A;. It is also assumed that physical capital per worker, k;, experiences
decreasing marginal returns and satisfies the Inada conditions.

Taking natural logarithms on both sides of (1) and taking derivatives with respect
to time, it is obtained that the growth rate of output per worker (g,,) is a linear

combination - determined by their corresponding elasticities - of the growth rates of



technological knowledge (g4,) and physical capital per worker (g, ):

Gy = 094, + ngt' (2)

Decreasing marginal returns of physical capital lead a region to converge to a bal-
anced growth path (BGP, characterised by g, = gi) where the dynamics of technological

knowledge determine those of labour productivity:

g
9y =T g9 (3)

This simple model introduces time-dependence into the flow of new ideas by con-
sidering that knowledge is generated by the workers in the R&D sector using their
creativity and the available stock of knowledge as inputs. In the aggregate, the creation
of new ideas can be reduced to a random noise. Neglecting this term, non-obsolete
available knowledge, R&D resources and new ideas have a stable relationship that is
reflected in the following KPF:

]t - F(R&Dt7 Ata At)? (4)

where I; denotes the ideas generated in a given region in period ¢. Expression (4)
implies that R&D has a strong contemporaneous effect on innovation. The influence
of past resources devoted to R&D on innovation is exerted through the stock of useful
knowledge. A; reflects the knowledge generated up to ¢ — 1 that is available at the
beginning of period ¢. Due to knowledge spillovers, a region also benefits from the ideas
created in other regions. In this regard, A, reflects the external stock of ideas.

In order to make this theoretical framework operative, the number of new ideas
generated in a region is considered to be proportional to the number of patents for
which an application is filed by its residents (Pat, = 3I;). This implies that, as is
common practice in the related literature, patent statistics will allow us to proxy for
the generation of new ideas. Furthermore, it will be assumed that the relationship in

(4) is log-linear:
In(Pat,) = In(s¢)+ A In(R&D,) + ¢In(A,) + £ In(A,). (5)

As well as considering that the available stock of knowledge increases with the

development of new ideas, it will also be assumed that it is continually decreasing at a



constant obsolescence rate 9J:
At+1 = Patt + (1 - 5)1415 (6)

Dividing both sides of this expression by A;, taking natural logarithms and substi-
tuting into (5), the following long-run relationship - motivating the empirical analysis

carried out in the present paper - is obtained:
In(ga, +9) —In(x) = (¢ — 1) In(A;) + NIn(R&D,) + fln(flt). (7)

The left-hand side will become a region-specific stationary process if the stock of
knowledge converges to a stochastic BGP. In this case, there will be a stationary long-
run relationship between the resources devoted to R&D and the regional and external
stocks of knowledge. If these variables are non-stationary, convergence to a BGP implies
that there is a cointegration relationship between them. Standardising by the regional

knowledge stock, the cointegration vector is (—1, 1,7y) and can be estimated from:
In(A4;) = pIn(R&D,) + yIn(A,) + &, (8)

with p = ﬁ, v = ﬁ and where ¢, is the disturbance term.

If, on the contrary, the left-hand side of (7) is non-stationary, the stock of knowledge
will not converge to a stochastic BGP. The growth rate of technological knowledge will
increase with the levels of R&D resources and of the regional and external knowledge
stocks. In this case, there will not be a cointegration relationship between these variables
and the knowledge stock will diverge across regions.

This framework allows us to discriminate between alternative ‘ideas-based’ growth
models through the study (i) of the stationarity of the regional knowledge growth rate,
and (ii) of the presence of a cointegration relationship between the levels of R&D re-
sources and of the regional and external stocks of knowledge. Unit root non-stationarity
of the growth rate of the stock of knowledge in a region implies that it is determined by
the amount of resources devoted to the research sector and the external and regional
knowledge stocks. Therefore, the growth rates of regional knowledge and productivity
increase with the level of R&D inputs. This can be interpreted as evidence that R&D
has a strong scale effect and, hence, in favour of the first generation of ‘ideas-based’
growth models which hold that a constant level of R&D resources is enough to sus-
tain long-run growth. Alternatively, the stationarity of the growth rate of the regional

knowledge stock implies that, in the long run, the levels of R&D inputs and of external



knowledge will determine the level of knowledge in a region and, as a consequence,
that of its productivity. Therefore, a reallocation of resources to R&D will only affect
the level of income. This can be interpreted as evidence in favour of semi-endogenous
growth models which, due to diminishing returns in the research sector, are charac-
terised by weak scale effects. In these models, long-run growth depends on the growth
rate of R&D resources and the elasticities of the KPF. This implies that higher growth
might be achieved with higher investments in education as long as they lead workers
in the R&D sector to improve their performance and absorptive capacity to exploit

knowledge spillovers.

3 Data sources, variable construction and sample

description

The amount of resources that a region devotes to R&D activities has been measured by
the total employment in all sectors (private and public, full-time equivalents), which has
been extracted from EUROSTAT. The availability of this information at the regional
level is limited until the mid-1990s in most European countries. As can be inferred
from the empirical setting presented in the previous section, we are interested in the
stochastic properties of the relevant variables in the ‘ideas-based’ economic growth
models. For this reason, and given that the panel methods implemented in our analysis
require both a long time dimension and a minimum number of units to obtain reliable
results, our sample is made up of regions in France, Italy and Spain at the NUTS2
level and of NUTS1 regions in Germany*. The regions included in our sample are listed
in Table 1. It is worth mentioning that, in order to work with a balanced panel for
each country, some missing observations have been interpolated using the automatic
procedure in the Windows version of the TRAMO-SEATS software.

[Insert Table 1 here]

4There is no information regarding employment in the R&D sector at the NUTS2 level for Germany.
The reason is that there is no correspondence between NUTS2 regions (Regierungsbezirke) and the
relevant administrative units in this country (Lénder; NUTS1). It is worth noting that this does not
affect the homogeneity and coherence of our empirical analysis. The regions that have been considered
are the areas targeted by both national and supra-national institutions implementing innovation poli-
cies. Nevertheless, the results obtained in the present study, as well as in related ones, may be driven
by the geographical scale at which the analysis is carried out.



The generation of ideas in a region has been proxied by the number of patent appli-
cations made by its residents to the European Patent Office (EPO). This information
has been extracted from the OECD REGPAT database (January 2013 edition). Patent
applications have been classified according to their priority year and calculated using
fractional counting. In addition, each patent has been weighted by the factor (1 + ¢y),
where g denotes the broadest quality index elaborated by Squiccianni, Dernis, and
Criscuolo (2013). This measure is calculated taking into account six dimensions - for-
ward citations, family size, number of claims, generality index, backward citations and
grant lag - and is intended to reflect the technological and economic value of patents as
well as their impact on subsequent technological developments.

Following expression (6), the regional stock of scientific and technological knowledge
has been constructed from the number of quality-weighted patent applications. To do
so, and in order to establish an initial level of available knowledge, we assume that its
accumulation is compatible with a BGP. Based on a perpetual inventory method, the

initial level of knowledge for a given region ¢ has been calculated as:

o0

Patio Patio
A= L0 (1 gyt =
10 ; (1 +gz)t+1( 6) (§7@+5)’ (9)

where, as in Bottazi and Peri (2007), § has been set to 0.10 and g; is the average annual
growth rate of patent applications made by region i’s residents during the first five years
for which data are available. The stock of ideas in the other regions of the same country,

which tries to capture the influence of knowledge spillovers, has been constructed as

/le't = Au.
i7#]

[Insert Figure 1 here]

Figure 1 presents, for each country and region, box-plots of three variables (in nat-
ural logarithms®) during the period 1995-2010: R&D employment, patent applications
and the stock of knowledge. Broadly speaking, German regions display a higher level of
R&D employment than the regions in France and, especially, Italy and Spain. This is
reflected in a higher number of patent applications to the EPO and, as a consequence, in
a higher level of knowledge stocks. This shows that there is a high correlation between
these variables at the regional level in the four countries that conform our sample. It

can also be stated that Italy and Spain have a higher number of regions that are far

®Zero patents add a small constant before the logarithmic transformation.
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from the technological frontier, defined as the stock of knowledge in the region with the
highest level®. Moreover, these two countries also display high levels of both between-
and within-regional variability. These results suggest that, although there exists a re-
lationship between R&D employment and innovation, it is of a heterogeneous nature.
This fact - that is already being taken into consideration by European regional inno-
vation policies - will be controlled for by the methods we have implemented to analyse

the long-run relationship between R&D efforts and knowledge.
[Insert Figure 2 here]

More in line with the main aim of our study, Figure 2 plots the temporal evolution of
the three main variables of interest. It can also be observed that the variability between
French regions is mainly determined by two innovation leaders (Ile de France and Rhone-
Alpes) - characterised by high levels of R&D employment and innovation results - and
a lagging region (Corsica). Italy and Spain present more apparent differences across
regions, with less innovative ones experiencing a higher volatility. The number of patent
applications to the EPO has been affected by the crisis to a greater extent than the level
of R&D employment. Finally, it is worth noting that the variables displayed in Figure
2 followed an upward trend during the period 1995-2010, especially R&D employment

and the stock of knowledge, two important variables in our empirical framework.

4 Empirical analysis

In a review of the studies dealing with the geographical aspects of innovation, Autant-
Bernard (2012) pointed out that, together with the temporal dimension, the possible
presence of heterogeneity and spatial correlation should be taken into account when
working with knowledge and innovation at the regional level. For this reason, we begin
our empirical analysis by testing for the presence of weak cross-sectional dependence
using the procedure developed by Pesaran (2015). Both the levels of (the natural
logarithm of ) R&D employment and the regional and external knowledge stocks as well
as their first differences (growth rates) have been considered. The values obtained for
the C'D test statistic, which are reported in Table 2, show that the null hypothesis of

the absence of cross-sectional dependence across regions can be rejected in all cases.

6Tn our sample, the technological frontier is represented by the stock of knowledge in Baden-
Wiirttemberg. This region hosts a cluster of technologically advanced firms and is among the most
innovative regions in the EU.



[Insert Table 2 here]

Having provided evidence that the variables in our empirical framework display
cross-sectional dependence, both in levels and first-differenced, the next step is to ob-
tain a measure of its degree using the characterisation proposed by Bailey, Kapetanios,
and Pesaran (2016). Point estimates for the & exponent of dependence and their 90%
level confidence bands are also reported in Table 2. These figures show that the esti-
mated exponents for the levels and growth rates of the regional and external knowledge
stocks and R&D employment are indistinguishable from unity. This reflects that these
variables have a strong dependence across the regions in the countries that form our
sample which might be controlled for using a factor structure. The only exception is
the growth rate of R&D employment in Germany, Italy and Spain where the estimated
exponent of cross-sectional dependence tends to be smaller. In any case, the lower
bound of their confidence interval is far from 0.5, the value that corresponds to the case
of weak dependence.

It is difficult to obtain reliable inferences about the order of integration of a variable
from short time series with a yearly frequency. This problem can be mitigated through
the application of panel unit root tests that exploit both the cross-sectional and tempo-
ral dimensions of the data. However, and although panel unit root tests are a poweful
alternative to univariate methods, they may be biased (size-distorted) in the presence of
cross-sectional dependence. Baltagi, Bresson, and Pirotte (2007) show that, of the tests
considered in their study, that proposed by Pesaran (2007) is the most robust to cross-
sectional dependence of a spatial nature, which is commonly found when working with
regional information. This data feature is controlled for by this method assuming the
presence of a single common factor that, following the spirit of the Common Correlated
Effects estimator (Pesaran, 2006; CCE), is proxied by the cross-sectional mean of the
individual time series. An explanation for the good performance of the CCE estimator
is provided by Pesaran and Tosetti (2011) who show that it eliminates the effects of
all forms of correlations, irrespective of whether they are due to spatial and/or unob-
served common factors. In this line, Breinlich, Ottaviano, and Temple (2014), consider
the common factor structure to be a reasonable alternative to the spatial econometric
approach where cross-sectional correlation is determined by location and the distance

between units.
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The unit root test developed by Pesaran (2007) for heterogeneous panels’ is imple-
mented by obtaining individual test statistics for each region in the panel and, then,
calculating their country average (CIPS). As noted before, individual unit root test
statistics are obtained from standard augmented Dickey-Fuller auxiliary regressions that
include cross-sectional averages of lagged levels and first differences of the individual
series (CADF;). Resulting test statistics for each variable at country level are shown
in Table 3. Although their magnitude depends on the number of augmentation lags
introduced to mitigate size distortions (due to serial correlation in the error term), this
does not prevent us from drawing some general conclusions. First, the unit root null
hypothesis is rejected with more difficulty for the variables in levels. This implies that
shocks to R&D employment and the stocks of technological knowledge have a persis-
tent effect, so they can be considered to be non-stationary processes. Second, unit root
non-stationarity is easily rejected for the growth rates of these variables. Table 3 also
reports (in brackets) the p-values that result from the application of the weak cross-
sectional dependence C'D test statistic to the residuals of the augmented Dickey-Fuller
auxiliary regressions from which the individual unit root test statistics are calculated.
These figures show that, in general terms, the introduction of cross-sectional averages
of the individual time series eliminates the correlation among the members of the panel.
The exceptions are both the levels and growth rates of the external stock of knowledge
in Germany and Spain and of R&D employment in the latter. This suggests that the

assumption of a one-factor residual model may be very restrictive in these cases.

[Insert Table 3 here]

As explained in the theoretical section, we can empirically discriminate between
alternative ‘ideas-based’ growth models based on the study of the stationarity of the
knowledge stock growth rate and of the presence of a cointegration relationship between
the levels of R&D employment and of the regional and external technological knowl-
edge stocks. The C'IPS test statistic tends to reject the unit root null hypothesis for
the growth rate of the regional stock of ideas. The main exceptions are found when
three augmentation lags are included to deal with (possibly) serially correlated errors,
which may be related to the adverse influence of these lags on the power of unit root

tests. These results suggest that technological knowledge converges to a BGP and, in

"Omitted variables bias and unobserved heterogeneity are important issues in the estimation of
KPFs. For this reason, the unit root tests and cointegration techniques for heterogeneous panels
applied introduce regional fixed-effects to capture time-invariant unobserved regional features.
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accordance with (7), that there exists a cointegration relationship between the regional
levels of R&D employment and of the stocks of knowledge in these four countries. This
long-run comovement implies that the regional stock of ideas is determined by the em-
ployment in the R&D sector and external technological knowledge. Moreover, it can be
interpreted as evidence favourable to the predictions of semi-endogenous ‘ideas-based’
growth models that display weak scale effects from R&D resources to regional knowl-
edge.

We are going to further investigate the presence of a long-run relationship among
the relevant variables in our empirical setting by applying the residual-based test
(CADFC,) proposed by Banerjee and Carrion-i-Silvestre (2017) to expression (8). This
procedure also controls for the dependence across the units that conform the panel us-
ing an unobserved common factor structure proxied by cross-sectional averages. In
what follows, we are taking into account that knowledge diffusion is more effective
among closer regions and that its intensity decreases with geographical distance (Det-
tori, Marrocu, & Paci, 2012). This will be done using two additional specifications for
the external stock of knowledge. First, we will consider only the knowledge stock of the
five nearest regions (Ag,nn). Second, we will apply an inverse-distance weight to all the

external stocks of knowledge (Agiy).

[Insert Table 4 here]

The resulting panel cointegration test statistics are displayed in Table 4. The null
hypothesis of no cointegration cannot be rejected for French and German regions when
the deterministic component consists only of a (region-specific) constant term. Un-
der this specification, there is evidence of a cointegration relationship between R&D
employment and knowledge in Italian regions when the stock of external knowledge is
defined using inverse-distance weights. The CADF'C), test corroborates the conclusions
drawn from the panel unit root test in Spanish regions regardless of the number of
augmentation lags included and the proxy for the influence of knowledge spillovers con-
sidered. In line with Charlot et al. (2015), the introduction of individual time trends
increases the evidence favourable to the presence of a long-run relationship between
R&D and knowledge in France and, especially, in Germany and Italy.

Expression (8) permits us to obtain long-run elasticities. We have implemented the
mean group estimator of Pesaran and Smith (1995). The specification for the determin-

istic component in each country has been chosen according to the evidence provided by
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the panel cointegration test. Estimation results are reported in Table 5. It can be con-
cluded that both R&D employment and external knowledge have a positive relationship
with the stock of regional knowledge. Knowledge spillovers have a more significant and
a higher estimated parameter than the employment in the R&D sector. More specif-
ically, and for French regions, a 1% increase in regional R&D employment increases
technological knowledge by 0.17% in two out of three specifications for the external
stock of knowledge. A 1% increase of the external stock of knowledge is associated with
a long-run increase in the regional knowledge stock of around 0.72%. The magnitude
of this long-run elasticity, that reflects the importance of knowledge spillovers, does not

critically depend on the way the external knowledge stock is calculated.
[Insert Table 5 here]

Long-run elasticities of the regional knowledge stock to R&D employment are posi-
tive but not statistically significant in Germany. However, the estimated parameters for
the external stock of knowledge are statistically significant at the 1% significance level in
all specifications. Similar results are obtained for the regions in the two Mediterranean
countries. Although southern regions tend to display lower levels of R&D employment
and, given the double role of R&D (Miguélez & Moreno, 2015), they are expected to
have a lower absorptive capacity so their elasticities to external knowledge are higher
than the regions in France and Germany. This may be reflecting that, when regions
are further from the technological frontier, having greater opportunities to catch up,

knowledge generation mainly relies on technological acquisition and imitation.

5 Conclusions

This paper studies the long-run relationship between R&D and knowledge - two key
ingredients of the ‘Europe 2020’ strategy - at the regional level. After introducing
time-dependence into the flow of new ideas within a knowledge production function
framework, the empirical analysis is based on the application of panel unit root tests
and cointegration techniques. Our main aim is to determine whether or not the stock of
knowledge in a region is cointegrated with its level of R&D employment and the stock of
knowledge in other regions. Trying to capture the complexity of the European regional
innovation systems and the presence of cross-sectional dependence, the methods that
have been implemented control for time-varying unobserved factors and heterogeneous

effects.
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The longitudinal perspective adopted and data availability have limited our sample
to four countries: France, Germany, Italy and Spain. Therefore, our study might not
be representative of all Europe. The number of patent applications has been used as
a measure of innovation. Although patents have been weighted according to a quality
index, they only represent a fraction of new knowledge. The reason is that patent
applications do not reflect protected, process or organizational innovative activity. In
addition, we have only considered knowledge spillovers through geographical proximity,
neglecting other types of nonspatial proximity. These shortcomings should be kept in
mind when interpreting our results.

The levels (growth rates) of R&D employment and of the regional and external
knowledge stocks are non-stationary (stationary). Moreover, there exists a long-run
cointegration relationship between these three variables. Within the simple theoretical
model proposed by Jones (2005) and Bottazi and Peri (2007), these results may be
interpreted as evidence favourable to semi-endogenous growth models. This implies that
any policy supporting the level of resources devoted to R&D will only have transitory
effects on the knowledge stock and, hence, productivity growth. These findings also
provide empirical support to the assumptions made regarding technological change in
the models used to assess the impact of regional policies in the EU (Brandsma & Kancs,
2015; Brandsma et al., 2015).

Estimated long-run elasticities from the cointegration relationship suggest that both
the levels of R&D employment and external knowledge are positively related to the re-
gional stock of knowledge. Nonetheless, knowledge spillovers generated in other regions
exert a higher and more significant influence on the processes of generation and accu-
mulation of new ideas. Southern regions, which tend to be far from the technological
frontier, derive more benefits from knowledge spillovers. It is worth noting that these
findings are robust to alternative ways of calculating the external stock of knowledge.

Our results show that knowledge spillovers are as important for regional innovative
performance as the amount of resources devoted to R&D. Although the latter will de-
termine the ability of a region to exploit the knowledge generated by other regions, we
provide evidence supporting the shift in European innovation strategy from an almost
exclusive focus on R&D to a broader set of dimensions. Our findings suggest that
innovation policies should aim at enhancing knowledge diffusion and regional absorp-
tive capacity. On the one hand, and with the purpose of fostering the transmission of
knowledge, the mobility of skilled workers and the establishment of research networks
should be encouraged. On the other hand, improvements in the educational level of the

labour force will favour the capacity of regions to absorb external knowledge. Educa-

14



tional policy seems to be especially relevant in Southern countries, where the share of

low-skilled workers is higher.
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Table 2: Cross-sectional dependence testing for R&D employment and knowledge stocks.

France
In(R&D) In(A) In(A) Aln(R&D) Aln(A) Aln(A)
CD test 64.69 54.61 67.88 36.73 16.82 65.47
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
& estimation 1.01 1.00 1.01 1.00 1.00 1.01
(0.93,1.08] [0.93,1.07] [0.94,1.07) [0.77,1.23] [0.93,1.07] [0.93,1.09]
Germany
In(R&D) In(A) In(A) Aln(R&D)  Aln(A) Aln(A)
CD test 14.75 32.97 33.86 9.34 17.90 32.98
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
& estimation 0.96 1.01 1.01 0.74 0.96 1.01
(0.83,1.09] [0.92,1.10] [0.92,1.10] [0.64,0.85] [0.85,1.06] [0.90,1.11]
Ttaly
In(R&D) In(A) In(A) Aln(R&D)  Aln(A) Aln(A)
CD test 43.17 51.89 53.83 8.28 33.04 52.18
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
& estimation 1.00 1.00 1.01 0.77 1.00 1.01
(0.92,1.08] [0.90,1.11] [0.92,1.09] [0.67,0.88] [0.90,1.10] [0.92,1.10]
Spain
In(R&D) In(A) In(A) Aln(R&D)  Aln(A) Aln(A)
CD test 52.84 41.34 55.83 8.91 8.81 53.54
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
& estimation 1.00 0.99 1.01 0.89 1.29 1.01

(0.93,1.08] [0.88,1.11] [0.93,1.08] [0.80,0.98] [1.15,1.44] [0.91,1.10]

Note: CD is the weak cross-sectional dependence test statistic developed by Pesaran

(2015), p-values reported in parentheses. & is the exponent of cross-sectional dependence

estimated using the bias-corrected method developed by Bailey et al. (2015). 90% level
confidence bands in brackets.
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Table 3: Unit root testing for R&D employment and knowledge stocks.

France
lags  In(R&D) In(A) In(A) cv 5% cv 10%  Aln(R&D)  Aln(A) Aln(A) cv 5% cv 10%
0 —3.06 —1.32 —1.30 —2.66 —2.58 —5.06 —2.52 —2.43 —2.15 —2.07
[0.07] [0.58] [0.28] [0.10] [0.83] [0.00]
1 —2.34 —2.19 —1.99 —2.66 —2.58 —3.34 —2.17 —2.08 —2.15 —2.07
[0.09] [0.50] [0.48] [0.14] [0.92] [0.00]
2 —2.17 —1.82 —1.78 —2.66 —2.58 —2.60 —-1.71 —1.66 —2.15 —2.07
[0.30] [0.35] [0.84] [0.28] [0.79] [0.51]
Germany
lags  In(R&D) In(A) In(A) cv 5% cv 10%  Aln(R&D)  Aln(A) Aln(A) cv 5% cv 10%
0 —1.36 —0.83 —0.52 —2.76 —2.66 —2.09 —2.10 —2.28 —2.17 —2.07
[0.48] [0.12] [0.03] [0.46] [0.12] [0.02]
1 —3.56 —1.59 —1.84 —2.76 —2.66 —3.54 —1.46 —1.70 —2.17 —2.07
[0.00] [0.11] [0.02] [0.04] [0.08] [0.02]
2 —1.87 —1.81 —1.18 —2.76 —2.66 —1.90 —1.40 —1.39 —2.17 —2.07
[0.41] (0.03] [0.03] [0.13] [0.07] [0.02]
Italy
lags  In(R&D) In(A) In(A) cv 5% cv 10%  Aln(R&D)  Aln(A) Aln(A) cv 5% cv 10%
0 —1.80 —1.43 —1.92 —2.73 —2.63 —2.87 —3.09 —3.09 —2.21 —2.10
[0.68] [0.34] [0.77] [0.82] [0.70] [0.59]
1 —2.42 —2.02 —2.29 —2.73 —2.63 —2.75 —2.14 —2.34 —2.21 —2.10
[0.04] [0.48] [0.94] [0.13] [0.86] [0.80]
2 —1.82 —2.10 —3.05 —2.73 —2.63 —1.82 —1.89 —2.22 —2.21 —2.10
[0.04] [0.01] [0.11] [0.07] [0.59] [0.61]
Spain
lags  In(R&D) In(A) In(A) cv 5% cv 10%  Aln(R&D)  Aln(A) Aln(A) cv 5% cv 10%
0 —2.83 —2.22 —1.96 —2.72 —2.63 —5.15 —4.38 —4.00 —2.20 —2.11
[0.03] [0.78] [0.00] [0.01] [0.80] [0.01]
1 —2.44 —2.53 —2.08 —2.72 —2.63 —3.90 —3.37 —2.89 —2.20 —2.11
[0.04] [0.14] [0.02] [0.01] [0.38] [0.01]
2 —1.99 —1.38 —2.17 —2.72 —2.63 —2.65 —1.99 —2.60 —2.20 —2.11
[0.04] [0.10] [0.06] [0.01] [0.91] [0.04]

Note: These figures correspond to the CIPS panel unit root test proposed by Pesaran (2007).

The null hypothesis of non-stationarity is tested against the alternatives of trend stationarity

(variables in levels) and of stationarity (first differences). Figures in brackets correspond to the

p-value of the application of the CD test statistic (Pesaran, 2015)to the residuals of the

auxiliary regressions from which the individual unit root test statistics are calculated.

20



Table 4: Long-run cointegration relationship testing.

Model 1: Constant Model 2: Constant and trend

France

Agist v 5%  cv 10% A Ason Agie v 5% v 10%

2>t
e
E

lags
0 1.70 0.85 0.56 —234 —-224 —-6.54 -0.08 043 —2.93 —-2.84
1 —-178 —-179 -224 -236 —226 -—-1.78 —-2.75 —-2.68 —2.97 —2.87
2 -036 -024 -0.61 -231 —-220 -0.36 -—-047 -0.19 —-290 —-2.79

Germany
cv 5% v 10% A Asnn Agise v 5%  cv 10%
0 2.27 2.29 2.68 —2.34 —-224 -298 —-2.20 -3.13 -293 -2.84
1 -0.83 -0.04 134 -236 -2.26 -—-5.00 -3.50 -3.68 —-297 287
2 —-2.01 -2.08 -0.27 -231 —-220 —-6.64 —4.84 —-4.72 -290 —-2.79

,_.
v

R
7!
>
>
1

E
>
o
&

Italy

lags A Aspn Agise cv d%  cv 10% A Asin Agise cv d%  cv 10%
0 4.37 227 —4.05 -—-234 —224 -3.05 —-2.04 -3.13 -—-293 —-2.84
1 295 -1.30 —4.17 -236 —226 —-3.17 —-5.26 —-045 -—-297 —2.87
2 1.56 —-221 —-4.04 -231 —-2.20 -3.27 -539 -0.52 -—-290 -2.79

Spain

lags A Asin Agie v 5% v 10% A Asin Aqise v 5% v 10%
0 —245 —584 —245 —234 —224 024 —099 0.24 —293 —284
1 —277 —7.89 —2.77 -236 —226 —1.35 —6.29 —1.35 —297 —2.87
2 —4.01 -6.62 —-401 -231 —220 —048 —7.91 —048 —290 —2.79

Note: Reported values correspond to the CADFC,, residual-based test statistic developed
by Banerjee and Carrion-i-Silvestre (2017). The null hypothesis is that of no cointegration

between the levels of R&D employment and of the regional and external stocks of knowledge.
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