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Economic modelling to evaluate Smart Specialisation: an
analysis of research and innovation targets in Southern Europe
Javier Barberoa , Olga Diukanovab, Carlo Gianellec , Simone Salottid and
Artur Santoalhae

ABSTRACT
We make the case for a technology-enabled approach to Smart Specialisation policymaking aimed at increasing its
effectiveness by assessing the general equilibrium effects of the European Cohesion Policy objectives contained in the
regional Operational Programmes prepared by the regional policymakers. We simulate the impact of achieving the
research and development personnel targets on gross domestic product and its components in a set of Southern
European regions. We discuss the implications and challenges of the proposed methodology for future assessments of
Smart Specialisation and for its implementation in the regions of the European Union.
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INTRODUCTION

The 2014–20 European Cohesion Policy cycle aims at
promoting smart, sustainable and inclusive growth in all
regions of the European Union (EU), with a particular
focus on the less developed ones. According to European
legislation (European Union, 2013a), EU countries and
regions must formally adopt a Research and Innovation
Strategy for Smart Specialisation (RIS3) in order to access
funding for research and innovation (R&I) investment
through the European Regional Development Fund
(ERDF), which is the main fund to support European
economic development.

Smart Specialisation characterizes the EU approach to
regional innovation policy and aims to strengthen the
place-based nature of Cohesion Policy (Barca, 2009).
Smart Specialisation was implemented shortly after its

theoretical framework was developed (Foray et al., 2009,
2011), and became a pillar of the reformed Cohesion Policy
for the 2014–20 funding cycle. The goal of Smart Special-
isation is for regions to identify opportunities to build com-
petitive advantages in high value-added activities. This is
based on the idea that each region has different economic
and institutional structures determining the potential for
future development, rejecting the one-size-fits-all policies
that the EU had used previously, which was for the most
part country oriented (Balland et al., 2019; Kroll, 2015).

The Smart Specialisation approach has the following
two main features: (1) selectivity of policy intervention,
meaning that public support should be focused on a lim-
ited number of economic activities instead of being
granted across the board (referred to as investment priori-
ties or priority areas); and (2) the entrepreneurial discovery
process, an interactive process involving the private sector
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and the public administration identifying the emerging
activities that can benefit the most from public interven-
tion (Foray, 2015, 2018; Foray et al., 2009; Foray & Goe-
naga, 2013). Through the entrepreneurial discovery
process, the agents recognize new opportunities for
socio-economic development, become aware of their
capacity to engage in new activities, make themselves
capable to articulate them into concrete actions and pro-
jects, and transmit this information to the policymakers.

It has been widely acknowledged that Smart Specialis-
ation requires sophisticated multi-agent governance,
something which could be problematic in certain regions.
For instance, Aranguren et al. (2019) document cases of
lack of involvement of certain stakeholders within the
regions, little coordination across regions and path depen-
dency. These issues may undermine the implementation of
Smart Specialisation as initially envisaged.

Due to the Smart Specialisation’s quick incorporation
into actual policy, some scholars consider it as an ambi-
tious experiment (Kuznetsov & Sabel, 2017; Morgan,
2017). More importantly for our purposes, there is a wide-
spread need for an appraisal of its achievements (Gianelle
et al., 2020), with calls for a technology-enabled approach
to RIS3 policymaking in order to ensure its effectiveness.

In an increasingly complex, intertwined and uncertain
world, policymakers responsible for the design and
implementation of innovation policy need to base their
decisions on well-informed projections about the future
states of the world. In a highly experimental context such
as innovation policy for Smart Specialisation, those projec-
tions are systematically incorporated in the policy logic of
intervention and ought to be subsequently compared with
actual outcomes and updated accordingly, in a continuous
process of policy learning. Thus, the effective design and
the implementation of the policy should rely crucially on
the use of data and advanced computational capacities to
simulate scenarios. However, how is it possible to conjugate
information and communication technologies (ICTs) and
modelling tools with the principles underlying RIS3?
How can the former help policymakers with the ongoing
and future implementation of RIS3 in EU regions?

In this paper we propose a novel approach for the ex-
ante economic appraisal of the potential general equilibrium
effects of the planned implementation of the Smart Special-
isation policy. To do so, we focus on the R&I numerical tar-
gets declared in the multiannual planning documents
governing the funding of Smart Specialisation strategies
in the framework of European Cohesion Policy. This exer-
cise gauges empirically the effects on the overall economy
implied by the logic of intervention of the Smart Specialis-
ation policy according to the interpretation and expectations
of the policymakers as expressed in the planned targets.

We perform our analysis using the RHOMOLOmodel,
which is a dynamic multi-regional computable general equi-
librium (CGE) model developed by the Joint Research
Centre (JRC) of the European Commission (Lecca et al.,
2018). Although RHOMOLO has been extensively used
for policy impact assessment, this is its first application for
the specific purpose of evaluating RIS3. The model is

particularly suitable for this objective, given that it can pro-
vide sector (10 NACE rev. 2 sectors) – region (NUTS-2) –
and time-specific simulations to support the EU policies. In
this paper, we focus on the implementation of RIS3 in
Southern European regions (in Greece, Italy, Portugal and
Spain) where policy intervention in support of innovation
and research investment is most needed due to their rela-
tively poor innovation performance compared with their
Northern counterparts of the EU. The so-called North–
South innovation divide (Veugelers, 2016) was, and still is,
a topic of high policy interest and, to some extent, Smart
Specialisation is expected to mitigate it.

We investigate the potential macroeconomic impact of
the changes induced by the achievement of the targets
established for the result indicators related to the Thematic
Objective (TO) ‘Strengthening research, technological
development and innovation’ (TO1) of the ERDF Oper-
ational Programmes (OPs) elaborated by the regional and
national policymakers for the period 2014–20. Within the
current European Cohesion Policy cycle, the ERDF TO1
budget is legally bound to finance national/regional RIS3,
hence we assume that the target values attached to the
ERDF TO1 result indicators provide a realistic represen-
tation of the policymakers’ expectations regarding the
effects of the Smart Specialisation logic of intervention.
This working assumption appears plausible also in light of
the close scrutiny that the European Commission per-
formed over the ERDF OPs and RIS3, as per Cohesion
Policy regulations (European Union, 2013b, Art. 29).
Despite that, it is possible for the targets to be overly ambi-
tious, and this would imply an overoptimistic evaluation of
their economic impact. We acknowledge this to be a limit-
ation of our strategy and we think of our evidence as comp-
lementary to other alternative existing approaches to the ex-
ante evaluation of Smart Specialisation.

Our analysis shows overall positive effects of the Smart
Specialisation policy on all main economic indicators and
sectors in the regions under scrutiny, with a peak in econ-
omic activity reached at the end of the ERDF financial
period, when the policy objectives are fully accomplished.
Our analysis offers what can be interpreted as an upper
bound estimate of what could happen if the logic of inter-
vention postulated in the ERDFOPs was fully reflected in
the real world and the policymakers’ targets were achieved,
thus quantifying the potential scope of the Smart Special-
isation policy. We argue that ex-ante evaluations of the
type we propose, albeit admittedly challenging from a
technical point of view, should be more systematically
used by policymakers in the design phase of Smart Special-
isation strategies and R&I policies in general.

The remainder of the paper is organized as follows.
The next section illustrates the Smart Specialisation
approach in the context of European Cohesion Policy
and advocates for the need of more systemic ex-ante
impact assessments. The methodology and data section
briefly describes the strategy used to estimate the macroe-
conomic effects of the achievement of the OPs targets
related to R&I by illustrating separately the econometric
set-up and the RHOMOLO modelling strategy. We
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then present the results of both parts of the analysis and,
finally, conclude.

SMART SPECIALISATION IN EU COHESION
POLICY AND ITS IMPACT ASSESSMENT

European Cohesion Policy and the challenges
for the impact assessment of RIS3
Smart Specialisation is an R&I policy approach originally
meant to tackle the transatlantic productivity gap (Van
Ark et al., 2008). In its later and most widely accepted for-
mulation, it advocates concentration of R&I funding on a
limited number of emerging activities to avoid small-scale
initiatives incapable of exploiting the full benefits of
agglomeration economies (Foray et al., 2009; Foray &
Van Ark, 2007). Smart Specialisation became a funda-
mental component of the logic of intervention of Euro-
pean Cohesion Policy for the 2014–20 financial cycle to
provide principles to guide R&I investments.

The effectiveness of the entrepreneurial discovery pro-
cess, one of the key elements of Smart Specialisation, has
been analysed in light of the actual experiences of the EU
regions during the current programming period (which
started in 2014). According to Aranguren et al. (2019), in
many cases governments had a predominant role over the
rest of the regional actors, therefore somewhat undermining
the multilateral nature of the process. The same authors
warn about path dependency and old innovation policies
affecting the design of RIS3, but at the same time they
admit that actual changes are possible and have been docu-
mented in a number of cases. Capello and Kroll (2016) also
warn against other potential bottlenecks besides path
dependency and governance issues: some regions may lack
either the preconditions necessary for innovation, or the
capacity to identify new activities. Similarly to Aranguren
et al. (2019), Capello and Kroll (2016) as well as Kroll
(2015) and Trippl et al. (2020), claim that RIS3 has pro-
duced a wide range of positive outcomes in different types
of regions. Despite these positive results of the policy, the
limitations of RIS3 should be borne in mind when studying
its impact on the EU economies.

Formally, EU regions and countries must adopt a
national or regional RIS3 guiding R&I investment accord-
ing to the Smart Specialisation principles. This is an ex-
ante conditionality, without which regions are not eligible
to receive the ERDF TO1 funds (European Union,
2013a, 2013b). RIS3s are defined as:

the national or regional innovation strategies which set pri-

orities in order to build competitive advantage by developing

and matching research and innovation own strengths to

business needs in order to address emerging opportunities

and market developments in a coherent manner, while

avoiding duplication and fragmentation of efforts.

(European Union, 2013b, Art. 2)

The implication is that the Smart Specialisation principles
must be reflected in the regional and/or national ERDF
OPs, which are the documents establishing the

operational and financial details of ERDF interventions.
The OPs are adopted after an iterative process involving,
on the one hand, European countries, regions and relevant
stakeholders (broadly defined entrepreneurial actors), and,
on the other, the European Commission. This, in prin-
ciple, ensures the consistency of RIS3 with the Smart
Specialisation principles and the alignment between the
OPs and the respective RIS3s. About 120 national/
regional RIS3s were adopted for the 2014–20 period,
channelling an overall investment of more than €66 billion
in R&I activities.

Notably, each of the objectives of the ERDFOPs must
be linked to a set of result indicators measuring the
intended change in a number of dimensions of well-
being and economic progress (European Commission,
2015; European Union, 2013a). For each result indicator,
the OPs must provide a baseline value using the latest
available data, and a 2023 target value. Under the
ERDF, the choice of the most appropriate result indi-
cators and suitable targets is left to the national and
regional administrations. The set of result indicators
linked to the ERDF TO1 should capture the socio-econ-
omic effects of the Smart Specialisation policy. More pre-
cisely, the target values attached to those indicators
represent the policymakers’ expectations regarding the
effects of the Smart Specialisation logic of intervention.

Although the ultimate objective of Smart Specialis-
ation is to maximize the positive impact of R&I on growth
and job creation, no specific methodologies exist to evalu-
ate the expected effect of the RIS3 implementation in
European regions. This is possibly due to the unresolved
conceptual issues of the policy (Foray et al., 2011) as
well as to the need for extending existing economic impact
assessment models in order to integrate new dimensions
related to Smart Specialisation (Varga et al., 2020a). In
addition, in most cases it appears difficult to identify
clearly the RIS3 specific objectives to be measured through
definite indicators, and to identify the intervention areas
and the target populations that the policy is meant to
affect. This is also reflected in some authors’ criticism of
Smart Specialisation (Balland et al., 2019; Santoalha,
2019).

For instance, the priority areas identified in the RIS3
documents are often very broad, covering large portions
of the economic system, with policy measures simul-
taneously addressing several priorities at once (D’Adda
et al., 2019; Gianelle et al., 2020; Iacobucci & Guzzini,
2016). This makes it difficult to select quantitative indi-
cators to measure the specific results that the EU regions
expect to achieve by implementing the policy. Although
more than one decade ago David et al. (2009) stressed
the importance of shifting the Smart Specialisation discus-
sions from policy conceptualization to empirical evidence;
this remains an unresolved issue.

Smart Specialisation impact assessment tools:
modelling, ICTs and others
The methodologies and attempts to carry out impact
assessments of the RIS3 of European regions have been
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scant so far. This may seem surprising considering the
importance attached to these strategies in the EU policy
discourse, as well as the increasing amount of resources
and funding allocated to those same strategies. For
instance, the share of EU Structural Funds dedicated to
innovation-related policy measures increased ‘from just
8% of total regional policy expenditure in the 1988–1994
programming period… to nearer a third of the total in
the 2014–2020 period’ (Morgan, 2017, p. 569).

Some notable exceptions include the work done by the
EuropeanCommittee of the Regions (2017) with the Euro-
pean Observation Network for Territorial Development
and Cohesion (ESPON) Territorial Impact Assessment
(TIA) tool used to evaluate the expected impact of the
implementation of RIS3 in European regions. This goes
beyond a simple economic impact assessment because it
considers different regional dimensions that range from
the economy to governance, including also environmental
and societal aspects. This ICT tool provided and managed
by ESPON combines qualitative expert judgments on the
potential impact of RIS3 on specific variables in each region
with data on the sensitivity of regions to these indicators.

The outcome of this exercise is a set of maps that use a
qualitative scale to show the potential (and expected)
impact of RIS3 implementation in the EU at the
NUTS-3 level. The fact that experts’ subjective judgment
is used as an input because the analysis makes it challen-
ging to update the primary data and, therefore, the results.
Another limitation of this approach lies in the limited
insights provided on the mechanisms through which
RIS3 influences specific regional dimensions such as econ-
omic development, although the latter is admittedly a dif-
ficult dimension to capture with modelling tools.

More quantitative-oriented approaches based on indi-
cators embedding certain orienting principles for Smart
Specialisation have the potential of complementing the
results produced by the TIA analysis. For instance,
Rigby et al. (2019) build on the Smart Specialisation fra-
mework proposed by Balland et al. (2019) and use patent
data statistics and econometric methods to investigate
whether the principles of technological relatedness and
complexity lead to gross domestic product (GDP) growth
and employment creation in a set of EU cities. The use of
quantitative data in this context is commendable, although
in this case it comes at the cost of ignoring certain dimen-
sions of Smart Specialisation, which is not just about
patent-based knowledge because it deals with a wide spec-
trum of regional capabilities. Szerb et al. (2020) try to
overcome this limitation by using the Regional Entrepre-
neurship and Development Index (REDI) to identify the
areas and priorities to be targeted based on the specific
characteristics of the EU regions devising Smart Specialis-
ation strategies. According to the authors, the REDI could
accommodate some caveats of the policy such as the
measurement of the entrepreneurship ecosystem of the
regions and their potential institutional weaknesses.

In order to evaluate the potential macroeconomic effects
of Smart Specialisation-like policies, Varga et al. (2020a,
2020b) adopt a general equilibrium modelling perspective

to study the effects of entrepreneurship and integration in
knowledge collaboration networks (measured by regional
participation in EU Framework Program network) on
gross value added. The authors argue for the need of using
tools accounting for the regional dimension of the RIS3 pol-
icy, for the capital and labour mobility, as well as for the
existence of several sectors in the economy. Sebestyén and
Varga (2019) offer a different but related piece of research
adopting amodelling approach to study a specific dimension
of Smart Specialisation, namely knowledge networks.

These approaches are flexible because they allow the
investigation of the impact assessment of any dimension
potentially relevant for Smart Specialisation, but they
come with two main limitations. First, the definition of
the orienting principles may be controversial because
they may not fit the strategies of all regions. For instance,
unrelated diversification, in addition to related diversifica-
tion, might be important for processes structural transform-
ation in the scope of RIS3 (Asheim 2019; Hassink&Gong,
2019). The second drawback of these approaches is related
to measurement issues: it is difficult to reach a consensus
about the most adequate indicators, assuming that the
orienting principles are accepted by regions. For instance,
although it might be accepted that regions should develop
more complex activities (Balland et al., 2019), Broekel
(2019) points out that there is no agreement on how to
measure complexity. Since most regions do not have targets
expressed with indicators embedding and measuring rel-
evant RIS3 principles such as relatedness and complexity,
it would be necessary to simulate different possible targets
for each region. However, there is no guarantee that the tar-
gets used to simulate such counterfactual scenarios would
mirror the expectations of the regions both in terms of
measurement (i.e., indicators adopted) and targets (i.e.,
objectives assumed for such indicators).

The examples of impact assessments discussed above
confirm that the evaluation of the economic impact of
RIS3 has gained increasing interest in the recent years,
though a wide variety of methods, reasoning and orienting
principles have been used in the literature. Not surpris-
ingly, ICTs and modelling tools have been vitally impor-
tant for these developments. Our approach takes
advantage of some of the recommendations made by
Varga et al. (2020a, 2020b) on the need for multiregional
assessments, and it can be seen as both an ex-ante evalu-
ation of the potential effects of the policy and a measure-
ment of the degree of ambition of the targets set by the
policymakers in charge of devising the various regional
Smart Specialisation policies. Thus, it could effectively
support policy decisions in the EU by accounting for the
specificities and expectations of each region regarding
the policy. We see it as a valuable addition to the methods
developed by the authors mentioned above.

Our study of the impact of RIS3: combining
modelling tools and policymakers’
expectations
In this paper we investigate the potential macroeconomic
impacts of the changes induced by the achievement of the
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research and development (R&D) targets established for
the result indicators related to the ERDF TO1 funding
stream. In order to do so, we study the targets expressed
in terms of shares of R&D personnel from the OPs of
the regions under scrutiny for the period 2014–20. This
indicates the regions’ expectations regarding their capacity
to improve the innovation performance of the economy.

We choose specifically this indicator because R&D-
dedicated personnel increases the R&D orientation of an
organization, ceteris paribus, with likely repercussions on
growth potential both in the short and long runs.1 More-
over, the use of R&D personnel data allows us to cover a
larger sample of regions and for a longer time span than
other ERDF-TO1 result indicators would allow us to
cover. This indicator is also convenient because data on
R&D personnel are available from official statistics (Euro-
stat) for all the regions considered in our sample, which
makes the analysis more transparent and replicable. This
does not mean that other ERDF TO1 targets are not rel-
evant for RIS3. However, as explained above, the R&D
personnel dimension of RIS3 seems both adequate and
feasible for the RIS3 impact assessment proposed here.
One obvious limitation of this exercise is that it only
reflects the R&D personnel dimension of RIS3. Neverthe-
less, depending on data availability, our approach can be
replicable using other variables dealing with other relevant
dimensions of RIS3.2

By introducing the policymaker outlook in the scenario
analysis of the RHOMOLO model, we gauge the effects
that the EU regions expect to achieve by following the
implementation of RIS3. Differently from other types of
RIS3 impact assessments, our approach does not deal
with the specific strategic choices made by policymakers,
in the sense that we do not impose or test principles
such as relatedness, complexity or entrepreneurship as
objectives of a Smart Specialisation process. Rather, we
evaluate the macroeconomic impacts of the achievement
of the specific targets that the regions expect to achieve
(and to which they are committed).

This is both an advantage and a limitation of our analy-
sis. On the one hand, we use the objectives that are defined
by local policymakers based on their expectations arising
from their specific knowledge of their regions, which
should be influenced by the entrepreneurial discovery pro-
cess explained above. It is likely that these expectations
embed and reflect the principles underlying a sound
RIS3: drafting, discussing and approving an OP is a
long iterative process involving various different actors
(regional and national ones, as well as the European Com-
mission), which reduces the likelihood of biased stand-
points or misinterpretations.

On the other hand, considering the complexity of the
policymaking process at regional level, as well as the extent
to which it depends on specific local contexts (Morisson &
Doussineau, 2019), the literature has anticipated several
limitations to the implementation of well-functioning
RIS3 (Aranguren et al., 2019; Capello & Kroll, 2016;
Kleibrink et al., 2016; Kroll, 2015; McCann & Ortega-
Argilés, 2016). However, existing evidence is mixed and

the literature reports cases of regions who have been suc-
cessful in implementing and governing RIS3 (Aranguren
et al., 2019; Trippl et al., 2020). Despite that, one impor-
tant caveat of our analysis is the following: since we do not
investigate the process leading to the setting of the OP tar-
gets, it is not possible to guarantee the quality and consist-
ency of this process in every region. Moreover, our analysis
does not make predictions on the likelihood of the
achievement of those targets.

Another main limitation of our strategy is that we are
unable to include in our analysis other potentially relevant
objectives of RIS3 that are not included in the OPs docu-
ments. This is because dimensions such as relatedness and
complexity (Balland et al., 2019), and regional entrepre-
neurship (Varga et al., 2020a) are not included in the
regional OPs documents. Thus, it is impossible to know
the expectations of regional policymakers regarding all
these RIS3 dimensions (as explained in the previous sec-
tion). In this sense, our analysis can be seen as complemen-
tary to the type of analyses proposed by Szerb et al. (2020)
and Rigby et al. (2019), as well the framework introduced
by Balland et al. (2019). These works investigate and dis-
cuss the importance of regional entrepreneurship (Szerb
et al., 2020), and relatedness and complexity (Balland
et al., 2019; Rigby et al., 2019). Taken together, all
these analyses can provide a more complete picture of
the Smart Specialisation processes implemented in the
EU and of their potential macroeconomic effects.

Our approach allows us to evaluate the macroeconomic
impact of reaching the R&D personnel targets contained
in the OPs. Considering the spirit of our impact assess-
ment and the available data, the main objective of our
approach is not to identify economic sectors and industries
that benefit from the increase of the R&D personnel in the
region, or whether those sectors are in line with the Smart
Specialisation priorities defined in the OPs. The main
reason for this is that the sectoral disaggregation of the
model does not allow us to investigate the sectoral special-
ization patterns of the regions.

With all the caveats mentioned previously, we assume
that the target values attached to the ERDF TO1 result
indicators provide a realistic representation of the policy-
makers’ expectations regarding one of the results they
expect to achieve through the implementation of a sound
RIS3. The implicit assumptions in our exercise are that
RIS3s truly reflect the Smart Specialisation principles,
and that the policymakers and stakeholders implement
the policy in a consistent way. Thus, we simulate what
would be the effect of improvements in R&D personnel
allocated to economic activities defined according to a
sound and well-implemented entrepreneurial discovery
processes. Putting it simply, we assume that the targets
set in the ERDFOPs for TO1 can be achieved by following
closely the Smart Specialisation logic of intervention, that
is, through support granted selectively to priority areas
identified through an entrepreneurial process of discovery.

This assumption may be seen as controversial, given
the documented cases of regions lagging behind in terms
of correct implementation of the principles standing
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behind Smart Specialisation, especially in Southern and
Eastern Europe (Aranguren et al., 2019; Kroll, 2017).
However, examples of good practice have been put for-
ward by those same authors highlighting the potential pro-
blems related to the policy implementation, as well as by
others. For example, according to Trippl et al. (2020,
pp. 7–8):

Smart specialization has triggered a break with past top-

down practices. All regions mobilized non-policy stake-

holders … in the strategy development phase’, and ‘the

adoption of S3 has triggered learning processes and has sup-

ported efforts of RIS building. … Thus, S3 has triggered

institutional change processes.

This indicates that, despite unavoidable issues in going
from theory to practice, the introduction of Smart Special-
isation has indeed influenced the innovation policy of the
EU regions, including the less developed ones. In any case,
the scenario analysed here should be read as a version of
the world in which the policy is implemented to its full
potential according to the vision of the stakeholders
involved in the definition of the policy targets. Therefore,
even though this vision could be biased, possibly towards
an overly optimistic view, it still represents something
grounded on the real expectations of the regional actors
actually implementing the Smart Specialisation policy.

Similarly to Varga et al. (2020a), our approach relies
strongly on modelling. However, our methodology for
impact assessment differs from theirs for four main
reasons. First, on the econometric side, we estimate the
R&I effects on productivity using a stochastic frontier
approach instead of the residuals of an aggregate pro-
duction function. Second, Varga et al. (2020a) combine
simulations using a dynamic macroeconomic model at
country level and a regional spatial computable general
equilibrium model, iterating until the solutions of the
two models converge. In our case, we are able to perform
the simulations in a more consistent way by using solely a
spatial computable general equilibriummodel defined over
the EU NUTS-2 regions. Finally, our policy simulations
are based on achieving the targets established in the
OPs, while Varga et al. (2020a) simulate an increase in
the number of cooperative projects without any specific
actual policy target.

METHODOLOGY AND DATA

We analyse a scenario in which we assume that the Greek,
Italian, Portuguese and Spanish regions for which appro-
priate data are available achieve their ERDF TO1 targets
in terms of R&D personnel by 2023. The numerical tar-
gets contained in the regional OPs are first translated
into productivity improvements thanks to an econometric
model. In particular, we use a stochastic frontier approach
to estimate the effect of changes in R&D personnel on
regional technical inefficiency. Then those productivity
improvements are introduced into the RHOMOLO
model in order to simulate their general equilibrium effects

on GDP, employment and other macroeconomic vari-
ables. The model covers all EU regions at the NUTS-2
level, which allows for geographical disaggregation of
countrywide policy impacts and also for evaluation of pol-
icies implemented at regional level (for a description of the
model, see Appendix A in the supplemental data online).

Due to the high R&I content of the policy interven-
tion, productivity improvements are assumed to last
beyond the end of the policy programming period. There-
fore, we consider the policy-induced productivity
improvements to be maintained, although at a decreasing
rate, even in the absence of continuous policy implemen-
tation/spending of the funds.

Step 1: Estimation the link between R&D
personnel and technical inefficiency
The technical efficiency of a firm or a region is not directly
observed. Stochastic frontier analysis (SFA) is a parametric
technique used to estimate the parameters of the pro-
duction technologies and those related to the firm’s ineffi-
ciency (Kumbhakar & Lovell, 2000; Orea, 2020).
Although initially developed to measure firm’s ineffi-
ciency, SFA has also been applied to regional data. For
instance, Ramajo and Hewings (2017) use SFA to analyse
regional production efficiency in Western European
regions.

For our analysis, we estimate a panel data stochastic
frontier model with output-oriented technical inefficiency
(Greene, 2005). The model is expressed as follows:

ln yit =b0 + b1 ln kit + b2 ln lit + mi − uit

+vituit � N+(0, su)vit � N (0, sv)
(1)

where yit is the gross value added for region i at time t; kit
is the capital stock; lit is the employment stock; mi are
region-specific fixed effects; uit is the inefficiency term;
and vit is a random noise component that affects the pro-
duction process.

The inefficiency term uit ≥ 0 captures the difference
between the maximum potential output that can be
achieved given the technological frontier, and the observed
output. The stochastic frontier model estimates both the
parameters of the production function, b1 and b2, and
the inefficiency of each observation.

Regions operate under different conditions that might
explain the differences in the inefficiencies of the pro-
duction processes. Regional R&D capability is one of
the factors that can explain those differences. We can
express this as follows:

ln s2
u,it = g0 + g1 lnRnDperit + li (2)

where s2
u,it is the variance of the inefficiency term uit ;

lnRnDperit is the log of R&D personnel in the region;
g0 and g1 are the parameters to be estimated; and li is a
region-specific fixed-effect. Other knowledge input vari-
ables – such as investment in R&D and human capital –
may also affect the region’s efficiency. However, these
variables are highly correlated with R&D personnel and
their inclusion would lead to collinearity in the estimation.
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The inclusion of the region fixed effects reduces the poss-
ible omitted variable bias of other regional variables that
might affect regional inefficiency.

Both equations (1) and (2) are estimated in a single-
step procedure to avoid bias in the estimation of the inef-
ficiency (Battese &Coelli, 1995;Wang& Schmidt, 2002).
We use a balanced panel of observations that includes all
Greek, Italian, Portuguese and Spanish regions for
which Eurostat data are available. We use annual obser-
vations that cover 60 regions over the period 2000–15.3

We collect data on gross value added, gross fixed capital
formation, employment and R&D personnel. Regional
capital stocks are constructed using the perpetual inventory
method: we use data on gross fixed capital formation as a
proxy of investment and we assume a depreciation rate of
0.15.

With the estimated parameters of model (1) and the
observed values of the variables, we can estimate the tech-
nical efficiency level of all regions, which is the main inter-
est of our stochastic frontier approach. By adjusting the
value of the R&D personnel variable to the targets of
the OPs, we can use the estimated model to predict the
new levels of technical efficiency.

Notably, in contrast to the growth accounting litera-
ture in which total factor productivity (TFP) is estimated
as the residual of an aggregate production function and
might potentially include noise, our approach separates
the efficiency term from the noise term.4

Step 2: The macroeconomic impact of the
efficiency gains implied by the RIS3
policymakers’ expectations
The spatial CGE model RHOMOLO allows for a geo-
graphical disaggregation of countrywide policy impacts
and for the evaluation of EU regional policies. General
equilibrium models such as RHOMOLO are used to
uncover the economic mechanisms leading an economic
system to a new equilibrium after the introduction of a
shock, which is typically policy driven. The simulation
results can help to identify the territories where the
benefits or losses are concentrated, and permit one to
gauge the importance of both the direct effects of policy
interventions and of their spillover effects. This analysis
can be used as guidance to identify priority areas for invest-
ment and policy interventions and can provide a basis for
comparing net welfare benefits with prospective invest-
ment costs. The RHOMOLO model is routinely used
for ex-ante impact assessments of European policies
(e.g., Christensen et al., 2019) and it has also been used
for a number of other applications such as migration
studies (Di Comite et al., 2018; Kancs & Lecca, 2018)
and the analysis of spillover effects of demand-side shocks
(Lecca et al., 2020).

RHOMOLO is calibrated using data organized in a
multiregional system of social accounting matrixes
(SAMs) of EU NUTS-2 regions disaggregated in 10
economic sectors5 for 2013. All regions are interconnected
via trade and production factor flows. Trade is modelled
following Armington’s (1969) approach. The EU regions

are treated as small, open economies that accept non-EU
prices as given, consistently with the regional scope of
the model. Households, governments and industries (sec-
tors) consume goods and services. The expectations of
economic agents are assumed to be myopic because they
optimize within a one-year period, and the model is solved
recursively year by year. A consequence of the myopic
expectations is that within the recursive framework, the
policy shocks act as surprise announcements of policy
changes, which can result in steep economic adjustment
paths. For this particular exercise, the model was run
assuming perfect competition, imperfect factor mobility,
return-optimizing investments, and a labour market gov-
erned by a wage curve (for more details, see Lecca et al.,
2018). RHOMOLO has a flexible structure, which per-
mits one to switch between different specifications of
cost functions. In accordance with the Cobb–Douglas spe-
cification of the econometric model, a Cobb–Douglas pro-
duction function has been used in RHOMOLO for this
exercise rather than a CES one.

Following the econometric strategy described in the
previous section, the second step of our analysis involves
simulating in the RHOMOLOmodel the macroeconomic
impact of achieving the R&D personnel targets. We only
include in the analysis those regions in Greece, Italy, Por-
tugal and Spain whose OPs contain TO1 targets expressed
in terms of R&D personnel (23 regions in total).6 The
impact of TFP gains on selected macroeconomic variables
(such as GDP, employment, imports, etc.) is presented as
percentage deviations from the baseline scenario in which
regions do not implement any R&I policy.

As the data collected from theERDFOPs for the refer-
ence year diverge from Eurostat regional statistics for the
same year (for reference values, see Appendix C in the sup-
plemental data online), we recomputed the targets of the
regions departing from the reference value of the Eurostat
regional statistics for each indicator.7 In order to do so, we
assume that between 2013 and 2023 the selected indicators
for each region grow at the same rate as foreseen by policy-
makers due to the implementation of RIS3. Thus, the
growth rates anticipated by the policymakers for each indi-
cator in each region are used to revise the levels for the
regional targets (when we depart from the reference value
of the Eurostat regional statistics for each indicator). In
the ERDF OPs, targets are expressed in three different
ways: R&D personnel in the business enterprise sector;
R&D personnel excluding the business enterprise sector;
or as total R&D personnel. We converted all targets to
their equivalent in terms total R&D personnel in order to
homogenize the data for our analysis. Those updated tar-
gets, based on Eurostat regional statistics and on the per-
centage changes anticipated by policymakers for TO1
result indicators, are presented in Table 1.

RESULTS

Econometric results
The estimation results of models (1) and (2) are presented
in Table 2. Columns (I) and (II) are estimated as a pool of
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Table 1. Research and development (R&D) personnel targets and estimated total factor productivity (TFP) shocks.
Region Baseline R&D personnel Target R&D personnel Target % increase

North Aegean (EL41) 743 750 0.94%

Western Macedonia (EL53) 473 578 22.15%

Central Greece (EL64) 1030 1132 9.86%

Piemonte (ITC1) 28,247 35,309 25.00%

Liguria (ITC3) 7411 7890 6.47%

Abruzzo (ITF1) 2920 4884 67.26%

Campania (ITF3) 14,692 16,009 8.97%

Calabria (ITF6) 1895 2694 42.17%

Sardinia Sardegna (ITG2) 3747 4223 12.70%

Emilia-Romagna (ITH5) 24,576 41,894 70.47%

Toscana (ITI1) 15,136 17,550 15.95%

Norte (PT11) 14,913 16,020 7.42%

Algarve (PT15) 762 830 8.87%

Centro (PT16) 9192 13,024 41.69%

Área Metropolitana de Lisboa (PT17) 20,158 21,260 5.47%

Alentejo (PT18) 1028 1248 21.37%

Principado de Asturias (ES12) 3372 3570 5.88%

Aragón (ES24) 5534 7137 28.97%

Castilla-La Mancha (ES42) 2777 3204 15.38%

Extremadura (ES43) 2126 4252 100.00%

Illes Balears (ES53) 1956 2290 17.07%

Región de Murcia (ES62) 5290 6677 26.21%

Canarias (ES70) 3308 4153 25.53%

Source: Eurostat (baseline R&D personnel) and authors’ own calculations based on Operational Programmes’ (OPs) targets.

Table 2. Stochastic frontier regression results.
(I) (II) (III) (IV)

Frontier – equation (1)

Log of capital 0.748** 0.804** 0.745** 0.685**

(32.09) (37.73) (26.44) (31.94)

Log of labour 0.293** 0.212** 0.266** 0.459**

(12.25) (9.34) (5.11) (11.17)

Intercept 0.477** 0.375** 0.824* 0.0975

(4.44) (4.08) (2.18) (0.33)

Inefficiency: lns2
u – equation (2)

Log of R&D personnel −0.571** −2.995**
(−9.36) (−10.79)

Intercept −3.209** 0.903* −4.393** 25.500**

(−19.47) (2.18) (−40.58) (9.26)

Error: lns2
v

Intercept −4.204** −4.254** −6.366** −7.346**
(−30.02) (−45.33) (−34.36) (−61.28)

Fix effects No No Yes Yes

Observations 960 954 960 954

Log-likelihood 338.34 396.16 1112.76 1449.26

Note: t-statistics are shown in parenthesis. **, *Statistical significance at p<0.001 and < 0.05 levels, respectively. In columns (II) and (IV), six observations
are lost due to the unavailability of data for the research and development (R&D) personnel variable for the autonomous cities of Ceuta and Melilla (ES63
and ES64) between 2000 and 2002.
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observations, ignoring the unobserved heterogeneity
across regions, while columns (III) and (IV) correspond
to the Greene (2005) true fixed-effects model. Columns
(II) and (IV) include R&D personnel as an exogenous
determinant of regional inefficiency.

The estimates indicate that both capital and labour
positively determine the production frontier at statistically
significant levels. In all models, the sum of the estimated
coefficients for capital and labour is statistically equal to
1, revealing the prevalence of constant returns to scale in
production. As for model (2), and according to our expec-
tations, an increase in R&D personnel is negatively associ-
ated with technical inefficiency, which means that it is
positively associated with improvements in technical
efficiency.

We take this into account and assume that efficiency
gains due to an increase in R&D personnel are equivalent
to a positive shock on TFP. We use the estimation results
of model (IV) – the full model with fixed effects and inef-
ficiency determinants – to compute the technical ineffi-
ciency (and thus the TFP levels) for the given target
value of the indicators (Table 1). This allows us to translate
the regional achievements expressed in terms of result
indicators of R&D personnel into TFP shocks in RHO-
MOLO. Table 3 reports the estimated cumulative TFP
change in each region in 2023 (that is, when regions
achieve the target in terms of R&D personnel expected
by policymakers as consequence of the implementation
of RIS3). According to the empirical estimates and the
policymakers’ targets, the biggest TFP improvements are
supposed to happen in Extremadura (ES43), Emilia-
Romagna (ITH5), Western Macedonia (EL53), Calabria
(ITF6) and Centro (PT16). Since the RHOMOLO
model is calibrated using 2013 data, the achievement of
the targets is assumed to start in 2014 and be completed
by the end of the programming period in 2023. Thus, in
order to plug these TFP improvements into the model,
we smooth the shocks over time: between 2013 and
2023 we assume that yearly improvements in technical

efficiency are gradual (for more details, see Appendix D
in the supplemental data online).

Modelling results
This section illustrates the macroeconomic effects of the
simulated achievement of the ERDF TO1 targets in
terms of R&D personnel increase in the 23 regions of
Southern Europe under analysis (three regions of Greece;
eight regions of Italy; five regions of Portugal; and seven
regions of Spain). All the results are presented as percen-
tage deviations of selected variables from their baseline
values that represent the ‘business as usual’ evolution of
the economies in the absence of policy perturbations.
Figure 1 reports the evolution of GDP, household con-
sumption, imports and exports, employment, and consu-
mer price index (CPI) for all the regions included in the
analysis. Table 4 contains the region-specific results for
the same variables up to the end of the programming
period in 2023, expressed as cumulative changes. The
first column (labelled ‘TFP shock’) also reports the cumu-
lative TFP shock in order to facilitate comprehension, as
there is a clear positive correlation between the degree of
ambition of the regional policymakers and the expected
expansion of GDP and competitiveness gains.

TFP improvements permit one to produce more out-
put with the same amounts of labour and capital, thus
increasing regional competitiveness with positive effects
on exports. Given that the rental rate of a factor is equal
to its marginal product, the decreased demand of labour
and capital per unit of output rises both wages and the
rate of return of capital, with a positive impact on house-
hold income. Overall, the strength of the direct policy
impacts depends on how ambitious are the regional
R&D targets, which in turn determine the intensity of
the TFP shocks. Due to the high innovation content of
the policy under scrutiny, productivity improvements are
assumed to last beyond the end of the policy funding
period, although their effects are assumed to decline
gradually over time.

Table 3. Estimated total factor productivity (TFP) shocks.
Region Cumulative TFP shock (%) Region Cumulative TFP shock (%)

North Aegean (EL41) 0.05 Algarve (PT15) 0.05

WesternMacedonia (EL53) 0.57 Centro (PT16) 0.41

Central Greece (EL64) 0.07 Área Metropolitana de Lisboa (PT17) 0.02

Piemonte (ITC1) 0.29 Alentejo (PT18) 0.11

Liguria (ITC3) 0.18 Principado de Asturias (ES12) 0.13

Abruzzo (ITF1) 0.35 Aragón (ES24) 0.10

Campania (ITF3) 0.11 Castilla-La Mancha (ES42) 0.12

Calabria (ITF6) 0.56 Extremadura (ES43) 1.48

Sardinia Sardegna (ITG2) 0.12 Illes Balears (ES53) 0.27

Emilia-Romagna (ITH5) 1.02 Región de Murcia (ES62) 0.29

Toscana (ITI1) 0.22 Canarias (ES70) 0.02

Norte (PT11) 0.07

Source: Authors’ own estimates.
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Not surprisingly, the achievement of regional targets
related to the ERDF TO1 has a positive impact on all
economic indicators in the selected regions because it

stems from TFP improvements in all sectors. The peak
in economic activity is achieved in 2023 when the policy
objectives are fully accomplished. In terms of demand

Figure 1. Macroeconomic impacts of Thematic Objective 1 (TO1) targets’ achievement in the 23 analysed regions, percentage
deviations from the baseline.
Source: Computer simulations with the RHOMOLO model.

Table 4. Macroeconomic impacts of Thematic Objective 1 (TO1) targets’ achievement in the 23 analysed regions, percentage
deviations from the baseline projections (cumulative changes 2014–23).
Region TFP shock GDP Household consumption CPI Employment Exports/imports

North Aegean (EL41) 0.05 0.03 0.01 −0.01 0.01 0.04

Western Macedonia (EL53) 0.57 0.39 0.22 −0.05 0.24 0.11

Central Greece (EL64) 0.07 0.05 0.04 −0.01 0.03 0.01

Principado de Asturias (ES12) 0.13 0.10 0.06 −0.03 0.05 0.07

Aragón (ES24) 0.10 0.08 0.05 −0.03 0.04 0.05

Castilla-La Mancha (ES42) 0.12 0.09 0.06 −0.03 0.05 0.08

Extremadura (ES43) 1.48 1.06 0.72 −0.26 0.62 1.18

Illes Balears (ES53) 0.27 0.20 0.13 −0.05 0.12 0.13

Región de Murcia (ES62) 0.29 0.22 0.15 −0.06 0.13 0.13

Canarias (ES70) 0.02 0.01 < 0.01 −0.02 0.00 0.01

Piemonte (ITC1) 0.29 0.16 0.05 −0.10 0.02 0.44

Liguria (ITC3) 0.18 0.07 −0.01 −0.07 −0.01 0.31

Abruzzo (ITF1) 0.35 0.17 0.02 −0.10 <−0.01 0.53

Campania (ITF3) 0.11 0.03 −0.03 −0.06 −0.02 0.19

Calabria (ITF6) 0.56 0.28 0.10 −0.10 0.03 0.53

Sardinia Sardegna (ITG2) 0.12 0.03 −0.03 −0.06 −0.02 0.21

Emilia-Romagna (ITH5) 1.02 0.56 0.31 −0.11 0.14 0.15

Toscana (ITI1) 0.22 0.12 0.07 −0.05 0.04 < 0.01

Norte (PT11) 0.07 0.05 0.03 −0.02 0.02 0.03

Algarve (PT15) 0.05 0.04 0.03 −0.03 0.02 0.01

Centro (PT16) 0.41 0.27 0.14 −0.06 0.11 0.16

Área Metropol. Lisboa (PT17) 0.02 0.02 0.01 −0.02 0.01 0.01

Alentejo (PT18) 0.11 0.08 0.05 −0.03 0.04 0.05

Note: CPI; consumer price index; GDP, gross domestic product; TFP, total factor productivity.
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components determining the positive impact on GDP,
Figure 2 suggests that both household consumption and
net trade explain most of the positive effects of achieving
the policy objectives (public consumption is kept fixed in
the model for the closure of the model). The role of trade
can be explained as follows: since policy-driven TFP
improvements decrease expenditures on labour and capital
per unit of output, producers gain comparative advantages
in terms of pricing for the increased competitiveness of
their exports, thus bringing about sizable net trade advan-
tages in the selected regions. Smaller contributions come
from household consumption and investments.

The cumulative sectoral impacts of achieving the OPs
TO1 targets in the selected regions of Greece, Italy,

Portugal and Spain are illustrated in Figure 3. All sectors
in the selected regions benefit from the achievements of
ERDF TO1 R&D personnel targets. Due to the accumu-
lation of direct policy intervention and price and demand
effects, the manufacturing, scientific and financial sectors
experience the most pronounced growth.

CONCLUSIONS

In this paper we use a general equilibrium model to evalu-
ate the potential macroeconomic effects of the achieve-
ment of the TO1 R&D personnel targets contained in
the ERDF OPs from a group of NUTS-2 regions in
Greece, Italy, Portugal and Spain. These targets are

Figure 2. Gross domestic product (GDP) decomposition by demand components in the 23 analysed regions, percentage devi-
ations from the baseline.
Source: Computer simulations with the RHOMOLO model.

Figure 3. Sectoral impacts of TO1 targets’ achievement in the 23 analysed regions, percentage deviations from the baseline.
Source: Computer simulations with RHOMOLO model.
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considered to reflect the policymakers’ expectations fol-
lowing the implementation of RIS3, according to the
Smart Specialisation logic of intervention. Thus, this
study evaluates the potential effects that policymakers
expect by the end of the funding period.

The model simulations show overall positive effects of
the Smart Specialisation policy on all the main economic
indicators and sectors in the regions under scrutiny,
where a peak in the economic activity is reached at the
end of the ERDF financial period, when the policy objec-
tives are fully accomplished. One of the limitations of our
analysis is that it does not evaluate the likelihood of the
policy targets to be met. On the other hand, it offers an
upper bound estimate of what could happen if the policy
intervention is fully accomplished in the group of regions
considered in the exercise, according to the expectations of
the stakeholders involved in devising the Smart Specialis-
ation policy.

Regional economics and (evolutionary) economic
geography scholars have developed ‘some of the smart
specialization debates’ main notions while at the same
time being more consciously sensitive to the potential
diversity of regional contexts’ (Kroll, 2015, p. 2080). In
this vein, on the one hand, and compared with other ex-
ante policy impact assessments, ours has the important
advantage of evaluating the region-specific policy objec-
tives made by the local policymakers, respecting the
place-based principle of Smart Specialisation as a regional
innovation policy. However, one potential shortcoming of
a general equilibrium approach such as ours is that it has
limited capacity to capture some of the evolutionary fea-
tures of the Smart Specialisation concept. This could be
overcome by adopting a framework modelling regional
economies as evolutionary systems, for example, with
agent-based models. Also, we do not take into account
the distributional dimension of the policy intervention
over specific sectors. This is part of the authors’ future
research agenda.

We claim that ex-ante evaluations of the type we pro-
pose, albeit admittedly challenging from a technical point
of view, should be more systematically used by policy-
makers in the design phase of Smart Specialisation strat-
egies and R&I policies in general. Modelling tools are
an essential step towards a broader use of ICT solutions
to support the development of sound RIS3s and to facili-
tate the establishment of a virtuous policy learning cycle.
However, this sort of impact assessment practices hinges
crucially on the existence of a wide variety of adequate
indicators that embed the most relevant principles and
dimensions of RIS3. As we discussed in this article, the
systematic collection of such data for most of EU regions
is still limited. Given the existing data available, we pro-
pose an approach illustrating how regional OP targets
may be used to evaluate the expected impact of a specific
dimension of RIS3.

Given that RIS3 is an EU-level policy, it would be
important that the EU authorities, in close cooperation
with the regional authorities, define some common objec-
tives applicable to all regions, or at least to groups of

regions that share common characteristics. Furthermore,
EU authorities should provide official statistics on most
of the variables that regions adopt to measure the objec-
tives they propose in the OPs. Otherwise, in future it
will remain challenging to implement a systematic com-
parative assessment of different dimensions underlying
RIS3 of European regions.

To conclude, we think that there is great potential in
the use of macroeconomic models for the ex-ante evalu-
ation of innovation policies such as Smart Specialisation.
There are some crucial elements to consider in order to
develop meaningful models leading to estimations that
can be a realistic benchmark against which to compare
the reality of the intervention once data are available.
The evaluator needs first of all a clear comprehension of
the logic of intervention of Smart Specialisation, both in
general terms and with reference to the specific situation
of the countries/regions under scrutiny. Such an under-
standing should be reflected in the definition of the objec-
tives and related socio-economic indicators that will be
evaluated. Finally, the evaluator should make explicit the
assumptions underpinning the modelling choices and the
possible limitations that may affect the results of the simu-
lations. We provide in this paper an example of how to
implement in practice such guidelines.
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NOTES

1. In comparison with other result indicators used in the
ERDF-TO1, we believe the indicator we are using is more
suitable for capturing structural changes in the economy.
For instance, an alternative and complementary ERDF-
TO1 indicator is the ‘birth rate of enterprises in knowl-
edge-intensive sectors’. However, this is intrinsically
prone to short-term fluctuations: the survival rate of
firms is just close to 50% during the first five years (accord-
ing to data such as those of the Bureau of Labor Statistics).
2. The impact evaluation approach we propose here can
be applied to other policies for which we know the targets
of policymakers. Thus, although we frame this approach
here as one possible solution for RIS3 impact assessment,
it can be applied for other policies and purposes beyond
RIS3.
3. If data are missing or not available for a given region in
a given year, we follow an imputation procedure (for
details, see Appendix B in the supplemental data online).
4. Here we contribute to mitigate one of the limitations
of Varga et al. (2020a): although the authors estimate
total factor productivity as the residual of an aggregate
production function, they acknowledge it to be a short-
coming because it might lead to imprecise measures of
productivity.
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5. Agriculture, Forestry and Fishing (A), Energy Sector
(B–D–E), Manufacturing (C), Construction (F), Trade
and Transport (G–I), Information and Communication
(J), Financial Activities (K–L), Scientific and Technical
Activities (M–N), Public Services (O–Q) and Other Ser-
vices (R–U).
6. The regions are the following: North Aegean (EL41),
Western Macedonia (EL53), Central Greece (EL64),
Piemonte (ITC1), Liguria (ITC3), Abruzzo (ITF1),
Campania (ITF3), Calabria (ITF6), Sardegna (ITG2),
Emilia-Romagna (ITH5), Toscana (ITI1), Norte
(PT11), Algarve (PT15), Centro (PT16), Área Metropo-
litana de Lisboa (PT17), Alentejo (PT18), Principado de
Asturias (ES12), Aragón (ES24), Castilla-La Mancha
(ES42), Extremadura (ES43), Illes Balears (ES53),
Región de Murcia (ES62) and Canarias (ES70).
7. This procedure seems more adequate than using
ERDFOPs data, for two main reasons. First, the Eurostat
regional statistics database is revised and updated more
often than the ERDF OPs. Second, in ‘Step 1: Estimation
the link between R&D personnel and technical ineffi-
ciency’ we also use Eurostat regional statistics in order to
implement the econometric analysis.
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