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Abstract
This paper examines which economic domains regional policy-makers aim to develop in regional
innovation strategies, focusing in particular on the complexity of those economic domains and their
relatedness to other economic domains in the region. We build on the economic geography
literature that advises policy-makers to target related and complex economic domains (e.g. Balland
et al. (2018a), and assess the extent to which regions actually do this. The paper draws on data from
the smart specialisation strategies of 128 NUTS-2 regions across Europe. While regions are more
likely to select complex economic domains related to their current economic domain portfolio,
complexity and relatedness figure independently, rather than in combination, in choosing priorities.
We also find that regions in the same country tend to select the same priorities, contrary to the idea
of a division of labour across regions that smart specialisation implies. Overall, these findings
suggest that smart specialisation may be considerably less place-based in practice than it is in
theory. There is a need to develop better tools to inform regions’ priority choices, given the
importance of priority selection in smart specialisation strategies and regional innovation policy
more broadly.
Keywords: Smart Specialisation, Regional Policy, Complexity, Relatedness, Innovation Policy,
European Cohesion Policy
JEL classification: O14, O25, O38, R11
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1. INTRODUCTION
In recent years, smart specialisation has become the dominant approach to regional innovation
policy in Europe. Smart specialisation is a place-based approach to economic development policy,
characterised by the identification of strategic areas for intervention and based on an analysis of
the strengths and potential of a regional economy (Rodríguez-Pose and Wilkie 2016; Foray, David,
and Hall 2011; Tödtling and Trippl 2005; Asheim, Grillitsch, and Trippl 2016; Balland et al.
2018a). This identification of priorities should target economic domains where regions have the
greatest potential to develop competitive advantage. Thus, smart specialisation seeks to ensure the
focus on those sectors or economic domains embedded in the region and related to its existing
strengths.
For higher-level authorities, this helps to avoid unnecessary duplication across regions within their
territories (Foray, David and Hall 2011; Hassink and Gong 2019). Indeed, early evaluations show
much heterogeneity across regions in their priorities, potentially reflecting the achievement of this
aim (McCann and Ortega-Argilés 2016). Furthermore, contrary to what its name might suggest,
smart specialisation is not about promoting further specialisation in existing clusters, but rather a
policy to promote diversification into new economic domains.
Of course, assessing the potential of a region to succeed in developing a new economic domain is
a difficult task. However, the regional studies literature widely acknowledges that relatedness and
complexity may provide a useful basis for the design of smart specialisation policies (Boschma
2014; Boschma and Gianelle 2014; McCann and Ortega-Argilés 2015; Balland et al. 2018a).
Following the relevant diversification literature, the likelihood of success is higher in economic
domains closely related to the existing economic structure of the region (Neffke, Henning, and
Boschma 2011; Essletzbichler 2015). Meanwhile, competition from other regions is lower in more
complex economic domains where succeeding is comparatively more difficult (Hausmann, Hwang,
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and Rodrik 2007). While an abundance of papers advises policy-makers to target related and/or
complex economic domains (Frenken, Van Oort, and Verburg 2007; Boschma and Iammarino
2009; Boschma, Minondo, and Navarro 2013; Diodato and Weterings 2015; Balland and Rigby
2017; Frenken 2017), we know little about whether policy-makers are actually doing this—
specifically, to what extent complexity and relatedness are already factors in regions’ selection of
priority areas.
However, a recent paper concludes that regional strategies are detached from the economic
conditions of the region and tend to mimic neighbouring regions’ strategies (Di Cataldo,
Monastiriotis and Rodríguez-Pose 2020). Although the benefits of relatedness and complexity in
regional diversification processes were already fairly well established at the start of the first
programming period for smart specialisation (2014–2020), much of the theoretical and empirical
literature had not yet been developed. However, regions were meant to identify areas where they
had unique potential to develop competitive advantage. Hence, examining whether they targeted
economic domains consistent with the overall policy aim of diversification is of interest. This
requires comparing the regions’ actual priorities to the priorities that state-of-the-art research on
diversification processes would recommend.
Assessing relatedness and complexity is a demanding task, likely to exceed many regions’ policy
capacity (Wu, Ramesh, and Howlett 2015). When smart specialisation was first implemented, few
tools were available to assist regions. Therefore, very few used formal tools, such as product space
modelling or value-chain analysis. Instead, most regions relied on informal methods, such as
regional profiling, SWOT analysis and focus groups, to analyse the regional context (Griniece et
al. 2017). Hence, the extent to which regions can identify the areas in which they have the most
potential is unclear. The inability to do so would limit smart specialisation’s potential to work in
practical policy-making.
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To analyse the extent to which regions tend to select areas where they have the potential to develop
competitive advantage, we examine which economic domains they prioritise in their smart
specialisation strategies. A limited body of research has examined why regions select the priorities
they do. We find that regions are more likely to select as priorities economic domains that closely
relate to the region’s economic structure or represent highly complex economic domains. However,
regions tend to select economic domains that are either related or complex; they do not combine
the two dimensions. Hence, they do not incorporate the advice to select complex economic domains
that are also related to their economic structure. Furthermore, even when controlling for regional
characteristics, we find that regions in the same country tend to select the same priorities. Contrary
to the place-based ideals of smart specialisation, fashionable national policy may strongly influence
what strategies actually emerge.
The remainder of the paper is structured as follows. Section 2 provides an overview of the debate
on smart specialisation and insights into the existing empirical evidence for how regions should
and actually do prioritise. Section 3 presents the empirical data and methods. Section 4 presents
and discusses the results, while Section 5 concludes the paper.

2. SMART SPECIALISATION AS A POLICY APPROACH
Since 2014, smart specialisation has been the central concept in the EU’s approach to both regional
innovation policy and cohesion policy. Under the 2014–2020 program for the European Structural
and Investment Funds, access to EU funding became conditional on the region having a smart
specialisation strategy (so-called ‘ex-ante conditionality’). As a result, ‘[o]ver the past five years,
more than 120 Smart Specialization Strategies have been developed across Europe’, and more than
67 billion EUR have been made available to support them (Gómez Prieto, Demblans, and
Palazuelos Martínez 2019). The EU’s aim was for the application of smart specialisation to lead to
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the launch of 15,000 new products to market, 140,000 new start-ups and 350,000 new jobs by 2020
(Gómez Prieto et al. 2019, p. 5).
However, several scholars have raised doubts concerning the operationalisation of smart
specialisation, accusing it of being under-theorized (Foray, David, and Hall 2011; Boschma 2014),
lacking an empirical base (Morgan 2015; Iacobucci and Guzzini 2016; Santoalha 2019), poorly
implemented, and ineffective in peripheral regions (McCann and Ortega-Argilés 2015). While
building on laudable ideas, the rush to implement smart specialisation meant that many regions
simply did not have time to go through the extensive process that developing a proper strategy
would require (Fitjar, Benneworth, and Asheim 2019). Rather than developing place-based policies
tailored to their economic conditions, many regions—especially those with low quality of
government—simply copied neighbouring regions’ strategies (Di Cataldo, Monastiriotis and
Rodríguez-Pose 2020).
Some scholars also highlight the term ‘smart specialisation’ itself as challenging. Many local actors
had difficulties understanding the concept (McCann and Ortega-Argilés 2015; Capello and Kroll
2016; Griniece et al. 2017; Foray 2019; Gianelle, Guzzo and Mieszkowski 2019). In this context,
specialisation does not imply a cluster policy in the Porterian tradition (Asheim, Grillitsch, and
Trippl 2017) but, rather, indicates ‘diversified’ specialisation (Hassink and Gong 2019). Hence,
regions should identify economic domains in which they can potentially develop a competitive
advantage and aim to diversify into those domains (Marrocu et al. 2020). However, the word
‘specialisation’ led some policy-makers to believe that they should mainly prioritise existing
specialisations in line with traditional cluster policy. This discrepancy in understandings can lead
to wholly divergent implementations and ultimately divergent results (Hassink and Gong 2019).
While smart specialisation does provide an important counterweight to previous top-down
approaches, the lack of a robust and well-founded evidence base on which to build the concept
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created difficulties for the regions (Morgan 2015). Its operationalisation made this most evident,
prompting criticism that it was a ‘perfect example of policy running ahead of theory’ (Foray, 2015).
Given the ambitious goals of the concept and its centrality in the EU’s innovation and cohesion
policy framework, this lack of a clear evidence base is worrying. Smart specialisation must be
based on diagnoses of the regional economy that identify potential sources of competitive
advantage (Crescenzi, de Blasio and Guia, 2020). The significant challenge of how best to
operationalise the concept has led to a flurry of research aiming to inform regions on how they
should select priorities (Gianelle, Guzzo, and Mieszkowski 2019; Whittle 2020; Foray, David, and
Hall 2011; Balland et al. 2018a). However, most of this evidence did not exist when EU regions
first developed smart specialisation strategies in 2014. Hence, very few regions used tools to
analyse the regional context, which would have allowed them to identify priority areas in
accordance with the policy recommendations of this research (Griniece et al. 2017).
Smart specialisation, relatedness and complexity
The successful development of smart specialisation relies on evidence on how regions can sustain
competitive advantage over time and upgrade their economic basis. The literature on related
diversification addresses precisely these issues (Boschma 2017). Hence, this literature has
considerable potential for informing smart specialisation policies. Balland et al. (2018a) argue that
smart specialisation requires a combination of relatedness (Hidalgo et al. 2007; Neffke, Henning
and Boschma 2011) and complexity (Hidalgo and Hausmann 2009), and therefore, these factors
should influence the choice of economic domains for regional policy to prioritise.
The literature on related diversification emphasises the role of relatedness in shaping pathdependent regional development (Boschma and Iammarino 2009; Frenken 2017). A primary
determinant of regions’ ability to enter new activities (i.e. products, technologies, industries) is the
presence of related activities in the region (Neffke, Henning, and Boschma 2011; Essletzbichler
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2015). Relatedness is defined by two activities requiring similar knowledge or inputs (Hidalgo et
al. 2018, p. 452). The probability of a region entering or exiting an economic domain can be
translated into a risk assessment of diversification-oriented policies. In this context, regions will be
more likely to fail if they try to diversify into economic domains unrelated to their current portfolio.
A pertinent question for policy is whether relatedness involves a market failure that requires
intervention (Mewes and Broekel 2020). Notably, in addition to opening comparatively easy paths
of diversification, relatedness also constrains quick transformations into economic domains in
which regions lack competence.
However, the complexity of the economic domain also matters in diversification. While
diversifying into simple economic domains is relatively easy, diversifying into complex ones is
much harder. However, this also implies greater potential value in complex economic domains,
with fewer competitive pressures. Much of the recent research on complexity builds on the seminal
works of Fleming and Sorenson (2001), Sorenson, Rivkin, and Fleming (2006) and Hidalgo and
Hausmann (2009). Notably, Hidalgo and Hausmann (2009) propose that the ability to create and
utilise complex knowledge forms the basis of competitive advantage. Balland et al. (2018a) point
to complex knowledge bases functioning like conventional balances of supply and demand:
‘Technologies that are simple to copy, and which can be moved easily over space, tend to be of
little value and thus do not provide a source of long-run rents. Technologies that are more complex
and difficult to imitate are more sticky in space’ (Balland et al. 2018a, p. 1254). These sticky and
complex technologies tend to offer particular and, indeed, unique benefits, corresponding to the
idea of smart specialisation to support the emergence of unique (regional) competitive advantages.
Hence, we must combine the two dimensions to assess a region’s potential for diversifying into a
new economic domain (Hidalgo et al., 2007; Asheim, Moodysson and Tödtling 2011; Neffke,
Henning and Boschma 2011; Balland et al. 2018a, 2018b; Asheim 2019). The smart specialisation
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framework by Balland et al. (2018a) in Figure 1 can help in designing or evaluating smart
specialisation policies in general and guiding the choice of priority areas in particular. This
framework advises regions to aim at activities (i.e. technologies and sectors) that closely relate to
their existing competencies and are complex, as these have low risk (high relatedness) and high
potential benefits (high complexity). If regions seek to minimise risks and maximise benefits, most
priority areas that they choose should fall into this category.

Figure 1: Framework for Smart Specialisation (Balland et al., 2018a)
Using both relatedness and complexity in this assessment is fundamental, as the two dimensions
also interact. The development of complex economic domains is inherently more difficult. Hence,
relatedness is more important for diversification into complex economic domains than for
diversification into simple ones. Whilst complex economic domains do offer advantages, selecting
them as priorities requires that they be rooted in activities related to the current regional economic
profile. Otherwise, regions are unlikely to succeed with no existing competence on which to build.
Conversely, developing the capabilities for relatively simple economic domains will be easier.
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Hence, the presence in the region of related economic domains may not matter very much for such
processes.
On this basis, we formulate three hypotheses. We do not intend them as predictions of how regions
will actually develop smart specialisation strategies. Indeed, most of the evidence suggests that
regions do not systematically assess economic domain relatedness or complexity (Griniece et al.
2017; Di Cataldo, Monastiriotis and Rodríguez-Pose 2021). Rather, we present these hypotheses
as policy recommendations from the diversification literature, against which we can evaluate the
priorities that regions have actually chosen. This allows an examination of the extent to which the
implementation of smart specialisation in regional strategies corresponds to the overall policy aims
of promoting diversification.
H1: The relatedness of an economic domain to the region’s existing economic domains increases
the probability of it being chosen as a priority in regions’ smart specialisation policies.
H2: The complexity of an economic domain increases the probability of it being chosen as a
priority in regions’ smart specialisation policies.
H3: The impact of relatedness on the probability of a domain being chosen as a priority in
regions’ smart specialisation policies is higher for more complex economic domains.
Other influences on policy
Identifying and prioritising economic domains that are both complex and related to regions’
economic profiles is not a straightforward process. Even scientists lack a common definition or
measure of complexity. This becomes even more challenging when also identifying what are often
rarities in regional economic structures. That is, domains that are place-specific, difficult to
replicate and that may be difficult to develop organically. Naturally, this involves comparing the
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focal region to others, requiring substantial capacities for data access, analysis and evaluation.
Although peer review between regions has formed a central component of the monitoring process
of smart specialisation since the early stages of its implementation (Midtkandal and Rakhmatullin
2014), it does not necessarily help regions to identify related and complex economic domains. This
challenging task requires particular skills that many regions are unlikely to possess.
Hence, various factors other than relatedness and complexity are likely to shape regions’ choices
of priorities. The development of smart specialisation policy has perhaps not adequately considered
policies as the result of a political process rather than a technocratic exercise that always selects
the optimal policies. To understand how regions implement smart specialisation, we also must
consider how political factors influence the selection of economic domains to prioritise. We
highlight the influence of two such factors: large incumbent economic domains and neighbouring
regions.
As argued above, the idea behind smart specialisation is to promote diversification. However, the
name—specifically referring to specialisation—can confuse many regions, leading them to
interpret it as a policy to promote further specialisation in existing strengths (Capello and Kroll
2016; Gianelle, Guzzo and Mieszkowski 2019; Hassink and Gong 2019). Therefore, we could
expect many regions to target large incumbent economic domains as priority areas. Such economic
domains are also more visible in the region and, thus, may serve as focal points in discussing
potential priorities. Large incumbent economic domains also have resources for lobbying policymakers to prioritise their economic domain, and they employ a large number of voters. Hence, the
current size of an economic domain may influence the likelihood of its selection as a priority.
Furthermore, in addition to intra-regional factors, external influences shape policy. The literature
on policy mobility and policy diffusion emphasises that policies tend to move across regions, as
governments try to learn from best practices in neighbouring jurisdictions (Cochrane and Ward
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2012; Shipan and Volden 2008). This is also common when selecting economic domain priorities
and is part of the reason for the emergence of ‘Silicon Somewheres’ (Hospers 2006) and other onesize-fits-all approaches to regional development (Tödtling and Trippl 2005), precisely what smart
specialisation tries to avoid. Nonetheless, evidence of spillovers from neighbouring regions also
applies to smart specialisation strategies. Regions tend to replicate neighbouring regions’
strategies, to secure funds or save time when meeting the deadlines that rapid implementation of
the policy may impose (Di Cataldo, Monastiriotis and Rodríguez-Pose 2020). To examine the
importance of policy mobility in the selection of economic domain priority choices, we must
consider how regional priorities correspond to those of neighbouring regions or other regions in
the same country. The similarity in priorities across neighbouring regions may reflect either similar
economic structures across several regions or learning or copying from nearby practices. The
national political context also likely inspires and restricts regional choices.

3. DATA AND METHODS
To study how the relatedness and complexity of economic domains shape the likelihood of their
selection as priority economic domains within regions’ smart specialisation strategies, we collected
regional data on industrial structures and smart specialisation strategies at the NUTS-2 level. The
data set includes 128 regions across Europe for which we have data on the selection of economic
domains at the regional level. These NUTS-2 regions have developed smart specialisation
strategies2, and they include most regions in France, Spain, Portugal, Italy, Denmark, Poland,
Greece and Romania, as well as some regions in the Netherlands and the UK. Figure 2 provides a
full overview of the spatial distribution of these regions. Economic domains are differentiated at

2

In other countries, NUTS-1 or NUTS-3 regions developed the smart-specialisation strategies. These are not
included in the analysis.
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the 2-digit NACE level, implying the division of regional economies into 66 industries. The data
covers 2012–2018.

Figure 2 – Number of priorities selected by NUTS 2 regions
The central variable is whether a region has selected a particular economic domain as a priority in
its smart specialisation strategy. We extract information on the selected economic priorities from
regions’ smart specialisation strategy documents, coded by the European Commission’s Joint
Research Centre (European Commission 2021). Accordingly, the dependent variable,
ECONOMIC DOMAIN PRIORITY CHOICE, is based on data the European Commission makes
available through its Smart Specialisation Platform. This is coded dichotomously, with the value
of 1 indicating an economic domain’s selection as a priority and 0 otherwise.
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The central explanatory variables are RELATEDNESS and COMPLEXITY. We compute
relatedness between economic domains based on co-occurrence at the regional level, following
established practice in the literature (Boschma and Gianelle 2014; Boschma, Balland and Kogler
2015; Marrocu et al. 2020). Accordingly, we compute location quotients (LQ) based on
employment data from the Structural Business Statistics (SBS) dataset (Eurostat 2020). LQ
exceeding 1 (i.e. the region is more specialised in this economic domain than the average European
NUTS-2 region) implies that the region has a revealed comparative advantage (RCA) in this
economic domain. Subsequently, we count the frequency of economic domains’ RCA coinciding
in regions and normalise this number, as Van Eck and Waltman (2009) suggest. On this basis, we
calculate the normalised relatedness density for each economic domain and region (for details, see
Boschma et al. 2015)3. High values of this variable indicate that a region has a comparative
advantage in many other economic domains related to the focal economic domain.
As of today, there is no common approach to calculate the complexity of economic domains.
Frequently, the so-called Economic Complexity Index is used (Hidalgo and Hausmann, 2009), but
it is a rather indirect measure of complexity, and applying it to European data has many problems
(for a discussion, see Broekel 2019). Fortunately, the labour economics literature offers an
interesting alternative that the geography of innovation literature has also picked up recently (Lo
Turco and Maggioni 2020). More precisely, we rely on the idea of (occupational) skill complexity
from Caines et al. (2017), which defines a complex occupational task as one that requires certain
higher-order skills. These include the ‘ability to abstract, solve problems, make decisions, or
communicate effectively’ (Caines et al. 2017:1). In total, Caines et al. (2017) use the importance
of 34 tasks to calculate the complexity of 968 different occupations in the U.S. O*NET survey
database, by means of the normalised loadings of the first component of a principal component
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We use the EconGeo package in R (Balland, 2017) to do this.
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analysis. Large values imply that the occupation requires a higher ability to abstract, solve
problems, communicate and make decisions. The highest value is reserved for physicists and
astronomers and the lowest for vehicle cleaners. As Caines et al. (2017) show, this variable
positively correlates with wage levels and growth, underlining the economic benefits of more
complex occupations. We use the 2019 SOC-to-ISCO crosswalk to connect the 968 SOC
occupations to 424 4-digit ISCO occupations and make the measure compatible with European
data. In a further step, we use the shares of the 424 occupations in each 2-digit NACE industry in
Europe to aggregate the information into the final variable COMPLEXITY. That is, we estimate
the weighted mean complexity of each 2-digit NACE industry based on its composition of 424
ISCO occupations.
To highlight the dispersion of economic priorities, Figure 3 presents an overview of the distribution
of economic domains (either selected or not selected as priorities) across all regions. The lighter,
yellow-coloured dots show economic domains that were not chosen as priorities, while darker blue
dots are those chosen as priorities. The Y-axis represents complexity as expressed by deviation
from the respective national average and the X-axis represents relatedness similarly by its deviation
from the corresponding national average. We use national instead of the European averages as
benchmarks, to account for the substantial variation in countries’ relatedness and complexity
values.
The figure indicates no clear pattern in the selection of domains, in terms of their RELATEDNESS
and COMPLEXITY4. Regions do select some domains that are both complex and related, but they
also frequently select complex domains that are not related to their existing economic strength.
Many regions also select rather simple domains. Notably, we observe a large number of priorities
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For a more extensive discussion of these domains in the context of the framework for smart specialisation in Figure
1, see Asheim (2019).
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that are below average in both complexity and relatedness. The previously presented framework
shows few reasons to prioritise these as domains for future development.

Figure 3: Relatedness and complexity of economic domains in EU regions and the selection of
priority economic domains
Table 1 summarises the distribution of selected priorities by their level of relatedness and
complexity, again using national averages as benchmarks. The combination of above (national)
average relatedness and above (national) average complexity is the most frequent configuration of
selected priorities, which supports the idea that the design of smart specialisation strategies at the
regional level was relatively successful in targeting economic domains in which the regions had
the potential to develop competitive advantage.
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Below average complexity

Above average complexity

Above average relatedness

505 (2169)

734 (2250)

Below average relatedness

318 (1927)

564 (1974)

Note: Figures in brackets refer to the total number of domains in each quadrant.
Table 1: Number of prioritised economic domains, by relatedness and complexity

Empirical approach
The dependent variable is binary, calling for the application of a logistic regression approach. As
the decision on priorities occurs only once for each region during the observation period, we opt
for a cross-sectional choice model, despite the availability of all other variables for multiple years.
Moreover, to approximate the socioeconomic situation at the time the decision was made, i.e. when
regions wrote their smart specialisation strategy documents, we exclusively consider the variables’
mean values for the five years prior to the year in which the region adopted its smart specialisation
strategy.
Unfortunately, we have very little information about the decision-making process for selecting
priorities in regional smart specialisation strategies. From an empirical point of view, it particularly
matters if the decision about an individual economic domain i is made independent of
considerations regarding other economic domains. Put differently: Is each choice made
independent of other alternatives, or does it depend on whether the region prioritises other
economic domains? If the choice is independent, an unconditional binary choice model can apply.
If it depends on other choices, we should instead use a conditional binary choice model. Besides
the assumption of independent choices, the two approaches have other important differences.
Notably, in the conditional choice model, the design of the model fully accounts for region-level
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factors that do not vary across choice alternatives, substantially reducing the potential for omitted
variable bias. However, it also precludes the inclusion of variables at this level, a major drawback.
As both approaches have good arguments in their favour, we estimate both models and compare
their results.

Figure 4: Number of Economic Domain Priorities Selected by Region
An initial look at the data reveals that the number of priorities selected varies greatly across regions
(Figure 4), from a minimum of 3 to a maximum of 40 unique economic domains5. The number of
priorities only weakly correlates to the population size of the region. For instance, the second
largest region has selected 4 priorities, while the smallest has selected almost 30. It is also not
related to the number of economic domains in which the region currently has a comparative

5

These numbers differ from those reported by Marrocu et al. (2020), who find a variation from two to fifteen priority
areas in smart-specialisation strategies. The difference stems from the fact that Marrocu et al. (2020) use the priority
descriptions as the basis for the analysis, while we use the distinct economic domains mentioned within those
descriptions.
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advantage (LQ>1). Hence, we find no clear pattern that can account for variation in the number of
priorities that regions select (Figure 5). Put differently, the number of chosen priorities does not
seem to correspond to a particular strategy or follow obvious systematic patterns that reflect certain
regional characteristics, contrary to what would have been expected with non-independent
decisions.

Figure 5: Number of selected priorities and current specialisations
In both modelling approaches (conditional and unconditional), the dependent variables represent
the likelihood that a region has selected an economic domain as a priority.
The unconditional logit model takes the following form:
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The conditional logit model follows broadly the same structure, except that the regions
simultaneously evaluate all economic domains as potential priorities. However, the conditional
logit framework does not allow for the inclusion of variables that do not vary within the region.
Hence, the conditional model does not include the controls for development and the number of
priorities.6
In both models, we examine whether the probability of selecting an economic as a priority
economic domain is a function of its relatedness to other economic domains in the region and its
complexity. We also test whether regions will more likely select complex economic domains
related to their existing economic structure—following the smart specialisation framework
recommendations—by

including

an

interaction

term

between

RELATEDNESS

and

COMPLEXITY in the regression models.
To isolate the relationships between these variables and the priority selection, we control for three
main confounding influences: first, the region’s general development level, measured by regional
GDP per capita and the number of patent applications per million capita; second, the size of the
economic domain in the region, measured as its share of regional employment; and finally, external
influences from other regions, measured by whether a neighbouring region or any other region in

6

We use the region as a grouping variable and apply the conditional logit model in a common panel regression setup.
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the same country has selected the same economic domain as a priority, to account for policy
mobility. In addition, we control for the number of other priorities that the region has selected.
Given that the observations are grouped by economic domain and region, we use multiway
clustered standard errors at these two levels in all estimations. Using fixed effects in the
unconditional model leads to overspecification issues. Therefore, we use fixed effects at the
country level as a second-best option and support this choice by comparing the results with those
of the conditional model. Both models yield very similar results, with only minor differences in the
coefficients and levels of statistical significance. Consequently, we consider the results of both
models jointly to discuss the findings.

4. THE DISPERSION OF ECONOMIC PRIORITIES
Table 2 shows the results of the unconditional logistic regression analysis and Table 3 those of the
conditional model. Appendix Table A.1 shows descriptive statistics for all variables included in
the model.
Table 2 Unconditional choice model

Model 1
(Intercept) 0.0390***
(1.7829)

Relatedness 1.0352**
(1.0111)

Complexity 1.0172**
(1.0064)

Model 2

Model 3

Model 4

Model 5

Model 6

0.0228***

0.0026***

0.0011***

0.0031**

0.0016**

(2.5474)

(4.0447)

(5.5885)

(7.3579)

(9.0251)

1.0515*

1.0316***

1.0547*

1.0261***

1.0440*

(1.0221)

(1.0094)

(1.0221)

(1.0074)

(1.0196)

1.0265

1.0196**

1.0331*

1.0073*

1.0179

(1.0143)

(1.0067)

(1.0148)

(1.0032)

(1.0117)
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Relatedness:
Complexity

0.9997

0.9996

0.9997

(1.0003)

(1.0003)

(1.0003)

Share.emp

log(GDP)

log(Patents)

log(Priority + 1)

1.0492

1.0494

1.0413

1.0418

(1.0667)

(1.0671)

(1.0430)

(1.0432)

0.9603

0.9679

0.8756

0.8819

(1.1377)

(1.1383)

(1.2205)

(1.2223)

0.9992

1.0000

1.0184

1.0197

(1.0204)

(1.0207)

(1.0287)

(1.0286)

3.0212***

3.0254***

4.2687***

4.2691***

(1.1122)

(1.1122)

(1.1299)

(1.1298)

1.0127

1.0125

(1.0073)

(1.0074)

1.0418***

1.0418***

(1.0033)

(1.0033)

Neigh.Prio

Nat.Prio

R2 0.1088

0.1091

0.2346

0.2351

0.4009

0.4012

Reg & Ind

Reg & Ind

Reg & Ind

Reg & Ind

Reg & Ind

Yes

Yes

Yes

Yes

Yes

AIC 9080.7605

9080.9057

8306.2178

8304.9696

7110.9961

7111.2307

BIC 9165.0775

9172.2492

8417.7406

8423.4626

7236.4593

7243.6640

-4527.4529

-4137.1089

-4135.4848

-3537.4981

-3536.6153

9054.9057

8274.2178

8270.9696

7074.9961

7073.2307

Clustered SE Reg & Ind
Country FE Yes

Log Likelihood -4528.3802
Deviance 9056.7605
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Num. obs. 8320

8320

7865

7865

7865
***

7865

p < 0.001; **p < 0.01; *p < 0.05

Table 3 Conditional choice model

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

Relatedness 1.0826***

1.0899***

1.0800***

1.0883***

1.0665***

1.0748***

(1.0223)

(1.0165)

(1.0229)

(1.0172)

(1.0221)

1.0232

1.0202**

1.0253

1.0074*

1.0127

(1.0143)

(1.0068)

(1.0138)

(1.0031)

(1.0106)

(1.0162)

Complexity 1.0187**
(1.0069)

Relatedness:
Complexity

0.9999

0.9999

0.9998

(1.0003)

(1.0003)

(1.0003)

Share.emp

1.0484

1.0486

1.0363

1.0366

(1.0674)

(1.0675)

(1.0428)

(1.0429)

1.0216

1.0216

(1.0112)

(1.0112)

1.0421***

1.0421***

(1.0036)

(1.0036)

Neigh.Prio

Nat.Prio

Clustered SE Reg & Ind Reg & Ind Reg & Ind Reg & Ind Reg & Ind Reg & Ind
Deviance 8409.5354 8409.1372 8394.0455 8393.5351 7077.6389 7077.1804
Num. obs. 8320

8320

8320

8320

8320

8320
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Num. groups: 128
Region

128

128

128

128

***

128

p < 0.001; **p < 0.01; *p < 0.05

The coefficient for RELATEDNESS is positive and highly significant in all models.
RELATEDNESS has a considerable impact on the likelihood of a domain being chosen as a
priority. The coefficient varies between 1.02 and 1.05 in the unconditional model, and between
1.06 and 1.08 in the conditional model. This implies that an increase of one unit in the relatedness
of an economic domain to other economic domains in the region increases the odds of it being
chosen as a priority by between 2% and 8%, depending on the model. Hence, regions are more
likely to select priority areas when they have related capacities in other economic domains. This
confirms H1. Notably, the observed relations between RELATEDNESS and priority selection are
stronger than those reported by Marrocu et al. (2020).
The coefficient for COMPLEXITY is also positive and significant at all levels, although generally
at somewhat lower levels of significance. In particular, the significance level of the coefficient
drops when we control for whether another region in the same country has chosen an economic
domain (NAT.PRIO). The effect size is also notably lower than that of RELATEDNESS. In both
models, a one-unit increase in the complexity of an economic domain is associated with an increase
of between 1% and 2% in the odds of it being selected as a priority7. These findings support H2.
Accordingly, both dimensions of the smart specialisation framework (Balland et al. 2018a),

7

The generally lower levels of significance and impact of COMPLEXITY may partly be due to its being a variable
that does not vary across regions, just across economic domains, in contrast to the industry-region-specific nature of
RELATEDNESS.

23

RELATEDNESS and COMPLEXITY, whether by accident or design8, influence the decision of
whether an economic domain is chosen as a priority in regions’ smart specialisation strategies.
However, the smart specialisation framework also proposes an interaction between these two
variables, i.e. that regions should mainly select complex economic domains related to their current
portfolio. To address this, we include an interaction between the two variables in the regression.
The results do not show any evidence of an interaction between RELATEDNESS and
COMPLEXITY. The interaction term is not significant, and if anything, it tends to be negative.
Hence, regions are not more likely to prioritise complex economic domains that are related to their
other economic domains than those that are not. While RELATEDNESS and COMPLEXITY
individually are useful in predicting the likelihood of a domain being chosen as a priority, there is
no positive interaction between the two. Regions tend to prioritise economic domains that are
complex regardless of their relatedness, which reflects a tendency to pick winners regardless of the
regional economic landscape—quite opposite to the aims of smart specialisation (Fedeli et al.
2020). This aligns with the findings of Crescenzi et al. (2020) that some regions may select priority
areas that are too advanced and, therefore, unrelated to their production system. They also tend to
prioritise related economic domains regardless of their levels of complexity. Accordingly, in many
instances, the chosen priority is unlikely to contribute to upgrading their economic basis—again,
contrary to the aims of smart specialisation. Accordingly, H3 is rejected.
Notably, the unconditional and the conditional models yield very similar results, both for the main
and the control variables. No formal test determines whether the conditional model is more
appropriate. Nonetheless, this suggests that the unconditional model fits the data well, with the
conditional model providing little additional value. Substantially, this supports the idea that regions
8

As discussed above, regions did not have formal tools at their disposal to allow them to analyse the relatedness or
complexity of different priority areas directly (Griniece et al. 2017). Nonetheless, more informal methods, such as
focus groups or SWOT analyses, could also lead to the identification of priorities related to the region’s existing
strengths, which would represent an upgrade to more complex economic domains.
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indeed evaluate each domain as a potential priority, independent of other domains, rather than
taking a portfolio approach to the selection of priorities.
Most of the control variables—in particular, GDP and PATENTS—remain nonsignificant. The
nonsignificant coefficients also imply that we do not find evidence that more developed regions
with a presumably larger capacity—as more innovation output or larger economies reflect—will
likely select a larger number of priorities. This is consistent with the findings of Di Cataldo,
Monastiriotis and Rodríguez-Pose (2020).
We also do not find the employment share of the focal economic domain to have a significant
coefficient in any models, although the direction tends to be positive. Hence, we cannot establish
whether regions mainly employ smart specialisation strategies to promote diversification or to
further strengthen existing specialisations.
The controls for the priorities of neighbouring regions (NEIGH.PRIO) and other regions in the
same country (NAT.PRIO) capture the influence of policy mobility. Only NAT.PRIO has a
significant coefficient. The significance is robust in all model specifications and holds in both the
unconditional and conditional models. Hence, regions in the same country tend to select the same
priority areas. When at least one other region in the country has also selected an economic domain,
the odds that an economic domain is selected increase by 4%.
Finally, in the unconditional model (Table 2), we also control for the general propensity to select
priorities, as approximated by the total number of other priorities a region has chosen (PRIORITY).
Obviously, the coefficient is significantly positive. In regions that tend to choose a larger number
of priorities, each economic domain has a greater likelihood of selection.
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5. CONCLUSION
This paper examines whether the selection of economic domain priorities in regional smart
specialisation strategies corresponds to the recommendations of the relevant diversification
literature. We find that regions tend to prioritise domains related to their current specialisations or
that are complex. However, we do not find an interaction between the two dimensions, i.e.
relatedness does not matter more for the selection of complex economic domains as priorities than
for the selection of simple ones.
These findings open broader discussions surrounding the role of policy actors and institutions, and
how they select priorities. The process for identifying smart specialisation priorities often lacks
solid data and tools to guide the selection of domains, and the identification of priorities is based
on intuition and anecdotal evidence (Iacobucci and Guzzini 2016). A key question for smart
specialisation is why relatedness does not matter more when regions select complex economic
domains. Regions seem to aim for related diversification without considering the attractiveness of
the economic domains into which they are diversifying. This may support activities that are likely
to take place anyway and may fail to stimulate new, otherwise unrealised domains. Alternatively,
they tend to chase after fashionable domains, regardless of whether they have the requisite
competencies to succeed in these areas. Neither approach is consistent with the types of selections
that smart specialisation seeks to encourage.
Of course, relatedness and complexity are not the be-all and end-all of smart specialisation. It is
entirely possible that in some cases, the entrepreneurial discovery process may identify entirely
new combinations of economic domains that nobody thought would be related and, therefore, that
the relatedness framework cannot capture. It may also develop ideas that could make hitherto
simple economic domains more complex. However, this is unlikely to account for a general
tendency across regions to consider relatedness and complexity independently of each other.
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This raises the question of whether smart specialisation can deliver on its objectives to promote
diversification and upgrading of regional economies in Europe. Thus, we provide further support
for the contention of Di Cataldo, Monastiriotis, and Rodríguez-Pose (2020, p 16) that ‘S3 strategies
may be individually “smart”, but collectively sub-optimal’. These findings are consistent with
earlier literature highlighting the difficulties of translating the complex smart specialisation policy
concept into practical implementation (Marques and Morgan 2018; Gianelle, Guzzo, and
Mieszkowski 2019; Hassink and Gong 2019). Developing tools that can support the selection of
regional priorities and ensure that they are consistent with the aims of smart specialisation requires
more work.
Related to this point is another insight from the empirical analysis. The similarity in the results of
the conditional and unconditional regression models adds some empirical support for the view that
policy-makers are likely to assess potential priorities one by one, rather than jointly. Put differently,
regions seem to evaluate each economic domain independently, rather than relative to other
domains. In addition to its relevance for the empirical modelling of such choices, this finding also
suggests that no strategic or portfolio approach applies to the selection of priorities. With this
approach, regions are unlikely to exploit potential complementarities between targets and adopt a
coherent intersectoral regional strategy. However, testing this more explicitly requires more
empirical research.
The analysis has limitations that must be duly acknowledged. We do not know whether the
strategies were successful or unsuccessful in promoting diversification, only whether the priorities
were consistent with the recommendations of the diversification literature. We also do not have
insights into the processes by which regions developed their strategies, nor do we know whether
the tendency for regions in the same country to select similar priorities reflects policy mobility or
similar underlying conditions. This calls for further research on additional factors that shape
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regions’ priorities. Alongside this, there are various alternative measures of complexity besides the
one used in this paper, and the use of another indicator might have yielded different results.
However, Broekel (2019) discusses in detail the frequently used approach by Hidalgo and
Hausmann (2009) that produces generally unhelpful results for European regions. In contrast, the
complexity indicator in this paper is based on insights into occupational tasks and remains widely
accepted in labour economics. Nonetheless, future studies could employ alternative measures of
complexity.
This paper contributes to what is already a spawning literature that seeks to evaluate the
effectiveness of smart specialisation, indeed, to better understand ‘how “smart” smart
specialisation truly is’ (Di Cataldo, Monastiriotis, and Rodríguez-Pose 2020., p 3). As the first
phase of smart specialisation (2014–2020) comes to an end, this paper can help further an
understanding of the challenges remaining for operationalising smart specialisation. It points to the
need for a clearer policy logic and more easily accessible tools to inform regions’ priority choices.
The improved identification and selection of economic domains that a region should prioritise
could achieve this, with the selection of priorities an important component of the effectiveness of
smart specialisation strategies in the future. Future research can also benefit from the large swaths
of data that will become available with the release of the outcomes of the 2014–2020 period.
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Appendix
Table A.1: Descriptive statistics
Variable

N

Mean

St. Dev.

Min

Pctl(25)

Pctl(75)

Max

Choice

8,704

0.246

0.430

0

0

0

1

Relatedness

8,704

33.079

7.652

5.417

28.142

38.186

73.863

Complexity

8,320

57.195

19.808

0.000

44.603

68.444

100.000

Share.emp

8,704

1.247

2.291

0

0.1

1.3

22

Neigh.Prio

8,704

5.452

7.821

0

0

12

60

Nat.Prio

8,704

23.524

26.387

0

0

36

126

GDP

8,432

22,197.960

10,337.350

4,050.000

14,862.500

28,452.500

56,020.000

Patents

8,296

136.258

300.954

0.600

7.980

146.444

2,568.383

Priority

8,704

17.426

9.240

0

10

22

44

Model 5

Model 6

Table A.2: Unconditional choice models with coefficients

Model 1

Model 2

Model 3

Model 4

(Intercept) -3.2443***

-3.7808***

-5.9707***

-6.8357***

-5.7837**

-6.4684**

(0.9351)

(1.3974)

(1.7207)

(1.9958)

(2.2000)

0.0502*

0.0311***

0.0533*

0.0258***

0.0431*

(0.0219)

(0.0093)

(0.0219)

(0.0074)

(0.0194)

0.0261

0.0194**

0.0326*

0.0073*

0.0177

(0.0142)

(0.0067)

(0.0147)

(0.0032)

(0.0117)

(0.5782)

Relatedness 0.0346**
(0.0111)

Complexity 0.0171**
(0.0064)

Relatedness:Complexity

-0.0003

-0.0004

-0.0003

(0.0003)

(0.0003)

(0.0003)
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Share.emp

log(GDP)

log(Patents)

log(Priority + 1)

0.0480

0.0482

0.0405

0.0410

(0.0645)

(0.0649)

(0.0421)

(0.0423)

-0.0405

-0.0326

-0.1328

-0.1256

(0.1290)

(0.1295)

(0.1992)

(0.2007)

-0.0008

-0.0000

0.0183

0.0195

(0.0202)

(0.0205)

(0.0283)

(0.0282)

1.1057***

1.1071***

1.4513***

1.4514***

(0.1063)

(0.1064)

(0.1221)

(0.1220)

0.0126

0.0125

(0.0073)

(0.0073)

0.0409***

0.0409***

(0.0033)

(0.0033)

Neigh.Prio

Nat.Prio

R2 0.1088

0.1091

0.2346

0.2351

0.4009

0.4012

Reg & Ind

Reg & Ind

Reg & Ind

Reg & Ind

Reg & Ind

Yes

Yes

Yes

Yes

Yes

AIC 9080.7605

9080.9057

8306.2178

8304.9696

7110.9961

7111.2307

BIC 9165.0775

9172.2492

8417.7406

8423.4626

7236.4593

7243.6640

Clustered SE Reg & Ind
Country FE Yes

Log Likelihood -4528.3802 -4527.4529 -4137.1089 -4135.4848 -3537.4981 -3536.6153
Deviance 9056.7605
Num. obs. 8320

9054.9057

8274.2178

8270.9696

7074.9961

7073.2307

8320

7865

7865

7865

7865

***

p < 0.001; **p < 0.01; *p < 0.05
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Table A.3: Conditional choice models with coefficients

Relatedness

Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

0.0794***

0.0861***

0.0769***

0.0846***

0.0644***

0.0721***

(0.0161)

(0.0220)

(0.0164)

(0.0226)

(0.0171)

(0.0219)

0.0229

0.0200**

0.0250

0.0074*

0.0126

(0.0142)

(0.0068)

(0.0137)

(0.0031)

(0.0106)

Complexity 0.0186**
(0.0068)

Relatedness
:Complexity

-0.0001

-0.0001

-0.0002

(0.0003)

(0.0003)

(0.0003)

Share.emp

0.0472

0.0474

0.0357

0.0360

(0.0652)

(0.0653)

(0.0419)

(0.0420)

0.0214

0.0213

(0.0112)

(0.0112)

0.0413***

0.0413***

(0.0036)

(0.0036)

Neigh.Prio

Nat.Prio

Clustered Str.Err. Reg & Ind Reg & Ind Reg & Ind Reg & Ind Reg & Ind Reg & Ind
Deviance 8409.5354 8409.1372 8394.0455 8393.5351 7077.6389 7077.1804
Num. obs. 8320
Num. groups: 128
Region

8320

8320

8320

8320

8320

128

128

128

128

128

***

p < 0.001; **p < 0.01; *p < 0.05
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