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Abstract

Smart Specialisation Strategy required regional authorities

to identify technological domains where to concentrate

investment in R&D and innovation. Their choices should

originate from an analysis of regional strengths, aiming to

identify those domains with the greatest potential for inno-

vation and diversification. This paper aim to assess the

degree of relatedness between chosen technological

domains. We use patent data to categorize technological

domains and the revealed associations methodology to

measure their degree of relatedness. We find that the

choices made by Italian regions show a significant higher

relatedness as compared to a random choice, though with

notable exceptions.
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1 | INTRODUCTION

The EU Cohesion Policy is one of the western world's largest, if not the largest, regional development policy operat-

ing under broadly one overall legal and institutional framework. Following the so‐called Lisbon strategy, the main aim

of the 2014–2020 program is to foster the innovative performance of EU regions and promoting a better link
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between the production of new knowledge, as resulting from R&D investment, and its application to new products

and services.1 To achieve this aim, the EU has developed the concept of the Smart Specialisation Strategy (S3) (Foray,

David, & Hall, 2009; McCann & Ortega‐Argilés, 2013; McCann & Ortega‐Argilés, 2015). The design of S3 is an

ex‐ante conditionality for EU regions for the allocation of structural and investment funds in the 2014–2020 pro-

gramming period.2 The design of S3 required national and regional authorities to identify technological domains

where to concentrate private and public investment in R&D and innovation (Foray, 2015; Foray et al., 2009). The

concept of S3 is based on two fundamental ideas: a) a region should not spread its investments in too many different

fields and focus them on few technological domains (specialisation); b) these domains have to be chosen in order to

enhance or complement the research and productive assets the region is already endowed with (smart) (Capello,

2013; Foray et al., 2012; Foray & Goenega, 2013). The design of the S3 introduced two main novelties. The first

is the emphasis on the ‘entrepreneurial discovery’; this implies a bottom up approach in the identification of the spe-

cialisation fields, based on a systematic consultation of regional stakeholders. The second important novelty is that

regions are required to identify technological domains rather than industry sectors. Targeting technological domains

instead of specific industries is expected to enhance product innovation and diversification by creating new technol-

ogies and new productions (Asheim & Grillitsch, 2015; Foray, David, & Hall, 2011).

The choice of the specialisation domains should originate from an analysis of the region's actual strengths and

weaknesses, aiming to identify the domains with the greatest potential for innovation and diversification. With this

idea in mind, the EU guidelines for S3 design explicitly mention the concept of relatedness as one of the main criteria

to take into account in choosing the specialisation domains (Foray et al., 2012). In doing so, the S3 guide recognizes

the importance of related variety by considering the ‘cross‐fertilization’ of ideas between different technological

domains as a key factor to promote innovation (especially product innovation) and diversification (Asheim, Boschma,

& Cooke, 2011; Frenken, Van Oort, & Verburg, 2007; Grillitsch, Asheim, & Trippl, 2018).

Despite the importance attributed to related variety in S3 design, the analysis of S3 documents approved by EU

regions reveals that only a few regions explicitly considered the relatedness between technological domains as a

criteria for their specialisation choices (Capello & Kroll, 2016; Iacobucci, 2014; Iacobucci & Guzzini, 2016). This can

be a potential weakness in the implementation of the S3 since technological relatedness at regional level is consid-

ered a key factor for innovation and diversification (Asheim et al., 2011; Boschma & Frenken, 2011a; Lambooy &

Boschma, 2001; Neffke, Henning, & Boschma, 2011).

In general, the operationalization of S3 has been rather limited because of the lack of a consolidated set of ana-

lytical tools to be applied by regional authorities in the design and implementation of the strategy. Another reason is

that specialisation domains are indicated by regions using the natural language, which reduces comparability and hin-

der the possibility to perform quantitative analysis.

To overcome these problems, in order to carry out an empirical analysis we first have associated the specialisation

domains declared in the S3 documents with the corresponding International Patent Classification (IPC) codes. Then,

we used the revealed associations methodology to measure the degree of relatedness of technological domains and

asses to what extent the choices made by regions have fulfilled the S3 requirement, specifically about the level of

relatedness between technological domains.

More precisely, our analysis conducted on 19 Italian regions followed these steps:

1. assignment of the domains chosen by each region to an international and standardized technology classification

(International Patent Classification),

2. calculation of a product space based on European patent data and of proximity measures between technological

domains “à la Hidalgo” (see below for a detailed explanation),
1For an overview of the policy and the budget involved see: https://cohesiondata.ec.europa.eu/

2The resources allocated within the ESIF (European Structural and Investment Funds) are about 638 Billion Euros. A significant share is explicitly devoted to

sustaining research and innovation.

https://cohesiondata.ec.europa.eu/
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3. calculation of relatedness measures based on proximities for

a. the technological domains chosen by regions in S3,

b. the technological domains in which regions are actually specialised,

4. comparison the relatedness measures for chosen and actual domains.

The paper makes contributions at the methodological and empirical level. At the methodological level we suggest

an indicator to measure the degree of relatedness between the technological domains chosen by regions. On the

empirical side, we perform a first evaluation about whether regional choices fulfilled the criteria suggested for the

design of S3. Our methodology provides a measure of relatedness that can help regions to refine their specialisation

choices. Moreover, this measure can also be used in the ex‐post evaluation of the policy in order to capture the

regional heterogeneity in the design of S3 policy. In fact, any assessment exercise of the effectiveness of this policy

must consider regional differences in its design and implementation. Italy is particularly suited for this empirical anal-

ysis given the large number of regions and their heterogeneity in terms of size and level of development.

The paper is organized as follows. Section 2 discusses the importance of relatedness in the implementation of S3.

Section 3 presents the data and the methodology at the basis of our indicators. Section 4 discusses the empirical

results obtained by applying the analysis to Italian regions. Section 5 draws the conclusions and suggests some policy

implications.
2 | S3 AND THE CONCEPT OF RELATEDNESS: THEORETICAL ARGUMENTS
AND PRACTICAL ISSUES

The adoption of the Smart Specialisation Strategy (S3) was an ex‐ante conditionality for EU regions for the allocation

of the structural and investment funds in the 2014–2020 programming period. S3 is one of the major novelties in EU

innovation policy. It is based on the idea that regions should concentrate resources in a limited number of technolog-

ical domains in which they are more likely to achieve a significant impact in terms of innovation and technological

diversification (Foray, 2015; Foray et al., 2009).

The S3 guide (Foray et al., 2012) emphasizes that regions should consider the potential relations between the

specialisation domains in designing their strategy: “S3 aims at developing world class excellence clusters and

providing arenas for related variety and cross sectoral links which drive specialised technological diversification”

(Foray et al., 2012, p. 6).

The emphasis on related variety in S3 policy is not surprising since technological relatedness has become a central

concept in the literature about innovation and regional development. The presence of related variety within the same

region is expected to provide two main benefits: promoting innovation through the cross fertilization of knowledge

between different sectors (Boschma & Frenken, 2011a; Frenken et al., 2007); favoring the process of diversification

into new sectors (Boschma & Frenken, 2011b; Neffke et al., 2011).

The concept of related variety has been emphasized by several authors discussing the S3 rationale. McCann and

Ortega‐Argilés (2015) sustain that regions should specialise in different “knowledge‐related sectors”. This is relevant

because: “domains that are highly connected with other domains will offer greater possibilities for learning than less con-

nected domains” (McCann and Ortega‐Argilés, 2015, p. 3). The authors underline the importance of related variety as

a way to achieve technological diversification, especially for those peripheral regions that show an excessive reliance

on few technological domains. Similarly, Boschma and Gianelle (2014) agree that related variety between technolog-

ical domains is not only beneficial to foster innovation performance and growth but also for the diversification of the

regional industrial base.

Despite the importance acknowledged to the relatedness between specialisation domains, applying the concept

of ‘related variety’ in the S3 design is not easy as it raises several questions both at the theoretical and practical level

(Boschma, 2014). At the theoretical level, the related variety approach could clash with the ‘critical mass principle’,
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which is the main underlying rationale of a specialisation strategy. This problem is particularly relevant for small

regions which may face difficulties in investing in too many technological domains at the same time. In fact, the

‘related variety approach’ is based hinges on the ‘Jacobian’ agglomeration advantages, which are mostly observed

in rich (and large) urban contexts (Duranton & Puga, 2001; Jacobs, 1969).

Besides the theoretical questions, there are several problems arising at an empirical level when trying to define

and measure knowledge relations between sectors. Boschma and Gianelle (2014) suggest some methods that regions

could use to measure the degree of relatedness between sectors: inter‐industry relatedness, based on the classifica-

tion codes of economic activities; co‐occurrence of products; the presence of input–output linkages; the intensity of

labor reallocation between industries. The latter method, based on the revealed skill relatedness (RSR) proposed by

Neffke and Henning (2013), is suggested also in the S3 guide (Foray et al., 2012, p. 37).

Up to now, most of the theoretical and empirical works on related variety have taken into consideration products

and industries rather than technological domains (Boschma & Iammarino, 2009; Boschma, Minondo, & Navarro,

2010; Hartog, Boschma, & Sotarauta, 2012). The specialisation domains identified within the S3 are not expected

to be too wide (as an entire industry) or to narrow (an individual firm). They should refer to an intermediate level

which involve groups of firms, preferably belonging to different industry sectors, with the aim of exploring new

domains of technological and market opportunities which are relevant for the region (Asheim & Grillitsch, 2015;

Foray, 2015; Foray & Goenega, 2013). In practical terms, this means identifying technological domains at the inter-

section of different industries. Moreover, technological domains are chosen not only considering their relative

strength within the region but also thinking about their potential application to new activities. Indeed, the entrepre-

neurial discovery process is also aimed at exploiting the presence of knowledge spillovers which are at the basis of

the creation of new cluster of activities (Foray & Goenega, 2013). This aspect is emphasized in recent contributions.

Balland and Rigby (2017) suggest that in implementing S3 regions should not only support the development of

related areas of potential specialisation but also the development of “related technologies that are more complex that

what they already produce” (Balland & Rigby, 2017, p. 19).

Despite the fact that the importance of targeting related domains in the implementation of S3 is widely acknowl-

edged, only a minority of regions addressed the question of relatedness in choosing the specialisation domains and

none of them attempted to use specific measures of relatedness (Capello & Kroll, 2016; Iacobucci, 2014; Iacobucci

& Guzzini, 2016). There are two main reasons for this fact. The first is the absence of a common methodology to

assess the degree of relatedness between technological domains. The second is the absence of suitable data to apply

the available methodologies. For example, the methodology suggested in the S3 guide, based on revealed skill relat-

edness (RSR), would require the availability of individual data on labor mobility between firms, which are available

only for a limited number of EU regions. Another obstacle is that regions expressed specialisation domains using

the natural language (e.g.: “biotech”, “health and wellness”, “mechatronics”, etc.).3 In general, the use of the natural lan-

guage reduces comparability and limits the possibility to perform quantitative analysis.

We overcome the latter problem by defining the specialisation domains chosen by regions using the International

Patent Classification (IPC). Using IPC codes to analyze relatedness has also the advantage to allow the identification

of technological domains rather than industry sectors, as required by S3 logic. The homogenization of specialisation

domains, i.e. adopting a common classification system, made it possible to perform an empirical analysis aimed at

measuring the degree of relatedness between the specialisation domains chosen by regions in their S3. This is then

compared to the actual degree of relatedness between technological domains already present in the region. More-

over, it also allowed us to assess to what extent regions were able to choose technological domains that show a

higher degree of relatedness with respect to the level of relatedness between the technological domains in which

the region is actually specialised.
3This engenders some drawbacks. First, there is little control about the content that is included under a specific label. Second, different labels could be used

to refer to the same technological domains.



TABLE 1 An example of association of IPC codes to detailed technologies: the Aerospace domain in Campania

Region S3 domain Detailed description of technologies IPC Class

Campania Aerospace Technologies and production processes for the development of

metallic structures

C21

Development of advanced ceramic materials for the foundry of

precision

B28

Development and tuning of systems of high‐pressure injection F02

Guidance systems for advanced autonomous navigation and control G05

… …
Total aerospace 35 different technologies 13 distinct IPC

classes

Source: S3 documents approved by Campania regional authorities further elaborated by us.
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3 | DATA AND METHODOLOGY

In this paper, we measure the degree of relatedness between technological domains chosen by regional authorities

and we compare it to the relatedness between technological domains in which regions are actually specialised. The

empirical analysis is based on two main sources of data. In order to track the chosen specialisation domains we used

the S3 documents officially approved by Italian regions. Instead, to compute technological relatedness we used pat-

ent data retrieved from the OECD RegPat database.
3.1 | S3 data

From the S3 documents officially approved by 19 Italian regions we have retrieved the description of the technolog-

ical domains chosen by the regional authorities at the highest level of detail. Since every region has listed them using

natural language and without referring to a common classification system, we first had to homogenize the taxonomy

in order to have fully comparable information. To this aim, we performed a systematic association between the

description of technological domains provided in the S3 documents and the corresponding International Patent

Classification (IPC) classes.4 This association was carried out in a semi‐automated way by using the publicly available

service IPCCAT (Categorization Assistant in the International Patent Classification).5 Then, this automatic mapping

has been manually revised by experts.

For example, the Campania region has indicated 6 “upper‐level” technological domains among which Aerospace.

Under the latter domain, the S3 document listed 35 specific technological sub‐domains (at the highest level of detail).

An IPC code was associated to each of them, resulting in 13 unique different IPC classes. Therefore, we obtained a

detailed map of the chosen technological domains and of the corresponding IPC classes.6 This specific example is

illustrated in Table 1.

It is worthwhile noting that also when regions chose traditional sectors as target of their S3, (e.g. agri‐food, tour-

ism or culture), the detailed description of technological (sub)domains often refers to technologies applied to those

sectors; mostly ICT and other key enabling technologies. For example, the Lazio region has indicated the “Artistic

and cultural industries” as priority target. After providing a list of the specific industries – film, music, design and

architecture, fashion, arts, etc. – the document states that the specialisation domain refers to the application of digital

technologies to those industries. As a result, most of the specific technologies indicated within this target sector
4www.wipo.int/portal/en/. Please note the an IPC class is identified by a code composed by one letter and two digits, .e.g. A21 identifies “baking; equip-

ment for making or processing doughs; doughs for baking”.

5www.wipo.int/ipccat/

6Abruzzo is the only Italian region not included in the analysis because the S3 document initially approved indicated the general domains of specialization

(namely, agrifood, life science, ICT/aerospace, fashion/design) but did not provide a detailed description of the technologies included in these domains. This

made it impossible to determine the IPC classes associated to the specialization domains.

http://www.wipo.int/portal/en/
http://www.wipo.int/ipccat/


TABLE 2 An example: the technologies listed within the specialization domain “Cultural heritage and technology for
culture” by the Lazio region

S3 domain Detailed description of technologies

Cultural heritage and

technology for culture

remote sensing, photogrammetric surveys, excavation technologies and archaeological research

technologies for the documentation and cataloging of the territory

micro and macro climate monitoring

materials, diagnostics and advanced instrumentation for restoration and conservation;

digitization and cataloging of cultural heritage

semantic web for cultural heritage

open source and open data web infrastructures

data mining

e‐story‐telling
lighting technology

advanced filmography (e.g. special effects, 3D, project mapping)

gamification

mobility apps

virtual museums and virtual tours

governance models, museum and cultural heritage management and related business models

Source: S3 document approved by Lazio region.
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belong to the ICT. The same logic applies also to the domain labelled “Cultural heritage”: the Lazio region has indi-

cated a series of advanced technologies for the diagnosis, restoration, conservation and fruition of cultural heritage

(seeTable 2). For this reason, we were able to associate the technologies as indicated by regions to the corresponding

IPC classes.7

Overall, the specialisation domains listed in the S3 documents were mapped into 64 different IPC codes, with G06

(Data processing systems or methods) being the class with the highest frequency across regions. Out of the 64 IPC

codes, 20 codes (31%) have a frequency equal to 1 (i.e. they are indicated by one region only), suggesting a moderate

level of diversification of the Italian regions in choosing their specialisation domains. The choice of IPC codes to

characterize specialisation domains is crucial to detect similarities or differences in regional choices. Indeed, some

regions have included different technologies under the same label or used different labels to refer to the same tech-

nological domain.

As a result, each Italian region k is characterized by a set of IPC codes corresponding to the technological domains

chosen within its S3 strategy. In other words, if an IPC code i is in the set then the region k has indicated the corre-

sponding technological domains in its S3 documents.
3.2 | Patent data

We retrieved patent data using the OECD RegPat database (February 2016 version) which provides information

about the IPC codes a patent belongs to and the address of its applicant(s) and inventor(s). We looked at the PCT

patent applications from 2002–2012 with at least one of the inventors localized in Europe. This choice was made

in order to assign to each European NUTS2 region the corresponding number of patents. These data allow us to

assess the dynamics of innovation and technological specialisation within the European regions as measured by

patents. While the shortcomings of patent data as a measure of innovation are well known, they are widely and

increasingly used at the regional level to measure knowledge flow and knowledge specialisation (see e.g. Kogler,

Essletzbichler, & Rigby, 2017).
7Out of about 1200 specific technologies we were not able to classify about 20% or the items. In most cases, this was not because they referred to non‐

technological areas but because the definition was too broad/imprecise, such as for example the label “smart materials”.
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We computed the fractional count of PCT applications for each IPC class (if a patent was classified in more than

one IPC class, its fractional count is considered for every IPC class it belongs to) in each year and in every European

NUTS2 region.

3.3 | Measures and indicators

Our relatedness indicators are based on the comparison between the specialisation domains chosen by regions and

the proximity measures computed using patents data. In order to build the proposed indexes, we followed the steps

listed below:

1. we compute the specialisation for 271 European regions in every IPC Class (122 IPC classes), hence obtaining a

271 × 122 specialisation matrix,

2. we compute the proximity measure à la Hidalgo, that is a measure of the probability that a region is specialised in

a specific pair of IPC classes (hence obtaining a 122x122 proximity matrix),

3. taking into consideration the technological domains as chosen by regional authorities and represented with IPC

classes, we compute two indexes based on the average proximity between every possible combination of those

IPC classes (namely the Average Relatedness Index and the Relatedness Share Index),

4. taking into consideration the technological domains in which regions are actually specialised (again represented

with IPC classes), we compute two indexes based on the average proximity between every possible combination

of those IPC classes (namely the Average Relatedness Index Actual and the Relatedness Share Index Actual).

In the following paragraphs we will describe in detail all these steps.

3.4 | Proximity measures

We propose different measures of relatedness based on different ways of computing the ‘proximity’ between tech-

nological domains. In particular, we make use of two “geographical/macro‐level” measures based on Hidalgo, Klinger,

Barabasi, and Hausmann (2007), one based on relative specialisation and another one on absolute specialisation.8

1. Proximity à la Hidalgo based on relative specialisation measures

In order to measure the actual relative technological specialisation at the NUTS2 level we used the Balassa Index,

also known as Revealed Comparative Advantage (RCA) index. We defined the RCA as follows

RCAk;i ¼

Xki

∑K
k¼1Xki

∑I
i¼1Xki

∑K;I
k¼1;i¼1Xki

:

Xki is the sum of the fractional count of PCT patents in the period 2002–2012 in region k and belonging to IPC

class i.9 Therefore, RCAk,i is the ratio between the patent share of region k in IPC class i and the patent share of

IPC class i in the world. Since the Balassa index tends to have an asymmetric and skewed distribution, we computed

a symmetric version of it by applying the following transformation (Dalum, Laursen, & Villumsen, 1998):
8Please note that other measures of proximity have been proposed by the literature, e.g. a patent / micro‐level measure based on the co‐occurrence of IPC

classes within the same patent document (also known as co‐classification codes, see e.g. Breschi, Lissoni, & Malerba, 2003). We replicated our analysis using

this alternative measure and results are available from the authors upon request.

9Please note that in order to compute proximity measures we compute the specialisation in each IPC class (122) for 271 NUTS2 regions in Europe.
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RCAnorm
k;i ¼ RCAk;i − 1

RCAk;i þ 1
:

We dichotomized the RCAnorm
k;i using the threshold 0, since values below 0 point at a negative relative specialisa-

tion in a certain technological domain as identified by the IPC class of a region, while values above 0 indicate a pos-

itive relative specialisation.

Following Hidalgo et al. (2007), we compute a measure of proximity between any pair of IPC classes i and j by

taking the minimum of the pairwise conditional probability (using the European regions as observations)10:

proximityi; j ¼ min P RCAi > 0jRCAj > 0
� �

;P RCAj > 0jRCAi > 0
� �� �

;

where

P RCAi > 0jRCAj > 0
� � ¼ P RCAi > 0 ∧ RCAj > 0

� �

P RCAj > 0
� � :

The proximity matrix is a N × N symmetric matrix containing the revealed technological proximity between any two

IPC classes i and j. Each cell (i,j) represents the probability that a (random) region that is relatively specialised in i(j) is

specialised in j(i) as well. Therefore, this matrix is composed of the revealed proximities between technological

domains. The matrix is symmetric and diagonal elements are arbitrary assigned a value equal to 0. The underlying idea

is that when there is a frequent association between specialisations in different technological classes, it should be

optimal to combine (at the geographical level) those specialisations in producing new technological knowledge (e.g.

patents). We report in Appendix A some statistics to give a sense of the proximity matrix and its structure.

2. Proximity à la Hidalgo based on absolute value measures

Besides the measure of relative specialisation, we also take into account the absolute “importance” of a region in a

certain IPC class by considering the fractional count of patents in the period 2002–2012. The variable NPatk,i is equal

to the fractional count of PCT applications of the region k in the IPC class i over the period 2002–2012. This measure

identifies the number of patents with at least one of its inventors located in a specific European NUTS2 region.11

Then, we dichotomize this variable using the first quartile of nonzero values across regions as threshold, namely t.

The use of this absolute measure is more in line with the idea of related variety since the exchange of knowledge

between sectors depends on the absolute stock of resources invested in those sectors rather than their relative

importance.

Again, following Hidalgo et al. (2007), we compute a measure of proximity between any pair of IPC classes i and j

taking the minimum of the pairwise conditional probability (using the European regions as observations):

proximityi; j ¼ min P NPati > tjNPatj > t
� �

;P NPatj > tjNPati > t
� �� �

;

where
P NPati > tjNPatj > t
� � ¼ P NPati > t ∧NPatj > t

� �

P NPatj > t
� � :

The proximity matrix is a N × N symmetric matrix containing the revealed technological proximity between any

two IPC classes i and j. Each cell (i,j) represents the probability that a (random) region that is specialised (in absolute

terms) in i(j) is specialised in j(i) as well.
10Please note that this measure is agnostic as to the reasons why two specializations (either product or technological) should co‐occur at the local level. In

fact, it just looks at the probability of co‐occurrence without explaining or suggesting the underlying reason driving the co‐localization pattern.

11Please note that we compute the absolute specialisation in each IPC class (122) for 271 NUTS2 regions in Europe.
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3.5 | Relatedness indicators

In this paper we aim to assess to which extent Italian regions have chosen S3 technological domains with a high

degree of relatedness. In order to do so, we compute several indexes aimed at capturing the degree of relatedness

between the specialisation domains chosen by regions. In particular, for each region k we compute the following

indexes:12

ARIk ¼
∑i∈Ck

∑j∈Ck ; j≠iproximityi; j
∑i∈Ck

∑j∈Ck ; j≠i1

and

RSIk ¼
∑i∈Ck

∑j∈Ck ; j≠iI proximityi; j > median
� �

∑i∈Ck
∑j∈Ck ; j≠i1

:

proximityi,j is the proximity between the technological domains (i.e. IPC codes) i and j.

Please note that they can be computed using alternatively the two proximity measures we illustrated in the pre-

vious subsection, namely: 1) the proximity à la Hidalgo based on relative specialisation measures, 2)

the proximity à la Hidalgo based on absolute specialisation measures. The first index, the Average Relatedness Index

(ARI), is basically an average of the proximities between any pairs of IPC codes chosen by each region k (i.e. belonging

to Ck, the group of technological domains chosen by region k). The second index, namely the Relatedness Share Index

(RSI), represents the percentage of pairs of IPC codes chosen by each region k that have proximity above a threshold.

In particular, I(proximityi,j > median) is an indicator function equal to 1 when the proximity is above the median of

proximities distribution.

Last but not least, we also compare the chosen technological specialisation at the regional level with the actual

observed technological specialisation. In particular, for each region k we compute the following indexes:13

ARIactualk ¼ ∑i∈Sk∑j∈Sk ; j≠iproximityi; j
∑i∈Sk∑j∈Sk ; j≠i1

and

RSIactualk ¼ ∑i∈Sk∑j∈Sk ; j≠iI proximityi; j > median
� �

∑i∈Sk∑j∈Sk ; j≠i1
:

These two indexes are analogous to the previously mentioned ones. Please note that ARIactualk is an average of the

proximities between any pairs of IPC codes in which the region k is actually specialised. Specifically, Sk is the group of

technological domains in which the region k is specialised, in relative terms (as measured by RCAnorm
k;i > 0), or in abso-

lute term (as measured by NPati > t). Again, proximityi,j can be measured as: 1) the proximity à la Hidalgo based on

relative specialisation measures, 2) the proximity à la Hidalgo based on absolute specialisation measures. Please note

that in case a region chose the same technological domains in which it is actually specialised, then its ARI (RSI) would

be equal to its ARIactual (RSIactual). Moreover, this choice would be consistent with the principle of embeddedness as

well (D'Adda, Guzzini, Iacobucci, & Palloni, 2018; McCann & Ortega‐Argilés, 2015), i.e. targeting technological
12By way of example, let's hypothesize that a region has chosen in its S3 strategy as priority technological domains (IPC codes) A21, A22 and A01. In addi-

tion, let's say that proximityA21,A22 = proximityA22,A21 = 0.2 and proximityA01,A21 = proximityA21,A01 = 0.6 and proximityA01,A22 = proximityA22,A01 = 0.7.

Therefore, ARIk ¼ 1:5
3

¼ 0:5.

13By way of example, let's hypothesize that a region is actually specialised in technological domains (IPC codes) A21, A22 and A01. In addition, let's say that

proximityA21,A22 = proximityA22,A21 = 0.2 and proximityA01,A21 = proximityA21,A01 = 0.6 and proximityA01,A22 = proximityA22,A01 = 0.7. Therefore,

ARIk ¼ 1:5
3

¼ 0:5.
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domains according to the actual regional capabilities. Therefore, in case a region has carefully and strategically

selected as target few technological domains looking at i) the actual strengths and ii) the level of relatedness between

these domains, we expect its ARI (RSI) to be higher than its ARIactual (RSIactual).
4 | EMPIRICAL RESULTS

Before analyzing the relatedness indicators at regional level, Table 3 reports the correlations between the indexes,

and between the indexes and the number of technological domains chosen by regions (n_chosen), the number of

actual specialisations in relative (n_spec) and absolute (n_absspec) terms, the GDP (gdp), the GDP per capita

(gdp_percapita), the population (pop) and the innovativeness of the region (innoindex).14 We added these additional

variables in order to check whether our variables and indicators are somehow correlated with the economic charac-

teristics of a region.

Reasonably, bigger and more innovative regions should have chosen a higher number of technological domains15

within their S3, though the correlation is not significant. All the indexes are slightly negatively correlated with the

number of chosen domains, although without significance. This is not surprising given the construction of our indexes

as an average of the all pairs of chosen IPC. In principle, such an index can be maximized by taking the (unique) pair of

IPC with the highest proximity value. Adding any other IPC (less close to the initial pair by definition) would lower this

index. We may have a similar effect also when a region has two clusters with a high level of proximity within each

cluster but a relative low proximity between the two clusters. In this case the index would be lower than in the case

of having one single cluster of related technological domains. In this sense, caeteris paribus the indexes are likely to

be lower for bigger regions with respect to smaller ones, but this fact is absolutely connected to the very definition of

relatedness.16 Thus, it is not surprising that the GDP is positively related to the number of actual specialisations while

being negatively correlated with the ARI computed using the proximity based on the absolute specialisation.

The correlation table suggests also a very high correlation between ARI and RSI, both using relative and absolute

specialisation indexes to measure proximity between technological domains. The ARI is probably more precise while

the RSI is easier to interpret; the high correlation between the two highlights that they are almost interchangeable for

the empirical analysis.

Finally, we found a rather high correlation between the indexes computed using proximity measures based on rel-

ative and on absolute specialisation. This is particularly true for the two ARI indexes, which show a correlation close

to 0.7; this means that the indexes show a low level of sensitivity to different formulations.

Using the proximity measures based on the relative specialisation, Table 3 reports the number of technological

domains chosen by Italian regions, the number of actual specialisations, the ARI and the RSI indexes computed as

described in the previous section, based on the choices made by regions and based on the actual specialisations.

Table 4 is analogous, but it uses the proximity measures based on the absolute specialisation instead.

The number of technological domains chosen within the S3 is quite different across regions, with an average num-

ber of 13 but ranging from 5 to 33 IPC classes. This is not surprising given the large differences in the size of Italian

regions, form less than 200 thousand people in Valle d'Aosta to about 10 million in Lombardy.

The mean value of the ARIr (Average Relatedness Index) for Italian regions (0.32) is above the average proximity

between technological domains (0.26) observed in EU regions (i.e. the expected proximity if two domains were cho-

sen at random).
14The data source for the GDP, the GDP per capita, the population is Eurostat (2016) while for the innovativeness of the region is the Regional Innovation

Scoreboard (2017).

15Please note that we are measuring the declared intentions, not the actual diversification patters of regions. A higher number of chosen technological

domains points to the intention (by regional authorities) to achieve a higher level of diversification while the average relatedness index (ARI) takes this inten-

tion as given in order to understand the degree of relatedness of regional choices.

16However, please note that the ARI and the RSI are not driven by the number of chosen domains “by construction”. In fact, randomly simulating the indexes

as a function of the number of chosen domains and looking at the distribution of simulated values, the mean and median are stable.
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To provide a measure of the ability of regions to choose related sectors, we performed an adaptation of the Fish-

er's exact test17 in order to understand the “distance” between the ARI resulting from the regional choices and one

resulting from a random choice of technological domains. Specifically, the reported p‐value is the probability that a

random extraction of IPC classes would result in an ARI equal or greater than the observed one; thus, giving an indi-

cation of the “goodness” (or distance) of the choice of a region with respect to a random selection. We perform a

similar test simulating the distribution of the ARI that would result by randomly choosing the IPC classes within

the set of IPC classes in which the region is actually specialised. In other words, we estimate the probability that a

random choice within the technological domains in which the region is specialised would result in a lower relatedness

with respect to the one based on the observed choices.18 The first test highlights the presence of large differences in

the behavior of regions. For some of them, like Calabria, Friuli Venezia Giulia, Liguria, Molise, Tuscany and Veneto,

the ARIr is significantly higher compared to a random choice. In others, the test reveals that the value of the related-

ness index is not statistically different from the value that would have resulted if the regional authorities had selected

the technological domains present in their region at random. The value of the test is logically related to the value of

RSI, i.e. the percentage of the chosen domains that show a high level of technological relatedness. The second test is

more restrictive, leading to significant differences in fewer cases. For example, Umbria's ARI is significantly different

from an ARI based on a completely random choice (i.e. randomly picking n_chosen, i.e. 10, IPC sectors out of 122) but

it is not different once we take into consideration a random choice within the technological domains in which it is

actually specialised (i.e. randomly picking n_chosen, i.e. 10, IPC sectors out of n_spec, i.e. 46). This may be a result

of Umbria having an actual ARI higher than average and choosing between the technological domains in which the

region is actually specialised but without taking into consideration the relatedness itself. For example, with respect

to Umbria, Toscana choices seem to achieve a higher degree of relatedness even considering its actual specialisations

and this fact points to a higher adherence to S3 guidelines/requirements in terms of related diversification.

The situation changes significantly, both in terms of the ARI and RSI, when we consider the indices based on

absolute rather than relative specialisation (see Table 5). As mentioned in the previous section, the absolute special-

isation can be considered more close to the concept of related variety at local level: i.e. the actual possibility of

exchanging knowledge and resources between different technological domains. Also, in this case (as previously

observed for ARIr) the mean value of the ARIa in Italian regions (0.72) is above the average proximity between tech-

nological domains observed in EU regions (0.68). Even more important, for most regions, the choices in terms of tech-

nological domains show a significantly higher degree of relatedness with respect to a random choice.

Considering the ability of regions to select related technological domains, we have to acknowledge that there is a

trade‐off between the maximization of relatedness (i.e. choosing domains that show a high degree of relatedness) and

the maximization of the coherence between the chosen domains and those in which the region is actually specialised

(see D'Adda et al., 2018). Both these criteria were requirements in S3 guidelines. For this reason, we computed the

relatedness indicators in the hypotheses that each region had chosen the IPC codes of the technological domains in

which it is actually specialised. The actual Average Relatedness Index and the actual Relatedness Share Index are

computed as described in the previous section, using the proximity measures based on the relative and the absolute

specialisation, but considering the actual specialisation of regions rather than the choices made by regional authori-

ties for S3. These indexes give an indication about the degree of relatedness of the technological domains in which a

region is actually specialised (relatively or absolutely). Looking at the correlation between these indexes (seeTable 2),

we see again a very high correlation between ARI and RSI.
17In particular, we performed 10,000 random drawings of n IPC classes, with n equal to the number of IPC codes chosen by the region in the S3. For each

drawing, we computed the ARI. We then compare the distribution of the 10,000 simulated ARIs to the value of ARI we actually observe (the one coming

from the choices actually made by regions). The reported p‐value is the probability that a random extraction of IPC would result in an ARI equal or greater

than the observed one. Please note that the higher n, the lower the variance of the distribution of the simulated ARI, the narrower the distribution and the

closer to the mean value.

18This Fisher test compares the degree of relatedness of actual choices with the degree that would have been obtained picking n_chosen domains at random

among the n IPC classes in which the region is actually specialised. Please note that a region may have picked technological domains outside of those in

which it's actually specialised, but this is a matter of coherence (i.e. using S3 words, embeddedness).



FIGURE 1 – Representing regional position in terms of relatedness indicators (based on relative specialisation)
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An interesting fact is that the indexes measuring actual relatedness are not correlated with the ones measuring

relatedness of the technological domains chosen by Italian regions. In principle, a region should choose technological

domains i) in which it is specialised (i.e. it has competences and know‐how) and ii) that are closely related to each

other (i.e. with high proximity). Therefore, if regions had chosen with these criteria in mind, we would expect the

indexes based on actual specialisation to be lower than the indexes based on the chosen domains. The difference

between the two set of indexes is close to zero on average. This means that regions have probably privileged the

technological domains in which they already show a high degree of specialisation rather than trying to maximize

the relatedness between the chosen domains.

In Figure 1 we present some graphs aimed to show the relative position of Italian regions along different dimen-

sions. The first two graphs highlight that the number of chosen domains seem somehow positively related with the

GDP and the number of actual specialisation in a region. A notable exception is Campania region, having it chosen a

seemingly disproportionate number of technological domains in which (not) to specialise. The bottom left graph

shows a slightly negative relation (though not significant) between the ARI and the number of chosen technological

domains. Basilicata and Campania regions seem to differ sharply from the average, with the former being character-

ized by a lower than average number of chosen domains and very low ARI, and the latter having a very high ARI

notwithstanding an above ‐average number of chosen domains. Lastly, the bottom right graph highlights the scarce

correlation between the ARI based on chosen technological domains and the ARI based on actual specialisations, with

the regions spread quite uniformly in the four quadrants.
5 | CONCLUSIONS AND FURTHER DEVELOPMENT

The Smart Specialisation Strategy applied by the EU for the allocation of structural funds for the programming period

2014–2020 required regions to choose a set of technological domains in which to concentrate R&D investments and

innovation policies. Among other important novelties, S3 embraced the idea recently developed within the economic

geography literature that relatedness between technological domains may promote innovation and facilitate diversi-

fication. As a result, the EU guidelines for S3 required regions to choose the specialisation domains considering not

only their actual specialisation but also the degree of relatedness between these domains.
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Despite the emphasis on this latter concept, only few regions mentioned it and none of them attempted a quan-

titative analysis about the degree of relatedness between the chosen domains. The lack of empirical analyses about

relatedness in S3 documents can be attributed mainly to two reasons: on the one hand, the absence of a consolidated

methodology to deal with the issue; on the other hand, the difficulty in performing quantitative measures, given for

example that technological domains are identified using the natural language instead of a codified classification sys-

tem. To overcome the latter problem, we have recoded the technological domains chosen by regions using the IPC

system, looking at the most detailed description of such domains as indicated in the documents officially approved.

The use of IPC codes provides an effective way of mapping the specialisation domains selected by regions. Moreover,

it allowed us to perform a quantitative analysis aimed at assessing to what extent regions have been able to choose

technological domains that show a high degree of relatedness. The measure of relatedness between technological

domains is based on the revealed association methodology (Hidalgo et al., 2007). Based on the application of this

methodology and using different ways to define the degree of relatedness, we measure to what extent the choices

made by regions are better than a random choice. By applying this methodology, we evaluate the choices made by

Italian regions in designing their Smart Specialisation Strategy.

In general, the choices made by regions showed a higher degree of relatedness compared to a random choice,

though with notable exceptions. These exceptions would have been avoidable if these measures had been available

during the design phase of the S3 rather than ex‐post. As expected, the degree of relatedness is higher with respect

to a random choice when we consider technological proximity based on absolute specialisation rather than on rela-

tive specialisation. Moreover, we suggest that the former is better than the latter in providing a meaningful measure

of the intensity of relatedness between the technological domains that are actually present in a specific region. We

compare these measures of relatedness to the degree of relatedness between the technological domains in which

Italian regions are actually specialised. The results of this analysis confirm that in choosing S3 specialisation domains

regions paid more attention in selecting those in which they had an actual strength rather than selecting a set of

domains with the aim to maximize the degree of relatedness between them. This does not come as a surprise given

that only few regions mentioned the concept of relatedness between specialisation domains and none attempted to

apply a specific methodology to measure it.

The main contributions of this paper are both at methodological and empirical level. On the methodological side

we provide a measure of relatedness between technological domains and propose and indicator of the degree in

which regional choices were able to exploit the potential relatedness between related domains. On the empirical side,

we perform a first attempt of an evaluation exercise of the degree of relatedness of regional choices within S3. In

fact, empirical evidence about S3 is mainly indirect and aimed at providing insights about its theoretical arguments

(see e.g. Balland, Boschma, Crespo, & Rigby, 2018) more than looking at its design, implementation and effects.

Moreover, our methodology provides an ex‐post measure of relatedness that may help regions to be aware of their

specialisation choices and to monitor the variations in the relatedness index over the programming period. Most

likely, the heterogeneity in the design of S3 policy will affect policy effectiveness, if any. Therefore, it must be taken

into account in the evaluation of the results of the policy.

It's worth to point out that in this paper we are looking at S3 without expressing any judgement or evaluation of

its underlying principles, of which relatedness is one of the core elements. We believe that in the ex‐post assessment

of its effectiveness and its underlying principle it is important to take into consideration whether and to what extent

regions have actually implemented the policy following the “prescribed” recommendations. To evaluate the effective-

ness of a medicine it is not sufficient to look at whether the doctor prescribed it without considering whether the

patient actually bought it and took it following the doctor recommendations (e.g. about how frequently to take it).

It's worth mentioning that the principle of relatedness or better its theoretical foundation, namely related variety,

has recently been criticized. For example, a growing body of literature started to point out its limitations in regions

characterized by lower‐technology regimes (Cortinovis & van Oort, 2015; Hartog et al., 2012). Other recent empirical

contributions suggest for example that lagging regions may benefit especially from unrelated variety instead (Castaldi,

Frenken, & Los, 2015; Firgo & Mayerhofer, 2018). This evidence clearly raises doubts also about the effectiveness of
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S3 if applied as a one size fits all policy and about its potential effectiveness for less‐developed regions or those

locked‐in in traditional industries and medium or low technologies. Notwithstanding these critiques, relatedness

remained one of the basic principles of S3 and it is important to measure to what extend this principle was actually

followed in the design of the policy.

The use of patents to measure regional innovative capabilities and technological specialisation represents both a

major strength and a limitation of the present work. Patents are probably the most widely used indicator of innova-

tion since Griliches (1990), notwithstanding their well‐known flaws. In regional economics literature, patents are

probably the most diffused measure to characterize regional knowledge capabilities/spaces (see e.g. Kogler,

Essletzbichler, Rigby, 2016), to represent relatedness between knowledge domains (see e.g. Quatraro, 2010) and ulti-

mately to provide insights and policy suggestions related to S3 (see e.g. Balland et al., 2018; Montresor & Quatraro,

2017). However, using patents as a measure of innovative activity and regional capabilities may limits the scope of

our analysis while giving a strong emphasis on the technological aspects of S3; this fails to capture “social,

organisational, market and service innovation, or practice‐based innovation” and underrepresents sectorial specialisa-

tions in traditional sectors like for example tourism, agri‐food, culture/heritage, wellness. For this reason, our meth-

odology leads to an analysis of patentable technologies and formally codified knowledge, providing figures only about

a portion (albeit probably the most relevant) of the whole “regional innovation landscape”. However, we believe that,

while being a partial representation, our analysis is not giving distorted evidence about regional technological ori-

ented R&D activities. Moreover, a strong emphasis on R&D activities and outputs is evident not only in S3 guidelines

but also when looking at the technological domains as indicated by regions in designing (and communicating) their S3

strategy. In fact, only a tiny fraction of those domains refers to non‐patentable knowledge and only a small fraction of

them is characterized by a low technological content. Finally, patents were chosen by EU and regional authorities as

one of the most important indicators to monitor of the effectiveness of the S3.

As for any analysis based on past data, our measures are based on the world ‘as it is’ (or better, ‘as it was’) rather

than on what it is ‘to be’: i.e. regions may have chosen domains in which they are not yet specialised in but in which

they are willing to specialise, i.e. where they see a ‘potential’ for specialisation.

Notwithstanding the above limitations, we believe that the methodology we propose is useful in providing a

quantitative measure of the degree of relatedness between the technological domains chosen by regions. As such,

it can help regions to be more aware of their choices and to monitor the implementation and the results of S3.

Moreover, thismethodology could also be applied tomeasure the potential relationsbetween technological domains in

different regions. The latter was another aspect recommended in the S3 guide but generally overlooked by regions.

Finally, two policy messages are worth being pointed out. First, we believe that turning an academic argument

into the implementation of a policy has been extremely difficult for regional authorities. This is because the concept

of relatedness is something difficult to measure (and sometimes even to understand) even for academics. In fact,

there is no single unanimous methodology to measure it and, in our opinion, there is also a lack of understanding

of the “inner” mechanisms, i.e. “below the regional level”. Second, another crucial point from a policy perspective is

that the effectiveness of S3 should not be given as granted. Specifically, the effectiveness of this policy is likely to

be extremely influenced by its actual design and implementation. Our evidence is that there is great heterogeneity

in its implementation (at least in Italy) and that most of its principles were far too difficult to turn into actual plans

(and subsequent actions) for regional authorities.
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APPENDIX A

PROXIMITY À LA HIDALGO BASED ON RELATIVE SPECIALIZATION
MEASURES
Following Hidalgo et al. (2007), we compute the proximity matrix, representing the degree of proximity between pairs

of IPC classes, that is, a measure of the probability that a region is specialized in a specific pair of IPC classes. Prox-

imity matrix is derived from the actual specialization of (272) European regions, as derived by their actual patenting

activity.

The values of proximity vary between 0 and 0.684, with mean equal 0.270 and median equal to 0.263. We report

below the histogram (see Figure A1) of these values and some descriptives (see Table A1).
FIGURE A1 – Distribution of the proximity (between all pairs of IPC codes) à la Hidalgo based on relative
specialization measures

ABLE A1 Summary statistics of the proximity (between all pairs of IPC codes) à la Hidalgo based on relative
pecialization measures

Min 1st quartile Median Mean 3rd quartile Max

0 0.2051 0.2632 0.2708 0.3306 0.6839
T
s
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To give an example, there are some IPC classes with a high degree of proximity (above 0.48, please note that the

third quartile is equal to 0.33) related to the technologies applied to metals and mechanics:

Appendix A. PROXIMITY À LA HIDALGO BASED ON RELATIVE SPECIALIZATION MEASURES
B21
 B22
 B23
B21
 NA
 0.481481
 0.607595
 MECHANICAL METAL‐WORKING WITHOUT ESSENTIALLY REMOVING

MATERIAL; PUNCHING METAL
B22
 0.481481
 NA
 0.530864
 CASTING; POWDER METALLURGY
B23
 0.607595
 0.530864
 NA
 MACHINE TOOLS; METAL‐WORKING NOT OTHERWISE PROVIDED FOR
On the contrary, an example of two IPC classes with a low proximity (close to 0) is for example aircraft (B64) and

textiles (D06) technologies.

Appendix A. PROXIMITY À LA HIDALGO BASED ON RELATIVE SPECIALIZATION MEASURES
B64
 D06
B64
 NA
 0.068493
 AIRCRAFT; AVIATION; COSMONAUTICS
D06
 0.068493
 NA
 TREATMENT OF TEXTILES OR THE LIKE; LAUNDERING; FLEXIBLE MATERIALS NOT

OTHERWISE PROVIDED FOR
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