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1. INTRODUCTION

The concept of smart specialization appeared for the first time in EU
strategic documents in 2010, in relation to the document: “Europe 2020.
A strategy for smart, sustainable and inclusive growth” (Europe 2010a).
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Therefore it represents a relatively new idea. Smart specialization is related
to one of three priority components covered by this strategy, namely to smart
growth, i.e. a knowledge and innovation based economy (Regional 2010).

Defining smart specialization in relation to a region requires indicating
selected areas (pre-selection) in order to focus on the identified regional
resources while carrying out further strategic activities. Regardless of the
economic stabilization level, or even its absence, if due activities are
diversified, it is possible to identify certain key branches in a region.

The purpose of the article is to assess the usefulness of fuzzy
classification in the process of identifying the areas and directions of smart
specialization changes in regions constituting the European regional space at
NUTS 2 level. The following research hypotheses were put forward for this
purpose:

— it is possible to identify groups of regions characterized by a determined
sector profile using the fuzzy classification of dynamic data,

— the suggested approach is a useful tool for the identification of the
directions for smart specialization changes in the European regions.

The presented results constitute a continuation of the research conducted
by the authors. Other studies present, among others, the classification of the
EU regions at NUTS 2 level, but used a classic approach in determining the
number of classes, whereas the analyses were performed based on data from
one year (Markowska and Jefmanski 2012a). The study also offers a detailed
discussion of various variants for assigning regions to classes owing to the
increasing thresholds. Further studies attempted to determine an initial
research field and to define smart specialization areas in Polish regions based
on a dynamic approach (Markowska and Jefmanski 2012b).

2. SMART SPECIALIZATION -
VISION, CONCEPTION, MEASUREMENT

2.1. The concept of smart specialization

Smart specialization represents an important justification of a certain policy
and concept for the purposes of regional innovation policy. It propagates the
efficient, effective and synergic implementation of public R&I (research and
innovation) types of investment, as well as supporting member states and their
regions in the process of the existing, leading sectors diversification and
improvement (Malerba 2005, Malerba and Montobbio 2000), also in
strengthening the inherent innovation capacity. In short, smart specialization
consists in paying more attention to innovation and offering an innovation
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focused growth strategy which concentrates on the strengths and competitive

advantage ingrained in regions. It refers to specializing in a smart manner, i.e.

based on the obtained information and strategic intelligence in taking

advantage of regional assets and skills aimed at learning which specializations
may be both developed and implemented with reference to, for example those

present in other regions (Foray and van Ark 2007).

The concept of smart specialization:

— indicates effective policy refinement by forecasting the creation of
innovative and competitive units, clusters and/or regions,

— assumes intervention and therefore certain explicit and implicit tasks
coupled with the purposeful concentration of resources in a certain form,

— establishes indispensable mechanisms of financial support offering the
capacity to generate extensive, positive, external social effects in the future,

— assumes the presence of evaluation criteria regarding which
specializations, and in consequence, which policy objectives represent the
smart ones.

The idea of smart specialization should be referred to as the dynamic
process of searching for proper areas to focus attention on. As such, smart
specialization does not require forcing any specialization by means of any
specific form of policy covering for example an overall industrial sector. On
the contrary, it requires inventive entrepreneurial processes involving all
stakeholders in order to identify and indicate what a given country or region
is best at in the domain of science and technology, and also where to expect
improvements. Such an inventive process has to be included among broader
policy objectives and should also identify corporate governance
mechanisms, as well as foster the criteria used as guidelines in making
adequate choices.

Smart specialization requires strategic decisions and policy following an
in-depth analysis. Priority-setting is performed based on the analysis of
(Foray, David and Hall 2009):

— assets — industrial structures, clusters, universities, research, scientific,
technical institutions, skills, human capital, environment, market access,
management systems as well as relations and cooperation with other
regions,

— challenges — e.g. population aging, imbalance in the job market,
environmental aspects,

— competitive advantages and potential — SWOT analysis, forecasting and
trends analysis, technology mapping, cluster analysis, and the knowledge
of markets.
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Smart specialization, having assumed that different paths of regional
innovation and growth are possible, requires an integrated approach and a place-
based approach for policy designing and implementation with operational
principles adjusted to local conditions which cover the following™:

a) revitalization of traditional sectors by means of activities resulting in
higher added value and seeking market niches;

b) modernization by means of new technologies approval and dissemination;

¢) technological diversification from the existing specializations to related
areas;

d) development of new business forms by means of radical technological
changes and breakthrough innovations,

e) implementation of new forms of innovations, such as open and user-led
innovation as well as social innovation and service innovation.

D. Ahner (2011, p. 2) states that: “Smart specialisation is definitely not
about picking winners from above deciding where to place one or the other
activity in Europe’s map but, on the contrary, it is a place-based approach to
identify opportunities for selective technological diversification in each
region based on their own innovation capacities and economic and
institutional structures. In other words, smart specialisation is about focusing
on what you are good at and diversifying from your existing capacities into
higher value added activities and emerging market opportunities in order to
better position your cities and regions in the global value chains”.

He emphasizes that smart specialization requires an iterative and dynamic
approach which distinguishes the following phases (Comparative 2011):

— fostering and - where possible - channelling entrepreneurial experiments
and discoveries,

— observing, monitoring and evaluating the progress of experiments,

— establishing and disseminating the strategic vision based on observation
and assessment,

— identifying and addressing failures possibly preventing these experiments
from becoming strong economic growth incentives (by offering training
opportunities, developing skills and other stimuli for new activities
enhancement).

D. Foray also defines smart specialization as an entrepreneurial process
of discovery, identifying where a region can benefit from specializing in a
particular area of science and technology”.

2 http://s3platform.jrc.ec.europa.eu
3 Speech delivered at the conference on “Regions for Economic Change” on 23 June 2011.
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2.2. Smart specialization in EU strategic documents

This embedded role of smart specialization in the Europe 2020 policy
framework has been highlighted by the Council of the EU in its conclusions
on the Innovation Union. The Council underlined “the concept of ‘smart
specialization’, with each region building on its own strengths, to guide
priority-setting in national and regional innovation strategies, as well as
cross-border cooperation where appropriate” (Council 2010, p.9) and
invited the Commission “to advise Member States on possible improvement
of the performance of their national innovation systems and with the
implementation of smart specialization strategies” (Council 2010, p. 11).

Within the framework of the documents fostering the implementation of
Europe 2020 strategy, the Innovation Union initiative (Europe 2010b) was,
among others, prepared by the European Commission — it represents one of
seven guideline initiatives targeted at the improvement of conditions and
access to research financing which is supposed to facilitate situations when
innovative ideas will be transformed into new products and services to foster
economic growth and create new jobs (A strategy 2010). These tasks will be
performed by strengthening the role of EU instruments which support this
path of development including structural funds, rural areas development
funds, schemes for competition support especially as the result of increasing
research outlays and emphasis on smart specialization (Regional 2010).

Therefore the European Union funds exert the most important impact on
the implementation of the Innovation Union priorities, as well as the
practical activities within the framework of smart specialization in regions,
since they constitute the financial instruments for cohesion policy, which is
conditional and also concentrated more on output and efficiency. Therefore
an ex ante conditionality, referring to smart specialization, will be
introduced, which is supposed to imply extended expenditure on research,
technological development and innovation. This is one of the eleven
thematic objectives of the EU funds listed in the proposals defining common
regulations for the structural funds and the cohesion fund (Annex 2011).
Likewise, the same conditionality applies to theme one (Fostering
knowledge transfer and innovation in agriculture, forestry and rural areas) of
the European Agricultural Fund for Rural Development (EAFRD)”.

Obtaining funds by a region is conditioned not only by the need to
develop research and innovation strategy for the purposes of smart
specialization (separating the part for digital development — extended access,

4 http://ec.europa.eu/agriculture/cap-post-2013/legal-proposals/com627/627_en.pdf
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implementation and quality of information and communication

technologies), but also meeting the following premise by the member state:

— adopting national research and innovation strategy for smart
specialization — based on a SWOT analysis and covering both a
monitoring and review system — offering suggestions for research and
development financing incentives by private capital,

— defining the level of R&D financing by the government,

— a long-term plan referring to the budget and priority investments related
to EU strategic priorities,

— including chapters on digital development in the national policy
framework for research and innovation regarding smart specialization, in
relation to the thematic objective referring to broadband internet (as in
regional strategies).

Defining smart specialization is the conditionality for accessing European
funds in the new programming period, i.e. 2014-2020, as the component of
new EU policy towards regions. Therefore regional authorities have an
obligation of defining branch specialization, as well as specifying both the
strengths and weaknesses in a region and also innovation based growth.
Defining smart specialization should facilitate the concentration of resources
on priorities of crucial significance (Dobrzycka 2012).

The support for countries in the process of smart specialization strategy
construction is to be provided by the Smart Specialization Platform created
in mid-2011 (Foray et al. 2012). It is highlighted that each and every region
represents a particular individuality and therefore no ready-made solutions
should be expected from the Platform, but rather suggestions of tools for
creating them by offering ideas, facilitating contacts and exchanging
opinions, experiences and knowledge as well as information between regions
and the EU member states, the promotion of annual meetings involving
politicians and environments responsible for smart specialization, and also
preparing adequate methodology and a case studies base.

2.3. Types and measures of regional specialization

In literature, the measurement of specialization originates in trade theory.
The first classical theory of specialization advantages is the one referring to
comparative costs by D.Ricardo and represents the continuation of
A. Smith’s concept. A range of specialization indices were developed in
order to reflect country specialization out of which various were used, after
some adjustments, as technology specialization indices. The following
examples can be listed (Giannitsis and Kager 2009):
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— absolute export market share: share of the exported good of the country
(region) in the total world (national) export of this good,

— relative export market share: measures the share of the exported good of
the country (region) in the total world (national) export of this good to the
equivalent of the trade partner’s share in the world (national) export —
defines the competitive position of a given country (region) in the world
(national) market in relation to a competitor’s position,

— export specialization indicator: measures the relation of goods export of
the country (region) to the total export of this country (region) divided by
the relation of goods from another geographical area (chosen partner
country (region), OECD, EU) — captures comparative advantages, since it
compares exports from two analyzed areas, e.g. the country and the
OECD area of the certain good to their total export understood as the
collective, alternative good,

— indicator of the disclosed comparative advantages (the Balassa index):
illustrates combined country competitive and comparative advantage —
share of goods export from the country (region) in the total export of this
good to the share of the total country (region) export in the total world
export,

— adjusted index of revealed comparative advantages: simplified version of
the Balassa index — estimated as difference of shares of a given good in
the total export and import of the country without making comparisons to
the adequate proportions in partner countries worldwide.

While analyzing the technological advantages or country (regional)
specialization, instead of data referring to export, those considered are, for
example (van Zeebrock et al. 2006; Alcorta, Peres 1998): data referring to
selected economy sectors (e.g. R&D, Larosse and Pontkakis 2008), high-
tech products, employment structure, added value or specific variables
(patents). The other, above presented, indices may also be adjusted to
measure the changes of technology specialization over time.

All these indices measure whether, and to what extent, the studied
country, region, firm or supranational area presents a higher concentration of
the chosen variable in these areas where they possess higher specialization
than other competitors. This empirical observation does not cover the
underlying reasons and the process leading to such a specialization. It also
does not refer to the influence of the public, private or mixed nature of
public resources including the role of institutions and other factors.
However, from the perspective of policy, it is important to consider how
specialization positions could be accomplished and what specific economic
or social impact they may have (Giannitsis and Kager 2009).
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Traditionally, as indicates Cutrini (2006), the absolute indices most
frequently used in regional studies are the Gini coefficient, the Herfindhal
index (e.g. in Sapir 1996, Aiginger and Pfaffermayr 2004) and the entropy
index (used by Aiginger and Pfaffermayr 2004, Aiginger and Davies 2004).
The Gini coefficient, however, has the disadvantage of placing higher
importance on changes in the middle intervals of the income distribution (see
Cowell 1995).

Cutrini (2006) emphasizes that the Gini location quotient, based on the
Hoover-Balassa Index’, is the most commonly used index for measuring
relative concentration and relative specialization in many country-based
empirical studies (Kim 1995, Amiti 1999, Haaland et al. 1999, Briilhart and
Torstensson 1996, Briilhart 1998, 2001).

Additionally, the relative specialization based on the Manhattan distance
(used, among others, in Krugman 1991, Hallet 2000, Midelfart et al. 2004,
Mulligan and Schmidt 2005) presents each of the relations between
numerator and denominator of the Balassa Index as a difference rather than a
ratio, and is obtained through summing up such differences across all sectors
in the case of specialization and across all the regions in the case of
concentration (Cutrini 20006).

It is commonly known that the broad localization concept has two
connotations, namely, regional specialization and industrial concentration.

The following indicators are also applied in the assessment of regional
specialization:

— the Krugman index applicable in the assessment of a given region
economic structure in relation to the average economic structure of other
regions (Doswiadczenia 2008); the most frequently compared variables
are: employment share in a given sector in a region and average
employment in a country, as well as the share of gross added value
generated by a given sector in GDP of a region and average added value
in this sector in the country,

— the P.S.Florence local specialization index (Florence 1939, 1944)
represents a relative measure and illustrates the relation of a given quality
percentage share in the structure of the i-th spatial unit or object to the
percentage share of a given quality in the structure of a hierarchically
higher unit.

Regional specialization may be evaluated using the methodology of
clusters strength assessment applied by the European Cluster Observatory
(Ketels and Soélvell 2006). The European Cluster Observatory provides a

5 A different version of the Gini coefficient location is used in Midelfart et al. (2004).
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unique cluster mapping and benchmarking methodology which is currently
applied to more than 35 manufacturing and service sectors in 32 EU and EU-
associated countries.

Both economic situation and attractiveness are closely related to regional
economy profile, i.e. this specialization level. The problems of regional
economy condition and its future also refer to the identification of the
specialization level, the implementation of resources available in a region,
the number and condition of economic entities and/or the development of
key branches. On the one hand, a specialization is the source of comparative
advantages, the basis for competitiveness and the core concept of clusters
and, on the other, it results in higher sensitivity to external shocks and the
risk of adverse changes multiplication, which could be triggered by negative
events (the domino effect). Therefore the relationship between specialization
level and economic development dynamics cannot be referred to as a
positive correlation resulting from necessity. Regional specialization is
defined by comparing the regional economic structure to the average
structure of other regions. High regional specialization occurs when a region
has a significantly different branch structure than the average one
characteristic for other regions (Specjalizacja 2008).

Regional specializations result from diverse reasons and mainly from the
availability of natural resources (e.g. mining and excavation, forestry
products), workforce resources, qualified workers, costs, infrastructure,
legislation, climatic and topographical conditions (especially these related to
tourism-oriented activities) and markets’ proximity. Local and regional
specialization are the derivatives of an overall investment attractiveness.
Types of activities characterized by specific location factors constitute an
exception in this area (Godlewska-Majkowska 2009).

The most common application of the “specialization” concept refers to
the different significance of productive activities in the production structure
of a country. More specifically, it is the technology specialization (and
specialization in general) which constitutes the relative measure and may be
defined by means of two different comparisons (Giannitsis and Kager 2009):
— the comparison between the relative weight of the reference variable

(scientific knowledge, research, technology outputs, patents and/or

productive areas) in the same country (region), e.g. specialization in ICT,

biotech, electrical engineering etc.,

— the comparison between, respectively, the above national (regional)
technology specialization patterns and similar figures of the third
countries (regions) or areas.
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— Specialization, by definition, illustrates two contradictory aspects
(McCann and Ortega-Argilés 2001):

— apositive aspect, by means of indicating areas in which a country, region,
sector and/or company presents a stronger position than other countries,
sectors, regions and/or companies,

— anegative aspect, by pointing to areas of relative weaknesses.

In consequence, specialization in its positive sense, inherently implies the
concentration of capabilities in some areas of knowledge, while in its
negative sense it indicates weak capabilities in other areas when referred to
the benchmark. The underlying concept of specialization, however, rejects
the option that a country (region) achieves specialization positions in the
overall and extensive spectrum of technologies (Giannitsis and Kager 2009).

Giannitsis and Kager (2009), indicate that specialization has various
impacts depending on the technological level it refers to, whereas the scope
of taxonomy can be as follows:

— scientific knowledge specialization,

— specialization in technology and innovation,

— specialization related to production processes,

— specialization related to clusters,

— horizontal and vertical specialization.

Following the above presented discussion on smart specialization, one
may expect that specialization, as a policy concept, may become the catalyst
of numerous ideas and initiatives undertaken by the European Commission
and the OECD®. However, in order to capture politicians’ attention and
transfer the discussion from problems of a conceptual nature to research and
empirical evidence, it is necessary to indicate the feasibility of statistical
measurement which should encourage the authorities (at national and
regional level) and experts to participate in the project (David, Foray and
Hall 2009).

David, Foray and Hall (2009) emphasized that once deprived of
measurements resulting in the specification of indicators, as well as the
regular collection of statistical data, smart specialization would present just
an idea for which monitoring progress, structural transformations assessment
and performing efficiency comparisons would prove impracticable. S&T
data and indicators are indispensable for the due condition visualisation,

® There is a reference to “smart specialization” in the Communication on the EU2020 Strategy
(page 7); many linkages are also present between “smart specialization” and several themes of
the work programme 2011-2012 of the Committee for S&T Policy at the OECD.



ANALYSIS OF SMART SPECIALIZATION IN EUROPEAN REGIONS [...] 41

monitoring and evaluation of the designed and carried out innovative, for

science and technology, solutions (David, Foray and Hall 2009).

At the current stage of study, conducting pilot research is necessary based
on the existing statistical data, in order to confirm that smart specialization
may be presented in a measurable manner and that aggregate measures
specification is possible for this concept measuring. An initial indicator
framework became the starting point and has been subject to subsequent
discussions, modifications and will also be tested by different workgroups
bringing together the interested individuals (Foray 2011).

In many regions smart specialization is closely related to a specific sector
(e.g. the paper production industry, fishery, tourism). Therefore in the case
of the already identified areas, the question should be asked about patents in
this area worldwide in order to find out which technological activities are
undertaken in this field by companies representing the same sector in other
regions. This is, obviously, a mimetic approach, but since the activity is new
enough it is possible that followers would not lag behind by very much
(Foray, David and Hall 2009).

Studies focused on indicators take two problems into consideration: the
discovery process and the tracking progress. The suggested, initial areas of
assessment cover the following issues (David, Foray and Hall 2009):

— the process of entrepreneurial discovery — the intensity of companies’
undertaking new, non-traditional activities,

— simple technology specialization indicators using patents, tracked over
time to trace their evolution,

— innovation representing GPT (General Purpose Technologies)
applications co-invention in the main local economy sectors, such as
patent data or backward citations usage,

— correlation between R&D and training specialization and also economic
structures as the guidelines for future budget allocations,

— smart specialization networks between regions: co-patenting, co-
publication,

— clusters representing the geographical manifestation of smart
specialization.

3. CLUSTER ANALYSIS METHODS IN REGIONAL STUDIES

Cluster analysis methods were described in detail, among others, in the
studies by: Hartigan (1975), Aldenderfer and Blashfield (1984), Kaufman
and Rousseeuw (1990), Gordon (1999), Everitt et al. (2011). The application
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of cluster analysis in regional studies allows for distinguishing regions
characterized by similar levels of the analyzed economic phenomenon, or
featuring similar economic structures, and combining them in homogenous
groups as well as separating the development phases of the studied regions.
Regional classification results are usually applied for the purposes of a
typological identification of regions and for the assessment of their structural
transformations (Strahl 2006).

In regional studies, cluster analysis methods are frequently applied in
combination with other multidimensional statistical methods. Cluster
analysis and discrimination analysis were used in the study by Hill et al.
(1998), where one of the objectives was to distinguish clusters of major
cities across the USA. Such an approach was also applied in the study by
Stimson et al. (2001), in which hierarchical cluster analysis was
implemented for identifying nine clusters of community opportunity and
community vulnerability across Australia’s metropolitan regions. In the case
of both papers the application of a discrimination analysis was carried out in
order to identify the most differentiating variables referring to the obtained
classes. In the study by Mazzocchi and Montresor (2000), an assessment of
farming development dynamics in 341 communes representing one of Italian
regions, was performed using both the c-means method and the analysis of
key components. The authors of the study, edited by Zelias (2000), having
applied the Ward’s and k-means methods prepared the assessment of spatial
diversification referring to the population’s living standard in Poland. Their
work resulted, among others, in distinguishing typological groups of Polish
regions in the period taken for analysis, and also in the classification results
review in a dynamic perspective. The objective of the study by Pettersson
(2001), was to support planning processes at regional level and for that
purpose 500 micro-regions were classified in seven classes. The
classification, applying the Ward’s method, was performed based on
indicators referring to the general goals of Swedish regional policy. The
paper by Soares et al. (2003) discussed the new approach to Portuguese
regions’ classification in relation to their socio-economic growth, which was
focused on supporting regional development policy. The study combined the
application of a factor analysis and cluster analysis (using the Ward’s and k-
means methods) as a result of which three classes of regions were
distinguished and characterized. In a similar way and for the same reason,
Slovenian regions were classified (Rovan and Sambt 2003). The Ward’s
method and k-means method were also used in the study by del Campo et al.
(2006), where European regional space was divided into four classes with
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regard to their socio-economic growth. The analysis presented by Cziraky et
al. (2006), applies the combination of structural equation models and cluster
analyses for an assessment of the regional development level in Slovenia and
Croatia. Based on the Ward’s method and k-means method, three groups of
regions were distinguished in each of the two analyzed countries. The
combination of the cluster analysis method (the Ward’s method, the
complete linkage method, the k-means method) and also Fisher’s linear
discrimination function constituted the grounds of the dynamic classification
algorithm (suggested by Gertsbakh and Yatskiv 2006), applied in order to
distinguish groups of the European Union countries regarding their
economic growth. Many suggestions related to the possibilities for cluster
analysis application in regional research are also presented in the study
edited by Strahl (2006).

3.1. Fuzzy cluster analysis

Fuzzy cluster analysis represents a relatively new approach to the
problem of regional classification. In a classic cluster analysis, a region’s
membership to a class is expressed by a binary variable. In other words,
either a region belongs to a given class or it does not. The application of the
fuzzy sets concept to the problem of classification allows for the option of a
membership to more than just one class. This is possible due to binary
variable substitution by a continuous variable taking values from the interval
[0; 1]. This procedure allows for describing the situation more precisely, i.e.
where the boundaries between classes are “unclear” and assigning a region
to a unique class becomes more difficult (Jajuga 1990). It also reflects the
actual reality to a higher extent and may serve as the protection for a
research worker preventing him/her from losing certain information, as
opposed to the approach where regions are assigned to one class only.

One of the first studies to apply fuzzy cluster methods in regional
research was the article by Harris ef al. (1993). The objective of the paper
was to specify the typology of Nevada counties. The estimated membership
degrees allowed for indicating specific economic development programmes
for aggregate and individual counties. In the study by Topaloglou et al
(2005), the fuzzy c-means method was applied to present the typology of
European regions situated along national borders (at NUTS 3 level) and also
to assess each region’s relative position in the European regional space. The
fuzzy c-means method was also used in the paper by Nowak (2008), the
main aim of which was to analyze the diversity level of 45 Polish sub-
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regions with regard to their economic activity level characterized by means
of socio-economic variables. Manca and Curtin (2012), having applied the
fuzzy c-means method, distinguished clusters of regions in the area of the
Sardinia geopark for the purposes of regional development planning.
Economic, social and geographical variables constituted the basis for the
conducted classification.

3.2. Fuzzy c-means method

The fuzzy c-means method was proposed by Dunn (1973), and later
generalized by Bezdek (1981) and Hoppner (1999). It is an iteration method,
the idea of which is very close to the classic k-means method and focuses on
finding such gravity centres of classes which minimize the function below
(Bezdek 1981):

C n 2
i=1l j=I1
if:
Z,u,-jzl, (j=1,2,...,n), ()
i=1
zﬂif >0, (i=1,2,...,c), (3)
i=1
;ui]' 207 (i:1327"'70;j:132""7n)’ (4)
where: 4z, — the level of j-th object membership in the i-th fuzzy class,
ij — ViH — the Euclidean distance between the i-th fuzzy class gravity

centre v, and the j-th object X,
m — the fuzzification parameter, where m > 1.

The fuzzy c-means method requires three parameters to be a priori
defined: m — the fuzzy parameter, the number of fuzzy classes and the initial
degree of membership in a class (or initial gravity centres of classes).

The parameter m specifies the degree of classification results as
fuzzification. Its values should be greater than 1 where values close to unity
bring about results similar to those obtained by means of classic methods.
An increase in the value of parameter m results in the fact that the degree of
objects membership in particular classes will take values close to the inverse
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number of classes, i.e. I/c (Lasek 2002). The literature does not offer a

theoretical background for the choice of the optimum value of the parameter

m, therefore its choice is frequently made based on experience coming from

previously conducted empirical studies. Bezdek er al. (1984) indicate that

the parameter value should belong to the interval [1,5;3]. Wysocki’s research
results suggest that the parameter value should be included in the interval

[1,3;1,5] (Wysocki 2010).

Another parameter to be defined by the researcher is the decision
regarding the optimal number of classes. Literature most frequently suggests
two approaches in this matter (Wysocki 2010):

— to accept the number of classes specified using disjoint classification
methods for the same data matrix,

— to perform fuzzy classification for a different number of classes and
select the one for which the fuzzy classification quality index reaches an
extreme level.

The initial classification of objects can be done based on (Wysocki 2010):
— randomized assigning objects to classes,

— classification results obtained by applying disjoint classification for the
same set of data,

— non-statistical knowledge.

4. THE CLASSIFICATION OF EU REGIONS BY THE LEVEL
OF SMART SPECIALIZATION

4.1. Basic statistics of the analyzed variables

As has already been mentioned in the introduction to smart specialization
identification, the preliminary selection of areas turns out to be
indispensable, which allows for the concentration of strategic activities on
specific regional resources. Regardless of the economic specialization level
characteristic for a given region, or even the absence of such specialization
(the activities are highly diversified) the specification of key branches is
possible.

The selection of characteristics for the identification of areas investigated
for the smart specialization of the EU regions resulted from the following,
co-occurring reasons: 1) subject literature review regarding the areas of
specialization assessment and measures; 2) the continuation of a “pillar”
approach to smart development measurement (innovation, creative regions,
smart specialization) within which similar measures were indicated for the
identification of smart specialization (Markowska and Strahl 2012);
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3) availability of comparable and relatively complete statistical data at
regional level. Moreover, it seems that one of the first specialization
symptoms is the growing importance of a particular economy sector as the
background of the remaining ones. Therefore, as the indicators facilitating
the identification of smart specialization areas, the importance — employment
shares — of particular economic sectors in the entire economy was indicated.

In this paper the research set of objects is made up of NUTS 2 level
regions, however, due to the absence of full data referring to the selected
characteristics regarding French overseas regions (Guadeloupe, Martinique,
Guyane, Réunion) and two Spanish regions (Ciudad Autéonoma de Ceuta,
Ciudad Auténoma de Melilla), 265 out of 271 regions (Regions 2007) were
analyzed, i.e. 97.8% of all the distinguished ones.

Data regarding the selected characteristics originate from the Eurostat
base and cover the period of 2000-2010. The following characteristics were
suggested to define the preliminary investigation area focused on regional
smart specialization:

AGRI — employment share in the farming sector in the total number of
employment in the region,

MANUF - employment share in the industry sector in the total number of
employment in the region,

SERV — employment share in the services sector in the total number of
employment in the region,

KIS 2 — employment share in the knowledge-intensive services in the total
number of employment in services in the region,

HIT 2 — employment share in the high and mid-tech industry in the total
number of employment in industry in the region.

The data referring to employment originate from the Eurostat’ database
and cover those aged 15-64. All values are presented as a percentages and
NACE Rev.2 (NACE 2008) classification was used to define both the
economy sectors and the other variables (KIS2 and HIT 2). The
diversification of characteristics applied for the purposes of preliminary
selection referring to the smart specialization investigation area in the EU
regions in the period of 2000-2010 is illustrated in Table 1.

Having analyzed the maximum values for the five studied qualities it was
observed that only in the case of SERV an increase in value was registered
in 2010 compared to 2000, while for the other qualities only lower values
were obtained. In relation to the lowest values of the studied qualities the

7 http://ec.europa.eu/eurostat/statistics-explained/index.php/Employment_statistics
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situation was as follows: in case of AGRI in the period of 2000-2010, slight
fluctuations were noticed (in the range of 0.19%-0.49%), however the
values were identical in boundary years. A drop in the minimum value was
registered regarding MANUF (from 12.3% to 7.2%), while for the rest of the
qualities the minimum value presented an increasing tendency (the most in
the case of SERV — from 19.4% up to 30% and also in the case of KIS 2 —
from 23.8% up to 36.5%).

Very similar mean values and median values are characteristic for
MANUF, in SERV and also HIT 2 and KIS 2 qualities, but a drop in median
value and mean value was observed for three qualities (AGRI, MANUF and
also in HIT 2), while an increase was registered for two qualities (SERV and
KIS 2).

Standard deviation, which illustrates absolute diversification regarding
the analyzed qualities, shows the range of 6.97—7.13 in the case of MANUF,
up to 11.03-9.93 for SERV, however for the majority of qualities its values
present a decreasing tendency (except for MANUF).

The highest variability (assessed as a percentage relation of standard
deviation and mean value) was shown by AGRI (always over 112%), next
HIT 2 (41.3%-47%), while the lowest and decreasing variability was
observed for KIS 2 (17.6%—11.8%).

4.2. Fuzzy classification of smart specialization European regional space

Therefore the paper provides unified values for all variables by means of
a standardization formula application. The Euclidean distance was used for
the calculation of objects similarity. The value of the fuzzy parameter was
defined at m = 1.5 level. The application of the fuzzy c-means method also
requires settling the key issue, i.e. the number of classes. In the case of the
absence of non-statistical information, the number of classes can be specified
based on the selected disjoint classification method, or by performing a
fuzzy classification procedure for a different number of classes, and an
optimal number of classes can be decided based on the chosen measure for
the estimation of classification quality (Wysocki 2010, p. 136). This paper
follows the second approach. Literature presents numerous proposals on this
matter. The review of measures regarding fuzzy classification quality
estimation for the fuzzy c-means method is included in, for example, the
study by Wang and Zhang (2007). Due to the fact that it is difficult to
specify such a measure which, owing to its attributes, would excel over the
others, it was decided that for the purposes of this study a few of them will
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be estimated, and based on their indications an optimal number of classes
will be defined. The following measures are used in the paper: PC (Partition
Coefficient), PE (Partition Entropy) (Bezdek 1974), XB (Xie-Beni Index)
(Xie and Beni 1991), F'S (Fukuyama and Sugeno 1989) (see Table 2).

In the case of the first two indices, their modified values were estimated
following formulas presented respectively in Wu and Yang (2005), as well
as Masson and Denoeux (2009). The initial version of the measures assumes
a monotonous increase of their values along with the larger number of
classes. On the other hand, the application of XB and F'S measures allowed
for considering, apart from the information about membership degree, also
some aspects of the data set geometrical structure. As far as the problem of
the optimum number of classes selection is concerned, in the case of the PC
measure it is suggested by its maximum value. In relation to other measures,
an optimum number of classes is indicated by their minimum values. The
obtained results suggest, in most cases, the division of regions into four
classes and therefore it is this measure which becomes fundamental in
subsequent analyses presented in this paper.

The EU regions classification was performed based on one data set
combining data from all the analyzed years. This means that each EU region
was presented 11 times as an object (operational taxonomic unit). Therefore
it constituted a separate object-period unit in every moment of the analysis.
In consequence, having analyzed an 11-year-long period and having used
265 European regions for analysis, 2915 object-period units became the
basis of classification. As a result, classes of regions were defined only once
and their composition did not change throughout the overall period accepted
for the research. Such an approach allows for the identification of regions
which were always characterized by a certain smart specialization profile
and also those which changed profile or underwent the process of changing
it. In order to define both the directions and dynamics of these changes the
degrees of these object-period units membership were used in the
distinguished classes.

4.2.1. Interpretation of clusters

Four fuzzy classes can initially be characterized with regard to mean

values of each quality in the distinguished classes (see Table 3):

— the first class includes regions characterized by the highest, out of all classes,
mean value of AGRI, the third consecutive mean value of MANUF and the
lowest mean values in the case of the other three qualities (for the purposes
of this paper let us call this class a farming one),
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the second class is characterized by the highest SERV and in KIS 2, as
well as the second highest mean value of HIT 2 (knowledge-intensive
services class),

the third class is characterized by the second highest mean value of
workforce share in each of the three sectors (farming, industry and
services) and the third highest mean value of HIT 2 and KIS 2 (poly-
functional class),

the fourth class covers regions featuring the highest of all the classes
mean value for MANUF and also high and mid-tech industry (high and
mid-tech industrial class).

Further evaluation of the obtained classes results in the following

observations (see Table 4):

the first class included two operational taxonomic units with a
membership value below 0.4, 17 units presented a membership degree
range of 0.4-0.5, 11 the range of 0.5-0.6, 19 the range of 0.6-0.7
and 22 where the analyzed value ranged between 0.7 and 0.8. The range
exceeding 0.8 was characteristic for 149 units included in the first class;
the second class covered four operational taxonomic units featuring a
membership degree below 0.4, a membership degree ranging 0.4—0.5 was
registered for 34 object-period units and the other ranges of membership
degree were as follows: 83 units — 0.5-0.6 range, 88 units — 0.6-0.7
range, 98 units — 0.7-0.8 range and a range exceeding 0.8 was observed
in the case of 837 object-period units;

the lowest membership threshold (below 0.4) was measured for 10
operational taxonomic units in the third class, while in relation to
particular value ranges the situations of object-period units positioning
was as follows: 0.4-0.5 (64), 0.5-0.6 (115), 0.6-0.7 (111), 0.7-0.8 (138)
and 357 presenting a membership degree to the third class higher than
0.8;

the fourth class covered 9 operational taxonomic units with a low
membership value (below 0.4), in the case of 37 units the degree of
membership was ranging between 0.4 and 0.5 and respectively: 62 units —
0.5-0.6 range, 75 units — 0.6—0.7 range, 107 units — 0.7—0.8 range and for
the largest number of object-period units (465) the degree of membership
to the fourth class exceeded the value of 0.8.
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4.2.2. EU regions in dynamic fuzzy classification

The composition of particular classes regarding the regions constituting
them, was analyzed jointly in the period of 20002010, as follows (see Table 4):
— the first class registered 220 object-period units (regions from six

countries: Greece, Romania, Poland, Portugal, Bulgaria and Spain) and

after defining the threshold at the 0.8 level their number dropped to 149,

i.e. 76.7% of all those studied in this class (from four countries: Greece,

Romania, Poland and Portugal),

— the second class presented a total of 1144 objects (regions from 21 EU
countries except regions from Bulgaria, Poland and also Cyprus, Estonia,
Lithuania and Latvia) and after defining the threshold at the level of 0.8
the number of object-period units shrank to 837, i.e. 73.2% of all the
objects analyzed in this class (from 18 EU countries, apart from the
already listed ones and the regions from Greece, Romania and also
Luxembourg),

— the third class covered 796 object-period units in a dynamic classification
(from 22 countries excluding Danish, Finnish, Dutch, Swedish and
Slovenian regions) of which 357 were left after introducing the
membership threshold, i.e. 45% of them (regions from 15 countries, apart
from the above listed regions and also Belgian, Czech, Slovak regions, as
well as Luxembourg and Malta),

— the fourth class was made up of 755 object-period units (regions from 19
countries, excluding Danish, Greek, Portuguese regions and also
Lithuania, Latvia, Luxembourg, Estonia and Cyprus), after defining the
threshold at the level of 0.8 the number of object-period units was cut
down to 465 (i.e. 76.7% of all the regions studied in this class). These
regions originated from 14 countries with 42% of object-period units in
this class coming from Germany).

Having defined the membership threshold, out of the 2915 object-period
units, 62.1% of all the object-period units were left in the classes.

Among the countries featuring the highest share of regions which, owing
to the lower than 0.8 membership threshold, could be referred to as
“undefined” the following are included: Greece, Portugal and Poland (over
60% object-period units each) and out of the NUTS 1 level regions — Malta,
Lithuania and Luxembourg.

Regions characterized by a strong economic profile from an employment
point of view, are the regions which during the past 11 years maintained a
similar employment structure which resulted in their classification, as object-
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period units, always in the same class. There were 156 such regions, i.e.
58.9% out of 265 analyzed EU regions. Their positioning in the classes was
as follows: 13 regions in the first class, 72 in the second, 35 in the third
while the fourth class always included 36 regions (see Table 5).

Particular classes, after reducing the number of units they included into
those featuring membership degree equal or higher than 0.8, are
characterized below.

The smallest group (the first class) covers regions characterized by
definitely higher than in the case of other classes’ share of AGRI. This class
includes six Romanian, four Polish and three Greek regions (see Table 4).

The first class presents almost four times higher employment in farming
than the mean value for the EU regions. The mean workforce share in
industry is lower by two percentage points, as well as the average workforce
share in services is lower by over 21 percentage points than the EU average.
The means regarding HIT 2 and KIS 2 are also lower by nine percentage
points.

The assessment of regions regarding distance from a class gravity centre,
i.e. in relation to the similarity level of their global mean values and the
analyzed characteristics with mean values in this class (based on the Bray
and Curtis (1957) measure), illustrates that the most typical region in the
class was Swigtokrzyskie, for which the Bray and Curtis measure,
standardized in the range [0;1], was the lowest (0.03).

In the case of these regions, smart specialization should be sought for
mainly in farming sector sections and in research focused on its
strengthening, increased competition and seeking innovative solutions which
facilitate such activities (Proposal 2011, Regional 2010).

The second class is characterized by definitely the highest, comparing to
the other classes, SERV and also in high-tech services, as well as the second
highest HIT 2 mean value and the lowest mean value related to the
workforce share in farming and industry sectors.

Out of 72 regions which were always, i.e. 11 times, included in the
second class the following can be listed: British (23 regions), Dutch (11),
Belgian and Swedish (7 regions each), Danish (5), German and Finnish
(4 regions each), French (3), Italian (2) and also one Czech, Spanish, Slovak,
Hungarian, Austrian and Irish region. This class covered 16 capital regions
or regions including the country capital (see Table 5).

While assessing mean group values in relation to EU mean values
regarding the analyzed qualities, it was observed that regions included in this
class were characterized by two times lower average AGRI, MANUF lower
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by 5 percentage points and a higher average SERV (by 9 percentage points),
in knowledge-intensive services (by 7 percentage points) and high-tech
industry (by 2 percentage points).

The East Anglia region was the most typical in this class with a Bray and
Curtis measure equal 0.006 which means that the global mean values
characteristic for this region were the closest to the mean values for each
variable in this class.

Broadly understood services should represent a smart specialization
investigation area for regions included in this class and especially these
which Eurostat defines as knowledge-intensive services (KIS) — NACE
Rev. 2 divisions are given in parentheses(NACE 2008):

— knowledge-intensive high-tech services:

e Post and Telecommunications (64),

o Computer and related activities (72),

e Research and development (73),

— knowledge-intensive market services (excluding financial intermediation
and high-tech services):

e Water transport (61),

e Air transport (62),

e Real estate activities (70),

e Renting of machinery and equipment without operator, and of

personal and household goods (71),

o Other business activities (74),

— knowledge-intensive financial services:

o Financial intermediation, except insurance and pension funding (65),

¢ Insurance and pension funding, except compulsory social security (66),

e Activities auxiliary to financial intermediation (67),

— other knowledge-intensive services:

o Education (80),

o Health and social work (85),

e Recreational, cultural and sporting activities (92).

The third class regions may be referred to as poly-functional. They
represent regions featuring the second highest average workforce share in
each of the three sectors: farming, industry and services and the third highest
mean value for KIS 2 and HIT 2 qualities. This class, in each of the analyzed
years, was made up of 35 regions, including: Spanish regions (10), Italian
(7), Portuguese (4), Bulgarian and Polish (3 regions each), Greek (2) and one
Austrian and Hungarian region, as well as Estonia, Cyprus, Lithuania and
Latvia.
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While comparing the mean values of qualities in the class to those set for
all EU regions it has to be indicated that in class three they are the closest.
Castilla y Le6n was the most typical one in the class for which the Bray and
Curtis measure was 0.019.

It is difficult to define the area in which smart specialization range should
be defined since this class represents quite a broad spectrum of the studied
variables.

In the fourth class the mean values of qualities chosen for the preliminary
selection of regions, in order to define their smart specialization, determine
assigning regions to the high-tech industry group since it is the average
MANUF and high and mid-tech industry which is the lowest in these
regions. Additionally, these regions are characterized by lower than EU
average AGRI, SERV and KIS 2.

The fourth class covers the following 36 regions: German (14), Italian
(6), Czech (5), Spanish and Hungarian (3 regions each), Austrian (2), and
one French, Slovak and Slovenian region. The Italian Emilia-Romagna
region was the closest to the average values regarding the mean values of all
its characteristics — the Bray and Curtis measure value for this region was
0.01.

In the case of this class, a regions smart specialization should be sought
in the industry sector and especially high and medium high-technology
manufacturing (in brackets are the NACE Rev. 2 divisions; NACE 2008):

— High-technology:
e Manufacture of pharmaceuticals, medicinal chemicals and botanical
products (24.4),
Manufacture of office machinery and computers (30),
Manufacture of radio, television and communication equipment and
apparatus (32),
e Manufacture of medical, precision and optical instruments, watches
and clocks (33),
Manufacture of aircraft and spacecraft (35.3),
- Medlum—hlgh technology:
Manufacture of chemicals and chemical products (24, excluding 24.4),
Manufacture of machinery and equipment n.e.c.® (29),
Manufacture of electrical machinery and apparatus n.e.c. (31),
Manufacture of motor vehicles, trailers and semi-trailers (34),
Manufacture of other transport equipment (35, excluding 35.1
Building and repairing of ships and boats and excluding 35.3).

8 Not elsewhere classified.
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The results of the performed classification, illustrated by the attached
maps (see Figures 1 and 2), indicate that in many countries, knowledge-
intensive services at regional level in 2000 are characteristic especially for
capital territories or including the country capital, e.g. Spain, France,
Germany, the Czech Republic, Slovakia, Austria and Denmark (see Figure 1).

According to the conducted research, 2010 is characterized by the
definite predominance of regions featuring above-average SERV and mainly
knowledge-intensive ones, especially in Germany, Ireland, Great Britain,
Sweden, Denmark, Italy, Finland and in some countries in capital regions
only, or these including the country capital, e.g. in Portugal, the Czech
Republic, Spain and Hungary (see Figure 2).

CONCLUSIONS

The article suggests a new analytical approach in the assessment of the
areas and directions of changes in smart specialization development
referring to the European regions. It assumes the application of fuzzy
classification methods and a dynamic approach (regions as so-called
taxonomic units). It allowed for the single identification of four classes of
regions in the entire adopted research period and therefore to avoid the
problem of selecting an optimal number of classes for each of the eleven
years. It also served as the starting point in the analysis of the level of
regions’ membership in particular classes in each year covered by the
adopted research period.

The analysis results facilitated the identification of regions characterized
by the changing sector system and maintaining the sector specialization
profile (almost 60% of all EU regions). The class featuring agricultural
specialization covered 13 regions, a service specialization class — 72 regions,
a multifunctional class — 35 and an industrial specialization class — 36
regions. Therefore the obtained results allowed for the positive verification
of the thesis put forward in the introduction of the article about the
usefulness of the suggested approach in the identification of areas and
changes of smart specialization development in the European regions.

Another step towards smart specialization identification should focus on
narrowing down these sectors and sections in which regions show smart
specialization.

An interesting and possible development of the obtained classification
results may be assigning regions to classes with smart specializations, which
have already been identified in many EU regions, as well as an observation
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as to what extent the high employment share in a particular sector —
especially KIS 2 and HIT 2 — influenced smart specializations determined
for particular regions.
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APPENDIX
Table 1

Basic statistics of the analyzed variables in the period of 2000-2010

Year
Variable Statistic

2000 | 2001 | 2002 | 2003 | 2004 | 2005 | 2006 | 2007 | 2008 | 2009 | 2010

max 63.10 | 61.94 | 53.76 | 54.03 | 51.84 | 52.51 | 49.77 | 49.22 | 48.48 | 50.03 | 50.49

min 032 0.19| 029 027 022| 020 049 033 0.16| 0.30| 0.32

_ median 5.17| 4.87| 4.60| 4.56| 4.54| 4.33| 4.38| 4.05| 4.01| 3.69| 3.83
5 mean 8.39| 8.08| 7.79| 7.63| 7.19| 7.08| 6.87| 6.53| 6.47| 6.13| 6.12
< standard deviation 9.78| 9.46| 8.79| 8.79| 8.06| 7.99| 7.70| 7.31| 7.42| 7.08| 7.15
coefficient of variation | 116.6 | 117.1 | 113.0 [ 115.2 | 112.1 | 112.8 | 112.1 | 112.0 [ 114.6 | 115.6 | 116.8
max/min 197.2/1326.0 | 185.4 | 200.1 | 235.6 | 262.6 | 101.6 | 149.2 | 303.0 | 166.8 | 157.8

max 45.26 | 46.19 | 46.62 | 45.57 | 44.76 | 46.29 | 46.06 | 46.19 | 46.82 | 44.64 | 44.04

min 12.32110.79 | 10.64 | 10.96 | 10.18 | 10.92 | 12.16 | 10.78 | 9.38 | 8.47| 7.19

I median 28.21(28.29 | 28.18 | 27.46 | 26.96 | 26.38 | 26.28 | 26.51 | 25.64 | 24.49 | 24.13
<ZL‘ mean 28.83|28.49 | 28.24 | 27.67 | 27.45 | 27.10 | 27.04 | 27.29 | 26.83 | 25.60 | 25.18
= standard deviation 6.97| 6.81| 6.88| 6.78| 6.77| 6.65| 6.78| 6.98| 7.09| 7.07| 7.13
coefficient of variation | 242 | 23.9| 243 | 245 24.7| 245| 25.1| 256| 264 | 27.6| 283
max/min 3.7 43 441 42| 44| 42 3.8 4.3 5.0 5.3 6.1

max 87.34189.02 | 89.07 | 88.68 | 89.60 | 88.51 | 87.30 | 88.35 | 90.18 | 90.49 | 92.15

min 19.44 | 20.72 | 24.80 | 24.52 | 26.70 | 26.99 | 29.10 | 29.37 | 30.38 | 29.72 | 30.01

. median 63.87 | 64.45 | 65.20 | 66.09 | 66.53 | 66.73 | 66.48 | 67.69 | 68.68 | 69.06 | 69.56
5 mean 62.78 | 63.44 | 63.97 | 64.70 | 65.36 | 65.82 | 66.09 | 66.18 | 66.70 | 67.88 | 68.29
z standard deviation 11.03 | 10.71 | 10.84 | 10.77 | 10.57 | 10.37 | 10.29 | 10.26 | 10.59 | 10.05 | 9.93
coefficient of variation | 17.56 | 16.89 | 16.94 | 16.64 | 16.17 | 15.76 | 15.57 | 15.50 | 15.88 | 14.81 | 14.54
max/min 449 | 430 3.59| 3.62| 336 3.28| 3.00| 3.01| 2.97| 3.04| 3.07

max 74.59 | 75.47 | 81.85 | 80.83 | 79.95 | 72.44 | 73.35 | 71.61 | 73.53 | 69.04 | 69.48

min 23.84|24.89 | 24.85 | 22.98 | 26.80 | 24.30 | 26.55 | 26.62 | 25.20 | 30.28 | 36.47

~ median 45.52 | 45.30 | 45.97 | 46.70 | 47.00 | 47.41 | 47.33 | 48.24 | 48.07 | 54.53 | 54.85
E mean 45.90 | 46.23 | 46.46 | 46.92 | 47.41 | 47.45 | 47.85 | 48.01 | 47.97 | 54.39 | 54.71
standard deviation 8.06| 826| 821 | 825| 7.76| 7.82| 7.83| 8.00| 7.62| 6.77| 6.44
coefficient of variation | 17.57 | 17.86 | 17.67 | 17.58 | 16.37 | 16.47 | 16.37 | 16.67 | 15.89 | 12.45 | 11.78
max/min 3.13| 3.03| 3.29| 3.52| 298| 298| 2.76| 2.69| 2.92| 2.28| 1.90

max 56.69 | 50.14 | 51.22 | 52.84 | 53.37 | 55.40 | 52.65 | 57.61 | 58.97 | 51.25 | 53.06

min 234 291 295 2.12| 3.50| 3.20| 3.49| 3.02| 3.87| 3.25| 2.37

« median 22.78|23.27|23.03 | 22.46 | 22.85|22.90 | 22.03 | 22.50 | 22.48 | 19.09 | 19.39
% mean 23.05(23.29|23.01 |22.71 |22.80|22.59|22.71 | 22.70 | 22.93 | 20.35 | 20.38
standard deviation 9.83| 9.86| 9.64| 9.54| 9.43| 9.32| 9.88| 9.58| 9.97| 9.71| 9.57
coefficient of variation | 42.65 | 42.31 | 41.90 | 42.03 | 41.36 | 41.27 | 43.52 | 42.19 | 43.46 | 47.71 | 46.97
max/min 24.23|17.22|17.35|24.89 | 15.23 | 17.31 | 15.07 | 19.09 | 15.22 | 15.78 | 22.34

Source: authors’ calculations based on Eurostat data: http://ec.europa.cu/eurostat (downloaded
on January 15, 2012)
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Table 2

Values of indices for fuzzy classification quality

61

Number of classes
Measure
3 4 5 6
Xie-Beni Index 0.000165| 0.000148 | 0.000146 | 0.000206 | 0.000156
Fukuyama-Sugeno Index -3678.26 -5805.4 | -7516.44| -7003.72| -7141.63
Partition coefficient 0.624208 0.64268 | 0.635074 | 0.585148 0.57115
Partition entropy 0.000151 | 0.000134| 0.000128 | 0.000136| 0.000137
Source: authors’ calculations
Table 3

Arithmetic means in classes obtained using c-means fuzzy classification method

Variable
Class no.
AGRI MANUF SERV KIS 2 HIT 2
1 30.37 25.25 44.39 39.46 13.09
2 3.05 22.16 74.59 5543 24.43
3 9.05 27.78 63.15 41.77 14.36
4 4.47 34.97 60.61 47.66 30.55

Source: authors’ calculations
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Table 4

Number of regions from EU countries in classes obtained using c-means fuzzy classification
method and for classes obtained at 0.8 membership threshold

Number of object-periods Number of object-periods
in a class and membership in a class and membership
(Cn(l);:::lt)g thresholds thresholds Undefined
of regions) 1 2 3 4 1 2 3 4
0.332 | 0.377 | 0.335 | 0.343 | 0.800 | 0.800 | 0.800 | 0.800
—0.999 | -0.999 [ -0.999 | —0.999 | —0.999 | —0.999 [ -0.999 | -0.999 [~ =800

Austria (9) 18 53 28 13 34 14 38
Belgium (11) 98 4 19 73 6 42
Germany (39) 117 45 | 267 64 14 | 196 155
Denmark (5) 55 37 18
Spain (17) 1 12 132 42 10 81 35 61
Finland (5) 46 9 23 1 31
France (22) 115 50 77 70 20 39 113
Greece (13) 76 2 65 46 88
Ireland (2) 13 8 1 8 11
Italy (21) 29 120 82 14 74 61 82
Luxembourg (1) 10 1 11
The Netherlands
(12) 131 1 112 20
Portugal (7) 10 9 58 4 1 22 50
Sweden (8) 86 2 74 14
United Kingdom
37) 362 18 27 305 6 6 90
Bulgaria (6) 4 57 5 27 39
Cyprus (1) 11 9 2
The Czech
Republic (8) 11 5 72 11 49 28
Estonia (1) 11 8 3
Hungary (7) 11 19 47 8 8 36 25
Lithuania (1) 11 4 7
Latvia (1) 11 9 2
Malta (1) 4 3 4 2 1 8
Poland (16) 56 104 16 43 24 5 104
Romania (8) 73 2 7 6 56 5 27
Slovenia (2) 2 20 1 9 12
Slovakia (4) 11 3 30 11 7 26
EU 27 (265) 220 | 1144 796 755 149 837 357 465 1107
EU 15 (209) 87 | 1103 554 555 50 804 263 358 824
EU 12 (56) 133 41 242 200 99 33 94 107 283

Source: authors’ calculations
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Table 5

Regions included in the same class at all years of 2000-2010 period

(BE7),(CZ 1),
(DK 5), (DE 4),
(IE 1), (ES 1)
(FR 3),(IT 2),
(HU 1), (NL 11),
(AT 1), (SK 1),
(F14), (SE 7),
(UK 23)

Number
Class of regions Regions
(country)
13 (GR) Anatoliki Makedonia, Thraki, Dytiki Makedonia, Peloponnisos,
(GR 3), (PL 4), |(PL) Lubelskie, Podkarpackie, Swictokrzyskie, Podlaskie, (RO) Nord-
(RO 6) Vest, Centru, Nord-Est, Sud-Est, Sud—Muntenia, Sud-Vest Oltenia
(BE) Région de Bruxelles-Capitale, Prov. Vlaams-Brabant, Prov.
Brabant Wallon, Prov. Hainaut, Prov. Liége, Prov. Luxembourg, Prov.
Namur, (CZ) Praha, (DK) Hovedstaden, Sjlland, Syddanmark,
Midtjylland, Nordjylland, (DE) Berlin, Bremen, Hamburg,
Schleswig-Holstein, (IE) Southern and Eastern, (ES) Comunidad
7 de Madrid, (FR) fle de France, Midi-Pyrénées, Provence-Alpes-Cote

d'Azur, (IT) Liguria, Lazio, (HU) Kozép-Magyarorszag, (NL)
Groningen, Friesland, Drenthe, Overijssel, Gelderland, Flevoland,
Utrecht, Noord-Holland, Zuid-Holland, Zeeland, Noord-Brabant,
(AT) Wien, (SK) Bratislavsky kraj, (FI) Itd-Suomi, Eteli-Suomi,
Pohjois-Suomi, Aland, (SE) Stockholm, Sydsverige, Ostra
Mellansverige, Vistsverige, Norra Mellansverige, Mellersta Norrland,
Ovre Norrland, (UK) Northumberland and Tyne and Wear, Greater
Manchester, Merseyside, North Yorkshire, South Yorkshire, West
Yorkshire, East Anglia, Bedfordshire and Hertfordshire, Essex,
Berkshire, Inner London, Outer London, Buckinghamshire and
Oxfordshire, Surrey, East and West Sussex, Hampshire and Isle of
Wight, Kent, Gloucestershire, Wiltshire and Bristol, Dorset and
Somerset, Devon, West Wales and The Valleys, East Wales, Eastern
Scotland, South Western Scotland, North Eastern Scotland

35
(BG 3), (EE 1),
(GR 2), (ES 10),
(IT 7), (CY),
(LV), (LT),
(HU 1), (AT 1),
PL 3), (PT 4)

(BG) Severozapaden, Yugoiztochen, Yugozapaden, (EE) Eesti, (GR)
Kentriki Makedonia, Notio Aigaio, (ES) Principado de Asturias,
Cantabria, Castilla y Ledn, Castilla-la Mancha, Extremadura,
Comunidad Valenciana, Illes Balears, Andalucia, Region de Murcia,
Canarias, (IT) Provincia Autonoma Bolzano, Toscana, Campania,
Puglia, Calabria, Sicilia, Sardegna, (CY) Cypr, (LV) Latvija, (LT)
Lietuva, (HU) Dél-Alfold, (AT) Tirol, (PL) Mazowieckie,
Zachodniopomorskie, Warminsko-Mazurskie, (PT) Norte, Algarve,
Alentejo, Regido Auténoma dos Agores

36
(CZ5), (DE 14)
(ES 3), (FR 1)
(IT 6), (HU 3),
(AT 2), (SI 1)
(SK 1)

(CZ) Stredni Cechy, Jihozapad, Severovychod, Jihovychod, Stredni
Morava, (DE) Stuttgart, Karlsruhe, Freiburg, Tiibingen, Niederbayern,
Oberpfalz, Oberfranken, Mittelfranken, Unterfranken, Braunschweig,
Schwaben, Detmold, Arnsberg, Chemnitz, (ES) Pais Vasco,
Comunidad Foral de Navarra, Catalufia, (FR) Franche-Comté, (IT)
Piemonte, Lombardia, Veneto, Friuli-Venezia Giulia, Emilia-
Romagna, Marche, (HU) Kozép-Dunantul, Nyugat-Dunantul, Eszak-
Magyarorszag (AT) Vorarlberg, Oberdsterreich, (SI) Vzhodna
Slovenija, (SK) Zapadné Slovensko

Country capitals or regions including country capital are in bold.

Source: authors’ calculations
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Figure 1. The results of European regions classification (2000)

Source: Graph by Maplnfo Professional 10.5, based on own study results
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Figure 2. The results of European regions classification (2010)

Source: Graph by Maplnfo Professional 10.5, based on own study results





