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Interpreting regional differences is crucial in
promoting regional and cohesion policies. The
different levels of development of the regions,
their various historical and geographical
factors, as well as diverse political attitudes,
institutional conditions, and their interactions
fundamentally determine the economic
convergence processes in the regions. Recent
research has emphasised a pluralistic approach
in which composite measures of progress and
well-being are prioritised. 
The primary goal of the research was to create
a more complex region categorisation model
than the traditional gross domestic product 
(GDP-) based categorisation. This study
analyses the changes and correlations of the
Europe 2020 Strategy's smart and inclusive 
growth indicators at the regional level between
2009 and 2019. To create the region
categorisation model, the indicators of the
strategy were concentrated and then expanded
with other background variables into
composite indicators, thus creating the main 
components: ‘Relative deprivation’ and
‘Innovation environment’. The regions were
categorised along the dimensions of the new
latent variables to form the outstanding,
catching-up, and lagging groups, which can be
generally characterised by development, 
catching-up, and lagging, respectively. The
outstanding group typically includes the capital
of the member states and the regions of their
agglomeration. The catching-up and lagging 
groups in chiefly consist of member states that
joined after 2004. The lagging group are 
mostly external border regions and can be
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considered underdeveloped along both
dimensions; in addition to their below-average 
innovation environment, their labour market
position also lags behind. The model
developed in this research provides a more 
nuanced picture of regional development
differences than the traditional GDP-based 
categorisation.  

Introduction 

Several studies have examined the relationship between economic growth and 
regional inequality. According to Henderson et al. (2018), in addition to geographical 
characteristics, territorial inequalities in the distribution of economic activities are 
determined by variables related to the level of development. The geographic features 
include the location of the region (central, peripheral) and its larger centre. The capital 
may appear as a positive factor as these cities tend to concentrate on a number of 
economic and social activities and act as the administrative and economic centre of 
the country (Butkus et al. 2018).  

In contrast to the positive impact of the capital, being situated at a border can be 
a barrier. Border regions are typically characterised by a geographical peripheral 
location (Egri–Kőszegi 2018, 2020) far from the country’s centre of power and 
administration and close to regions belonging to other countries. Consequently, they 
may suffer from the border effect, i.e. limited interregional economic interactions due 
to differences in cultures, regulations, and business norms and higher transaction 
costs between countries (Capello et al. 2018). 

Empirical research has yielded conflicting results on the effects of inequality on 
economic growth, depending on the data and methodology used. The negative impact 
of inequality on growth is mainly supported by cross-country studies (Alesina–Rodrik 
1994, Persson–Tabellini 1994) while several other studies have shown a positive 
relationship (Li–Zou 1998, Forbes 2000). 

In the European Union (EU), cohesion policy is the main instrument for reducing 
regional disparities, strengthening social and territorial cohesion, and promoting 
harmonious territorial development (EC 2007). Cohesion policy is based on the 
principle that everyone benefits from reducing the income gap between the richer and 
poorer regions and improving the well-being of their inhabitants (Nyikos 2017, 
Zdanowska et al. 2020). Assessing the impact of cohesion policy in general is not 
straightforward and involves a number of significant challenges as it is a rather diverse 
policy that seeks to address different economic and social objectives (Fratesi 2016). 
Several studies emphasise the importance of context and ‘conditioning factors’ 
(quality of government, absorption capacity of regions, territorial capital, etc.) in 
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determining the impact of cohesion policy (Kearns–Reid-Henry 2009, Perger 2010, 
Dall’Erba–Fang 2017, Percoco 2017, Giordano 2017). 

Enlargement in the 2000s (the accession of ten countries in 2004 and Bulgaria and 
Romania in 2007) necessitated a strengthening of the harmonisation process. 
Cohesion policy for 2007–2013 was reorganised according to three objectives: 
convergence, regional competitiveness and employment, and European territorial 
cooperation (Fratesi–Wishlade 2017). 

As a result of the economic downturn in 2008, which began with the collapse of 
the US real estate market, economic growth in the EU lagged behind that of the rest 
of the world. As a result of the crisis, which also spread to the labour market, 
economic growth and employment growth trends in the EU have been interrupted, 
and inequalities between regions have worsened (EC 2010). GDP and employment 
growth in the 20–64 age group fluctuated significantly between 2000 and 2020 in the 
EU. The crisis hit member states to varying degrees. The Baltic countries, particularly 
Spain and Ireland, have been hit hardest by declining labour demand due to the 
economic downturn. The highest unemployment rate was recorded in Lithuania in 
2009 (17.3%), followed by Spain (17.2%), Latvia (13.7%), Estonia (13.3%), and 
Ireland (12.0%). In Spain, which has been significantly impacted by the crisis, 
unemployment rose sharply, and by 2013 the unemployment rate had reached 27.3%. 

Reform efforts introduced in the EU have contributed to job-creating economic 
growth. Unemployment rates for the 20–64 age group returned to pre-crisis levels in 
2018 but remained high in many member states (EC 2018b). In the year before the 
coronavirus epidemic (2019), Greece (17.3%), Spain (13.8%) and Italy (9.9%) were 
still experiencing significant unemployment. 

The economic crisis has highlighted the interdependence of our national 
economies (reforms implemented in one country also affect the performance of 
others) and our reflection on the crisis that we are much more effective in enacting 
change when we work together (EC 2013). 

The next section explains the purpose of the research, followed by a description 
of the methodology of the study and the range of data used. Finally, the results of the 
study and the conclusions that can be drawn from them are presented. 

Research objective  

This study deals with the eligibility of the EU’s Nomenclature of Territorial Units for 
Statistics (Nomenclature des Unités Territoriales Statistiques – NUTS) 2 level regions 
for support. Specifically, it aims to explore whether a more complex regional 
categorisation model based on the ‘Europe 2020’ strategy indicators for 2019 would 
result in a significant shift from GDP-based categories. According to the hypothesis 
related to the research question, a composite model can be created based on the 
indicators of the Europe 2020 Strategy, which expresses the development differences 
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between regions in a more complex way and allows a more nuanced delimitation. It 
is posited that the constructed composite model will identify a larger number of 
regions as catching-up and lagging areas than the traditional entitlement 
categorisation. 

For a sustainable future, the European Commission has set out its Europe 2020 
growth strategy for the period 2010–2020. The Europe 2020 Strategy is the long-term 
orientation of EU countries toward smart, sustainable, and inclusive growth (Müller-
Frączek 2019, Walesiak et al. 2021). The objectives of the strategy were formulated 
by considering the factors that influence economic growth. Numerous empirical 
studies have demonstrated that the human capital variable can explain a significant 
proportion of the variance in per capita GDP between countries (Mankiw et al. 1992). 
According to experts, the most important element of the long-term solution to 
economic problems is the drastic increase in the education and knowledge of the 
population (Jankó 2010, Alpek–Tésits 2019, Hajdú 2020). The growth of higher 
education has a positive impact on regional macroeconomic growth (Koltai–Filó 
2021) and positively influences the development of regional economic and social 
cohesion (Canal Domínguez 2021). A higher level of education can provide better 
employment opportunities (Hajdú–Koncz 2021, 2022). Moreover, by increasing 
employment rates, poverty can be alleviated and general ‘quality of life’ increases (Egri 
et al. 2009, Egri 2017). 

The EU cohesion policy and budget for the period 2014–2020 were set in line 
with the objectives of the Europe 2020 Strategy. More than a third of the European 
budget has been invested in key areas (EC 2015). Financial instruments associated 
with the objectives are the European Regional Development Fund (ERDF), the 
European Social Fund (ESF), and the Cohesion Fund (CF). 

The smart and inclusive growth targets set out in the strategy are as follows: 
 spend 3% of EU GDP on research and development (R&D), 
 reduce early school drop out to below 10% across the EU, 
 raise the proportion of people with a tertiary degree to 40% in the 30–34 age 

group, 
 raise the employment rate of the 20–64 age group to 75%, and 
 reduce the number of people living in poverty and social exclusion by  

20 million. 
Given that inequalities between regions have been further exacerbated by the 

crisis, most of the Structural and Investment Funds (ERDF, ESF, CF, European 
Agricultural Fund for Rural Development, and European Maritime and Fisheries Fund) and 
programs have specifically targeted less-developed regions (Malloy 2010, Jones et al. 
2020), promoting the convergence of these regions toward more developed regions 
(Panzera–Postiglione 2021). Several studies have shown that, although the impact is 
not uniform, European cohesion policy has positively contributed to economic 
growth in lagging areas (Gagliardi–Percoco 2016, Fratesi–Wishlade 2017). In 
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particular, the performance of rural areas close to metropolitan agglomerations has 
improved. Favourable geography and the progressive suburbanisation of rural 
landscapes have created new opportunities for rural areas close to cities. 

From a policy point of view, the categorisation of regions by level of development 
is certainly relevant. For the 2007–2013 budget periods, the eligibility of regions at 
the NUTS2 level was determined based on a threshold of 75% of the EU average 
GDP per capita (EC 2006). The allocation of resources for the 2014–2020 budget 
period continued to be based on the premise that support was provided to the most 
deprived regions (Nyikos 2017). However, in the name of a political compromise, the 
category of transition regions was introduced. The introduction of the transitional 
category sought to maintain an interest in cohesion policy in member states with 
essentially developed regions (and net contributors). Therefore, the regions in the 
2014–2020 budget period were ranked (EC 2020a) and divided into three groups 
(Figure 1): 

 less-developed regions (GDP per capita is less than 75% of the EU average), 
 transition regions (GDP per capita 75–90% of the EU average), and 
 more developed regions (GDP per capita exceeded 90% of the EU average). 
When classifying regions according to their level of development, we must not 

forget that the EU’s regional division has been revised and amended several times 
over the years. With the 2013 amendment, the number of regions was expanded to 
276. At that time, the most significant change was the accession of Croatia to the 
NUTS classification. A total of 281 statistical regions were created in the EU with the 
2016 revision of NUTS (EC 2018a, 2020b). These changes affected six member 
states: Ireland, France, Lithuania, Poland, the United Kingdom, and Hungary, where 
Central Hungary (HU10) split into Budapest (HU11) and Pest (HU12). The latest 
amendments cover the budget period 2021–2027. The new nomenclature covers 27 
member states of the EU and the United Kingdom. The NUTS2021 classification 
includes 283 regions at the NUTS2 level, and a new amendment concerning regions 
in Croatia (Eurostat 2021). In addition, a number of amendments have been made 
which have changed not only the number of regions but also their boundaries and, 
simultaneously, their population. 

For the budget period 2021–2027, the European Commission has proposed 
changing the previous threshold for transition and more developed regions. 
According to the proposal, regions with a GDP per capita between 75% and 100% 
of the EU average should be considered transition regions. This change will 
significantly increase the population in the transitional category from approximately 
15% to more than 25% of the EU’s total population (EC 2020a). As a result of these 
new regulations, a significant number of previously identified regions have been 
transferred to the transitional category (e.g. France, Germany, Spain, and Finland). 
The rearrangements between the categories were determined not only by changes in 
the regulations but also by changes in the economic situation of the regions. The 
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economic performance of several regions in the Czech Republic and Poland has 
improved whereas the situation in some regions in Spain and Greece has deteriorated. 
In Hungary, after the division of the Central Hungary region, which previously 
belonged to the more developed category, only Budapest was considered more 
developed while Pest County was ranked among the less-developed regions. 

Figure 1 
ERDF and ESF eligibility 

 

 

González et al. (2014) stated that NUTS2 level GDP maps are a good illustration 
of regional disparities, but territorial cohesion policy needs to go beyond GDP. 
Recent research emphasises the plural approach (Jones et al. 2020), with composite 
measures of progress and well-being gaining prominence (Walesiak et al. 2021). The 
structure of complex indicators involves several subjective decisions. Pasimeni (2012) 
proposed the development of a synthetic, composite ‘Europe 2020 index’ to assess 
the effects of the Europe 2020 Strategy and to determine its level of development, 
which allows comparisons between member states. Rappai (2016) developed a 

Less developed regions
Transition regions
More developed regions
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complex indicator that also considers correlations, thus measuring progress in a 
complex manner. Fura et al. (2017) developed synthetic indicators such as a 
positioning measure based on the median of the indicators. The composite indicator 
developed by Becker et al. (2020) aggregates the differences between the achieved 
values of each member state or region and the target values set in the strategy. 

As part of this research, I examine the change in the smart and inclusive indicators 
of the Europe 2020 Strategy (intramural R&D expenditure by percentage of GDP, 
employment rate, early leavers from education and training, people at risk of poverty 
or social exclusion, and tertiary educational attainment) between 2009 and 2019. The 
year 2009 reflects a state of the crisis in the labour market and the return to pre-crisis 
levels in 2019. 

As a first step in the categorisation of regions based on 2019 data, a correlation 
study will explore the strength and direction of the correlations between the indicators 
and other selected background variables. Subsequently, I compress the information 
content of the variables involved in the research into composite indicators using 
principal component analysis (PCA). I examine the degree of clustering determined 
by the new latent variables and the spatial arrangement of the possible clusters using 
a spatial autocorrelation procedure. Finally, I arrange the regions into homogeneous 
groups using cluster analysis along the dimensions of the new latent variables. 
Ultimately, the results obtained are compared with traditional GDP-based 
categorisation. 

Data and method 

Methodology 

During the preparation of this study, the main focus was on the analysis of statistical 
data collected from secondary sources. The data used were obtained from the 2009 
and 2019 NUTS2 data files of the Eurostat database. An exception was the intramural 
R&D expenditure (percentage of GDP) database, for which only 2018 data were 
available. The territorial basis for the analysis was provided by the regions of 28 EU 
member states. This study was based on the NUTS2 (regional) territorial levels 
defined according to the NUTS 2016 statistical regionalisation system. 

To perform regional typing based on the 2019 data, I examined the possibilities 
of condensing the European 2020 indicators and other background variables into a 
composite indicator. To group the variables of the imputed basic database and 
compress the content of the variables with minimal information loss, I performed a 
factor analysis after Z standardising the data. PCA was used as the extraction method. 
In the analysis, the results of the correlation study were the starting point because 
PCA is based on the Pearson correlation matrix. The essence of the method is the 
existence of linear correlations between the individual variables, based on which new 
indicators are formed by linear regression. From the set of linearly correlated variants 
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in pairs, uncorrelated principal components are generated by orthogonal 
transformation (Zou et al. 2006, Kovács 2014, Liu et al. 2019) such that the first few 
components describe a fairly large fraction of the total variance squared of the 
variables (Jolliffe 2005). 

A variable should be omitted from the analysis if the proportion it explains is too 
low. If the communality (multiple coefficients of determination) is less than 0.25, the 
variable does not correlate strongly with any main component (Kovács 2014). 

PCA was performed using several parameters and components. To ensure the 
validity of the factorisation, the Kaiser–Meyer–Olkin (KMO) measurement and 
Bartlett’s spherical test were also performed. The KMO criterion was used to assess 
the suitability of the variables for factor analysis. Kaiser (1981) originally 
recommended that the baseline criterion for factorability should be 0.50. Based on 
Kaiser's recommendation, the KMO index was interpreted as follows: KMO≥0.9 
excellent, KMO≥0.8 very good, KMO≥0.7 adequate, KMO≥0.6 moderate, 
KMO≥0.5 poor, and KMO<0.5 unacceptable. The basic hypothesis of Bartlett's chi-
square test is that the original variables are independent (Arsham–Lovric 2011); our 
variables are suitable for factor analysis if the homogeneity test hypothesis can be 
rejected.  

The number of significant principal components was operationalized directly on 
the one hand, and by providing own values (Eigenvalues), based on the Kaiser 
criterion, on the other. For a factor to have positive Kuder–Richardson reliability 
(Cronbach’s alpha), it is necessary and sufficient for the associated eigenvalue to be 
greater than 1 (Kaiser 1960). Finally, variables with a Cronbach’s alpha greater than 
0.70 were included in the PCA. 

The clustering of latent variables generated by PCA was also examined using 
spatial autocorrelation and hierarchical cluster analysis. In the research framework, I 
also compiled global and local Moran I statistics from spatial autoregressive modelling 
procedures. The basic assumption of spatial autocorrelation statistics is that the spatial 
distribution of the data follows a random pattern (Tóth 2014). As a result of the test, 
an index and a Z value were obtained. A statistically significant positive Z value 
indicates a spatial grouping of data whereas a negative Z value indicates data scatter. 
Values close to zero indicate a random spatial distribution of the data (Dusek 2004). 

Local Moran I is a spatial autocorrelation study that informs about the spatial 
distribution of inequalities together with GIS visualisation (Tóth 2003), ignoring the 
extent of the differences. Local Moran I assigns a numerical value to each region, the 
expected value of which is 0, so if we get a value significantly different from 0, it 
indicates a regularity that can be discovered in the spatial arrangement. Two types of 
regular arrangements have been distinguished (Anselin 1995). In the case of a positive 
autocorrelation, the data of the adjacent area units are similar; in the case of a negative 
autocorrelation, the adjacent areas differ (Nemes Nagy 2005). In the case of a non-
autocorrelation, the individual values are distributed randomly and the spatial 
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differences do not draw a regular spatial shape. Neighbourhood relations are based 
on queen contiguity, with 999 permutations. The Moran scatter plots collectively 
represent the standardised values of the variables and their associated local Moran I 
values. The four plane quarters of the scatterplot represent the high–high, low–low, 
high–low, and low–high groups (Tóth 2003).  

In the empirical research, the regions were grouped along the dimensions of the 
established principal components using a hierarchical cluster analysis procedure. 
Cluster analysis is suitable for arranging (clustering) data arrays into homogeneous 
groups; therefore, it essentially functions as a dimension-reducing method (Rao 1971, 
Tésits et al. 2021, Kökény‒Kiss 2021). The essence of clustering is that the data within 
each cluster are similar in some dimensions; in this respect, they also differ from the 
elements of other clusters (Bardhoshi et al. 2021). The hierarchical cluster analysis 
procedure was performed using the Ward method, which is less sensitive to outliers, 
the essence of which is to reduce the internal heterogeneity of the clusters to be 
created (Székelyi–Barna 2008). The square Euclidean distance was used to measure 
the distance between clusters. The new variable obtained by clustering (CLU) was 
nominal, which allows the use of the nonlinear association coefficient (ETA). ETA2 
is the quotient of the sum of squares between the groups and the total deviation. The 
distinctive power of the variables was also assessed using an analysis of variance 
(ANOVA) standard deviation resolution table. As a control, the rank-based Kruskal–
Wallis test was performed as an effective alternative to the one-way ANOVA 
(Breslow 1970, Vargha–Delaney 1998). 

Database 

The initial basic database of the research included five main indicators of smart and 
inclusive growth of the Europe 2020 strategy and 17 other indicators (background 
variables). The background variables were selected in relation to the topics of the five 
main indicators, considering the correlations between them.  

For four of the selected indicators of the Europe 2020 Strategy (intramural R&D 
expenditure by percentage of GDP, tertiary educational attainment, early leavers from 
education and training, and people at risk of poverty or social exclusion), data were 
missing for 2019, which is 8.732% of the total database. In the case of the examined 
variables, a general lack of data patterns can be detected, i.e. the pattern does not have 
any specialty (Oravecz 2008).  

When compiling the initial basic database, there was a significant lack of data on 
several background variables. Data gaps typically stemmed from the voluntary nature 
of data collection, which affected a significant proportion of the entire database; 
therefore, the final database operated with only a very narrow dataset. The potential 
background variables for the analysis were filtered based on the missing amount of 
data; the lack of data classified as significant (> 20%) was an exclusionary reason. The 
lack of data was significant for the following indicators: regional GDP (purchasing 
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power standard [PPS] per inhabitant), job vacancy, impact of social transfers, 
motorways (km/1000 km2), less than primary or primary education rate (25–64 years), 
people living in households with very low work intensity, severely materially deprived 
people, at risk of poverty, and individuals regularly using the Internet. 

Based on the above criteria, 8.099% of the values were missing from the basic 
database containing 14 variables. The method of dealing with data gaps was multiple 
imputation (MI), which was first proposed by Rubin (1987). Multiple imputation is 
one of the most widely used missing data management techniques (Chung–Cai 2018) 
and can be applied to virtually any data structure or model type (Allison 2003). Ginkel 
et al. (2014) demonstrated that MIs can be safely applied in the context of PCA. 
Multiple imputation has already been shown to be effective with a small number of 
imputations, depending on the percentage of missing data (Allison 1999). In general, 
we can use imputation for variables where a maximum of 30%–40% of the data per 
variable is missing, but the lack of data in the entire database does not exceed 10%–
15%. During imputation, a linear regression model was created to address missing 
data, with other complete variables as predictors. 

In the research framework, correlations between the indicators of the basic 
database and their strengths were explored by means of correlation analysis. Pearson’s 
correlation analysis was performed to examine the correlation between the baseline 
and imputed database variables. The value of the coefficient varies between +1 and -
1. The coefficient is strong in the range of 0.7 to 1 in absolute values, medium at 
intervals of 0.3 to 0.7, and weak at 0–0.3 intervals (Nemes Nagy 2005). Depending 
on the results obtained, the selected significance levels were 1% and 5% (p= 0.01 and 
p= 0.05), respectively. The strength of the relationships showed a minimal 
improvement of a few hundred percent due to imputation of some indicators. In the 
next stage of the research, the basic data for the analysis were provided by the imputed 
database. 

Descriptive statistics 

The basic descriptive statistics (minimum, maximum, mean, and standard deviation) 
of the variables from the basic imputed database are listed in Table 1. 

The extent of the differences between the minimum and maximum values of the 
variables suggests significant differences in development between regions. Based on 
the extent of deviation from the expected value, the values in some regions differ 
significantly from the average. 
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Table 1 
Descriptive statistics of examined indexes, 2019 

Examined indicators Minimum Maximum Mean Std. dev. 

Intramural R&D expenditure (% of GDP) 0.09 8.52 1.639 1.205 

GDP at current market prices (EUR/capita) 5,400 102,200 30,961 14,758 
Income quintile share ratio, S80/S20 (%) 2.80 9.10 4.686 0.958 

Life expectancy at birth (years) 73.70 85.80 81.116 2.440 
Early leavers from education and training  
(% of population aged 18–24) 

 
1.70 

 
27.20 

 
10.405 

 
4.728 

Tertiary educational attainment  
(% of population aged 30–34) 

 
16.30 

 
78.60 

 
40.206 

 
11.221 

Lifelong learning – Adult participation age group 25–64 
(% of population) 

 
0.60 

 
35.80 

 
11.408 

 
7.139 

Employment rate age group 20–64 (% of population) 43.30 85.10 74.074 7.957 
Activity rate age group 20–64 (% of population) 57.70 91.0 80.457 5.202 
Employed in the high-technology sector  
(% of total employed) 

 
0.80 

 
11.90 

 
3.832 

 
2.045 

People at risk of poverty or social exclusion  
(% of population) 

 
7.90 

 
49.70 

 
20.279 

 
7.362 

Unemployment rate age group 20–64 (% of population) 0.84 29.80 6.270 5.147 
Long-term unemployment, 12 months or more  
(% of unemployed) 

 
11.30 

 
84.40 

 
36.422 

 
14.361 

Less than primary, primary and lower secondary 
education, levels 0–2 (% of unemployed) 

 
1.96 

 
45.50 

 
11.411 

 
7.179 

Results 

Change and correlation of Europe 2020 indicators 

The achievements of the targets set in the Europe 2020 Strategy are diverse. Key 
indicators improved significantly between 2009 and 2019. Among the indicators 
relevant to the research (Table 2), the educational target values (the proportion of 
early school leavers and those with tertiary education) were met in 2019 at the EU 
level. Expenditures on R&D as a share of GDP rose to 2.14% while the employment 
rate stood at 73.9%.  

At the regional level, a positive change can be observed in the field of employment: 
the employment rate for the 20–64 age group shifted predominantly to 70%–85% by 
2019. The proportion of people with tertiary education also rose and was 
concentrated at approximately 30%–60%. Overall, the rate of early school leavers also 
improved compared to that in 2009, at around 10% in most regions. 
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Table 2 
Headline indicators of Europe 2020 Strategy at national level 

Headline indicators EU28 (2009) EU targets EU28 (2019) 

Intramural R&D expenditure (% of GDP) 1.93 3 2.14 
Early leavers from education and training  
(% of population aged 18–24) 

 
14.2 

 
<10 

 
10.3 

Tertiary education attainment 
(% of population aged 30–34) 

 
32.3 

 
≥40 

 
41.6 

Employment rate age group  
(% of population aged 20–64) 

 
68.9 

 
75 

 
73.9 

Poverty and social exclusion (% of population) 23.8 – 21.4 

The correlation calculation between the values of the Europe 2020 indicators 
examined at the regional level in 2009 and 2019 naturally showed a strong positive 
correlation, with all correlation coefficients above 0.7. 

The coefficients of the indicators of R&D, employment, skills, and 
impoverishment defined in the strategy and the selected background variables for 
2019 are presented in Table 3. In the correlation matrix, all coefficients were 
significant at the p= 0.01 level. No explicit correlations were found between these 
indicators. A moderately strong positive correlation (r= 0.373) was found between 
intramural R&D expenditures (% of GDP) and employment. It thus follows that the 
coefficient of determination is also very low, R2= 13.91%; that is, R&D expenditures 
explain only 13.91% of the variance in employment. Among the Europe 2020 
indicators, the people at risk of poverty or the social exclusion indicator have the most 
correlations, and the employment rate shows the strongest correlations. There is a 
negative, moderately strong correlation between poverty and R&D expenditures  
(r= –0.306) and employment (r= –0.646) and the proportion of those with tertiary 
education and early school leavers (r= –0.453). 

The coefficients calculated for the background variables were significant at the 
95% and 99% confidence intervals. For most variables, medium correlations were 
observed. The employment rate clearly shows a strong correlation with the activity 
rate, unemployment rate, and the indicator of less than primary, primary, and lower 
secondary education (levels 0–2) percentage of the unemployed. There was a 
moderately strong correlation between the proportion of people with tertiary 
education and the proportion of people employed in the high-tech sector. There was 
also a moderately strong correlation between people at risk of poverty or social 
exclusion and the unemployment rate, as well as the income quintile share ratio 
(S80/S20). Life expectancy (years) showed the lowest number of and weakest 
correlations. 
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Table 3 
Correlation of Europe 2020 indicators, 2019 

Indicators 

Intramural 
R&D 

expen-
ditures 

Early 
leavers 
from 

education 
and 

training 

Tertiary 
educa-
tional 

attainment 

Employ-
ment rate 

People at 
risk of 

poverty or 
social 

exclusion 

Intramural R&D expenditures 1 –0.275** 0.291** 0.373** –0.306** 
Early leavers from education – 0.275** 1 –0.453** –0.417** 0.493** 
Tertiary educational attainment 0.291** –0.453** 1 0.300** –0.353** 
Employment rate 0.373** –0.417** 0.300** 1 –0.646** 
People at risk of poverty –0.306** 0.493** –0.353** –0.646** 1 
GDP at current market prices 0.562** –0.231** 0.457** 0.475** –0.409** 
Income quintile share ratio (S80/S20) –0.175** 0.487** –0.221** –0.282** 0.607** 
Life expectancy (years) 0.321**  0.259**  –0.196** 
Activity rate (20–64 age group) 0.393** –0.330** 0.366** 0.896** –0.528** 
Employed in high-tech sector 0.468** –0.364** 0.601** 0.396** –0.399** 
Unemployment rate (20–64 age group) –0.255** 0.452** –0.150 * –0.861** 0.611** 
Long-term unemployment  –0.275** 0.309** –0.416** –0.709** 0.540** 
Levels 0–2 education % of unemployed –0.159** 0.380** –0.147*  –0.675** 0.474** 
Lifelong learning (25–64 age group) 0.362** –0.190** 0.419** 0.345** –0.334** 

* Correlation is significant at the 0.05 level. 
** Correlation is significant at the 0.01 level. 

Principal component analysis 

Possible data gaps limiting the factor-level analysis of Europe 2020 indicators and 
potential background variables were filled in by pre-filtering the variables and 
imputing gaps not exceeding 20%. The imputation had a minimal effect on the 
relationship between the original variables. The composite models in Table 4 were 
constructed using a narrow range of background variables that were not or were only 
slightly affected by the lack of data. 

For the first model, which contains only the Europe 2020 indicators, the KMO 
value is 0.751, indicating that the variables are suitable for factor analysis. Medium-
strength correlations existed between the variables. In the analysis, one main 
component was formed, the explanatory power of which was 51.3%, which was 
below the limit. 

The variables of the second model were supplemented with indicators employed 
in the high-technology sector, unemployment rate, and less than primary or primary 
education levels (0–2) of unemployment. The KMO index was greater than 0.7; thus, 
the variables were proven suitable for factor analysis. This was also confirmed by 
Bartlett’s chi-square test with a 99% confidence interval rejecting that the original 
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variables were independent. In terms of communality, the two extremes were 
unemployment rate and R&D spending. The unemployment rate retains 91% of the 
original information and 43% of R&D expenditures. Two main components were 
generated in the composite model. The combined variance quotient of the main 
components was 68.1%. The first component included variables related to 
unemployment, employment, and the risk of poverty, and the second included 
indicators related to skills, R&D expenditures, and employment in the high-
technology sector. Based on the information they compress, I refer to the main 
components as ‘Relative deprivation’ and ‘Innovation environment’.  

Table 4 
Regional PCA models, 2019 

Parameters Model_1 Model_2 

KMO 0.751 0.766 
Sums of Squared Loadings Component 1 Component 2/1 Component 2/2 
Total 2.587 3.106 2.339 
% of variance 51.741 38.821 29.231 
Cumulative % 51.741 68.053 

Components Principal 
component 

Relative 
deprivation 

Innovation 
environment 

People at risk of poverty –0.808 0.666 –0.415 
Employment rate 0.785 –0.861 0.293 
Early leavers from education –0.744 0.443 –0.532 
Tertiary educational attainment 0.648 0.049 0.836 
Intramural R&D expenditures 0.587 –0.169 0.632 
Employed in high-tech sector  –0.182 0.825 
Levels 0–2 education % of unemployed  0.876 –0.035 
Unemployment rate (20–64 age group)  0.945 –0.134 

Spatial autocorrelation of principal component 

The regional spatial inequality determined by the innovation environment and relative 
deprivation variables was revealed by global and local Moran’s I analysis (Figure 2). 
The value of global Moran I for the principal component of relative deprivation was 
I=0.609, indicating strong clustering. In the case of the innovation environment, 
I=0.308, which confirms the existence of a smaller degree of clustering. 

The spatial pattern of the main components of the relative deprivation and 
innovation environment was mapped using the local test function of spatial 
autocorrelation (local Moran I statistics). Only regions with a local Moran I value 
considered significant at the 99% confidence interval are shown on local indicator of 
spatial autocorrelation (LISA) maps. The maps can be used to identify the regions 
that contributed the most to the high Moran’s index, which indicated high spatial 
autocorrelation. These are hot spot (high–high) regions that, with their high value, 
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have similar above-average neighbours. Regions with lower-than-average values and 
neighbouring regions appear as cold spots (low–low). 

Figure 2 
LISA maps – ‘Relative deprivation’ and ‘Innovation environment’, 2019 

 

For the relative deprivation principal component, 27 and 62 regions can be 
considered hot and cold spots, respectively. The hot spots were located in Spain, 
southern Italy, Greece, and France, indicating above-average unemployment in these 
regions. The regions identified as cold spots were concentrated in Central Europe and 
the United Kingdom. The analysis identified a minimal number of regions that are in 
stark contrast to neighbouring regions in terms of their labour market situation, of 
which five regions are low–high outliers (Portugal: Algarve [PT15], Alentejo [PT18], 
Belgium: Prov. Vlaams-Brabant [BE24], Bulgaria: Yugozapaden [BG41], Yuzhen 
tsentralen [BG42]), namely low-value regions for which neighbouring regions have a 
high value. These include the two southernmost regions of Portugal, the capital and 
neighbouring regions of Bulgaria, and the region surrounding the Belgian capital. In 
these regions, there is clearly a prevailing positive effect of capital. A further two 
regions appear as high–low outliers (Germany: Bremen [DE50], United Kingdom: 
Tees Valley and Durham [UKC1]); these are high-value regions for which the 
neighbouring regions have a low value, namely Tees Valley and Durham in the United 

Relative deprivation  Innovation environment

Not significant (185)
High–High (27)
High–Low (2)
Low–High (5)
Low–Low (62)

Not significant (236)
High–High (17)
High–Low (6)
Low–High (2)
Low–Low (20)
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Kingdom and Bremen in Germany. While it is true that both regional centres were in 
their heyday during the industrialisation period (Durham – coal mining, Bremen – a 
free Hanseatic city), they have since been mainly stagnant. 

The lower global Moran I value of the innovation environment principal 
component has a lower number of hot and cold spots. Only 17 were classified as high 
to high, ten of which were in the London and southern regions of the United 
Kingdom. The other high–high regions are isolated from each other, typically 
adjacent to the capital regions of Finland, Sweden, Ireland, and Belgium. This study 
identified a significant number of cold spots in Bulgaria, Romania, and Hungary.  
In addition, some regions in southern Spain and southern Italy had below-average 
innovation environments. Of the outlier regions identified, two belonged to the  
low–high (Sweden: Norra Mellansverige [SE31], Denmark: Sjælland [DK02]) cluster 
and six to the high–low cluster (Germany: Hamburg [DE60], Braunschweig [DE91], 
Italy: Lazio [ITI4], Bulgaria: Yugozapaden [BG41], Romania: București–Ilfov 
[RO32], Croatia: Kontinentalna Hrvatska [HR04]). There were significant regional 
differences between the capital regions of Denmark and Sweden, and those adjacent 
to these regions. High–low outliers are typically regions that include capital, so their 
innovation environment is more developed than that of neighbouring regions. 

Cluster analysis of principal components 

To facilitate the interpretation of the obtained results, hierarchical cluster analysis was 
performed to arrange and typify the regions into homogeneous groups using latent 
variables created by PCA. After structural analysis of the variables, four clusters were 
identifiable. Based on the F-test and the empirical significance level in the ANOVA 
table, the distinctive power of the principal components was found to be significant 
at p <0.01 level. The Kruskal–Wallis test, performed as an alternative to the test, 
yielded the same result. The ETA coefficient calculated for the nominal index of the 
cluster was 0.841 and 0.852 for the first and second principal components, 
respectively. Based on the within-group variance, the formed clusters can be 
considered homogeneous. The variance in the latent variables within each group did 
not exceed the total standard deviation in either case. 

The four clusters created were named outstanding, catching-up–innovation, 
catching-up–employment, and lagging, based on their characteristics according to the 
relative deprivation and innovation environment (Figure 3). When interpreting the 
data of the two latent variables, it should be noted that while the above-average value 
of the variable ‘Innovation environment’ is a measure of development, the above-
average value of the variable ‘Relative deprivation’ is an indicator of lag. 

The outstanding group includes regions that are considered to have developed in 
both dimensions. The regions belonging to the lagging group are characterised by a 
below-average innovation environment and a worse than average labour market 
situation. According to the relative deprivation dimension, catching-up–employment 
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regions are not considered to be lagging behind; namely, their labour market situation 
is favourable while their innovation environment is below average. The regions in the 
catching-up–innovation group perform slightly above average in the innovation 
environment dimension, but significantly lag behind the outstanding regions. It is also 
important to point out that these regions, unlike the catching-up–employment group, 
show average performance in the other dimension.  

Figure 3 
Clusters of ‘Relative deprivation’ and ‘Innovation environment’ in EU, 2019 

The spatial arrangement of the created regional categories was already indicated 
by spatial autocorrelation with latent variables. The outstanding group overlapped 
with hot spots with above-average innovation environments while cold spots 
indicated regions in the catching-up–employment and lag clusters. The area of the 
cold spot identified by spatial autocorrelation analysis of the relative deprivation 
factor can also generally be fitted to regions of catching-up groups while hot spots 
show a high degree of identity with the lagging cluster. 
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The catching-up and lagging groups typically consist of member states that joined 
after 2004. Of the clusters created, the number of catching-up groups was the highest, 
at 205 regions, 97 of which had an above-average innovation environment and 108 
of which had a higher level of employment. The catching-up–innovation category 
typically includes Belgium, Luxembourg, Germany, Denmark, the Netherlands, 
Ireland, the United Kingdom, Spain, France, and Poland. Most of the regions in the 
catching-up–employment category are in Germany, Poland, Hungary, Bulgaria, 
Romania, northern Italy, and Portugal. The 32 regions of the Visegrad Group (V4) 
were included in the catch-up group. Hungary’s regions, with the exception of 
Budapest, are part of the catching-up–employment cluster. 

In terms of the dimensions of the main components, 40 regions were considered 
outstanding. These regions are typically the capitals of member states and their 
agglomerations (London, Brussels, Madrid, Berlin, Vienna, Prague, Warsaw, 
Budapest, Bucharest, Helsinki, Stockholm, etc.). The V4 has five outstanding regions: 
Budapest, Praha, Warszawski stoleczny, Makroregion Województwo Mazowieckie, 
and Bratislavský kraj. 

The lagging group is considered to be underdeveloped along both dimensions; in 
addition to a below-average innovation environment, the labour market position also 
lags behind. These are typically regions in Greece, southern Italy, and southern Spain. 
Only one of the 38 regions belonged to the V4.  

The regional categories developed in the research framework were compared with 
the GDP-based categorisation for the periods 2014–2020 and 2021–2027. While the 
regional categories overlap at several points, differences can be detected. The 
categorisation of regions based on the 2019 data created in the research framework 
identified a narrow range of regions as outstanding and lagging regions; therefore, 
these categories can be interpreted as extreme values. In both periods, almost all 
regions classified in the outstanding category were more developed while regions in 
the lagging category were less developed. A significant portion of the regions 
classified in the catching-up–innovation category was more developed in the period 
2014–2020. The period 2021–2027 is considered a transitional region, so the 
amendment of the regulation mainly affected this category. Regions in the catching-
up–employment category were typically underdeveloped in both funding periods. 

Conclusions  

Strengthening territorial cohesion is an important element of the Europe 2020 
Strategy that seeks to extend the benefits of economic growth to peripheral areas. 
Exploring regional differences based on strategy indicators is of key importance for 
resource allocation decisions in future budget periods. 

In the examined period, a slight spatial equalisation of strategy employment and 
qualification indicators can be observed; the scattering of the regions will occur at 
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much smaller intervals in 2019, which confirms the decrease in regional differences. 
Thus, the reduction in inequalities between regions is expected to strengthen 
cohesion. 

Unlike traditional GDP-based assessments, composite indicators can provide a 
more complex assessment of differences in regional development. PCA using the 
indicators of the Europe 2020 Strategy and involving additional background variables 
produced two composite indicators. Based on their information content, new latent 
variables called relative deprivation, and the innovation environment interact were 
created. However, synergy between dimensions does not mean that progress in one 
dimension can only occur at the expense of the other. 

The existence of regional spatial inequalities, determined by the two latent 
variables, was confirmed by a spatial autocorrelation study. The analysis identified 
significant high–high and low–low clusters for both variables. 

In the clusters of the final model created by cluster analysis of latent variables, the 
regions are well separated based on their differences in development (outstanding, 
catching-up, and lagging). Overall, the regions of the outstanding, catching-up, and 
lagging groups are characterised by development, catching-up, and lagging, 
respectively. The compiled map is an eclectic example of a polycentric pattern in 
which capital regions typically show strong performance. Regional differences in 
development level, an array of historical and geographical factors, as well as the 
different political attitudes, institutional conditions, and their interaction, basically 
govern the economic convergence processes in the region. 

The outstanding group typically includes the capital of the member states and the 
regions of their agglomeration. These results are in line with the findings of previous 
studies that confirm the presence of the capital in the region has a positive impact on 
its economic growth. 

The lagging group is considered to be underdeveloped along both dimensions; in 
addition to their below-average innovation environment, their labour market position 
is lags behind. Typical examples include Greece, southern Italy, and southern Spain, 
a significant portion of which are external border regions. The results also show a 
strong correlation with the findings in the literature on peripheral border regions; 
namely, a border location can negatively impact economic growth. 

The more advanced and transition regions identified by the European 
Commission based on GDP per capita for the period 2014–2020 overlap significantly 
with the outstanding and catching-up–innovation groups established in the research. 
The less-developed regions that benefit most from EU structural and cohesion funds 
tend to fit into the lagging and catching-up–employment groups established by the 
research. The difference is striking in the case of southern Spain and Portugal, where 
areas identified as more developed and transitional regions according to the traditional 
classification have been identified as catching-up and lagging areas by research based 
on composite indicators. 
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The European Commission has proposed changes to previous thresholds for 
transition and more developed regions for the 2021–2027 budget period. According 
to this proposal, the threshold for GDP per capita in the transitional category will 
increase by 10%. The amendment of thresholds significantly rearranged the previous, 
more advanced and transitional region categories. Downgrading mainly affects 
regions in Finland, Germany, France, and Spain, which have been classified as 
catching-up–innovation. The regions in the catching-up–employment and lag 
categories remained underdeveloped in the period 2021–2027, according to the GDP-
based categorisation. 

In addition to the changes in the regulations, the rearrangements between the 
categories were determined on the one hand by changes in the NUTS system and on 
the other by changes in the regions’ economic situation. Most of the changes in the 
NUTS system aimed at separating the more developed areas from their wider 
agglomeration (e.g. the division of the Central Hungarian region). The effects of the 
2008 economic crisis varied to some extent in member states. In 2019, the majority 
of regions in the member states severely affected by the crisis (Greece, Spain, and 
Italy) were still experiencing significant unemployment. The deterioration in 
economic performance between 2009 and 2019 affected the classification of some 
regions in Spain and Greece, which subsequently affected the classification of several 
regions in the Czech Republic and Poland. 

Research has shown that along the main dimensions of the Europe 2020 Strategy, 
a fault line can be identified in Europe, which is linked to the different effects of the 
2008 economic crisis on individual regions. 

Ultimately, the regional categorisation developed in the framework of the present 
study also confirmed the need for reclassification. With this change, the determination 
of eligibility for resources will be based on a categorisation that is more in line with 
the current developmental disparities. Awareness of regional disparities is of 
paramount importance in promoting regional and cohesion policies. The key to 
success lies in a complex approach that focuses on the specificities and needs of the 
areas. Exploring regional disparities based on European 2020 indicators will 
contribute to the development of sounder policies to strengthen resilience and will be 
key to resource allocation decisions in forthcoming budget periods, which will 
promote sustainable catching-up. 

Overall, the EU has the capacity to act in times of crisis and adapt its economies 
and societies to change. The experience gained during crisis management can be used 
to address recessions in the near future. Europeans today must once again prepare 
for transformation to cope with the effects of crises, overcome the EU's structural 
weaknesses, and address growing global challenges. It is indisputable that coronavirus 
outbreaks in 2020 will affect the EU economy. As a result of the crisis, regional 
performance fragmentation may intensify. Due to the economic recession caused by 
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the epidemic, meeting more of the Europe 2020 targets will be more challenging for 
member states than ever before. 
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