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Abstract 

The primary aim of this study is to explore how the Member States of the European Union have responded 
to the crisis, what labour market interventions were preferred, how the structure of labour market 
expenditures changed between 2008 and 2018. On the other hand, examines the connections between the 
indicators of the Europe 2020 strategy, as well as the possibilities of condensing the indicators into principal 
components. Along the dimensions of the created main components, the Member States were grouped by 
K-mean cluster analysis. The paper also analyses the relationship between the established clusters and the 
labour market expenditures of each Member State. 
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INTRODUCTION 

The financial and economic crisis that took place at the end of the first decade of the 2000s also 

spread to the labour market, as a result of which the European Union's previous employment 

growth trend was, interrupted (European Commission, 2010). According to Eurostat Labour 

force surveys in 2009, the total number of unemployed in the 27 Member States increased by 4 

million. The unemployment rate (percentage of active population) of the 20–64 age groups 

exceeded the 9% by the last quarter of 2009 (Fig. 2). By the first quarter of 2010, the 

employment rate of the priority age group had fallen to 68% of the total population and to 75.5% 

of the active age population (European Commission, 2013).  

As a result of the recession, the EU's economic growth and employment rate have also lagged 

behind those in the rest of the world. For a sustainable future, the European Commission has 

set out its Europe 2020 strategy for smart, sustainable and inclusive growth for 2010–2020. The 

Union's budget for 2014–2020 has been set in line with the objectives of the Europe 2020 

strategy. 

The main challenge for the Europe 2020 strategy is to be able to prevent an instinctive return 

to the pre-crisis situation. The crisis has also highlighted the interdependence of our economies 
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(reforms implemented in one country also affect the performance of others); and our reflection 

on the crisis that we are much more effective together. It follows from the above that social and 

territorial cohesion is the basis for achieving the set goals at both Member State and regional 

level (European Commission, 2010). All EU Member States are committed to achieving the 

objectives of the Europe 2020 strategy. 

Each country has developed a differentiated set of tools to deal with the general labour 

market crisis. Following the increase in unemployment, social spending increased in almost all 

Member States (Kálmán, 2015). Many tools for job creation are used in the countries, which 

involve significant expenditures (Ékes, 2011).  

 

THEORETICAL BACKGROUND 

The effects of the economic crisis, which began with the collapse of the US real estate market, 

have been felt to varying degrees in EU Member States. On the labour market effects at the 

national level, Fig. 1 provides information. The data refer to the 20–64 age group within the 

active population. The x-axis of the figure shows the 2009 level of the unemployment rate, 

while the y-axis shows the change compared to the previous year (year 2008= 100%).The two 

linear lines represent EU averages. 

 

Figure 1 Unemployment rate – 2009 level versus changes from during the crisis level 

 
Source: Own calculation and edition base on Eurostat data 

Declining labour demand due to the economic downturn between 2008 and 2009 hit the Baltic 

countries, Spain and Ireland hardest. The highest unemployment rates were recorded in 

Lithuania in 2009 (17.3%), followed by Spain (17.2%), Latvia (13.7%), Estonia (13.3%) and 

Ireland (12.0%). Unemployment did not increase in Luxembourg, in Germany also only 
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minimally. In half of the Member States, the unemployment rate remained below the EU 

average. The number of unemployed in Denmark has almost doubled, but did not exceed the 

EU average. 

Among the theories dealing with the economic growth and development of regions, 

endogenous growth theories emphasize the importance of local conditions. Models consider 

knowledge to be endogenous within an area (Romer, 1994; Capello, 2007; Lengyel, 2010). 

According to Rechnitzer, Barsi, Szabó & Németh (2003), the knowledge base of the workforce 

is high in successful regions. Living in a lower socio-economic area (SES) has also been linked 

to poor physical and mental health outcomes, as SES indicators (e.g. income, poverty, 

education) are major predictors of health and health inequalities around the world (Diez Roux, 

Borrell, Haan, Jackson & Schultz, 2004; Robinette, Charles & Gruenewald, 2017). 

Numerous empirical studies demonstrate that the human capital variable can explain a very 

large proportion of the variance in per capita GDP between countries (Mankiw, Romer & Weil, 

1992). According to experts, the most important element of the long-term solution of economic 

problems is the drastic increase of the education and knowledge of the population (Jankó, 2010; 

Hajdú, 2020). A higher level of education can provide better employment opportunities, and by 

increasing the employment rate, poverty can decrease and well-being increases (Egri, Törőcsik 

& Tánczos, 2009; Egri, 2017). 

The objectives of the Europe 2020 strategy have been formulated taking into account the 

factors influencing economic growth. Objectives of inclusive growth include raising the 

employment rate of the 20–64 age groups to 75% and raising the share of tertiary graduates to 

40% in the 30–34 age group. Furthermore, one of the EU's education priorities is to reduce the 

number of early school leavers across the EU to below 10% by 2020. One of the objectives of 

the Strategic Framework for European Cooperation and Training (Education and Training 

2020) is that, on average, at least 15% of adults at European level should participate in lifelong 

learning by 2020. 

The 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 (Fig. 2), but 

remained high in several Member States, for example Greece, Spain, Italy, Croatia and Cyprus 

(European Commission, 2018/a). The relatively short relief period was ended by an economic 

recession in the context of the coronavirus epidemic at the end of 2019. The Covid19 crisis has 

had a severe impact on EU labour market outcomes and is expected to shape them in the future. 

In the current economic climate, financial support has been provided to Member States by the 
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new SURE resource on the one hand and the Recovery and Resilience Building instrument at 

the centre of the "Next Generation EU" program on the other (European Commission, 2020). 

 

Figure 2 Unemployment rate for 20–64 age group in EU28 (2008–2020) 

 
Source: Own edition base on Eurostat data 

At European level, the Labour Market Policy (LMP) statistics available at national level are 

considered directly relevant and are used to monitor and evaluate the employment guidelines. 

LMP’s services cover all services and activities of the Public Employment Services as well as 

other publicly funded services provided to jobseekers (European Commission, 2018/b). Labour 

market policies vary from one Member State to another, depending on national needs and 

priorities. National LMP interventions are classified according to the type of activities 

according to the rules set out in the LMP methodology. The interventions can be grouped as 

follows: labour market services, training, employment incentives, supported employment and 

rehabilitation, direct job creation, start-up incentives, out-of-work income maintenance and 

support, early retirement. The data is fairly complete, but efforts are being made to further 

improve coverage. LMP data become available on average 18 months after the end of the 

reference year due to the complexity and voluntary nature of data collection. 

 

Objective of research 

The aim of the study is, on the one hand, to reveal how the Member States of the European 

Union have reacted to the crisis; what labour market interventions were preferred, how the 

structure of labour market (LMP) expenditures changed between 2008 and 2018. On the other 

hand, it examines between 2008 and 2018 the evolution and context of the five selected 

indicators of the Europe 2020 strategy (intramural R&D expenditure % of GDP, employment 

5

6

7

8

9

10

11

U
ne

m
pl

oy
m

en
t 

ra
te

, %



Győri, T. 
 

8 
 

rate at 20–64 aged, tertiary educational attainment at 30–34 aged, early leavers from education 

and training, people at risk of poverty or social exclusion). 

As part of the empirical research, I used the data from 2018 to examine how effectively the 

selected indicators of the Europe 2020 strategy can be condensed into a principal component. 

Furthermore, I researched whether the inclusion of other variables could create a principal 

component that compresses a significant portion of the information. For the preliminary 

screening of potential background variables, the set of TOP7 strongest and most correlated 

background variables were compiled. 

The main components produced using the 2018 data was subjected to a K-means cluster 

analysis in order to form groups of Member States along these dimensions. I examined the 

relationship between the established clusters and the 2018 LMP expenditures of each Member 

State. 

 

DATA AND METHODS 

During the preparation of the study, the emphasis was basically on the analysis of statistical 

data collected from secondary sources. The territorial basis of the analysis is the 28 Member 

States of the European Union. The data used were provided by the EUROSTAT database. Due 

to the temporal and spatial availability of the vast majority of the databases used (e.g. LMP 

statistics); the data at the Member State level in 2008 and 2018 were processed in the study. 

Data for 2008 illustrate the pre-crisis labour market situation; while 2018 already represents a 

return to 2008 (unemployment reached pre-crisis levels in this year). 

As a first step of the research, the changes in the level of labour market expenditures as a % 

of GDP and the unemployment rate in the 20–64 age group were compared at the Member State 

level. I then analysed the structure of LMP expenditures at 2008 and 2018. Data on LMP 

expenditure by type of measure are not available for the United Kingdom for both years and for 

Croatia in 2008. The data are given in Tables 8 and 9 in the Appendix. 

In the next phase of the research, I examined the changes in the employment and 

qualification indicators determining the inclusive growth of the Europe 2020 strategy between 

2008 and 2018. Data for the selected indicators for 2008 and 2018 are presented in Tab. 10 in 

the Appendix. The direction and magnitude of the correlations between the indicators were 

revealed by Pearson's correlation analysis in both years studied. The value of the coefficient 

varies between +1 and -1; the stronger the relationship is, the closer the absolute value of the 
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coefficient is to 1. The coefficient is strong in absolute terms in the range of 0.7–1, medium at 

0.3–0.7 intervals, and indicates a weak correlation at 0–0.3 intervals (Nemes Nagy, 2005). 

Depending on the results obtained in the study, the chosen significance levels were 1% and 5% 

(i.e., p= 0.01 and p= 0.05). 

In the next research unit – based on the 2018 data – I researched the possibilities of 

condensing the Europe 2020 indicators and background variables into a composite indicator by 

factor analysis (Principal components – PCA). A basic database of 25 variables was compiled 

for the analysis. I collected the variables of the basic database around the topic of the main 

indicators defined in the Europe 2020 strategy, supplemented by two accessibility indicators 

(Tab. 1). 

Of the 25 variables included in the study, 5 lacked data for 2018 data (LMP, job vacancy rate, 

people at risk of poverty or social exclusion, road/rail and navigable inland waterways 

networks, individuals regularly using the internet), which totals represented 1.6% of the values. 

The variables examined showed a general pattern of lack of data. In the case of a general lack 

of data, the pattern has no specialty (Oravecz, 2008). 

The multiple imputation (MI) proposed by Rubin (1987) was first, selected as a method to 

address data gaps. Multiple imputation is one of the most widely used missing data management 

techniques (Chung & Cai, 2018). The method can be applied to virtually any data structure and 

model type (Allison, 2003). Ginkel, Kroonenberg & Kiers (2014) demonstrated in their study 

that multiple imputation can be safely applied in the context of PCA. MI is already effective 

for a small number of imputations, depending on the percentage of data missing (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%. To 

address the lack of data, a linear regression model was developed for non-deficient observations 

as predictors. 

Pearson's correlation analysis was also performed to examine the variables in the base and 

imputed databases. The strength of the relationships showed a minimal improvement of a few 

hundredth % as a result of imputation for one or two variables. In the further stage of the 

research, the basic data of the analyses were provided by the imputed database. The basic 

descriptive statistics (minimum, maximum, mean, standard deviation) of the imputed basic 

database are given in Tab 1. 
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Table 1 Descriptive statistics of examined indexes (2018) 

Examined indicators (2018) Min. Max. Mean Std. dev. 

Intramural R&D expenditure % of GDP 0,50 3,32 1,64 0,85 
GDP/capita in PPS (% of EU27) 51,00 261,00 101,79 41,85 
Income quintile share ratio (S80/S20) 3,03 7,66 4,89 1,21 
Median income (€) 6849 27698 16724 5758,27 
Labour market policy (LMP), % of GDP 0,09 2,80 1,19 0,74 
Labour cost index (LCI) 5,40 43,90 22,35 12,12 
Life expectancy (years) 75,00 83,50 80,25 2,73 
Impact of social transfers (other than pensions) on poverty 
reduction % 

16,07 53,67 34,24 10,46 

Employment rate (20–64 aged) 59,50 82,40 73,82 5,29 
Activity rate (20–64 aged) 70,40 87,30 78,80 4,02 
Employed ICT specialists, % of total employed 2,20 6,80 4,12 1,24 
Job vacancy rate 0,60 5,50 2,16 1,12 
Tertiary educational attainment (30–34 aged) 24,60 57,60 42,71 8,79 
Lifelong learning – Adult participation in % of 
unemployed 

0,90 31,40 11,55 7,61 

Early leavers from education and training 3,30 17,90 9,24 3,94 
Less than primary, primary and lower secondary education 
(levels 0–2, 20–64 aged) 

3,80 27,30 14,45 6,07 

People at risk of poverty or social exclusion 12,20 32,80 21,76 5,39 
Unemployment rate (20–64 aged) 2,20 19,30 6,37 3,58 
Long-term unemployment (12 months and more) % of 
unemployed 

13,70 70,10 34,97 13,47 

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

11,80 52,60 27,08 11,36 

At risk of poverty rate (cut-off point: 60% of mean 
equivalised income) 

10,80 28,70 20,87 4,52 

Severely materially deprived people 1,30 20,90 6,60 4,84 
People living in households with very low work intensity 4,50 14,60 8,50 2,54 
Accessibility indicators     
Road/rail and navigable inland waterways networks 
(km/1000km2) 

0,00 81,00 22,00 20,11 

Individuals regularly using the internet 62,50 95,20 81,52 8,26 
Source: Own construction and calculation based on Eurostat data 

In order to group the designated indicators of the Europe 2020 strategy in 2018 and to reduce 

the number of variables, I performed a factor analysis after data-standardizing. The method of 

extraction was Principal components analysis. Principal component analysis (PCA) is widely 

used in data processing and downsizing (Zou, Hastie & Tibshirani, 2006). In the analysis, I used 

the results of the correlation test as a starting point; for the analysis is based on the Pearson 

correlation matrix. The essence of the method is the existence of linear correlations between 

the individual variables, on the basis of which we form new indicators by linear regression. 

From the set of linearly correlated variants in pairs, uncorrelated principal components were 

generated by orthogonal transformation (Shlens, 2014; Kovács, 2014; Liu, Singleton & 

Arribas-Bel, 2019). These new uncorrelated variables maximize variance (Jolliffe, 2005). To 

achieve well-interpretable results, the condition that the number of observation units be at least 

twice the number of variables must be met (Bottlik, 2008). The properties of PCA have some 
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undesirable features when the variables have different units of measurement. To overcome this 

undesirable feature, it is common practice to begin the analysis by standardizing the variables 

(Jolliffe & Cadima, 2016). It is worth omitting a variable from the analysis if the explained 

proportion would be too low. If the communality (multiple coefficient of determination) is less 

than 0.25, then the variable does not correlate moderately with any main component (Kovács, 

2014). Fabrigar et al. (1999), the value of communality above 0.7 can be considered high, below 

0.4 it can be considered low. One of the most important issues in factor analysis is the question 

of the appropriate number of factors (principal components) to be extracted (Hakstain & Muller, 

1973; Cattell & Vogelmann, 1977). This is a critical decision because the number of factors has 

a direct influence on the subsequent parameter estimates and the interpretation of the solution 

(Lambert, Wildt & Durand, 1990). 

To ensure the validity of the factorization, both the Kaiser-Meyer-Olkin measurement and 

the Bartlett spherical test were performed. The Kaiser-Meyer-Olkin (KMO) criterion is used to 

judge the suitability of variables for factor analysis, with a value between 0 and 1. Kaiser (1981) 

originally recommended that the baseline criterion for factorability should be 0.50. Based on 

Kaiser's recommendation, I interpreted the KMO index as follows: KMO>0.9 marvellous, 0.8–

0.9 meritorious, 0.7–0.8 middling, 0.6–0.7 mediocre, 0.5–0.6 miserable, KMO<0.5 

unacceptable. The basic hypothesis of Bartlett’s chi-square test is that the original variables are 

independent (Arsham & Lovric, 2011), the variables are suitable for factor analysis if the 

homogeneity test hypothesis can be rejected.  

Principal component analysis was performed with several parameters and components. To 

pre-screen the potential background variables of the analysis, a set of TOP7 strongest and most 

correlated background variables was compiled. I influenced the number of significant principal 

components on the one hand directly and on the other hand by giving my own values 

(Eigenvalues) based on the Kaiser criterion. 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, to compile the principal components of the Europe 2020 

indicators extended with other components, I used the group of factors for which the 

Cronbach’s alpha value is greater than 0.70. 

I performed a K-means cluster analysis with the principal components created during the 

empirical research. Cluster analysis is suitable for arranging (clustering) data arrays into 

homogeneous groups, so it essentially functions as a dimension-reducing method (Rao, 1971). 

The essence of clustering is that the data within each cluster are similar in some dimension, and 
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in this respect they differ from the elements of other clusters (Bardhoshi, Um & Erford, 2021). 

K-means clustering (MacQueen, 1967) is a commonly used method for automatically 

partitioning a data set into k groups. In the K-mean cluster analysis, the grouping of the data set 

is based on the selection of the central point and the calculation of the Euclidean distance 

(Bansal, Sharma & Goel, 2017). In a research with a small sample, K-means clustering can be 

used successfully (Székelyi-Barna, 2005). The number of clusters needs to be given before the 

analysis (Birkner, Peter & Fehérvölgyi, 2012). In the present research, the determination of the 

number of clusters was based on previous analysis (hierarchical cluster analysis). There is no 

clear specification for the sample elements and variables involved in the clustering study, the 

researcher should be careful to consider only those criteria in the grouping procedure that can 

be considered relevant based on theoretical considerations (Simon, 2006). 

Our new CLU variable obtained by clustering is nominal, which allows the use of the ETA 

coefficient. ETA2 in this case is the quotient of the sum of squares between the groups and the 

total deviation. The discriminant power of the variables was checked in ANOVA (analysis of 

variance) standard deviation resolution table. F test performed in the framework of ANOVA is 

a procedure for testing the equality of standard deviations, in which the null hypothesis is that 

the variance of two normally distributed samples is the same. Several studies have confirmed 

that with a given experimental error rate, F test is the strongest statistical test for examining 

variance (Ramsey, 1978; Harper, 1984; Ramsey & Ramsey, 2013). As a control study, the rank-

based Kruskal-Wallis test was run as an effective alternative to one-way analysis of variance 

(Breslow, 1970; Vargha & Delaney, 1998; Ostertagová, Ostertag & Kováč, 2014). 

 

RESULTS 

Change in LMP expenditures 2008–2018 

I first examined the extent to which unemployment increased in the first year of the crisis and, 

in this context, how the level of LMP spending changed between 2008 and 2010 at Member 

State level. LMP expenditure as a percentage of GDP related to crisis management measures 

ranged from 0.427% (Romania) to 3.675% (Spain) in the first year of the crisis. Expenditure on 

interventions has risen in all Member States after the crisis.  

Fig. 3 illustrates the cumulative development of expenditures as a % of GDP between 2008 

and 2010 and the change in the number of unemployed between 2008 and 2009, expressed in 

percentage points. In those Member States where unemployment has risen sharply (Lithuania, 
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Estonia, Latvia, Spain, Ireland), spending has also risen sharply. Member States' expenditure 

as a share of GDP is presented in ascending order based on changes in the unemployment rate 

of the 20–64 age groups. 

Compared to 2008, labour market expenditure as a % of GDP in 2009 increased almost 6 times 

(by 1.31 %points) in Estonia, more than 1.5 times (by 1.25 %points) in Ireland and by almost 

1.5 (1.15 %points) in Spain. In most Member States, expenditure has already increased to a 

lesser extent in 2010. On average in the European Union, LMP expenditure peaked at 2.124% 

this year. There was a significant decrease compared to the previous year in Estonia, Denmark, 

and Belgium; furthermore, to a lesser extent in Lithuania, Latvia, Luxembourg, Austria and 

Bulgaria. 

 

Figure 3 LMP expenditure by percentage of GDP and unemployment rate (2008–2010) 

 
Source: Own editing by Eurostat data 

After 2010, labour market expenditures as a share of GDP decreased with differences by 

Member State, but gradually at the EU level, and according to EUROSTAT data, by 2018, the 

EU as a whole fell below the pre-crisis level (Fig. 4). The significant variance in the expenditure 

ratio is due to the values of the following Member States:  

− Over 2%: France (2.84%), Denmark (2.80%), Finland (2.18%), Spain (2.15%), 

Belgium (2.15%) and Austria (2.07%) 

− Less than 0.5%: Romania (0.09%), Malta (0.35%) and the Czech Republic (0.46%). 
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The unemployment rate for the 20–64 age group is the highest in Greece (19.3%), while it ranks 

only 17th in terms of LMP expenditures. In addition to Greece, unemployment is also above 

10% in Spain and Italy. 

 

Figure 4 LMP expenditure as a percentage of GDP in EU Member States (2018) 

 
Source: Own editing by Eurostat data 

Five Member States were selected in the study. The selection was based on LMP expenditure 

as % of GDP (<3.5%) and the unemployment rate (<10%). For the Member States selected on 

the basis of the criteria (Denmark, Ireland, Spain, Greece and Italy), unemployment was plotted 

as a function of LMP expenditure (Fig. 5). 

A similar trend emerged in the curves illustrating the variables for Spain, Italy, Ireland and 

Denmark. Along with rising unemployment, the volume of LMP expenditures is increasing, 

and the curves are moving outwards. After 2013, there was a change, with the curves shifting 

to the origin, so in addition to improving unemployment data, Member States spent less on 

labour market interventions. 

In Greece, the labour market developed differently from in the Member States examined above. 

In this Member State more severely affected by the crisis, intervention spending has not risen 

with soaring unemployment. The unemployment rate has also been on a declining trend in 

Greece since 2013, but there is certainly a lack of intervention. The unemployment rate for the 

20–64 age group has barely fallen below 20%; here was the worst situation at EU level in 2018, 

next to Spain and Italy. 
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Figure 5 LMP expenditure by percentage of GDP and unemployment (2008–2018) 

 
Source: Own editing by Eurostat data 

Within the toolkit to address labour market anomalies, the weight of each measure varies 

significantly. In the framework of the research, I examined the structure of LMP expenditures 

in 2008 and 2018, which showed a very small change at the EU level, while at the Member 

State level there were more significant shifts in the share of each type of measure. 

On average, out-of-work income maintenance and support expenditures are the most 

significant in the EU, with a slight change in this category between 2008 and 2018. The share 

of early retirement expenditures within expenditures decreased by 3.3 percentage points, while 

employment incentives increased by 2.6 percentage points, the change in further measures was 

not significant, hovering around +/- 1 percentage points. 

The LMP expenditure (as a % of GDP) of most Member States is the highest in both years in 

the out-of-work income maintenance and support category (Fig. 6). The composition of LMP 

expenditure in Bulgaria, Poland and Slovakia in 2008 was different from the average. In 

Bulgaria, when examining the composition of the labour market toolkit, direct job creation 

stands out (37%), In Slovakia, early retirement (47%), while in Poland, early retirement and 

supported employment and rehabilitation interventions were prioritized by 23–23%. In 

Belgium, too, more than average, 27% of resources were spent on early retirement. There are 

also discrepancies in the Czech Republic and Malta, where more than a quarter of spending 

goes to the labour market services category. 

In the decade following the crisis, the proportions of types of measures changed in several 

Member States. In those countries where the structure of expenditures was different from the 

average in 2008, there was equalization towards average values. In Bulgaria, direct job 

creation, which previously stood at 37%, fell to 10% in 2018, accompanied by an increase in 

out-of-work income maintenance and support (72%). In Poland, less was spent on early 
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retirement and increased supported employment and rehabilitation and employment incentives 

spending by 10–10%. In Slovakia, early retirement, which was previously high, also declined 

and out-of-work income maintenance and support and employment incentives expenditures 

increased. In Denmark, the largest share of spending was on supported employment and 

rehabilitation in 2018, while 17% less was spent on early retirement. In addition to Denmark, 

Poland also spends one third of spending on supported employment and rehabilitation. Labour 

market services spending remains significant in Malta and the Czech Republic. Within the 

system of tools for dealing with labour market anomalies, the expansion of the possibility of 

public employment in Hungary has been given priority. Direct job creation increased from 12% 

to 48%, while out-of-work income maintenance and support spending was halved.  

 

Figure 6 Composition of LMP expenditure by EU Member State (2008, 2018) 

 
Source: Own editing by Eurostat data 

Following, I examined the changes in the indicators of inclusive growth in the Europe 2020 

strategy between 2008 and 2018, as well as the correlations of the indicators.  

Change and correlation of Europe 2020 indicators (2008-2018) 

Indicators of inclusive growth are of paramount importance for the labour market. The 

change of the indicators between 2008 and 2018 is illustrated in Fig.7. The figure shows the 

qualification variables at the national level (the proportion of those who drop out of school and 

the proportion of those with a higher education degree) as a function of the employment rate. 



Győri, T. 
 

17 
 

The first scatter plot illustrates the initial state in 2008 and the second the state in 2018. The 

employment rate in most Member States ranged from 65–80%, while the share of tertiary 

graduates was between 20–45% and the rate of early school leavers was typically below 20% 

in 2008. The indicators show a significant improvement over the period under review.  

 

Figure 7 Employment and qualification indicators by EU Member State (2008, 2018) 

 
Source: Own editing by Eurostat data 

In 2018, the standard deviation of the Member States will take place at a much smaller 

interval in all three dimensions, which justify the reduction of territorial differences. The 

number of Member States affected by employment rates below 70% has halved, with only 6 

countries having lower employment rates in 2018. The number of early school leavers was 

remarkably high, close to 30% or more in Portugal, Spain and Malta. By 2018, the value of the 

indicator had been reduced to below 20% in all Member States. The preferred value of the 

indicator at EU level is 10%, which has already been reached by most Member States. The 
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proportion of people with tertiary education has shifted upwards, ranging from 30–60% in 2018; 

proportions below 30% were reported only from Italy and Romania. 

In the examined years, the correlations between the Europe 2020 indicators were revealed 

by Pearson's correlation. The coefficients of the indicators of R&D, employment, skills and 

impoverishment are presented in Table 2. Only the coefficients that were significant at the p= 

0.01 and p= 0.05 levels are included in the correlation matrix. 

It was found that there is no explicitly strong correlation between the indicators for either 

the 2008 or 2018 data. In both years, a moderately strong positive correlation (r2008= 0.545, 

r2018= 0.395) was found between R&D expenditure as a % of GDP and employment. While 

there is a negative, medium-strong correlation (r2008= -0.590, r2018= -0.597) between poverty 

and R&D expenditure. 

 

Table 2 Correlation of Europe 2020 indicators (2008, 2018) 
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Intramural R&D expenditure 1 ,545** ,425*  -,590** 
Employment rate ,545** 1 ,531**   
Tertiary educational attainment ,425* ,531** 1   
Early leavers from education and training    1  
People at risk of poverty or social exclusion -,590**    1 
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Intramural R&D expenditure 1 ,395*   -,597** 
Employment rate ,395* 1   -,512** 
Tertiary educational attainment   1 -,518**  
Early leavers from education and training   -,518** 1  
People at risk of poverty or social exclusion -,597** -,512**   1 

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

Source: Own construction and calculation by Eurostat data 

Several differences were detected between the coefficients of the two examined time points. 

While the data for 2008 show a moderate correlation between the share of tertiary graduates 

and R&D expenditure and employment, in 2018 these correlations no longer exist. For the 2018 

data, there is a significant correlation between the proportion of people with tertiary education 

and early school leavers and between employment and poverty. 
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In the next phase of the research, composite indexes were created from the selected 

indicators of the strategy, and then by expanding them. Factor analysis was performed to 

compress the content of difficult-to-compare data with minimal information loss. 

Principal component analysis of Europe 2020 indicators 

Following the Z standardization of the 2018 data of the indicators, a factor analysis was 

performed, in which the factors were subtracted using the principal component method (Tab. 

3). The number of significant principal components was determined based on the eigenvalue of 

the components. The minimum value of the Kaiser criterion is 1.5, i.e., I considered only those 

components with a variance greater than 1.5 to be significant.  

 

Table 3 Principal component analysis of Europe 2020 indicators (2018) 

Parameters Composite index 

Extraction Method:  Principal Component 

Kaiser criterion 1,5 

Bartlett's test (significance) 0,000 

KMO 0,606 

Sums of Squared Loadings Component 1 

Total 2,312 

% of Variance 46,234 

Cumulative % 46,234 

Components (2018) 

Zscore: Intramural R&D expenditure 0,720 

Zscore: Employment rate 0,717 

Zscore: Tertiary educational attainment 0,593 

Zscore: Early leavers from education and training -0,521 

Zscore: People at risk of poverty or social exclusion -0,810 

Source: Own construction and calculation by Eurostat data 

Based on the Bartlett chi-square test, I discarded at all standard significance levels that the 

original variables were independent. That is, the test confirmed that the variables are suitable 

for factor analysis; the significance level is less than 0.05. However, the value of the Kaiser-

Meyer-Olkin (KMO) criterion is only 0.606, which means only mediocre. The variance 

explained from the variance of the variables is only 46.234%, i.e. our obtained factor retains 

only this much information. The factor with the lowest weight has the proportion of early 

leavers from education and training. The people at risk of poverty or social exclusion indicator 

retain 65.7% of the original information, while the rate of early leavers from education is only 

27.1%. 
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In order to improve the KMO values and to increase the information content of the principal 

components and the explained variance, other variables were included in the principal 

component analysis in the next phase of the research. 

Principal component analysis supplemented with background variables 

As potential background variables, 20 national-level variables were identified, which were 

subjected to a preliminary correlation analysis (Tab. 4). The largest numbers of selected 

potential background variables show a significant correlation with the indicator people at risk 

of poverty or social exclusion. This indicator is also outstanding in terms of the strength of the 

relationships, the value of the correlation coefficients for 4 potential background variables 

(S80/S20, impact of social transfers on poverty reduction, at risk of poverty rate, severely 

materially deprived people) is greater than 0.7 The indicator of people at risk of poverty or 

social exclusion explains the income quintile share ratio measure in 80.10%. Intramural R&D 

is also related to a large number of background variables, the indicator is in close direct 

proportion to LMP expenditures and labour costs. Lifelong learning shows the strongest 

correlation with this indicator. 

The coefficients indicated an almost equal number of significant correlations between the 

employment rate and tertiary educational attainment indicators. The employment rate has 

several strong correlations. Of course, there is a strong, direct relationship between employment 

and the activity rate, and the indicator is inversely proportional to unemployment and long-term 

unemployment. The coefficients related to the tertiary educational attainment indicator 

confirmed the existence of only a moderate relationship in all cases. 

The early leavers from education and training indicator showed the least number of 

correlations with background variables. The indicator has a close, significant correlation only 

with indicator of the less than primary, primary and lower secondary education and the less 

than primary, primary and lower secondary education % of unemployed. For the other 

variables, the results obtained did not prove to be significant. 
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Table 4 Correlation between EU2020 indicators and other selected indexes (2018) 

Indicators (2018) 
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GDP/capita in PPS (% of EU27)   ,520**   
Income quintile share ratio (S80/S20) -,475**    ,895** 
Median income (€) ,652**  ,493**  -,552** 
Labour market policy (LMP), % of GDP ,733**    -,370* 
Labour cost index (LCI) ,751**  ,417*  -,470* 
Life expectancy (years) ,437*    -,379* 
Impact of social transfers on poverty reduction % ,574** ,423* ,411*  -,759** 
Activity rate (20-64 aged) ,401* ,871** ,435**   
Employed ICT specialists, % of total employed ,598** ,483** ,408*  -,537** 
Job vacancy rate ,596** ,533**   -,643** 
Lifelong learning ,667** ,502** ,465*  -,504** 
Less than primary education (levels 0-2, 20-64 aged)    ,741**  
Unemployment rate (20-64 aged)  -,740**   ,482** 
Long-term unemployment % of unemployed  -,678** -,440*  ,472** 
Less than primary education % of unemployed   -,420* ,763**  
At risk of poverty rate  -,416* -,400*   ,875** 
Severely materially deprived people -,577** -,502**   ,829** 
People living in households, very low work intensity  -,540**   ,394* 
Road/rail networks (km/1000km2)      
Individuals regularly using the internet ,646** ,586** ,542**  -,659** 

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

Source: Own construction and calculation by Eurostat data 

In addition to the Europe 2020 indicators, the relationships between the 20 other indices 

selected for the factor analysis were also evaluated. The TOP7 matrix contains the coefficients 

of the 7 indicators with the strongest correlations (Tab. 5). Only the coefficients within the 99% 

and 95% confidence intervals were displayed in the matrix. The TOP7 indicators, with one 

exception, show a strong or at least moderate correlation with each other. Of the indicators 

examined, I found no significant correlation between lifelong learning and the impact of social 

transfers on poverty reduction alone. I calculated the strongest and most moderate correlations 

for LCI. The coefficients of the labour cost index indicated a strong (r> 0.7) positive correlation 

with 6 indicators, and a medium strong correlation for another 3. The proportion of individuals 

regularly use the internet is also closely related to 6 other indicators and moderately strong to 

2 variables. Median income, severely materially deprived people, employed ICT specialists, 

lifelong learning and impact of social transfers on poverty reduction also showed a similarly 

high number of strong and medium correlations. 
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The value of the correlation coefficient is the largest between the median income and the 

labour cost (r= 0.914). Labour cost determines the variance of median earnings by 83.54%. 

Median income showed a strong significant correlation with almost all indicators. 

There was a significant negative correlation (r= -0.832) between severely materially 

deprived people and individuals regularly using the internet. That is, the higher the proportion 

of individuals regularly use the internet, the lower the proportion of severely materially 

deprived people. Internet use is also strongly correlated with other indicators, for example 

median earnings, labour costs, the proportion of employed ICT specialists and the lifelong 

learning. The proportion of employed ICT specialists explains median income in 56.40% and 

internet use in 55.95%. 

Percentage of the impact of social transfers on poverty reduction in the TOP7 matrix is most 

closely related to the proportion of employed ICT specialists and moderately inversely related 

with the proportion of people living in severely materially deprived. 

 

Table 5 TOP7 – Variables with many strong correlations (2018) 

Indicators (2018) 
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Median income (€) 1 ,914** ,733** ,582** ,751** -,754** ,799** 
LCI ,914** 1 ,711** ,564** ,686** -,619** ,715** 
Lifelong learning ,733** ,711** 1  ,480** -,565** ,408* 
Impact of social transfers on poverty ,582** ,564**  1 ,632** -,585** ,582** 
Employed ICT specialists ,751** ,686** ,480** ,632** 1 -,700** ,748** 
Severely materially deprived people -,754** -,619** -,565** -,585** -,700** 1 -,832** 
Individuals regular using the internet ,799** ,715** ,408* ,582** ,748** -,832** 1 

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

Source: Own construction and calculation based on Eurostat data 

I expanded the principal component analysis with the 5 indicators of the Europe 2020 

strategy with another 5 indicators, which were selected from the TOP7 variables, and the 

number of factors to be subtracted was determined in several ways. In the empirical research 

conducted, the criteria related to the models are as follows: the value of the KMO index exceeds 

0.7, and that the variance explained by the factors should be close to 70%. The parameters of 

the final model that meets the criteria are shown in Tab. 6. The null hypothesis of the Bartlett 

test can be rejected for the model because the significance level is less than 0.05, i.e. the 

variables are suitable for factor analysis. 
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During the factor analysis, based on these parameters, 3 principal components were 

generated; the variance explained by the first component was 40%; the second factor 

compresses 24% and the third compacts 15.94% of the information. The variance explained by 

the principal components has improved significantly, collectively compressing more than 80% 

of all information. 

In compiling the first principal component, Labour costs, Median income, Employed ICT 

specialists, R&D expenditure, and regular Internet use are significant variables based on factor 

weights. The second factor includes the employment rate and indicators related to poverty, 

while the principal component three summarizes the indicators related to qualifications. The 

principal components based on the information they compress are: 1. Innovation environment, 

2. Employment, and 3. Education. 

 

Table 6 Principal component analysis of EU2020 indicators and other selected indicators 

Parameters Final model 
Extraction Method:  Principal Component 
Kaiser criterion 1 
Bartlett's test (significance) 0,000 
KMO 0,760 
Sums of Squared Loadings Component 2/1 Component 2/2 Component 2/3 

% of Variance 40,211 24,068 15,943 

Cumulative % 80,222 

Components (2018) 
Rotated Component Matrix_5 

1 2 3 
Zscore:  LCI 0,967 0,039 0,132 
Zscore:  Median income (€) 0,913 0,218 0,186 
Zscore:  Employed ICT specialists 0,733 0,421 0,093 
Zscore:  Intramural R&D expenditure 0,724 0,366 -0,020 
Zscore:  Individuals regularly using the internet 0,700 0,544 0,284 
Zscore:  Employment rate 0,092 0,875 0,113 
Zscore:  People at risk of poverty or social exclusion -0,422 -0,743 -0,107 
Zscore:  Severely materially deprived people -0,629 -0,638 -0,138 
Zscore:  Early leavers from education and training 0,038 -0,100 -0,866 
Zscore:  Tertiary educational attainment 0,341 0,124 0,812 

Source: Own construction and calculation based on Eurostat data 

As a final step in the research I grouped the Member States along the three principal 

components of the final model with cluster analysis, so I explored the position of the Member 

States within the dimensions by creating homogeneous groups.  

Cluster analysis of principal components 

In order to facilitate the interpretability of the obtained results, I grouped the Member States 

into groups in three dimensions of the final model using K-means cluster analysis. Previous 
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hierarchical cluster analysis and structure exploration analysis identified 4 clusters. Detailed 

test results and descriptive statistics for clusters are shown in Table 7.  

Based on the F-test and p significance level in the ANOVA table, the distinctive power of 

the principal components was found to be significant over a 99% confidence interval. The 

Kruskal-Wallis Test performed as an alternative to the test also gave the same result. The ETA 

values calculated for the nominal index of the cluster confirmed the close positive correlation 

between the individual principal components and the formed clusters, the quotient of the sum 

of squares of the total difference between groups value was higher than 0.7 in all dimensions. 

Based on the within-group variance, the formed clusters can be considered homogeneous in the 

proportion of 83.33%. The standard deviation in 2 cases slightly exceeded the total standard 

deviation. 

 

Table 7 Summary statistical table of cluster analysis 

Analysis of variance 
Innovation 

environment 
Employment Education 

F-test 18,671 7,821 22,791 
Significance 0,000 0,001 0,000 
Kruskal-Wallis Test 18,405 14,362 21,299 
Asymptotic Significance 0,000 0,002 0,000 
ETA 0,832 0,701 0,856 

Descriptive statistics of clusters 
Innovation 

environment 
Employment Education 

Mean 
 (Final Cluster Centres) 

1 1,032 0,238 0,106 
2 -0,713 -0,400 1,081 
3 -0,323 -1,262 -1,438 
4 -0,726 0,938 -0,678 

Std. Deviation 

1 0,400 0,633 0,566 
2 0,561 1,094 0,483 
3 1,147 0,384 0,441 
4 0,422 0,567 0,645 

Source: Own editing by own calculation 

Clusters were interpreted based on a comparison of dimension means. The first cluster 

included 10 Member States and the EU28, the second 8 country, the third 4 country and the 

fourth 6 countries (Fig. 8). I named the clusters based on their relationship to each dimension. 

The Member States in the first cluster also perform above average in terms of the innovation 

environment, employment and education, which is why I named the cluster Outstanding. The 

second cluster consists of countries with above-average levels of education (Catching up – 

Education) but with below-average levels in the other two dimensions. The third group includes 

countries that remained below average for all three composite indicators, so the group was 

named Lagging. The fourth cluster includes countries where employment is above average 

(Catching up – Employment) but the innovation environment and qualifications are lower. It is 
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important to note that progress in one dimension is not necessarily to the detriment of another 

dimension of sustainable competitiveness. 

I plotted the clustering on a 3D point cloud diagram. The Outstanding group includes more 

developed Member States such as France, Belgium, Sweden, Finland, Austria, Germany, 

Luxembourg, etc. The Lagging cluster consists of 4 Member States: Spain, Italy, Romania, and 

Bulgaria. The Visegrad Group (V4) did not fit into a common cluster, but all four Member 

States are characterized by catching up, as they performed above average in some dimensions. 

In addition to Hungary, Czech Republic and Slovakia are also in the group with better-than-

average employment rates, while Poland is above average in the dimension of education. The 

Catching up and Lagging groups are typically made up of member states that joined after 2004. 

 

Figure 8 Final model (2018) – Innovation environment, employment, education 

 
Source: Own editing by own calculation 

Analysis of variance revealed the relationship between the CLU variable of the created 

clusters and the 2018 LMP expenditures of each member state. The research confirmed a 

statistically significant (p= 0.01), strong correlation (ETA= 0.749) between LMP expenditures 

and clusters. Further correlations were also found with the time of accession to the European 

Union (before/after 2004). While there is a strong correlation (ETA= 0.782) between the time 
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of accession and LMP expenditures, a moderate (ETA= 0.590) correlation was shown in the 

context of clusters. 

 

DISCUSSION 

The aim of the study was to explore the state of the structure of labour market interventions in 

the context of unemployment after the 2008 crisis before the crisis (2008) and in a priority year 

for crisis management (2018). In her study, Kálmán (2015) explains that social spending 

increased after the crisis and that individual countries developed a differentiated system of tools 

to deal with the general crisis in the labour market. 

The research confirmed that expenditure on interventions increased significantly in 2009 and 

has been gradually declining at EU level after 2010. In general, spending has increased 

significantly in those Member States where unemployment has risen sharply (Lithuania, 

Estonia, Latvia, Spain and Ireland). With the exception of Greece, which has been hit harder by 

the crisis, where intervention spending has not increased, despite a sharp rise in unemployment. 

By 2018, the shares of measure types changed in several Member States compared to the pre-

crisis composition. In those countries where the structure of expenditures was different from 

the average in 2008, there was equalization towards average values. However, in several 

Member States a different type of measure was prioritized than in the previous period. In 

Hungary, the expansion of public employment opportunities was given priority, so direct job 

creation increased from the previous 12% to 48%, while out-of-work income maintenance and 

support expenditures were halved. 

The objectives of the Europe 2020 strategy were set on the basis of the factor influencing 

economic growth. According to Jankó (2010), the most important element of the long-term 

solution of economic problems is to increase the education of the population. In their study, 

Mankiw, Romer & Weil (1992) highlight that several research have already demonstrated a 

positive correlation between GDP per capita and human capital. The relationship between 

economic development and human capital was also confirmed by the analysis, although only at 

a moderate strength. In connection with the education of the population were included the 

indicators tertiary educational attainment and early leavers from education and training in the 

research. The proportion of people with tertiary education showed a moderate, positive 

correlation with employment and R&D expenditure. The correlation analysis of other 

background variables also confirmed a moderate, positive correlation (r2008= 0.481, r2018= 

0.520) between the ratio of tertiary graduates and GDP/capita in PPS (% of EU27) in both years. 
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According to the Employment Report of the Commission and the Council (European 

Commission, 2018/a), the reform efforts introduced in the EU have contributed to job-creating 

economic growth. 

The analysis carried out supports the above statement, although it should be noted that the 

achievement of the targets set in the Europe 2020 strategy is very diverse at the national level. 

The key indicators improved significantly between 2008 and 2018. A striking 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 2018. The proportion of people with tertiary education has 

also risen and is concentrated around 30–60%, creating a more coherent picture. Overall, the 

rate of early school leavers also improved compared to 2008 and was around 10% in most 

Member States.  

 
CONCLUSION 

The variance explained by the single composite index resulting from the 2018 data of the 

Europe 2020 indicators is only 46.234%. Thus, the composite index cannot be considered 

suitable for a significant compression of the information content of the indicators. The 3 main 

components of the final model developed with the inclusion of other background variables 

compress a significant part of the information, 80.222%. In the clusters formed along the 

dimensions of the final model (Education, Employment, Innovation environment); the member 

states were well separated based on their differences in development (Outstanding, Catching up 

and Lagging). Overall, the countries of the Outstanding group are characterized by 

development, the countries of the Lagging cluster are characterized by lagging behind, and the 

Catching up groups are characterized by catching up. The three dimensions (Education, 

Employment, Innovation environment) are interacting. However, synergy between dimensions 

does not mean that progress in one dimension can only be at the expense of the other two 

dimensions. 

In the Catching up – Employment group (e.g. Czech Republic, Slovakia and Hungary); 

economic growth was mainly extensive, based on a significant increase in employment. In order 

to catch up more quickly with more developed countries the quality of resources (human 

capital) also needs to be improved. The Catching up – Education group (e.g. Poland, Latvia, 

Lithuania) moved towards the development of human capital, where the qualification indicators 

were better than average in 2018. 

A correlation can be found in several Member States between the 2018 LMP expenditures 

and the established clusters. LMP expenditures in 2018 are typically the lowest in East-Central 
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Europe member states (Romania, Czech Republic, Poland, Slovakia, and Bulgaria). In general, 

it was below 1% in the Member States that joined the European Union after 2004. 

In the context of clusters, it can be declared that those Member States where LMP expenditure 

as a proportion of GDP below 1% (countries joining after 2004) typically belong to the Catching 

up and Lagging clusters. Lagging group's 2018 LMP expenditures show significant 

discrepancies. While Romania and Bulgaria are among the 10 least spending Member States, 

Italy and Spain have labour market interventions in proportion to GDP are more significant. 

The members of the Outstanding group which joined before 2004 typically have higher LMP 

expenditures due to their more developed economic situation. The exceptions are Italy (1958), 

Greece (1981) and Spain (1986), which joined the Union very early, yet were among the lagging 

economies in 2018. Despite the fact that LMP expenditures in Spain is 2.15%, which much 

higher than average and also in Italy it was well above 1%. In Greece, LMP spending is low 

despite very high unemployment. The unemployment rate for the 20–64 age group fell to just 

fewer than 20% by 2018, with next to Spain and Italy being the worst off at EU level in this 

respect. 

Strengthening territorial cohesion is an important element of the Europe 2020 strategy; in 

this context, they seek to extend the benefits of economic growth to peripheral areas. In the 

period under review, a small degree of equalization between the indicators can be observed, 

which, with the reduction of territorial differences, has the effect of strengthening cohesion. 

Overall, the EU has the capacity to act in times of crisis and to adapt its economies and 

societies to change. The experience gained during crisis management can be used to plan for 

dealing with recessions in the near future. Europeans today must once again prepare for 

transformation in order to cope with the effects of crises, overcome the EU's structural 

weaknesses and growing global challenges. It is indisputable that the coronavirus epidemic that 

will appear in 2019 will have an impact on the economy of the European Union. As a result of 

the economic recession caused by the epidemic, meeting more of the Europe 2020 targets will 

be an even greater challenge for Member States.  
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