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Abstract
With respect to the fulfillment of the objectives of the Europe 2020 strategy, the threat of poverty and social 
exclusion has not been sufficiently reduced in the European Union (EU) over the past decade, and large regional 
disparities persist. Young people are the most affected by the problems of income poverty, material deprivation 
and labour market exclusion, which are the three dimensions of poverty and social exclusion. In this article, 
we focus on comparing the EU countries in terms of the three listed dimensions, while revealing similarities 
and differences in the incidence and severity of these social phenomena among youth. In addition to measuring 
dimensions by the currently used AROPE (at risk of poverty or social exclusion) rate, we also use a larger 
spectrum of relevant indicators for a more comprehensive analysis. While the AROPE aggregate indicator uses 
the same methodology for the population of young people as for the whole population, our approach includes 
indicators that are specific to young people. We assume that all dimensions affect each other, so we apply multi-
dimensional statistical methods such as principal components and cluster analysis to analyse them. These 
methods have revealed that some dimensions affect poverty and social exclusion to a greater extent and others to 
a lesser extent than might appear to be the case, based on AROPE’s partial rates. Moreover, we present quantified 
integral indicators that together with the results of the multivariate methods, provide a rather complex picture 
concerning the geographical distribution of poverty and social exclusion, as well as their dimensions in the EU, 
for the population of persons aged 18–24 years in 2008 and 2017.
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1. Introduction
Poverty and social exclusion affect the health and well-

being of many people and limit their opportunities to 
achieve their full potential. Without effective educational, 
health, social, tax-benefit and employment systems, the 
risk of poverty is passed on from one generation to the next. 
This causes poverty to persist, creating more inequality 
that can lead to the long-term loss of economic productivity 
from whole groups in society and hamper any inclusive and 
sustainable economic growth (Eurostat, 2018g, p. 104). 
Income poverty and social exclusion is a serious problem 
addressed by the Europe 2020 strategy, and social inclusion 
is one of the five key quantitative targets for smart, 
sustainable and inclusive growth. In the fight against 

poverty and social exclusion, however, one item with the 
least progress has been made so far in the Europe 2020 
strategy, and regional disparities have not been reduced 
either (Eurostat, 2019b, p. 9; Eurostat, 2019c). In this 
strategy, the European Union has set itself the goal 
of reducing the population at risk of poverty or social 
exclusion to 20 million, so that the EU population has 
not more than 95.908 million poor or socially excluded 
people (Atkinson et al., 2017, p. 47). Progress in achieving 
the above-mentioned key target is monitored by Eurostat 
through an aggregate indicator AROPE (the ‘at risk of 
poverty or social exclusion’ rate), combining three rates: 
the at-risk-of-poverty rate (AROP); the severe material 
deprivation rate (SMD); and the very low work intensity 
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rate (VLWI). This three-dimensional concept of poverty 
and social exclusion, reflecting these three dimensions of 
income poverty, material deprivation and exclusion from 
the labour market, is used in this article as well.

The objective of the Europe 2020 strategy in the fight 
against poverty and social exclusion will no longer be met 
with certainty, which is confirmed by the fact that from 
the reference year 2008 to 2017, the AROPE rate has only 
decreased by 1.3 percentage points, and in the EU-27 and 
EU-28, there were 111.894 million, or 112.978 million 
Europeans at risk of poverty or social exclusion. In 2017, 
more than 1/5 of the EU population (22.4%) was at risk 
of poverty or social exclusion, and nearly 1/3 of them were 
simultaneously affected by two dimensions or even all three 
dimensions. The estimated population in the EU at risk of 
poverty in 2017 and/or severely materially deprived and/
or living in households with very low work intensity, still 
exceeded the target threshold (approximately 96 million 
inhabitants) by over 15 million people. While there has 
been some progress in the entire population and also in the 
population of children under 18 and in the post-productive 
population, between 2008 and 2017 the proportion of people 
at risk of poverty or social exclusion in the population of 
young people aged 18–24 in the EU-27 increased by 0.9 
percentage points, and in 2017 it was 29.1% (authors’ 
calculation based on the database from Eurostat, 2020). 
Several authors, such as Camilleri and Camilleri (2016) and 
Pastore (2017), point to the unsatisfactory social inclusion 
of young Europeans, and to the difficulties in applying 
them to the labour market in relation to deficiencies in the 
education system. Publications that rely on official Eurostat 
statistics or national statistics classify young people as risky 
groups, as evidenced by the statement:

“The most vulnerable groups appear to be the same 
across all three dimensions of poverty, inactive persons, 
single parents, households of only one person, people 
with low educational attainment, foreign citizens born 
outside the EU, and those residing in rural areas.” 
(Eurostat, 2018g, p. 12).

Eurostat is currently using the above-mentioned three-
dimensional concept (AROPE) to measure poverty and 
social exclusion. Despite the relatively broad spectrum 
of indicators characterising income poverty, material 
deprivation and labour market exclusion, the aggregate 
AROPE indicator, which assess these social phenomena 
comprehensively, using only three measures, provides 
only a partial picture of poverty and social exclusion. The 
aim of this research is to build a new integral indicator 
that will more comprehensively assess the poverty and 
social exclusion of young people in any year under review, 
with the individual dimensions of this multidimensional 
phenomenon captured by partial factors. Each factor will be 
based on a number of relevant indicators that characterise 
the incidence and depth of the respective dimension of 
poverty and social exclusion among young people. Such 
an approach will ensure that the partial factors will more 
comprehensively assess the dimension as one measure 
(AROP, SMD or VLWI), as used in the current concept. 
Based on such constructed factors using cluster analysis, 
the article will reveal similarities and differences in poverty 
and social exclusion of young people aged 18–24 in the EU 
area. As the fight against poverty and social exclusion is 
one of the priorities of the Europe 2020 strategy, through 
the above-mentioned factors and the integral indicator, we 
map the progress of EU countries in the various dimensions 

of the multidimensional phenomenon under review, from 
the Europe 2020 reference year (2008) up to the present 
(at the time of writing, the most recent available data was 
for 2017).

Based on this analysis, the European Union and its 
individual member states may identify the dimensions 
on which they should concentrate in the forthcoming 
period in the fight against poverty and social exclusion of 
young people (the most vulnerable age group), and thus 
contribute to the Europe 2020 strategy as well as to the 
current Agenda 2030.

2. Motivation and background
The 2030 Agenda for Sustainable Development, adopted 

by all United Nations Member States in 2015, emphasises 
the urgency of intensifying social inclusion, mainly 
through its first objective: No Poverty. In addition, within 
its 17 Sustainable Development Goals, it pays particular 
attention to youth employment in the labour market. For 
example, the 4th Goal: Quality Education, aims, among 
other things, to increase the number of young people with 
the appropriate skills to adequately engage in the labour 
market, and the 8th Goal for Decent Work and Economic 
Growth, pays special attention to job creation for young 
people not in the area of education, employment and 
training in order to avoid being discouraged from finding a 
job. According to Eurostat (2018h), which assesses progress 
in achieving the EU’s 2030 Sustainable Development 
Goals, the population of young people aged 18–24 was most 
at risk of poverty or social exclusion in 2016. In addition, 
the situation of young people aged 18–24 has deteriorated 
the most compared to other age groups since 2010. Chen et 
al. (2018) rated inequality and poverty across generations 
in the EU and found that the generation of young 
people was the most affected by poverty in the different 
geographical areas of the EU between 2007 and 2015, and 
was significantly higher in the 18–24 age group than in 
other age groups.

According to Eurostat (2018h) and Chung et al. (2012), 
young people are among the most vulnerable groups because 
they are more likely to face low employment rates and more 
job insecurity. Jobs for young people are important for their 
social, economic and political inclusion. Young people who 
are not in employment or in education and training (NEET), 
are mostly exposed to an even higher risk of not applying 
to the labour market and experiencing social exclusion. 
The intense relationship between NEETs and the risk of 
poverty and social exclusion in the young population in EU 
countries was confirmed by Ruesga-Benito et al. (2018). 
According to Eurostat (2018f), the general pattern is that the 
development of youth unemployment reflects the evolution 
of unemployment across the population, but younger people 
are often more affected by rising unemployment than older 
people. The employment of young people during the last 
decade has been significantly influenced by the financial and 
economic crisis and its consequences (Carcillo et al., 2015). 
As Bradford and Cullen (2014) point out, austerity measures 
and cuts during the financial and economic crisis have 
had a significant impact on youth policies, with negative 
consequences for poverty and social exclusion among young 
people. The most affected countries were in southern 
Europe (Poulou, 2014, p. 1163), which showed the highest 
youth unemployment rates (especially in Spain, Greece and 
Italy), the highest share of persons employed involuntarily 
on a part-time or temporary basis (Greece, Spain, Italy 
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and Cyprus), and the highest proportion of over-qualified 
young people (Spain, Cyprus, but also Ireland). Kretsos 
(2014) confirmed that drastic labour market and welfare 
state reforms in Greece during economic crises severely 
weakened the protection of young people from the risk of 
unemployment and other stressors. Soler et al. (2014) showed 
the dramatic impact on unemployment of the financial and 
economic crisis in Spain, while the disparities between the 
unemployment rate among young people and the population 
as a whole increased significantly – to the disadvantage of 
youth between 2009 and 2012.

According to Aassve et al. (2013), by far the worst 
prospects for reducing unemployment during the recession 
were young people aged 18–24. That is why, in 2013, all EU 
countries committed themselves to the Youth Guarantee 
Program, in which the European Council underlines the 
need to effectively improve the situation of NEETs and 
overcome the problem of youth unemployment in the EU 
(2013). It has to be said that, for example, according to the 
European Commission (2018), improvements have recently 
been made in the labour market, resulting in a significant 
decrease in the proportion of young people who are neither 
in employment nor in education or training (NEET).

As this article focuses on the geographical distribution of 
poverty and social exclusion among young people in the EU, 
two recent scientific articles (Pickard and Bessant, 2018; 
Skattebol and Redmond, 2019), dealing with a spatial 
analysis of the phenomena, must be acknowledged. 
Skattebol and Redmond (2019) found that young people 
who have grown up in poverty and especially in isolated 
suburbs, have limited access to out-of-school activities that 
could be beneficial for improving their communication 
skills, teamwork skills and other soft skills. Such social 
exclusion for geographic reasons significantly eliminates 
the possibility for young people to acquire new knowledge 
and skills. Pickard and Bessant (2018) noted that, due to 
the austerity measures during the recession, there was a 
disproportionate impact on particular demographic groups 
and especially young people. The authors have shown that 
greater exposure to the risk of poverty, material deprivation 
and youth unemployment in Eastern Europe, compared 
to the core of Europe, is associated with lower political 
participation by young people. The authors found that 
young people on the periphery of Europe (especially in 
Eastern Europe) tend to refrain from any involvement in 
political events. Therefore, poverty and the social exclusion 
of young people have a negative impact on decision-making 
processes in the democratic system.

These studies confirm that the issues of applying young 
people in the labour market and combating poverty and social 
exclusion among young people, are very timely, and they 
inspired us to analyse the incidence and severity of poverty 
and social exclusion of young people aged 18–24 in the EU 
geographical area in 2017, an a comparison to 2008.

Studies are increasingly appearing in the professional 
and scientific literature that do not assess the individual 
dimensions of poverty and social exclusion in isolation, but 
also assess their interaction. For example, relationships 
between household joblessness, income poverty and 
deprivation were analysed by de Graaf-Zijl and Nolan (2011), 
who found that the joblessness of households significantly 
affects the other two dimensions, although household labour 
intensity does not show a consistent pattern in groups of 
countries categorised together in terms of welfare regimes 
or in geographical terms. Income poverty in relation to 

material deprivation was also assessed by several authors: 
Guio and Maquet, 2006; Horáková et al., 2013; Labudová 
et al., 2010; Nolan and Whelan, 2010; and Želinský, 2010. 
The influence of labour market exclusion or low work 
intensity of households on poverty was demonstrated by 
Guagnano et al. (2013), Kis and Gábos (2016) and Mysíková 
et al. (2015). Ayllón and Gábos (2017) and Řezanková and 
Želinský  (2014)  confirmed  the  impact  of  very  low  work 
intensity and the joblessness of households on material 
deprivation in Central and Eastern Europe and the Czech 
Republic, respectively. The results of analyses presented by 
Šoltés et al. (2018), Šoltés and Ulman (2016), and Šoltés and 
Vojtková (2018) showed that there is a significant correlation 
between certain dimensions of poverty and social exclusion, 
such as income poverty, material deprivation and exclusion 
from the labour market.

The results of previous research have motivated us to 
consider the dimensions of poverty and social exclusion 
interdependently, and to analyse them comprehensively 
as part of a single phenomenon. Moreover, in the analyses 
presented in this article, we are not confining ourselves to 
the AROPE aggregate indicator and its sub-measures, but 
we also use other indicators to map and compare not only the 
incidence of income poverty and social exclusion, but also the 
depth of these negative phenomena in the young population 
in EU countries.

3. Data and methods
The research results presented in this article are based 

on timely and internationally comparable data that are 
publicly available on Eurostat’s website. The geographical 
unit is a country, as most of the indicators are monitored 
or published by Eurostat for countries and, exceptionally, 
for territorial units broken down by classification NUTS2. 
In this article, a spatial as well as a temporal comparison 
of poverty and social exclusion of young people in the EU 
is presented. In order to make the results of the analyses 
for the years 2008 and 2017 comparable, in 2017 we do not 
consider Croatia, although since 2013 it is an EU member 
state. So, in both years we are observing the same group 
of EU-27 countries. The tools for analysis of the data are 
the multidimensional statistical methods outlined in 
Section 3.2.

3.1 Statistical data
The basic indicators mapping poverty and social exclusion 

in the EU include the above-mentioned partial indicators: 
AROP = at-risk-of-poverty rate; SMD = severe material 
deprivation rate; and VLWI = very low work intensity rate, 
making up the aggregate indicator AROPE, which maps 
“only” the occurrence of poverty and social exclusion, but 
not the depth of those negative phenomena. Therefore, 
we have decided to use some additional indicators that 
characterise the dimensions of poverty and social exclusion 
from different perspectives (including their severity). Such 
an approach should lead to the creation of a more objective 
and more complex picture of the observed phenomena. This 
dimension of poverty and social exclusion was captured in 
this project by the following indicators:

The dimension of Income poverty (IP)

•  At-risk-of poverty rate after social transfers (Eurostat, 
2018c) – AROP

•  Persistent at risk of poverty rate (Eurostat, 2018c) – 
Persistent_P
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•  In work at risk of poverty rate (Eurostat, 2018a) – In-
work_P

•  Housing cost overburden rate (Eurostat, 2014a) – HC_
overburden

The dimension of Material deprivation (MD)

•  Severe material deprivation rate (Eurostat, 2018d) – 
SMD 

•  Severe housing material deprivation rate (Eurostat, 
2014c) – SHD 

•  Overcrowding rate (Eurostat, 2014b) – Overcrowd

The dimension of Labour market exclusion (LME)

•  Unemployment rate (Eurostat, 2010) – UN

•  Long-term unemployment rate (Eurostat, 2015) – Long_
UN

•  Share of unemployment young adults living with their 
parents (Eurostat, 2018b) – UN_YALWP

•  Young people neither in employment nor in education 
and training (Eurostat, 2019a) – NEET

The above-mentioned indicators will be labelled later 
as source indicators. It is to be noted that our preliminary 
analyses revealed that the very low work intensity rate 
(Eurostat, 2018e) of the AROPE aggregate indicator was 
not an appropriate measure for assessing the poverty and 
social exclusion of young people in 2008 and 2017, and it is 
therefore not included in the list of source indicators. The 
irrelevance of this measure may be related to the findings 
of a European social inclusion monitoring (Atkinson 
et al., 2017), according to which in the population of young 
adults there is a relatively low occurrence of households with 
very low work intensity and a relatively high incidence of 
income poverty, while the opposite is true for older adults.

Employment does not protect large numbers of young 
adults from poverty, while many older adults are not 
catapulted into poverty because of a lack of employment 
(Atkinson et al., 2017, p. 340). Moreover, as in this scientific 
work, many authors, e.g. Carcillo et al. (2015) and Chung 
et al. (2012), prioritised indicators such as unemployment 
rate and NEET rate in analysing the problem of young people 
entering the labour market and retaining employment.

3.2 Statistical methods
To achieve the main objectives of this project – to reveal 

the current similarities and differences in the incidence 
and severity of poverty and social exclusion among young 
people in the EU – it is possible to apply advanced methods 
of multivariate statistical analysis (Hair et al., 2018; Hebák 
et al., 2005; Johnson and Wichern, 2002; Khattree and 
Naik, 2000). In Section 4, correlation analysis and principal 
component analysis will be applied to verify the suitability of 
the source indicators, and to prepare for the cluster analysis, 
and to create an integral indicator as presented in Section 5 
(respectively 5.1 and 5.2).

At the beginning, we will examine the relationships 
between source indicators using correlation analysis. If 
the source indicators are interdependent, it is necessary 
to apply a method to find hidden relationships, e.g. the 
principal components method. Principal components analysis 
is technique for forming new variables which are linear 
composites of the original variables (source indicators). The 
maximum number of new variables is equal to the number of 
the original source variables, and the new variables are not 
correlated, i.e. a set of independent variables is created.

If ∑ is the variance-covariance matrix of p variables X1, .... 
Xp, then the total variance of these variables is defined as tr 
(∑) (the trace of matrix ∑), which is the sum of all diagonal 
elements of the matrix ∑. The first principal component of 
p by 1 vector x = (x1... xp)T is the linear combination:

where a1 = (a11 … a1p)T, with a1
Ta1 = 1 and such that 

var (a1
Tx) is the maximum among all linear combinations 

of x, with the coefficient vector having unit length. The 
eigenvalues (λ) of ∑ are the variances of the corresponding 
principal components. In that case, it is advised to start 
with the correlation matrix, because the measurements of 
different variables are not on the same scale.

Then either the principal component scores or 
representative variables from each component can be used 
to perform cluster analysis. Cluster analysis is a technique 
used for combining observations into groups or clusters 
such that:

•  Each group or cluster is homogeneous or compact with 
respect to certain characteristics. That is, observations 
in each group are similar to each other; and

•  Each group should be different from other groups with 
respect to the same characteristics.

To measure the similarity of objects in individual clusters, 
we will use the squared Euclidean distance, which assumes 
the non-correlation of source indicators.

Cluster analysis involves a wide range of methods, and 
in this project we chose the common application of Ward’s 
hierarchical clustering method. This method forms clusters 
by maximising within-cluster homogeneity. That is, the 
Ward’s method tries to minimise the total within-group or 
within-cluster sums of squares. Clusters are formed at each 
step such that the resulting cluster solution has the fewest 
within-cluster sum of squares. More formally, let x−h and x−h' 
be the cluster mean vectors. This measure reduces distance 
of clusters Ch and Ch’ to:

 

3.2 Statistical methods 

To achieve the main objectives of this project  to reveal the current similarities and differences in the incidence 
and severity of poverty and social exclusion among young people in the EU  it is possible to apply advanced 
methods of multivariate statistical analysis (Hair et al., 2018; Hebák et. al., 2005; Johnson and Wichern, 2002; 
Khattree and Naik, 2000). In Section 4, correlation analysis and principal component analysis will be applied to 
verify the suitability of the source indicators, and to prepare for the cluster analysis, and to create an integral 
indicator as presented in Section 5 (respectively 5.1 and 5.2). 

At the beginning, we will examine the relationships between source indicators using correlation analysis. If the 
source indicators are interdependent, it is necessary to apply a method to find hidden relationships, e.g. the 
principal components method. Principal components analysis is technique for forming new variables which are 
linear composites of the original variables (source indicators). The maximum number of new variables is equal 
to the number of the original source variables, and the new variables are not correlated, i.e. a set of independent 
variables is created.  

If Σ  is the variance-covariance matrix of p variables 1, , pX X , then the total variance of these variables is 

defined as  tr Σ  (the trace of  matrix Σ), which is the sum of all diagonal elements of the matrix Σ . The first 

principal component of p by 1 vector  T

1 px xx   is the linear combination: 

T
1 11 1 1p pa x a x  a x  ,  where  T

1 11 1pa aa  ,  with T
1 1 1a a

𝒂𝒂��� � ���𝑥𝑥� � �� ���𝑥𝑥��

and such that  T
1var a x  is the maximum among all linear combinations of x, with the coefficient vector having 

unit length. The eigenvalues (λ) of Σ  are the variances of the corresponding principal components. In that case, 
it is advised to start with the correlation matrix, because the measurements of different variables are not on the 
same scale. 

Then either the principal component scores or representative variables from each component can be used to 
perform cluster analysis. Cluster analysis is a technique used for combining observations into groups or clusters 
such that: 
 Each group or cluster is homogeneous or compact with respect to certain characteristics. That is, observations 

in each group are similar to each other; and 
 Each group should be different from other groups with respect to the same characteristics. 

To measure the similarity of objects in individual clusters, we will use the squared Euclidean distance, which 
assumes the non-correlation of source indicators. 

Cluster analysis involves a wide range of methods, and in this project we chose the common application of 
Ward’s hierarchical clustering method. This method forms clusters by maximising within-cluster homogeneity. 
That is, the Ward’s method tries to minimise the total within-group or within-cluster sums of squares. Clusters 
are formed at each step such that the resulting cluster solution has the fewest within-cluster sum of squares. More 
formally, let hx  and hx  be the cluster mean vectors. This measure reduces distance of clusters hC  and hC   to: 

   TD( , ) 
  



  

h h

h h h h h h
h h

n nC C
n n

x x x x

where hn  and hn   are numbers of objects in clusters. For clusters with a single element in each of them, it 
reduces to half to the squared Euclidean distance between them. Ward’s method tends to join clusters with a 

 

3.2 Statistical methods 

To achieve the main objectives of this project  to reveal the current similarities and differences in the incidence 
and severity of poverty and social exclusion among young people in the EU  it is possible to apply advanced 
methods of multivariate statistical analysis (Hair et al., 2018; Hebák et. al., 2005; Johnson and Wichern, 2002; 
Khattree and Naik, 2000). In Section 4, correlation analysis and principal component analysis will be applied to 
verify the suitability of the source indicators, and to prepare for the cluster analysis, and to create an integral 
indicator as presented in Section 5 (respectively 5.1 and 5.2). 

At the beginning, we will examine the relationships between source indicators using correlation analysis. If the 
source indicators are interdependent, it is necessary to apply a method to find hidden relationships, e.g. the 
principal components method. Principal components analysis is technique for forming new variables which are 
linear composites of the original variables (source indicators). The maximum number of new variables is equal 
to the number of the original source variables, and the new variables are not correlated, i.e. a set of independent 
variables is created.  

If Σ  is the variance-covariance matrix of p variables 1, , pX X , then the total variance of these variables is 

defined as  tr Σ  (the trace of  matrix Σ), which is the sum of all diagonal elements of the matrix Σ . The first 

principal component of p by 1 vector  T

1 px xx   is the linear combination: 

T
1 11 1 1p pa x a x  a x  ,  where  T

1 11 1pa aa  ,  with T
1 1 1a a

𝒂𝒂��� � ���𝑥𝑥� � �� ���𝑥𝑥��

and such that  T
1var a x  is the maximum among all linear combinations of x, with the coefficient vector having 

unit length. The eigenvalues (λ) of Σ  are the variances of the corresponding principal components. In that case, 
it is advised to start with the correlation matrix, because the measurements of different variables are not on the 
same scale. 

Then either the principal component scores or representative variables from each component can be used to 
perform cluster analysis. Cluster analysis is a technique used for combining observations into groups or clusters 
such that: 
 Each group or cluster is homogeneous or compact with respect to certain characteristics. That is, observations 

in each group are similar to each other; and 
 Each group should be different from other groups with respect to the same characteristics. 

To measure the similarity of objects in individual clusters, we will use the squared Euclidean distance, which 
assumes the non-correlation of source indicators. 

Cluster analysis involves a wide range of methods, and in this project we chose the common application of 
Ward’s hierarchical clustering method. This method forms clusters by maximising within-cluster homogeneity. 
That is, the Ward’s method tries to minimise the total within-group or within-cluster sums of squares. Clusters 
are formed at each step such that the resulting cluster solution has the fewest within-cluster sum of squares. More 
formally, let hx  and hx  be the cluster mean vectors. This measure reduces distance of clusters hC  and hC   to: 

   TD( , ) 
  



  

h h

h h h h h h
h h

n nC C
n n

x x x x

where hn  and hn   are numbers of objects in clusters. For clusters with a single element in each of them, it 
reduces to half to the squared Euclidean distance between them. Ward’s method tends to join clusters with a 

where nh and nh’ are numbers of objects in clusters. For 
clusters with a single element in each of them, it reduces 
to half to the squared Euclidean distance between them. 
Ward’s method tends to join clusters with a small number 
of observations, and it is strongly biased toward producing 
clusters with roughly the same number of observations.

In the last part of this analysis, we will focus on creating 
an integral indicator of poverty and social exclusion, which 
we will construct as a weighted arithmetic average of the 
principal components. For a particular component, we will 
use the ratio of variability of the source indicators that is 
explained by this component.

4. Analysis of source indicators suitability and 
preparation for next analyses

The assumption that the monitored phenomena often 
pertain to the same groups of people, especially if they 
belong to the same dimension, is confirmed by significant 
positive dependences among the source indicators which 
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were revealed by correlation analysis. Those dependences 
are displayed on correlation maps of source indicators (see 
Fig. 1).

While in 2017 we see the strongest correlation between 
indicators from the labour market exclusion dimension 
(the last 4 indicators), in 2008 the indicators from this 
dimension showed only a mild to moderate inter-dependence. 
Among the rates that characterise income poverty (the 
first 4 indicators), we quantified a moderate to strong linear 
dependence in both years.

The exception is the Persistent at risk of poverty rate 
in 2008 and Housing cost overburden rate for 2017, which 
had a rather weak linear relationship with indicators from 
this dimension. When comparing the years 2008 and 2017, 
the most consistent results were recorded for material 
deprivation, where we confirmed a relatively strong linear 
dependence in both years. Among the indicators from 
different dimensions, the intensity of dependence was 
significantly weaker and in many cases was not statistically 
significant.

For cluster analysis, where we used the Euclidean distance 
as a measure of dissimilarity of individual countries, it was 
necessary to transform the original interdependent source 
indicators into uncorrelated factors. Principal component 
analysis was implemented to serve that purpose. We 
attempted to create such factors that would be determined 

by those source indicators which would facilitate their 
interpretation. Simultaneously, we wanted to decrease the 
number of factors, i.e. to achieve a reduced number of factors 
compared to the source indicators, while those factors would 
still comprise at least 75% of information provided by the 
source indicators.

In order to assess the suitability of source indicators for 
principal component analysis, we applied the Kaiser-Meyer-
Olkin measure (Stankovičová and Vojtková, 2007). The 
KMO statistics (Tab. 1) showed average to above-average 
suitability of the source indicators for further analysis.

While in 2008 the eligibility values of individual source 
indicators were at an acceptable level (exceeding 0.5), 
in 2017 the Housing cost overburden rate was not suitable 
for principal component analysis (value of Kaiser-Meyer-
Olkin measure for “Housing cost overburden rate” was 
less than 0.5). Thus, in the further analyses for 2017, we 
did not consider this indicator. The overall adequacy of 
input data reached the value 0.590 in 2008 and the value 
of 0.713 in 2017.

On basis of Kaiser’s rule for eigenvalues (Fig. 2) in 
correlation matrices, which states that only factors with 
eigenvalues greater than average eigenvalue should be used 
(the average eigenvalue of a correlation matrix is 1), we 
decided to set the number of factors to three in both years. 
The first three principal components account for 76.55% 

Fig. 1: Correlation maps of source indicators for 2008 (left) and 2017 (right)
Source: Eurostat data; authors’ computations using SAS JMP

Tab. 1: Values of Kaiser-Meyer-Olkin measure for source indicators for 2008 and 2017
Source: Eurostat data; authors’ computations in SAS Enterprise Guide

Kaiser‘s Measure of Sampling Adequacy:
Year 2008: Overall MSA = 0.590
Year 2017: Overall MSA = 0.713
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of the total variability in 2008, and in 2017 for 86.10% of 
the variance information provided by the source indicators. 
These principal components are linearly independent and 
they provide the required amount of information (over 75%). 
In order to adequately interpret them, however, we performed 
some rotations and the results of an orthogonal rotation by 
the Equamax method are shown in Figure 3.

From the values of the rotated component loadings 
(Fig. 3), we can see correlations between the source 
indicators and the rotated principal components or factors. 
After rotation, the principal components were formed in such 
a way that they significantly correlate with the indicators of 
one dimension compared to the indicators of the other two 
dimensions. As we can see from this table, income poverty is 
presented by the second factor for 2008 and the third factor 
for 2017. The material deprivation dimension is represented 
by the first factor for 2008 and the second factor for 2017. 
The labour market dimension exclusion is characterised 
by the third factor in 2008 and the first factor in 2017. For 
the sake of clarity, txhe further representatives of income 
poverty will be referred to as IP, and MD will be used to 
indicate the material deprivation factor, and the LME is the 
factor for labour market exclusion. Although these factors 
are convincingly determined by measures of the relevant 
dimension, some indicators have a positive moderate 
correlation with other dimensions. In 2008, the long-term 
unemployment rate correlates with the MD factor. In both 
years, the indicators of persistent risk of poverty and the 
NEET rate show moderate positive dependence with MD. 
The LME factor is positively related to the severe material 
deprivation rate.

5. Results
Although the results of the correlation analysis and 

principal component analysis have brought some interesting 
findings, in Section 4 they have been mainly used as a tool 
for transforming the source indicators into new variables 
appropriate for further analysis. The principal components 
analysis resulted in three independent factors, each 
representing one dimension of poverty and social exclusion. 
These factors (precisely, the factor scores) will be used in 
Sections 5.1 and 5.2 as input variables for cluster analysis 
and for the creation of an integral indicator, respectively.

5.1 Results of a cluster analysis of EU member countries 
in terms of income poverty and the social exclusion of 
youth in 2008 and 2017

The factor scores we have obtained in Section 4, are 
appropriate for cluster analysis with the aim to create 
clusters of EU member countries, where countries falling into 
a common cluster would be most similar in terms of poverty 
and the social exclusion of young people, while countries in 
different clusters would be significantly different. To make 
the cluster analysis not self-purposeful, we will characterise 
individual clusters based on factors each representing one of 
the IP, MD, or LME dimensions. The characteristics of the 
clusters will provide an overview of the state of poverty and 
the social exclusion of young people in the countries under 
review, without having to deal with each country separately. 
Since the sophisticated procedures used in the cluster 
analysis ensure relatively high within-group homogeneity, 
so the cluster characterisation also well describes the state 
of the countries included in the cluster. It should be kept 
in mind, however, that there are also differences between 
countries within a single cluster. Cluster analysis will 

Fig. 2: Eigenvalues of the correlation matrices (PCA 
method) for 2008 (top) and 2017 (bottom)
Source: Eurostat data; authors’ computations in SAS JMP

Fig. 3: Factor loadings after Equamax rotation for 2008 
(top) and 2017 (bottom)
Source: Eurostat data; authors’ computations in SAS JMP
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therefore give us a clear picture of the weaknesses as well 
as the strengths of the social inclusion of young people in 
EU countries. Moreover, by comparing the results for 2008 
and 2017, we can see whether the EU countries under review 
have made progress in combating poverty, deprivation and 
labour market exclusion among young people, or conversely, 
the inclusion of youth in that country has deteriorated 
compared to other EU countries.

Using Ward’s method (Hebák et al., 2005), which due 
to its excellent results is the most popular of hierarchical 
clustering procedures (Loster and Pavelka, 2013), we 
obtained the dendrograms represented in Figure 4. The 
dendrogram is supplemented by the so-called ‘heat maps’ of 
the three factors: IP, MD and LME respectively. The spatial 
distribution of income poverty, material deprivation and 
labour market exclusion in the youth population in 2008 
and 2017 is provided by heat maps in Figure 5.

The results of the cluster analysis (Fig. 4) and the factors 
themselves (Fig. 5) obtained by principal components 
analysis provide some interesting information that we firstly 
interpret for 2008 and then for 2017.

In 2008, we found the most suitable results in the 4th cluster 
(the Czech Republic, Cyprus, Austria, Estonia, Slovenia, 
Malta), which had no major problems in any dimension of 
poverty and the social exclusion of young people aged 18–24, 
which are confirmed by the above-average good (in some 
cases average) values of the factors IP, MD, LME shown in 
heat maps in Figure 4. The 4th cluster was characterised 
by the smallest threat of income poverty, and after the 5th 

cluster (Denmark, the Netherlands) the second smallest 
exclusion from the labour market.

As the second best cluster, we can mark the 1st cluster 
(Belgium, Luxembourg, United Kingdom, France, Portugal, 
Germany, Finland), in which young people, in comparison 
with other EU countries, were exposed to income poverty 
and exclusion from the labour market at approximately 

the average level. In the material deprivation dimension, 
this cluster recorded above-average good results (average 
results for Portugal).

Other clusters of countries were characterised by problems 
in one or more of the dimensions of poverty and the social 
exclusion of young people. The material deprivation of 
young people affected the 6th cluster of countries (Bulgaria, 
Hungary, Latvia, Lithuania, Poland, Slovakia, Romania) 
to a much greater extent than other countries. In this 
cluster, Romania and Slovakia, which were the last joined 
to the clustering process, stand out. In 2008, young people 
in Romania were subjected to extreme material deprivation, 
while we see a large difference between Romania and the 
following Bulgaria, but the gap between Romania and the 
other 25 EU-27 countries (except Bulgaria) is particularly 
evident. Romania, unlike other countries in this cluster, has 
seen one of the greatest threats to income poverty among 
young people. On the contrary, Slovakia was doing very well 
in terms of income poverty among young people. In terms 
of income poverty and material deprivation, Slovakia was 
at a comparable level to that of countries in the 4th cluster, 
but recorded significantly worse results in the labour market 
exclusion dimension.

The 1st, 4th and 6th clusters include a total of 20 EU-27 
countries in 2008. The remaining 7 countries are in the 
other 3 clusters. The 2nd cluster (Greece, Sweden) in 2008 
was characterised by a high threat of relative income poverty 
(at the Romanian level) and above-average exclusion of 
young people from the labour market. In the income poverty 
dimension, however, the worst results were identified in 
the 5th cluster of countries (Denmark, the Netherlands), 
in which we mainly attribute this to Denmark. The biggest 
problems with the participation of young people in the 
labour market have been revealed in the 3rd cluster of 
countries (Ireland, Spain, Italy). The 5th and 3rd cluster of 
countries have had significant social inclusion problems and 
the struggle against youth poverty only in one dimension 

Fig. 4: Dendrograms of EU country clusters according to factors of poverty and the social exclusion of youth in 2008 
(left) and 2017 (right)
Source: Eurostat data; processed by the authors in SAS JMP
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that we have mentioned, and in the other two dimensions 
they have achieved at least average results in the EU-27 
geographic area.

In 2017, the best results were diagnosed in the 1st cluster 
(Belgium, Estonia, Sweden, Luxembourg, Germany, the 
Netherlands, Ireland, Finland and the United Kingdom) 
and in the 2nd cluster (the Czech Republic, Malta, Austria, 
Slovenia, France, Cyprus and Slovakia).

In the 2nd cluster of countries, the population of young 
people among all the clusters had the least threat of income 
poverty and it showed no major problems in the material 
deprivation dimension. Looking at the clustering process 
within cluster 4 in the dendrogram in Figure 4 (on the 
right), we see that four countries (Czech Republic, Malta, 
Austria, Slovenia) were merged into one group, which 
achieved better than average results in 2017 in all three 

dimensions, and that three countries (France, Cyprus and 
Slovakia) were merged into another group, in which we 
diagnosed the problem of getting young people into the 
labour market in 2017.

The 1st cluster is characterised by the smallest material 
deprivation of young people and by average to above average 
good results in the LME dimension. Most countries in this 
cluster, however, report an above-average threat of income 
poverty among young people.

The first two clusters include 16 countries from the 26 
EU countries under review. These two clusters consist of 
almost the same countries as the 1st and 4th cluster of 2008, 
which we also rated positively. The first two clusters 
of 2017, unlike clusters 1 and 4 of 2008, do not include 
Portugal, but include Sweden, the Netherlands, Ireland and 
Slovakia. Sweden and Ireland in international comparisons 

Fig. 5: Heat maps of factor: IP – Income Poverty (first row); factor MD – Material Deprivation (second row); and 
factor LME – Labour Market Exclusion (third row), for the population of young people (18–24 years old) in 2008 (left) 
and 2017 (right). Sources: Eurostat data; processed by the authors in SAS JMP
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in 2017 did not show such problems with participation 
of young people in the labour market as in 2008, and 
Slovakia managed to reduce problems in this dimension, in 
particular by eliminating the long-term unemployment of 
young people.

The 3rd cluster (Bulgaria, Poland, Lithuania and Portugal) 
is characterised by considerable material deprivation of 
young people in 2017, with the most critical situation in 
Bulgaria. Similarly to the countries of the 1st cluster, as 
well as the countries in the 3rd cluster, they reported an 
above-average threat of income poverty in the population of 
young people in 2017. In the LME dimension, the 3rd cluster 
reached approximately average values.

The other four clusters are very specific. Romania (5th 

cluster) had extreme material deprivation of young people 
in 2017, but unlike Bulgaria, this was mainly due to severe 
housing deprivation, but also (as in Bulgaria) a high rate of 
overcrowding. What made Romania significantly different 
from other clusters, was that the risk of income poverty 
for young people was extremely high. In this dimension, 
the differences between Romania and other EU countries 
in 2017 deepened in comparison with 2008. Moreover, 
if we realise that the at-risk-of-poverty rate and its derived 
measures, such as the persistent at-risk-of-poverty rate 
and in-work at-risk-of-poverty rate measure, and relative 
poverty with respect to the median of national income, 
the income poverty in Romania is even more acute. To 
be precise, the poverty risk threshold is set at 60% of the 
median equivalent disposable income.

The alarming state of poverty in Romania is underlined 
by the fact that this country has the lowest at risk of poverty 
threshold among all EU countries. In 2017, this threshold 
was 1,645 euro per year in Romania, while in Western and 
Northern Europe it was 8 to 9 times higher. Even countries 
with a relatively low median income (Bulgaria and Hungary) 
had a significantly higher at risk of poverty threshold 
(2,154 euro per year and 2,993 euro per year, respectively) 
than Romania. In the context of this, poor results of 
Denmark (4th cluster) in the income poverty dimension are 
not so surprising. Denmark had the second highest at risk of 
poverty threshold after Luxembourg (17,630 euro per year), 
which is approximately 10.5 times higher at risk of poverty 
threshold than in Romania. The only dimension in which 
Romania has achieved relatively good results in the youth 
population was the labour market exclusion dimension. In 
the LME dimension, Denmark, similar to the Netherlands, 
achieved the best results in the EU-27.

The 6th cluster consists of Latvia and Hungary. In these 
two countries, young people faced severe deprivation in 2017, 
especially in the housing sector. In the other two dimensions, 
the population of young people in these two countries was 
above average.

The countries of the 7th cluster in 2017 (Spain, Italy, 
Greece) faced the challenge of participating young people 
to the labour market, with the worst situation in Greece. 
In 2017, young Greeks had more problems in this dimension 
than in the pre-crisis period, while in Italy and Spain the 
situation in 2017 was comparable to 2008. The threat of 
income poverty, however, increased significantly in Spain. 
As regards the material deprivation of young people, in 2008 
Spain achieved very good results and in 2017 it was even the 
leader in this dimension. If we look at the 2017 clustering 
process (Fig. 4, on the right), Spain was the last among all the 
countries analysed to be clustered. Thus, in 2017, Denmark, 

Romania and Spain were characterised by the least similarity 
with other EU countries in the field of poverty and social 
exclusion of young people.

5.2 Evaluation of poverty and social exclusion of youth in EU 
member countries based on integral indicators in 2008 
and 2017

In the previous section, on the basis of the factors resulting 
from the principal components analysis, we have created 
clusters of countries in terms of youth social exclusion. 
The values of these factors served to create cluster profiles 
and, above all, to reveal the strengths and weaknesses of 
individual clusters. In this section, we present the values 
of an integral indicator of poverty and social exclusion, 
which we constructed as a weighted arithmetic average of 
the factors IP, MD and LME, separately for 2008 and 2017. 
For a particular factor, we used the ratio of variability of 
the source indicators that was explained by this factor. 
For example, according to Figure 2 (on the left) in 2008, 
the first factor explained 37.44%, the second factor 
explained 23.45%, and the third factor explained 15.67% 
of the total variance of the original indicators. Together 
they explained 76.55%. The first factor (factor MD) was 
therefore assigned an absolute weight of 37.436, which 
corresponds to a relative weight of 0.489 (37.436/76.551). 
The other factors (IP and LME) were assigned an absolute 
weight of 23.449 (relative weight of 0.306) and 15.666 
(relative weight of 0.205), when calculating an weighted 
arithmetic average core. Values of integral indicators are 
captured in heat maps in Figure 6, where we also present 
the values of the aggregate indicator AROPE rate.

By comparing the ranking of the EU countries evaluated 
for 2017 on the basis of the AROPE rate and that on the 
basis of the integral indicator, we found that the lowest 
threat of poverty and social exclusion of young people 
in 2017 was in the Czech Republic. According to both 
approaches, the fight against poverty and social exclusion 
is the worst for Greece. Greece is followed by Bulgaria and 
Romania, while in the case of an assessment based on an 
integral indicator, the order of these countries is opposite 
and, in addition, among these countries Italy is also 
included. The main reason for these differences is that more 
source indicators have been used in our approach than in 
the AROPE-based approach. The second important reason 
is that in the relevant year 2017, the LME dimension was 
more weighted in the construction of the integral indicator, 
especially at the expense of the IP dimension. The latter has 
resulted in an assessment where in our approach countries 
with a high level of poverty risk are less “penalised” due to 
poor IP performance than in the AROPE-based approach. 
Among these countries, let us mention Denmark or the 
Netherlands, which ranked significantly better by ranking 
compiled according to the integral indicator than by the 
AROPE rate (see Fig. 6) in 2017.

On the other hand, in an approach based on an integral 
indicator, countries with poor results in the LME dimension 
were more “penalised”. For example, in Italy in 2017, 
young people were at high risk of not applying to the labour 
market. For this reason, the assessment of poverty and the 
social exclusion of young Italians under our approach, was 
considerably worse than according to the official AROPE 
rate, which is also evident in Figure 6.

The advantage of our approach compared to the AROPE-
based approach, is that it takes into account a wider range of 
relevant indicators and is not limited to only three measures 
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that only assess the occurrence of three sub-phenomena 
(income poverty, material deprivation and labour market 
exclusion). In our approach, we look at these phenomena 
from a different perspective. One of the perspectives, which 
we believe to be very important, is the severity or depth 
of the phenomena being monitored. In our approach, the 
severity of the observed phenomena is incorporated through 
the persistent at risk of poverty rate, the severe material 
deprivation rate and the long-term unemployment rate. 
In addition, in our approach we consider indicators that are 
specific to the population of young people.

This approach has therefore given us a more objective 
picture of young people’s poverty and social exclusion than in 
the AROPE-based approach. In the case of the AROPE-based 
approach, we have to realise that the occurrence of individual 
phenomena can overlap, which means that income poverty, 
material deprivation and labour market exclusion can affect 
the same group of people. Therefore, the sub-measures of 
the AROPE aggregate indicator cannot adequately quantify 
the contribution of individual dimensions to the overall 
incidence of poverty and social exclusion. The advantage of 
our approach is that we use linear independent factors, each 
representing one dimension of poverty and social exclusion. 
Each of these factors contributes to the formation of an 
integral indicator according to its proportion to explain the 
variability of the source indicators. In our approach, we can 
therefore quantify which dimension has greater impact and 
which has less impact on poverty and social exclusion. In 
the population aged 18–24 years, the LME dimension has 
been shown to have a greater impact on poverty and social 
exclusion than might appear to be the case based on the 
VLWI rate included in the AROPE indicator.

6. Discussion and conclusions
In this article, we assess the poverty and social exclusion 

of young people in the EU countries based on 11 source 
indicators of poverty and social exclusion, the relevance 
of which has been confirmed by Ayllón and Gábos (2017), 
Chen et al. (2018), Chung et al. (2012), de Graaf-Zijl and 
Nolan (2011), European Commission (2018), Eurostat 
(2018h), Mysíková et al. (2015), Ruesga-Benito et al. (2018), 
and Šoltés et al. (2018). Through multivariate statistical 
procedures, a substantial part of the information contained 
in these indicators is transformed into three uncorrelated 
factors. These three factors represent the three dimensions 
of poverty and social exclusion, confirming the merits of 
three-dimensional concept of poverty and social exclusion, 
which is currently also used for the AROPE aggregate 
indicator for monitoring poverty and social exclusion in 
the Europe 2020 strategy. The weakness of the AROPE 
aggregate, however, is that each of the dimensions - income 
poverty (IP), material deprivation (MD) and labour market 
exclusion (LME) – is captured by only one measure, which 
evaluates that dimension from a single perspective.

In addition, the above measures (AROP, SMD and VLWI) 
assess only the occurrence of the social phenomenon under 
consideration and do not take into account the severity of 
these phenomena, which we try to capture in our analysis 
through other available indicators. By comparing the results 
obtained with our approach and the AROPE-based approach, 
we found that in the relevant years (2008 and 2017), the 
labour market exclusion dimension had a more significant 
impact on poverty and social exclusion among young people 
than how it was quantified by the AROPE indicator. The 

Fig. 6: Heat maps of integral indicator of poverty and social exclusion (first row) and AROPE rate (second row) for 
population of young people (18–24 year olds) in 2008 (left) and 2017 (right)
Sources: Eurostat data; processed by authors in SAS JMP
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AROPE aggregate indicator is currently used for the whole 
population, as well as for the population of young people. 
The measurement of poverty and social exclusion in the 
population of young people, however, has certain specific 
characteristics, particularly concerning the LME dimension. 
In our approach, these specifics have been captured at least 
partially by the chosen source indicators.

As mentioned above, from the spectrum of the original 
correlated indicators characterising poverty and social 
exclusion of young people in the EU-27 countries, linear 
independent factors representing the three dimensions of 
poverty and social exclusion of the population under review 
were created separately for the reference year 2008 and the 
most recent year 2017. By using a weighted average of the 
factors, we have obtained an integral indicator for 2008 
and 2017. Based on the above, this integral indicator assesses 
the poverty and social exclusion of young people aged 18–24 
years more comprehensively than the currently-used the 
AROPE aggregate indicator.

The factors computed in this analysis and the construction 
of the integral indicator make it possible to identify the 
weaknesses and strengths of the EU-27 countries in terms 
of poverty and the social exclusion of young people, and to 
map the progress of countries in this area with respect to 
fulfilling the Europe 2020 strategy. Since poverty and social 
exclusion is a multidimensional phenomenon and different 
countries may have problems in different dimensions, we 
used cluster analysis to reveal the different patterns of the 
three partial phenomena of poverty and social exclusion. 
Interpreting the resulting clusters of countries through 
factor values was an effective tool for diagnosing the 
bottlenecks of the EU-27 countries in the fight against 
poverty and the social exclusion of young people. The 
integral indicator designed for 2008 revealed countries 
that had to face the greatest poverty and social exclusion 
of young people at the strategy Europe 2020 starting line 
in the geographical space of the EU-27. The values of the 
integral indicator created for 2017 and their comparison 
with the values of the integral indicator for 2008, showed 
which countries just before the end of the Europe 2020 
strategy, still have significant problems with poverty and 
the social exclusion of young people, and they revealed 
which countries achieved the most progress in the period, 
eventually failed in the subject area.

For clarity, let us point out the basic differences between 
the AROPE aggregate indicator and the integral indicator. 
The AROPE aggregate indicator is made up of three sub-
measures (poverty risk rate, severe material deprivation 
rate and very low work intensity rate), while the labour 
market exclusion dimension is represented by a population 
living in very low work intensity households [(quasi-) 
jobless households]. The general pattern of decomposition 
of AROPE is that the (quasi-) jobless population is the 
smallest part of the population at risk of poverty or social 
exclusion. On the other hand, the largest share is the 
population, which according to Eurostat methodology, is 
at risk of income poverty. In our 2017 analysis, which took 
into account a larger range of relevant source indicators, 
however, it turned out that the factor representing the 
dimension of labour market exclusion was the first 
principal factor, meaning that from all the factors this one 
accounted for the largest proportion of the total common 
variance; thus in creating an integral indicator, we have 
given this factor the greatest weight. On the contrary, the 
factor representing the income poverty dimension in 2017 

was evaluated as the third factor, and therefore we had to 
give it the least weight among all three relevant factors, 
given its contribution.

Our analyses have shown that the exclusion of young 
people from the labour market has a greater impact on 
poverty and social exclusion than might appear to be the 
case on the basis of the very low work intensity rate in the 
aggregate indicator AROPE. Based on statistical procedures, 
we found that when assessing the exclusion of young people 
from the labour market, it is appropriate to replace the 
standard ‘very low work intensity rate’, with measures 
such as unemployment rate, long-term unemployment rate 
or NEET rate. The suitability of these measures is also 
confirmed by Carcillo et al. (2015) and Chung et al. (2012). 
In addition, the unemployment rate and the NEET rate 
complement each other, because according to Dietrich and 
Möller (2016), unemployment statistics ignore some young 
unemployed and the NEET concept seeks to correct this 
deficiency and include inactive youth in a broader sense.

A lower weight was estimated for the income poverty 
dimension in our analysis, compared to the AROPE rate-
based approach. Within this dimension, we have highlighted 
questionable international comparability of the ‘at-risk-
of-poverty’, which, given the relative poverty concept on 
which it is based, identifies a relatively high level of poverty 
risk also in economically advanced countries such as 
Denmark, the Netherlands, Sweden or Luxembourg. Many 
times, however, this does not correspond to the good results 
in the field of social inclusion, which other statistics point 
to. Poverty rates currently in use only take into account 
a country’s income, which does not always reflect the cost 
of living, and therefore they do not always correctly identify 
people affected by poverty. We agree with the proposal of 
Copus et al. (2015) that Eurostat and national statistical 
offices should include standard cost of living indicators in 
the EU-SILC survey, and use them to adjust the AROP 
rate. Copus et al. (2015) also justify the importance of using 
regional at-risk-of-poverty rates, and they have constructed 
a map of these rates at NUTS 3 across 20 European 
countries. Due to considerable regional disparities in the 
area of income poverty, Dvornáková (2012) and Faura-
Martínez et al. (2016) propose to set regional ‘at risk of 
poverty’ thresholds, and thus to more objectively quantify 
the risk of poverty in a given country as well as across 
the EU. We assume that if our approach was applied to 
territorial units broken down by NUTS 2 classification 
or NUTS 3 classification, based on ‘regional at-risk-of-
poverty’ thresholds for income poverty assessment, more 
homogeneous clusters would be generated and disparities 
revealed between territorial units within individual EU 
countries. At present, however, only a limited number 
of poverty and social exclusion indicators at NUTS 2 or 
NUTS 3 level are currently being monitored and therefore 
such an analysis could not be carried out.

The results of our research based on the cluster 
analysis and construction of the integral indicators have 
confirmed the findings of several scientific papers (Aassve 
et al., 2013; Andriopoulou et al., 2017; Carcillo et al., 2015; 
Chen et al., 2018; Pastore, 2017) that some EU countries, 
especially from southern Europe, have still failed to cope 
with the consequences of the economic crisis, and these 
consequences were felt by the younger generations in 2017. 
The most important findings from our analysis of changes in 
the geographical distribution of poverty and social exclusion 
are presented below.



2020, 28(1) MORAVIAN GEOGRAPHICAL REPORTS

13

2020, 28(1): 2–15 MORAVIAN GEOGRAPHICAL REPORTS

13

In 2017, we expressed quantitatively the largest social 
exclusion of the younger generations in southern and 
eastern Europe, namely Greece, subsequently Romania, 
Italy and Bulgaria, followed by Spain. We must emphasise, 
however, that poverty and the social exclusion of young 
people in Greece were significantly higher than in other 
EU countries. While in the countries of southern Europe 
(Greece, Italy, Spain), this was mainly due to considerable 
problems with the entry of young people into the labour 
market, in the case of Eastern European countries 
(Romania and Bulgaria) it was due mainly to high material 
deprivation, and in the case of Romania also the very high 
threat of youth monetary poverty. Hungary and Latvia 
also have (since 2008) to face the great threat of material 
deprivation of young people. In addition to Romania, the 
fight against income poverty among young people should 
also be made more effective by Spain and Denmark.

The best social inclusion of young people for 2017 was 
expressed quantitatively on the basis of our integral 
indicator in the Czech Republic, Malta, Germany, the 
Netherlands, Slovenia and Austria. With the exception of 
the Netherlands, which has a relatively high risk of income 
poverty, all of these countries have had above average good 
results in all three dimensions. The Czech Republic and 
Slovenia have achieved the lowest threat of income poverty, 
followed by Hungary, Cyprus and Slovakia. Young peoples in 
the Netherlands, Germany and Austria, compared to other 
EU countries, had excellent conditions in labour market 
entry in 2017. Denmark achieved comparatively good 
result in the labour market exclusion dimension as in the 
Netherlands, but due to the high threat of income poverty, it 
was only at an average in the EU rankings.

In 2017, in comparison with 2008, the situation with 
respect to poverty and the social exclusion of young people 
aged 18–24 years has deteriorated mainly in Cyprus, Greece 
and Spain. In the case of Cyprus and Greece, this negative 
change was mainly due to an increase in the exclusion of 
young people from the labour market, which was the largest 
among the EU Member States in these two countries. The 
negative impact of the deteriorated labour market situation 
for young Greeks has been offset in the definitive values of 
the integral indicator by significant progress in the fight 
against monetary poverty. On the contrary, Spain has seen 
a negative development in this dimension (IP), with only 
Estonia, Ireland, Luxembourg and Lithuania recording 
a greater deterioration.

Between 2008 and 2017, poverty and the social exclusion 
of young people were largely eliminated in Hungary, Sweden, 
Poland, the Czech Republic, Bulgaria, Germany and Romania. 
We see that this group is dominated by the countries of 
Central Europe and especially the Visegrad Group (except 
Slovakia). Some significant achievements of Hungary and 
Sweden in the income poverty and labour market exclusion 
dimensions have been dampened by an increase in material 
deprivation among young people, the largest in the EU in 
the two countries in question. Poland, the Czech Republic 
and Germany have seen less progress in all dimensions, 
but this has resulted in a remarkable overall elimination 
of young people’s poverty and social exclusion. Bulgaria’s and 
Romania’s significant progress in the material deprivation 
and labour market dimensions have been partially reduced 
by the deterioration in income poverty.

Nowadays in the European Union, the youngest 
generation is the most affected by poverty and social 
exclusion. On the other hand, the expectations of economists 

for the younger generation are increasing, which is related to 
‘unfavourable’ demographic development, the basic feature 
of which is an aging population. The social inclusion of the 
younger generation therefore must be included among the 
key objectives of the European Union. The results of the 
analyses presented in this article may contribute to this 
inclusion. The social policies of the EU countries under 
review could also be based on the results of our analyses, 
which reveal the phenomena to which the country should 
focus, in an effort to ensure the social inclusion of young 
people. As poverty and social exclusion of young people 
have specific features compared to the older population, 
appropriate methodologies, for measuring the individual 
partial phenomena of poverty and social exclusion, need to 
be put in place. These methodologies should provide the 
most accurate picture of the various dimensions of poverty 
and social exclusion of the relevant population. This article 
highlights some of the weaknesses in measuring poverty 
and social exclusion through the AROPE rate and its sub-
indicators for the population of young people, and it presents 
an approach that assesses poverty and the social exclusion of 
youth more comprehensively and more objectively.
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