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A B S T R A C T

In this paper, we study the convergence in the rates of young people Not in Employment, Education or Training
(NEET) across the 274 European regions from 2000 to 2019. First, we apply the club convergence methodology
and identify the presence of four important clusters with different trends in NEET rates. The estimated clusters
consist of sub-national regions in quite distinct parts of Europe. Then, a spatio-temporal econometric model is
used to confirm the presence of a reduction in the disparities (β–convergence) of these rates across the European
regions. We identify the main drivers in each cluster and calculate the long-run NEET rates. The unemployment
rate and the percentage of early leavers from education and training are the main drivers of NEET rates in all
clusters.
1. Introduction

The Not in Employment, Education or Training (NEET) rate is defined
as the percentage of young people aged 15–24 years old not employed
and not involved in further education or training. This measure offers a
useful tool to understand young people's vulnerabilities in terms of la-
bour market participation and social inclusion.1 It is of paramount
importance to analyse the determinants of the NEET rate: knowledge of
the determinants, and therefore the risk factors that can predict this
phenomenon, can help policymakers to implement measures to tackle the
social and economic consequences of young people's social and labour
exclusion.

There are several key factors that lead to the NEET phenomenon,
which is at the root of observed socioeconomic inequalities in the young
population and causes specific groups being left behind. These include
gender discrimination, low wages, precarious jobs, vulnerability to the
effects of the financial crisis, persistence of unemployment, inefficient
school-to-work transition, and poor on-the-job-training. Additionally, the
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distributive effects of skill biased technological change or the decline in
the effectiveness of tax and benefit systems to redistribute market in-
come, non-standard forms of employment, and lack of social protection
in between jobs can all potentially lead to an increase in NEET rates.

In the context of the European Union (EU) and the economic inte-
gration process, and given that this phenomenon is observed in all EU
countries, it is important to ascertain whether there are common causes
that explain the evolution of the NEET rates across Europe. It would be
misleading to assume that this rate in each country solely responds to its
domestic structural (and cyclical) factors without taking into consider-
ation the effect of the endogenous market forces stemming from the
economic integration process. The existence and identification of com-
monalities in these rates across Europe can help policymakers to devise
and implement a common EU strategy, as this is a phenomenon that can
be more efficiently tackled through EU-wide policy measures.

In this paper, we study the convergence of NEET rates across 274 EU
regions between 2000 and 2019 using two complementary tools. First,
we apply the Phillips and Sul (2007, 2009) transition modelling and
are unemployed or inactive according to the International Labour Organization
in the four weeks preceding the survey. The denominator corresponds to the total
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econometric convergence tests, and identify the presence of four
important clusters with different trends in them. The estimated clusters
consist of sub-national regions in quite distinct parts of Europe. More in
detail, the first two main clusters contain regions located mainly in
Eastern Europe, Southern Europe, UK and France, while the other two
include regions mainly in Central and Northern Europe. Clusters 1 and 2
show an increase in NEET rates with respect to the observed panel
average trend, but at different speeds (cluster 1 shows a higher increase
in this rate than cluster 2). The third cluster show relatively constant
rates with respect to the panel average. The fourthmain cluster presents a
decreasing rate compared to the whole panel. Finally, there are two
additional clusters comprising eight regions (six of which are in Ger-
many) show a clear reduction in relative NEET rates.

Next, we apply a spatio-temporal econometric model to verify the
presence of conditional convergence in each cluster. We also calculate
the long-run NEET rates and identify their drivers. The percentage of
early leavers from education and training, and the unemployment rate
are the main drivers of this rate in all clusters. These two variables
explain between 66.1 and 92.4 percent of the long-run NEET rate for
clusters 1, 2, 3 and 4.

In this paper, we address certain limitations in the literature. First, we
analyse NEET rates using sub-national regional data. National figures
alone cannot reveal the complexity of the NEET phenomenon which
depends on specific regional and territorial aspects. Regional data is
therefore much needed to understand the changing patterns of these
rates and their long-run determinants. Also, regional data provide a
better framework to assess the effect of policy measures. Second, previ-
ous literature analysing convergence with panel data either do not
consider the existence of clusters or exogenously assume the existence
and composition of the clusters. In contrast, in our paper we do not
impose an ad hoc grouping of regions; rather we determine the clusters
endogenously. Third, a spatio-temporal dynamic panel model is used to
analyse the determinants of the NEET rates and calculate the main
drivers and their contribution to this phenomenon. Our paper provides
valuable information on the causes of these rates, and observed regional
differences, across Europe. This analysis is entirely novel and to the best
of our knowledge, has not been performed to date in the empirical
literature. Thus, we combine two previously separate strands of the
literature, on NEET rates convergence and on their long-run de-
terminants. Our analysis makes it possible to determine not only the
fundamental determinants of the long-run NEET rates, but also the
relative importance of each of them. Fourth, we explicitly model the
spatial effects and account for them when testing the determinants of the
identified clusters, since geographical contiguity can explain the char-
acteristics shared by regions in the same cluster. Therefore, we believe
that this is the first study to analyse the β* � convergence in NEET rates
across the EU regions and the drivers of this convergence, by combining
regional cluster analysis and panel data methods.

From a policy perspective, our results suggest that measures aimed at
reducing the NEET problem need to take into consideration both the
particular patterns of the specific regional clusters and the factors
revealed in the analysis of the long-run NEET rates determinants. Thus,
policy measures need to be designed that will increase the employability
of young people by preventing them from leaving school early and by
reintegrating them into education, and to reduce inefficiencies in the
process of school-to-work transition by providing good quality appren-
ticeships and traineeships.

In Section 2, we perform a literature review looking at the conver-
gence in NEET rates while in Section 3 we present the theoretical link
between β–convergence and convergence in these rates. Section 4 de-
scribes their evolution across EU regions. Section 5 details the method-
ologies used to calculate the clusters and convergence. Section 6 presents
results. Finally, Section 6 sets out the conclusions that can be drawn from
this research.
2

2. Literature review

The concept of convergence, in its most general sense, is the reduction
or equalizing of disparities. Convergence is a real, long-term phenome-
non observed in economic growth processes, when two or more coun-
tries’ levels of well-being or development tend towards one another over
time (Barro and Sala-i-Martí, 1991). Convergence is also observed in
other settings. For example, Ravallion (2012) shows the theoretical link
between β–convergence and “poverty convergence” when economic
growth reduces poverty (the advantage of growth). Recent analyses have
focused on the empirical presence of real convergence or divergence in
social and labour market indicators in the EU, on topics such as health,
unemployment, inequality and poverty (see for example, Bouvet, 2010;
Ravallion, 2012; Maynou et al., 2015; Monfort et al., 2018; Lafuente
et al., 2020; Cuestas et al., 2021). It is also important to study the pres-
ence of “advantage of growth” for NEET reduction, which together with
β–convergence in economic growth may help to explain the observed
β*–convergence in NEET rates.

The evolution of youth unemployment and NEET rates across Europe
has been analysed in the literature. The NEET rate, however, is consid-
ered a better indicator of the ‘youth left behind’ phenomenon than the
youth unemployment rate (O'Higgins, 2011; Scarpetta et al., 2010); the
reason is simple, the NEET rate is a more comprehensive measure to the
concept of ‘lost generation’ and predicts better young people's risk of
social and labour exclusion (Ruesga-Benito et al., 2018). The literature on
youth unemployment and the NEET rates emphasizes that youth unem-
ployment is more sensitive to business cycle oscillations though have also
indicated major country-specific variations (Bell and Blanchflower,
2010, 2011; Verick, 2011, Choudhry et al., 2012, Ghoshray et al., 2016).
Economic crisis hit young people disproportionately hard intensifying
young unemployment and joblessness (Jimeno and
Rodriguez-Palenzuela, 2002, OCDE, 2016) since they are more likely to
work in temporary and atypical contracts that are easier to terminate.
Economic downturns also prevent youngsters from developing their
career, as they would have liked (Standing, 2011). Youth unemployment
is not only more vulnerable to the effects of a crisis than adult unem-
ployment, but these effects tend to be more persistent (O'Higgins, 2011;
O'Higgins, 2012). The combination of high and persistent youth unem-
ployment rate may discourage youth from searching jobs; in some cases,
they may decide to remain in the educational system, but, in other cases,
they may join the NEET group. The school-to-work transition appears
therefore as a key factor in explaining the occurrence of the NEET phe-
nomenon. Early-leavers from educational system find jobs which
often-lack long-term security and have low wages and poor-training
(Furlong, 2006), increasing their likelihood of being NEET. As noted by
Bentley and Gurumurthy (1999), one in five young people who are
employed at age 16 will be NEET at 18.

From this literature, three factors emerge as important determinants
in understanding the NEET phenomenon. The unemployment rate and its
link to the level of economic activity, the level of educational attainment,
and the rate of early-leavers from education along with the occurrence of
temporary employment or part-time contracts as a key factor in
explaining the school-to-work transition (Scherer, 2004; Gebel, 2010). In
addition to institutional factors as the educational system and the school-
to-work transition, further macro factors are relevant in explain the NETT
rate and, specifically, structural factors related to the workforce as the
participation rate (Dietrich, 2013). Within the demographic factors of the
workforce, the gender composition of NEET has also been explored.
Young womenmay suffer more from youth unemployment and NEET due
to family responsibilities in caring their siblings or own children (Euro-
fund, 2016).

The institutional and structural factors explaining the NEET rates and
its size and composition vary greatly across European countries. Based on
certain degree of similarities in the NEET population as the number of
discouraged workers, previous work experience, gender or educational
level, among others, Eurofund (2012) classify the EU countries in four
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groups with similar NEET population characteristics. These authors
conclude that “the NEET problem is most prevalent in southern and
eastern European countries, whereas young people seem to be better
integrated into education and employment in Scandinavian and central
European countries” (Eurofund, 2012, p. 42). This paper, however, ne-
glects the fact that a particular region in a country can be more similar to
a region in another country than to some other regions in its own country.
In other words, as suggested by Overman and Puga (2002), State mem-
bership is not the best way to group regions; skill and sectoral differences
are more relevant for understanding, for example, youth unemployment
outcomes.

The regional dimension of unemployment was first examined by
Blanchard and Katz (1992) whose seminal paper started a debate on the
determinants of regional labour performance. Elhorst (2003) surveys this
literature and concludes that regional unemployment differentials are
wide and persistent, with low and high unemployment regions clustering
with regions with similar unemployment rates. Persistence in unem-
ployment has been widely discuss in the literature, since it casts doubts
on the existence of a unique (natural) equilibrium rate of unemployment
as proposed by Phelps (1967, 1968) and Friedman (1968). High and
persistent unemployment suggest rather a situation in which shocks have
permanent effects, leading to the so-called unemployment hysteresis
(Blanchard and Summers, 1986). The natural rate hypothesis has been
also challenged by the structuralist theories of unemployment, which
states that unemployment can be endogenous and affected by structural
factors in the economy (Layard et al., 1991). The empirical literature on
the persistence to shocks to unemployment in European countries is,
however, inconclusive (Monfort et al., 2018; Kristic et al., 2019), and not
unambiguously determined even for the European countries with the
worst records on unemployment, as the PIIGS countries (Cheng et al.,
2014).

Regarding unemployment convergence in Europe, Monfort, et al.
(2018) conclude that the integration process in Europe has not led to an
overall convergence in unemployment, but rather a cluster convergence.
Similar results are found by Kristic et al. (2019). These authors analyse
unemployment convergence in Europe after the financial crisis and
conclude in favour of overall divergence. In the context of regional un-
employment in Europe, Beyer and Stemmer (2016) analyse the distri-
bution of unemployment rates and obtained that European regions react
very heterogeneously to European and country fluctuations. According to
these authors, the observed divergence in European regional unem-
ployment rates after the crisis can be attributed to both country and
regional-specific factors.

Ghoshray et al. (2016) analyse both adult unemployment and youth
unemployment rates in Europe, and found that whereas adult unem-
ployment is subjected to structural breaks linked to institutional and
economic shocks, youth unemployment behaviour is rather linked to
economic cycle fluctuations.2 These authors suggest that lower involve-
ment in the labour market and lower involvement in education activities,
that is, growing NEET rates, can explained this result. Bruno et al. (2014)
analyse the presence of different patterns in both youth unemployment
and NEET rates across groups of regions before and after the Great
Recession. These authors classify the regions into five macro- European
regions (Continental, Northern, Anglo-Saxon, Southern and New Mem-
ber States) according to certain common features of labour market in-
stitutions and economic setting. The authors conclude that NEET and
youth unemployment persistence vary across macro-regions. The impact
of the Great Recession on both youth unemployment and the NEET rate is
further analysed in Kelly and McGuinness (2015). These authors showed
that the school-to-work transition ratios felt dramatically between 2006
and 2011, confirming the close link between youth unemployment and
the economic cycle.

The existing literature shows some limitations in the study of NEET
2 Acedanski (2016) obtained similar results.
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rates. First, studying national figures alone is unlikely to reveal the
complexity of the NEET phenomenon, which depends on specific
regional and territorial aspects. Data at subnational region-level is
therefore much needed to help understand the changing patterns of these
rates and their long-run determinants. Second, previous literature ana-
lysing convergence with panel data either do not consider the existence
of clusters, or alternatively exogenously assume the existence and
composition of the clusters. Third, this literature does not investigate
jointly the convergence of NEET rates at the same time as studying long-
run determinants of them, which is important to determine not only the
fundamental drivers of the long-run NEET rates, but also the relative
importance of each of these drivers.

Our paper is somewhat related to that of Bruno et al. (2014), but
differs in many significant aspects. First, we do not impose ad hoc
regional clusters. Although the authors provide an economic rationale for
the supra-national clustering, the authors assume the existence of these
clusters rather than test the existence of clusters. Our paper demonstrates
that this can be misleading to the extent that not all regions in a country
(or group of countries) should be assigned to the same cluster, as Bruno
et al. do. Common characteristics such as geographical contiguity, the
population skill level, or the regional sectoral composition can provide a
better way of grouping regions into clusters. Second, Bruno et al. (2014)
explain NEET rates using a very limited set of explanatory variables,
other than the ad hoc grouping, with the analysis focusing exclusively on
GDP and its interaction with the financial crisis. Our paper shows,
however, that the GINI index, the educational level attained, the rate of
early leavers from education, and part-time employment are important
determinants of the NEET rates along with the financial crisis. Third, we
evaluate the contribution of each determinant to these rates in each
cluster to evaluate the risk factors behind them. As such, our paper
provides a more comprehensive picture of the NEET phenomenon.

3. The theoretical link between β–convergence and NEET
convergence

From a theoretical point of view, Ravallion (2012) shows that under
the presence of both β–convergence in average income (or consumption)
and a negative effect of income on poverty (also called the “advantage of
growth” for poverty reduction), then there is also “poverty convergence”.
As a result, the speed of convergence in poverty coincides with the speed
of convergence observed in income. In the same vein, and from a theo-
retical point of view, the presence of β–convergence in GDP per capita
together with a negative impact of GDP per capita on NEET rates can also
generate “NEET convergence”. In more detail, if GDPPCi;t is the GDP per
capita in region i and at time t, a common empirical specification of
β–convergence (Barro & Sala-i-Martin, 1991; Sala-i-Martin, 1996) is:

Δ lnðGDPPCi;tÞ¼αi þ βi lnðGDPPCi;t�1Þþ γiZi;t þ εi;t ; (1)

where αi is a region-specific effect, βi < 0 is a region-specific convergence
parameter, Zi is a vector of variables and εi;t is a zero-mean error term.
Next, if the “advantage of growth” for NEET reduction is

lnðNEETratei;tÞ¼ δi þ ηi lnðGDPPCi;tÞ þ νi;t; (2)

where δi is a region-specific effect, term νi;t a zero-mean error term and
ηi < 0 is the regional elasticity of NEET rates with respect to GDP per
capita. Then, using (1) and (2) we obtain

Δ lnðNEETratei;tÞ¼α*
i þ β*i lnðNEETratei;t�1Þþ γ*i Zi;t þ ε*i;t ; (3)

where α*i ¼ αiηi � βiδi, β*i ¼ βi , γ*i ¼ ηiγi and ε*i;t ¼ εi;tηi � βiνi;t�1.
Equation (3) refers to “NEET convergence”. Thus, conditional on a vector
of variables, regions starting out with a relatively low level of GDP per
capita should enjoy both a higher subsequent growth rate in GDP per
capita (equation (1)) and a higher proportionate rate of reduction in their



Fig. 1. NEET rate evolution 2000–2019 – EU regions.
Source: Eurostat data.

3 Please, see https://ec.europa.eu/eurostat/web/nuts/background for further
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NEET rates (equation (3)).
Notice however, that there will the possibility of not NEET conver-

gence if the lagged NEET rate has a negative impact on economic growth.
More in detail, replacing Zi;t by NEETratei;t�1 in equation (1), then
equation (3) becomes equal to:

ΔlnðNEETratei;tÞ¼ α*
i þðβi þ ηiγiÞlnðNEETratei;t�1Þ þ ε*i;t (4)

Now, under the presence of growth convergence βi < 0, and the
advantage of growth for poverty reduction ηi < 0, there will the possi-
bility of not NEET convergence if NEETratei;t�1 has a negative impact on
economic growth γi < 0 (this happens when ηiγi � � βi). Although there
are different mechanisms behind the link between economic growth,
inequality and NEET rates, our goal in this section is to present a simple
model that can be helpful for introducing the convergence hypothesis in
NEET rates.

4. Evolution of the NEET rates across regions

The NEET rate has been used since 2010 as a tool to study labour
market vulnerability among young people in the EU (Eurofund, 2016).
On average, this rate has shown different patterns in the EU regions
during recent years; it fell from 12.5 percent in 2004 to 10.5 percent in
2007. Then, it increases to 13 percent due to the Great Recession and,
finally, decreases to 10.3 percent in 2019 with the economic recovery
(see Fig. 1a). The average NEET rate has been decreasing since the
beginning of the economic recovery, with the level recorded in 2019
similar to the level in 2000 (just under 12 percent).

Nonetheless, significant differences exist between EU countries in
terms of the evolution of their NEET rate, and even among regions in the
same country (Bruno et al., 2014). Fig. 1b shows a reduction in the
standardized dispersion of these rates across 274 European regions from
2001 to 2009, with a fall of more than 10 percentage points in the co-
efficient of variation. However, the variability of this rate has been
increasing since 2009, reaching a level similar to the one in 2000 (52
percent).

Moreover, NEET rates appear to show different convergence patterns
across European regions. Fig. 2 depicts regional NEET rates in 2000 and
2019, suggesting the presence of at least four different clusters despite a
general increase observed between 2001 and 2010 followed by a
reduction between 2010 and 2019. A first cluster of regions appears to
show an increase and then a decrease in NEET rates, starting from levels
higher than the average European rate (11.8 percent). This group is
composed of regions located in Southern Europe (Spain and Italy),
Southeastern Europe (Greece, Bulgaria and Romania), and some regions
of the UK. A second group of regions also shows an increase and then a
decrease in the NEET rate, but starting from relatively low levels (below 7
4

percent) and rising to levels around the European average (11.8 percent).
These regions are mainly located in UK, Northern Italy, Northern Spain
and Central Europe (Czech Republic, Hungary, Poland and Slovakia). A
third group, comprised mainly of regions in Portugal, France and the UK,
does not show a clear change in NEET rates with respect to the average
European rate. Finally, a group of Northern, Western and Central Euro-
pean regions showing some stability in NEET rates, but clearly lying
below the average.

5. Methodology: convergence and cluster tests

Panel data models have been widely used to test for regional
convergence. In these models, the rejection of the null hypothesis of
overall convergence, that is, convergence of all regions in the panel to the
same steady state, supports the alternative hypothesis of divergence.
However, overall convergence can be rejected not only if all regions in
the panel truly diverge, but also under the presence of cluster conver-
gence (Phillips and Sul, 2007). The empirical literature has acknowl-
edged this limitation and panel models have been applied to a limited
number of regions to ascertain the existence of regional clusters. How-
ever, this ex-ante (or ad-hoc) classification of regions into different
groups may introduce selection bias. In this paper, we propose to
circumvent this problem through a robust estimation of the regional
clusters. Thus, we first use the methodology of Phillips and Sul (2007,
2009) to endogenously identify the regional clusters from a panel
including all regions. Once the clusters have been identified, we apply
panel methods to analyse the determinants of our variable of interest, the
NEET rates for each of the estimated regional clusters.
5.1. Data

We used data from 274 regions of the 28 EU member countries. Data
were obtained from EUROSTAT at the NUTS2 level. The NUTS classifi-
cation (Nomenclature of territorial units for statistics) is used by
EUROSTAT to split the economic territory of the EU and the UK into
subnational regions that share specific characteristics and facilitate the
presentation of statistics. There are three hierarchical NUTS levels, with
NUTS 1 the largest and NUTS 3 the smallest; NUTS 1 are the major socio-
economic regions, NUTS 2 are basic regions for the application of
regional policies and NUTS 3 are small regions for specific diagnoses3.

Due to data limitations—mainly for the variable of interest, the NEET
rate— the analysis was carried out for the period 2000–2019. In Table 1,
we have provided the descriptive statistics of the variables used in the
information.

https://ec.europa.eu/eurostat/web/nuts/background


Fig. 2. NEET rates by region (2000 and 2019).
Source: Eurostat data.

Table 1
Descriptive statistics of the variables (2000–2019).

Variables Mean Std. D Min Max N

NEET rate (%) 11.798 5.541 2 35.9 5076
NEET growth rate (growth
rate, %)

0.378 17.588 �64.211 110 4779

GDP per capita in PPS
(growth rate, %)

2.724 4.164 �16.234 35.354 4887

Population (growth rate, %) 0.277 0.819 �11.046 5.635 5074
Unemployment rate (%) 8.757 5.596 1.2 37 5254
GINI index 30.085 3.393 20.9 40.8 4742
Fertility rate 1.564 0.299 0.86 3.94 4991
Participation rate (%) 10.259 7.295 0.5 36 5113
Educational attainment
level 0–2 (%)

27.706 15.387 2.4 87.2 5260

Educational attainment
level 3–4(%)

46.787 14.844 6.9 80.3 5260

Educational attainment
level 5–8(%)

25.512 9.849 3.7 74.7 5262

Early leavers (%) 13.733 7.818 0.9 58.8 5001
Part-time employment (%) 18.596 10.583 0.575 57.456 5269

Source: Eurostat data.
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models. These variables have been chosen based on the discussion on the
literature in Section 1. This table shows the mean, the standard deviation,
the minimum and maximum value and the number of observations for
5

each dependent and explanatory variable. In addition to this information,
we have constructed maps (Fig. 2), showing the evolution of the NEET
rate in the European regions. The definitions of these variables and the
unit of observation are provided in Appendix 1 (Data).

5.2. Club convergence

The time-series approach to convergence analysis can be found in the
seminal papers by Carlino and Mills (1993) and Bernard and Durlauf
(1995, 1996). These authors developed the concept of stochastic
convergence, based on the stationarity properties of the variables under
analysis. Thus, two non-stationary variables converge if there is a coin-
tegrating relationship between them. In other words, two non-stationary
series converge if they share the same stochastic trend.

This definition of convergence can be empirically tested by means of
time-series econometric techniques. However, as pointed out by Phillips
and Sul (2009), traditional convergence tests are inadequate when
technology is heterogeneous across countries and the speed of conver-
gence is time-varying. To account for temporal and transitional hetero-
geneity, Phillips and Sul (2007, 2009) introduced cross-sectional and
time-series heterogeneity in the parameters of a neoclassical growth
model. Appendix 2 shows the technical details of their methodology for
testing club convergence.
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5.3. Spatio-temporal econometric model

The empirical specification of the NEET convergence model is based
in the theoretical model presented in section 2. The methodology
explained in this section was applied in two recent papers by Maynou
et al. (2015, 2016) to health and economic convergence analyses.

In contrast to more traditional analyses of β–convergence, we do not
specify cross-sectional models, but rather estimate spatio-temporal
models, i.e., dynamic panel data, from a Bayesian approach. We do this
because we want to explicitly consider and model the time and spatial
heterogeneity in our data (i.e., levels (regions, countries) and dimensions
(spatial and temporal). As we have argued above, the convergence rate
may have been different for each region and/or have varied during the
period under analysis. Furthermore, with small T, we need a large N to
obtain consistent estimates.

In particular, we estimate the following three models:

growthGDPpcijt ¼αt þ βjloggdppcijt�1 þ γ1growthpopulationijt

þ γ2unemprateijt þ γ3Ginijt þ γ4fertilityrateþ γ5participationrateijt

þ γ6educlevel02ijt þ γ7educlevel34ijt þ γ8earlyleaversijt þ γ9parttimeijt

þ γ10crisist þ γ11clustersij þ Si þ uijt (5)

growthNEETrateijt ¼αt þ ηjgrowthgdppcijt þ η2clustersij þ Si þ vijt (6)

growthNEETrateijt ¼αt þ β*j NEETrateijt�1 þ γ*1growthpopulationijt

þ γ*2unemprateijt þ γ*3Ginijt þ γ*4fertilityrateþ γ*5participationrateijt

þ γ*6educlevel02ijt þ γ*7educlevel34ijt þ γ*8earlyleaversijt þ γ*9parttimeijt

þ γ*10crisist þ γ*11clustersij þ Si þ u*ijt (7)

The subscript i denotes region (i¼ 1,…,274); j country (j¼ 1,…,28);
t year (t ¼ 2000,2003, …,2019); αt , βj and γm (m ¼ 1, …,13) denote
unknown parameters; Si denotes spatial random effects (see below); and
uijt is the normally distributed disturbance term. The dependent and
explanatory variables are defined below. The panel that we create with
these data is unbalanced. Data was not available for all the period and for
all regions. The intercept, αt , and coefficients of interest, βj in equation

(5), ηj in equation (6) and β*j in equation (7), have subscripts to denote
country-specific values. In fact, we specify (dynamic) random coefficient
panel data models (Hsiao and Pesaran, 2008), allowing the coefficients to
be different for the various levels we have considered. When the random
effects vary by country, we assume they are identical and independent
Gaussian random variables with constant variance, i.e υjt � Nð0; σ2

υ Þ.
When the random effects vary by year, we assume a random walk of
order 1 (i.e., independent increments) for the Gaussian random effects
vector (although we also assume constant variance) (R-INLA). See Ap-
pendix 3 for the spatio-temporal adjustment and the inference.

Equation (5) replicates equation (1) of the theoretical model. It shows
the conditional β-convergence of GDP per capita. Thus, the dependent
variable is the GDP per capita growth rate (growthgdppc). The growth
equation also includes well-known growth drivers (e.g. Gastil, 1990;
Barro, 1991; Knack and Keefer, 1997; for a review see, Chirwa and
Odhiambo, 2016). More in detail, the population growth rate (growth-
population) and the fertility rate by region (Fertility rate) capture the
population dynamics. Human capital is proxied by the participation rate
in education and training (Participationrate) and the percentage of the
population with primary and secondary education levels (Educlevel02
and educlevel34, respectively).

Unemployment can also affect economic growth since it implies a
continuing waste of labour and of human capital, reducing long-run
productivity growth. According to Brauninger and Pannenberg (2002),
the long-run level of productivity is reduced if higher unemployment
leads to less formal education or to less learning-by-doing. Using a model
with endogenous growth, they show that unemployment reduces
6

long-run productivity growth. Then, using panel data from 13 OECD
countries from 1960 to 1990, they find evidence that an increase in
unemployment scales down the long-run level of productivity. This
mechanismmay also include early leavers from education and training as
well as part time jobs since they tend to reduce formal education and
on-the-job-training. According to Isusi and Corral (2004), part-time work
is associated with several negative working conditions, such as fewer
opportunities for training and career progression and weaker job tenure,
generating, therefore, a negative effect on human capital accumulation.
Therefore, we include unemployment rate (Unemprate), early leavers
from education and training as a percentage of the total sample popu-
lation (Earlyleavers), and part-time employment as a percentage of total
employment (Parttime) in equation (5) as additional drivers of economic
growth.

As shown by Quah (1996), to observe convergence two mechanisms
need to be in place: i) the growth mechanism, which is captured in our
model by the growth drivers, and ii) the convergence mechanism, related
to the convergence in income distribution. Following this reasoning, we
consider a measure of income distribution, the Gini coefficient (Gini),
which is defined (according to Eurostat) as the relationship of cumulative
shares of the population arranged according to the level of equivalized
disposable income to the cumulative share of the total disposable income
received by them. Finally, we control for the effects of the Great Reces-
sion by including the dummy variable Crisis which equals one for the
period 2008 to 2012. Further data descriptions can be found in Appendix
1 (Data).

In equations (6) and (7), the dependent variable is the rate of growth
of the NEET rate (growthNEETrate). Equation (6) replicates equation (2)
with endogenous cluster determination. In this equation, only
growthgdppc appears as explanatory variable allowing us to test the
advantage of growth for NEET reduction, which together with conver-
gence of GDP per capita are necessary for NEET convergence. The
endogenous determined clusters, that have been obtained using the
Phillips and Sul (2007, 2009) methodology, are captured using dummy
variables (Clusters) for each cluster (1 to n).

Equation (3) from our theoretical model also shows that the de-
terminants of economic growth can affect not only GDP per capita β �
convergence but also NEET β* � convergence. Consequently, equation (7)
replaces the GDP per capita growth rate by its drivers introduced in
equation (5).

6. Results

6.1. Results of estimating club convergence

Convergence in NEET rates has been tested by means of the Phillips
and Sul (2007, 2009) method. These authors have proven that the
elimination of the cyclical components of the data improves the finite
sample power and size of the club convergence test. Therefore, we have
eliminated the cyclical components by means of the HP filter (Hodrick
and Prescott, 1997). We have also moved the base year to the beginning
of the period and discarded some initial observations with the aim of
removing the effects created by the initialization. Consequently, the
effective sample size was 2005–2019. The test for overall panel conver-
gence was rejected for NEET rates, with a log t-ratio of �38.14. The
absence of convergence for the panel leads us to consider the possible
existence of club convergence.

The results from the cluster analysis for the NEET rates are shown in
Appendix 4 (Table A1 and A2). From our results, seven clusters emerge.
Given that the cluster analysis procedure tends to find more groups than
actually exist, we have tested whether adjacent clusters can be merged
into larger groups. According to our results, clusters 1 and 2 can be
merged. Hence the final cluster classification contains six groups of re-
gions, which appear in Appendix 4 (Table A3) and Fig. 3.

The country composition of the estimated clusters (Fig. 3) is quite



Fig. 3. Clusters.
Source: own construction.

Fig. 4. Transition paths.
Source: own construction.

4 Following a referee comment, we have checked the robustness of our results
by using the convergence methods proposed by Michail (2020). As shown in
Appendix 5 Table A5, the results for the β coefficient are very similar in terms of
sign, significance and even magnitude to those reported in Table 2.
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heterogeneous and βj reflects the graphical patterns shown in section 3
(Fig. 2). More specifically, cluster 1 is mainly composed of regions in Italy
(18 regions), Spain (10 regions), Greece (5 regions) and Bulgaria (5 re-
gions), which together represent 64.4 percent of the 59 regions in this
cluster. It also contains five regions located the UK. Cluster 2 contains 52
regions, 29.6 percent of which belong to the UK and France. This cluster
also contains 14 regions from southern European countries (Spain and
Greece), 8 regions form Eastern Europe (most of them in Romania and
Poland). Cluster 3 contains 46 regions, 19.6 percent of which are in UK (9
regions), 13.0 percent in Belgium (6 regions) and most of the regions of
Portugal (4 regions). The rest of the regions in cluster 3 belong to 7 other
countries. Cluster 4 is the biggest with 69 regions, with 62.3 percent
concentrated in Germany (21 regions), the Netherlands (8 regions),
Austria (7 regions) and Poland (7 regions). The remaining 26 regions
belong to 8 different countries. Finally, clusters 5 and 6 only contain 8
regions in total, (6 of them in Germany).

Fig. 4 presents the transition paths for the six final clusters. This graph
shows the performance of each cluster relative to the panel average.
Thus, a decrease in the transition path of the NEET rate for a given cluster
cannot be interpreted as a decrease in the absolute value of this rate, but
rather as a decrease in the NEET rate relative to the average behaviour of
the whole panel, represented in the figure by the value of 1. Therefore,
these graphs are a useful way to gauge the degree of divergence among
clusters and to determine when, and for how long, this divergence takes
place. Divergence among clusters is clear. Clusters 1 and 2 show the
worst performance in the panel, while clusters 4, 5 and 6 present a
decreasing NEET rate compared to the whole panel. Finally, cluster 3 do
not show any such trend; it remains close to the panel average.

6.2. Results of estimating convergence models

The results of estimating the models are shown in Table 2. As stated
before, the coefficient of interest in this analysis is β*, which shows
whether there is convergence or divergence between regions. Moreover,
we also report in Appendix 5 Table A4 the results for a model with an
interaction of the lag NEET rate and the GDP per capita growth rate,
following Ravallion (2012).

In Table 2, we show the results of the estimations for conditional β�
convergence in economic growth and β* � convergence in NEET rates with
the clusters (as dummy variables) and a model for each cluster, estimated
7

in the previous analysis, to capture the heterogeneous effect by cluster4.
These models account for spatio-temporal adjustment and a range of
covariates. We present the results only for clusters 1 to 4. Clusters 5 and 6
are not included due to the low number of observations in each cluster.

Model 1 replicates equation (1) of the theoretical model. It shows
conditional convergence in GDP per capita, as the β is negative and sig-
nificant. While, the population growth rate, the unemployment rate and
educational attainment level (0–2) have a negative and significant effect
on the GDP growth rate, fertility rate has a positive effect. The rest of
explanatory variables are not statistically significant.

Model 2 replicates equation (2) of the theoretical model and presents
a simple model with only GDP per capita growth rate as the main co-
variate, showing a negative relationship between NEET growth rate and
GDP growth rate. Moreover, this model also incorporates the cluster



Table 2
Results of estimating the conditional β-convergence on GDP and NEET rate.

1 2 3 4 5 6 7

GPDpc growth
rate with clusters

NEET growth rate
with clusters

NEET growth
rate with clusters

NEET growth rate:
CLUSTER 1

NEET growth rate:
CLUSTER 2

NEET growth rate:
CLUSTER 3

NEET growth rate:
CLUSTER 4

β �0.833**a

(0.191)
�3.905**
(0.238)

�1.916**
(0.160)

�4.158**
(0.283)

�5.434**
(0.382)

�6.200**
(0.495)

Fixed effects:
GDPPC growth rate �0.853**

(0.077)
Population growth
rate

�0.659**
(0.065)

1.037**
(0.369)

0.683
(0.507)

�1.589
(1.109)

�0.133
(0.812)

2.412**
(0.819)

Unemployment rate �0.093**
(0.011)

2.095**
(0.081)

1.159**
(0.107)

1.753**
(0.169)

2.873**
(0.233)

3.362**
(0.198)

GINI index �0.003
(0.007)

0.124**
(0.031)

0.081**
(0.040)

0.118**
(0.055)

0.046
(0.053)

�0.167**
(0.046)

Fertility rate 0.418**
(0.159)

0.940
(0.994)

0.825
(1.125)

�0.802
(1.383)

�1.143
(1.367)

0.078
(1.082)

Participation rate 0.012
(0.011)

�0.322**
(0.058)

�0.166**
(0.145)

�0.455**
(0.109)

�0.104
(0.116)

�0.350**
(0.116)

Education level 0–2 �0.016**
(0.008)

�0.411**
(0.063)

�0.386**
(0.091)

�0.252**
(0.093)

�0.293**
(0.104)

0.098
(0.108)

Education level 3–4 0.001
(0.006)

0.201**
(0.054)

0.242**
(0.097)

0.211**
(0.103)

0.242**
(0.099)

0.208**
(0.081)

Early leavers �0.003
(0.010)

1.519**
(0.067)

1.104**
(0.102)

1.975**
(0.148)

1.494**
(0.149)

1.722**
(0.178)

Part-time
employment

0.015
(0.011)

�0.001
(0.060)

�0.067
(0.117)

0.436**
(0.143)

�0.091
(0.092)

0.056
(0.091)

Crisis dummy (– –
2008–2012)

�1.542
(2.433)

2.090
(2.964)

5.528**
(0.941)

2.805**
(1.189)

3.075**
(1.127)

3.403**
(0.969)

Clusters (base category: regions not clusteredb)
Cluster 1 �0.531**

(0.215)
�0.557
(0.952)

3.075**
(1.410)

Cluster 2 �0.499**
(0.202)

�0.646
(0.958)

�0.953
(1.317)

Cluster 3 �0.191
(0.195)

�0.887
(0.973)

�2.178
(1.202)

Cluster 4 �0.144
(0.191)

�1.311
(0.918)

�3.432**
(1.210)

Cluster 5 �0.208
(0.354)

�2.318
(1.942)

�3.846
(1.978)

Cluster 6 �0.126
(0.438)

�0.130
(2.302)

�3.322
(2.444)

Constant 13.039
(2.390)

3.242
(2.252)

7.866
(5.541)

1.353
(6.770)

5.345
(6.030)

12.271
(5.805)

7.340
(5.692)

Standard deviation of random effects:
Heterogeneity 0.128** (0.003) 0.004** (0.0001) 0.005** (0.0001) 0.006** (3.0e-04) 4.600e-03**

(2.00e-04)
4.600e-03**
(2.00e-04)

0.005** (2.00e-04)

αt 0.086** (0.029) 0.082** (0.035) 0.058** (0.022) 18279.618**
(1.827eþ04)

1.742eþ04**
(1.786eþ04)

1.792eþ04**
(1.818eþ04)

1.984eþ04**
(1.905eþ04)

βj/ ηj 76.418**
(25.950)

18451.876**
(1.834eþ04)

0.924** (0.307) 12.615** (6.188) 4.597** (2.969) 1.482** (7.186) 0.431** (0.178)

Spatial effect YES YES YES NO NO NO NO
Years 2000–2019 2000–2019 2000–2019 2000–2019 2000–2019 2000–2019 2000–2019
Regions 274 274 274 59 52 46 69
Countries 28 28 28 10 9 17 16
N 3846 4490 3796 885 814 681 965
Deviance Information
Criterion (DIC)

24009.25 40546.08 39083.88 8786.44 8008.76 7051.24 10322.75

Effective number of
parameters

70.03 25.79 116.77 19.81 19.68 26.94 27.05

-log(mean(cpo)) 2.458 4.242 4.089 3.992 4.121 4.122 4.085

Spatial and temporal components are significant.
a mean (standard deviation); ** denotes that the 95% credible interval did not contain zero (statistically significant). For the sake of simplicity, we have not reported

the random effects for these models but they are available from the authors on request.
b It has not been possible to cluster the 40 regions that have few observations for the NEET rate.

Source: own construction
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dummy variables (excluded dummy: regions not clustered), but they are
not significant. According to this model, an increase of one percent point
in the GDP per capita growth rate, reduces the NEET growth rate by 0.85
percentage points. This result goes in line with the theoretical model
defined in Section 2, showing the presence of the “advantage of growth”
for NEET reduction. The presence of β � convergence in economic growth
together with the “advantage of growth” for NEET reduction allows us to
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expect the presence of β* � convergence in NEET rates.
We next test the presence of NEET convergence in models 3 to 7 by

removing GDP per capita growth rate in model 2 and adding the range of
covariates in model 1 defined as determinants of GDP per capita growth
rate. Results show convergence in these rates between EU regions, as the
coefficient of interest is negative and statistically significant. For model
3, participation rate in education and training and educational attain-



Table 3
Long-run NEETrates* by cluster and their determinants.

CLUSTER 1 CLUSTER 2 CLUSTER 3 CLUSTER 4

Level Coef Contr Level Coef Contr Level Coef Contr Level Coef Contr

Population growth rate (2000-19) 0.12 0.36 0.04 0.37 �0.38 �0.14 0.27 �0.02 �0.01 0.23 0.39 0.09
Unemployment rate (2019) 11.24 0.60 6.80 7.09 0.42 2.99 4.78 0.53 2.53 3.72 0.54 2.02
GINI index (2019) 33.35 0.04 1.41 30.78 0.03 0.87 29.71 0.01 0.25 27.57 �0.03 �0.74
Fertility rate (2018) 1.46 0.43 0.63 1.62 0.44 0.71 1.58 �0.21 �0.33 1.57 0.01 0.01
Participation rate (2019) 7.58 �0.09 �0.66 12.31 �0.11 �1.35 11.98 �0.02 �0.22 12.62 �0.06 �0.71
Education level 0–2 (2019) 32.36 �0.20 �6.52 21.09 �0.06 �1.28 19.5 �0.05 �1.05 13.94 0.02 0.22
Education level 3–4 (2019) 43.07 0.13 5.44 43.39 0.05 2.20 44.11 0.04 1.96 52.38 0.03 1.76
Early leavers (2019) 15.34 0.58 8.84 10.56 0.47 5.02 9.65 0.27 2.65 8.35 0.28 2.32
Part-time employment (2019) 13.97 �0.03 �0.49 18.49 0.10 1.94 20.29 �0.02 �0.34 25.16 0.01 0.23
Crisis dummy (– – 2008–2012) 0.25 2.89 0.72 0.25 0.67 0.17 0.25 0.57 0.14 0.25 0.55 0.14
Constant 1.35 0.71 0.71 5.35 1.29 1.29 12.27 2.26 2.26 7.34 1.18 1.18
NEET rate (2019) 16.41 10.99 8.37 6.06
Long-run NEET rate

P

16.92

P

11.40

P

7.84

P

6.52

Source: own construction.
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ment level (0–2) reduces the NEET growth rate, whereas the population
growth rate, unemployment rate, the GINI index, the educational
attainment level (3–4) and early leavers increase the NEET growth rate.
This model also incorporates cluster dummy variables where cluster 1 is
positive and significant and cluster 4 is negative and significant. Sum-
ming up, our results indicate that there is (statistically) significant of β*�
convergence in NEET rates among the EU-28 regions in the studied
period.

In turn, models 4 to 7 report the results of the conditional of β*�
convergence for each of the clusters. While these models incorporate the
random effects (as in the previous specification), the spatial effect is not
included. The main reason for omitting the spatial effect is that in these
models the regions are no longer adjacent, and this can yield misleading
estimation results. Although convergence is found in all the clusters, their
β* coefficient values differ, showing higher convergence rates for cluster
4 than for clusters 1, 2 and 3. Regarding the covariates, we can also see
some differences in the sign and significance. In other words, the NEET
rate is affected by different covariates in each cluster. However, unem-
ployment rate (þ), early leavers (þ), educational attainment level (3–4)
(þ) and the crisis dummy (þ) are all significant in the four clusters.

Comparing model 1 with models 3 to7 in Table 2, it looks like some of
the explanatory variables generate direct effects on NEET β*�
convergence that not necessarily take place through economic growth. For
example, the percentage of the population with secondary education
levels, early leavers, the Gini index and participation rate in education
and training have a significant negative effect on NEETs in model 3 but
not on GDP per capita (model 1). In contrast, unemployment rate reduces
economic growth while increases NEET rate in all models. It would be
interesting to explore the presence of these direct channels but this is left
for future research.

Finally, we calculate the long-run NEET rate NEETrate*c in each cluster
as well as the relative contribution of each variable to this rate. More
specifically, we set growthNEETratec;t ¼ 0 and divide all coefficients in
equation (7) by �β* to obtain NEETrate*c . For example, the long-run
contribution of the unemployment rate in a given cluster to the long-
run NEET rate is equal to γ2

�β*
� unempratec. Table 3 presents the esti-

mated long-run NEET rates in a scenario in which the population growth
is at the average rate observed between 2000 and 2019. Table 3 also
considers the values observed in 2019 for the rest of variables.

The first noteworthy result is that all clusters show NEET rates in
2019 near to their long-run values NEETrate*c . This implies that if the
population growth rate in the clusters remain similar to those observed
between 2000 and 2019, and the levels of the rest of variables stay close
to the observed values in 2019, then NEET rates are close to reaching
their NEETrate*c . More specifically, clusters 1, 2, 3 and 4 show NEET rates
of 16.41, 10.99, 8.37 and 6.06 percent in 2019 while their long-run
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values are equal to 16.92, 11.40, 7.84, 6.52 percent, respectively.
Table 3 also shows the relative contribution (Contr) of each variable

to the NEETrate*c . This contribution is calculated by multiplying the long-
run coefficient (Coef) by the observed level in the regressor (level). For
example, the contribution of the unemployment rate to the NEETrate*c in
Cluster 1 is equal to 11.25*0.60 ¼ 6.8. This implies that the unemploy-
ment rate explains 6.8 percentage points of the NEETrate*c in cluster 1.

The variable percentage of early leavers from education and training
is the most important driver of the NEETrate*c in Cluster 1. It generates
52.2 percent of its long-run value (8.84 percentage points). This variable
is still important though less relevant in the rest of clusters. It explains 44,
33.8 and 35.6 percent of the NEETrate*c in clusters 2, 3 and 4, respec-
tively. A second relevant variable explaining the long-run NEET rates is
the unemployment rate. It accounts for 40.2, 26.2, 32.3 and 31 percent of
the NEETrate*c in clusters 1 to 4, respectively. With respect to the rest of
variables, some of them are more important in some clusters than in
others. For example, the percentage of individuals with upper secondary
(level 3) and post-secondary non-tertiary education (level 4) explains
32.2 percent of the NEETrate*c in cluster 1 and 27 percent in cluster 4, but
has a lower effect in cluster 2 and 3.

7. Conclusions

The main objective of this paper was to study the convergence in
NEET rates (the rate of young people not in employment, education or
training) across European regions between 2000 and 2019. To our
knowledge, this is the first study that analyses the β* � convergence in
NEET rates across EU regions and the drivers of this convergence by
combining regional cluster analysis and panel data methods. The results
of this study are a relevant contribution to the existing literature on
convergence and on the European labour market.

In order to achieve our research goal, we first identified the presence
of regional clusters in NEET rates, through convergence club methodol-
ogy. Secondly, we used a spatio-temporal econometric model to confirm
the presence of β* � convergence in NEET rates, identify their drivers in
each cluster and calculate their long-run NEET rates (NEETrate*).

The convergence club methodology allowed us to identify four major
clusters in NEET rates in the European regions. These clusters reflect the
graphical representation of the NEET rate shown in Fig. 2. The first two
clusters mainly contain regions located in Southern and Eastern Europe
as well as in UK and France. Both clusters show an increase with respect
to the average NEET rate, but at a different speed. The third cluster
contains regions located mainly in UK, Belgium and Portugal, and it re-
mains close to the panel average. The fourth cluster contains regions
locatedmostly in Central and North Europe and shows a decreasing NEET
rate compared with the average trend. Our results on the NEET rates
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support previous findings on both regional labour market performance
and NEET dynamics in the EU, that is, the existence of a core-periphery
pattern with Southern and Eastern regions showing higher NEET rates.

The econometric results showed that there was conditional β*�
convergence in the NEET rates across the European regions from 2000 to
2019. Moreover, this convergence held when analysed by cluster.
Regarding the long-run NEET rates (NEETrate*), the percentage of early
leavers from education and training and the unemployment rate were the
main drivers of the NEETrate* in all clusters. These two variables
explained between 92.4, 70.2, 66.1 and 66.6 percent of the long-run
NEET rate of clusters 1, 2, 3 and 4. Following Ravallion (2012), we
also find the presence of “advantage of growth” for NEET reduction,
which together with the presence of β � convergence in economic growth
explain, at some level, the observed β* � convergence in NEET rates.

In terms of policy, our results suggest that measures aimed at reducing
the NEET problem and promoting youth inclusion should distinguish
between the particular patterns observed across the regional clusters and
take into account the specific characteristics revealed in the club
convergence analysis and in the long-run NEET rates determinants.
Member States need to be more active in designing and implementing
policy measures aimed at increasing the employability of young people
and their participation in employment. More effort needs to be taken to
prevent young people from leaving school early and to encourage them
back into education. An efficient school-to-work transition is a key factor
in reducing the NEET problem. These are all parts of the Youth Guarantee
which encourages the reintegration of young people into the labour
market or education, and provides good quality apprenticeships and
traineeships to improve the school-to-work transition.

To summarize, this study showed β* � convergence in the NEET rates
across the European regions from 2000 to 2019. We have provided evi-
dence that the NEET rates were different across the four key clusters
identified. The unemployment rate and the percentage of early leavers
from education and training were the main determinants of the NEET
rate in all clusters.

Finally, although we have thoroughly studied convergence of NEET
rates and the relative contributions of the main drivers to the long-run
NEET rates, our analysis does not explore the nature of the direct ef-
fects of the explanatory variables on the NEET β* � convergence. This is an
area which we believe would benefit from further research.
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