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Abstract: Over the last few years, there has been increased interest in compiling poverty indicators
for children, as well as in providing uncertainty measures that are associated with point estimates.
In this paper, we provide point, variance, and interval confidence estimates of the at-risk-of-poverty
rate indicator for 33 European countries. Using the 2018 EU-SILC survey, we analysed the spatial
distribution of poverty by providing graphical representations at the national level. Our results
reveal rates of child poverty that are higher than in the national estimates for most of the countries.
By considering the computation of standard errors, we used the bootstrap method thanks to its
convenient properties. It is worth noting that, for some countries, such as Finland, Belgium, and
Ireland, the confidence intervals do not overlap. These results suggest differences among countries
not only in terms of child poverty, but also in terms of social protection and the welfare state.
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1. Introduction and Motivation

Over the past few decades, there has been increased interest in comparative analysis of poverty
and social exclusion in European countries. In this context, measuring child poverty is a key topic in
social science research, due to its importance for national governments and international organizations.
Children and young people were some of the main victims of the crisis and ensuing austerity in
advanced economies [1]. The Organization for Economic Cooperation and Development (OECD)
reported increases in child poverty between 2008 and 2012, with 2.6 million more children living in
poverty by the end of this period [2]. Goal 1 of the Sustainable Development Goals (SDGs), with its
large number of corresponding targets and indicators, has increased the need to ensure successful
outcomes for today’s children by building the foundations our societies’ future well-being [3].

Given the key role played by poverty indicators in designing and monitoring social progress
in the EU, it is paramount to produce and communicate to the public measures of the inherent and
unavoidable uncertainty of point estimates. Therefore, it is essential that the indicators that are used
for measuring poverty are of sufficiently high quality, especially in terms of their accuracy, reliability,
timeliness, and usability. Over the last few decades, there has been growing interest in statistical
inference for inequality and poverty measures [4]. Measuring the uncertainty around data is a complex
and challenging task, which may involve the use of sophisticated statistical methods as well as the
adoption of econometric techniques and subjective judgement.

From a methodological point of view, the formulae for calculating standard errors also depend on
the statistics to be computed. Therefore, in the case of complex statistics, such as the at-risk-of-poverty
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rate, where the poverty threshold is estimated on the basis of the survey data, the computation of
standard errors is not straightforward [5]. Indeed, in this case there are two main sources of variability:
one is related to the process of estimating the threshold, and the other arises from the estimate of the
proportion of people living in poverty given the estimated threshold [6].

In this framework, a crucial role is played by estimates of poverty measures for children.
The persistence of child poverty at rather high levels as compared to national poverty rates explains
why reducing child poverty is now high on the social policy agenda of many OECD countries [1].
Despite the fact that several initiatives have been carried out of measuring and monitoring children’s
poverty over time and European countries, to the authors’ knowledge the issues of uncertainty
measurements have not yet been fully explored. Moreover, predictions and estimates are often fragile,
resting on unsupported assumptions and limited data [7].

This paper focuses on a spatial distribution of child poverty while using the at-risk-of-poverty
(AROP) indicator, which is part of the EU’s headline indicator (AROPE) that is used to assess progress
towards the Europe 2020 target of reducing the risk of poverty and social exclusion in the population
to at least 20 million below the situation observed in 2010. We provided a graphical representation of
the AROP at both the national level and for children using the 2018 EU-SILC data for 33 European
countries. Therefore, a first contribution of this paper is to provide updated figures of the economic
well-being at the national level of children living in European countries. This study also contributes
to advancing the existing literature on the computation of standard errors and confidence intervals
for children. To this aim, we provide an empirical application while using the bootstrap replication
method, which gave us reliable information regarding the uncertainty of child poverty estimates
information that is of crucial importance for policy makers [3]. We selected the bootstrap method
because the bootstrap intervals are computationally inexpensive and easy to calculate, the same method
applies to all the inequality measures used in the literature, and the bootstrap method automatically
takes into account any bounds that apply to a particular measure. Given the potential advantages of
bootstrapping, it appears worthwhile to consider its use as a tool for statistical inference for inequality
measures. Indeed, Ref. [8] proved the validity of the bootstrap method for various indicators that are
used in the context of inequality, mobility, and poverty measurement. Bootstrap techniques have been
implemented for estimating the variance of several poverty indicators [9]. In the context of inequality
measurement, the bootstrap was applied by [8–12], who recommended using it rather than asymptotic
methods, especially in applications where the sample size is not large.

The rest of the paper is organized, as follows: in Section 2, after a brief review of the literature
devoted to the definition of child poverty measures, we also illustrate the issue of measuring the
uncertainty of the poverty indicators. Section 3 describes the EU Statistics on Income and Living
Conditions (EU-SILC) survey, and discusses the main characteristics of the survey. The EU-SILC,
which was launched by Eurostat in 2004, constitutes the main data source for constructing indicators
of poverty and social exclusion, in the multi-country comparative context of the EU. Given that
indicators based on the EU-SILC are sample estimates, they should be reported along with estimates
of standard errors and confidence intervals, particularly if the indicators are used for policy decisions.
Moreover, in Section 3 we focus on the bootstrap replication method used for estimating variance of
the at-risk-of-poverty indicator. In Section 4, computational aspects and estimation results of standard
errors at both the national level and for the two age-group categories of children (5–9 years old and
9–14 years old) are illustrated with a discussion of the main findings. Finally, in Section 5, we draw
some conclusions and suggest some policy implications.

2. Materials

2.1. Conceptualization of Children’s Well-Being and Methods Used

Children and young people were some of the main victims of the 2008 financial crisis. Most of the
European Union (EU) saw an increase in child poverty between 2008 and 2012, with 2.6 million more
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children living in poverty by the end of this period [2]. In particular, Italy and Greece suffered from
the economic crisis more than other European countries, such as the UK and France [13]. In 2011, 27%
of children that were aged less than 18 were at risk of poverty or social exclusion, and nearly a million
more young people aged 15 to 24 were not in employment, education, or training across the EU [14].

The share of children at-risk-of poverty or social exclusion rate highest was in Romania and
Bulgaria, while the lowest in the EU Nordic member states. In 2015, more than one-third of children
were at risk of poverty or social exclusion in six European countries [15]: Romania (46.8%), Bulgaria
(43.7%), followed by Greece (37.8%), Hungary (36.1%), Spain (34.4%), and Italy (33.5%). At the opposite
end of the scale, the lowest shares of children at-risk-of poverty or social exclusion were recorded in
Sweden (14.0%), Finland (14.9%) and Denmark (15.7%), ahead of Slovenia (16.6%), the Netherlands
(17.2%), the Czech Republic, and Germany (both 18.5%). In approximately half the EU member states,
the at-risk-of-poverty or social exclusion rate grew from 2010 to 2015, with the highest increases
recorded in Greece (from 28.7% in 2010 to 37.8% in 2015), Cyprus (+7.1 percent points), and Italy (+4.0
percent points).

The lack of progress in protecting children in the pre-crisis years highlights the existence
of structural constraints, against which many of the rich welfare states have proved powerless.
The persistence of child poverty at rather high levels when compared to national poverty rates
and its rebound with the economic crisis explain why reducing child poverty is now high on the social
policy agenda of many OECD countries [1].

To this aim, the new global SDGs, agreed to by governments in the world in 2015, set ambitious
targets for social progress for the new generation of children and young people [16]. Goal 1 calls
for reducing, by at least half, the proportion of men, women, and children of all ages living in
poverty by 2030 [17]. Moreover, in Target 1.2, for the first time, a global poverty goal for children was
included, thus recognizing the multidimensional nature of poverty. Achieving this Goal, of the SDGs
ensure successful outcomes for today’s children by building the foundations for our societies’ future
wellbeing [3]. Healthy and educated children are better able to fulfil their potential and contribute to
society [18].

Several factors could affect child poverty and inequality [19]. In particular, demographic,
economic, and policy measures play a role in influencing child poverty. In particular, the most
significant factor in determining child poverty at the household level is the employment status of the
parents [20]. Increased per-capita social spending, payment rates, social assistance, and higher rates
of social assistance payments seem to be associated with decreased child poverty in countries over
time [16]. In this context, only a range of policies addressing all of these factors can significantly and
durably improve children’s standards of living and reduce their exposure to poverty.

The study of children’s well-being is characterized by a plurality of approaches and measures.
In particular, the measurement of children’s well-being has expanded in the past few years with the
aim of pursuing policies at the social, national, or international level. In recent decades, a large part of
the literature on social indicators has focused on developing functions that reduce multidimensional
achievements to unidimensional values [21]. In this respect, Ref. [22] presents five methods used to
choose and select domains by considering their practical relevance for children. Ref. [23] used the
Capability Approach as a conceptual framework, based on the idea that children have and can define
their capabilities. In this paper, the authors discuss gender disparities in children’s well-being while
using the Integrated Fuzzy and Relative (IFR) methodology.

Moreover, in the same stream of literature, [13] analyzed the impact of the economic crisis on
children’s well-being from a comparative European perspective while using a multidimensional and
fuzzy methodology. Ref. [24] addresses issues concerning the derivation and measurement of the latent
factor through the use of an item response modelling (IRM) framework to compare five European
member states (Portugal, Italy, Ireland, Greece, and Spain) during the economic recession. Ref. [25]
performed an economic poverty and inequality mapping of children in three age categories in Malta
by applying a survey-based regression model of a logarithmic transformation of the total household
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equivalised income. Although a wide stream of literature addressed the multidimensional aspect of
child poverty, relative monetary measures of poverty are crucial for evaluating children’s well-being
over time and they represent the main indicator to measure child poverty ([26,27]).

2.2. Estimating Uncertainty Measures for Poverty Indicators

The issue of uncertainty measurement is crucial, since we are often interested in knowing whether
poverty has increased or decreased over time, or in comparing poverty rate different geographical areas
or socio-economic groups. In such cases, it is essential to have information regarding the sampling
variability of the estimates. The formulae for calculating standard errors for poverty measures depend
on the statistic to be computed. Many poverty indicators consist of headcounts with a fixed poverty
threshold. Standard errors for all of the poverty measures of the well-known Foster-Greer-Thorbecke
(FGT) class [28] may be estimated by using formulae that are similar to those used for proportion
or mean. In the case of complex statistics, such as the at-risk-of-poverty rate where the poverty
threshold is estimated on the basis of the survey data, computing standard errors can be quite difficult.
One reason is that there are two main sources of variability: the estimated threshold and the estimated
proportion given the estimated threshold [6]. Several authors have derived formulae for standard
errors when the poverty line is estimated as a share of average or median income (for example [29]),
while others have introduced alternative considerations, such as stochastic dominance over a range of
poverty lines [30,31] and the need to treat household size as a random variable [32]. However, in the
framework of non-linear statistics, the variance of non-linear estimators cannot be given in closed
form in most cases. In addition, unbiased estimates of variances of non-linear estimators may not
exist and exact variance formulae, therefore, cannot be estimated by conventional methods. In such
cases, approximate variance estimation techniques must be used, including the linearization and
resampling methods.

3. Data and Methods

3.1. The EU Statistics on Income and Living Conditions (EU-SILC) Survey

For our estimates, we used the 2018 EU-SILC survey and implemented a bootstrap replication
method for estimating the variability of the at-risk-of-poverty indicator. The major source of
comparative statistics on income and living conditions in Europe, the EU-SILC survey, aims to collect
timely and comparable cross-sectional and longitudinal multidimensional microdata on income
distribution, poverty, and social exclusion. It also covers various related EU living conditions
and poverty policies, such as child poverty, access to health care and other services, housing,
over-indebtedness, and quality of life. The EU-SILC survey contains both cross-sectional and
longitudinal elements, with nationally representative samples of individuals 16 years and older.
The EU-SILC survey is currently used to collect data in 33 countries. Information on social exclusion
and housing conditions is mainly collected at the household level, while labour, education, and health
information are obtained for persons aged 16 and over. The EU-SILC survey has been used to
provide data on the structural indicators of social cohesion (e.g. at-risk-of-poverty rate, S80/S20).
Since 2010, when the Europe 2020 strategy was first implemented, EU-SILC data have been used
for monitoring poverty and social inclusion in the EU, and the Europe 2020 headline poverty target
to reduce the number of people at risk of poverty and social exclusion by 20 million by 2020 was
based on the EU-SILC instrument. In the EU-SILC surveys, income is the core variable. Data are
mainly collected at the personal level and then aggregated at the household level to construct the total
household income. Therefore, the reference income is household disposable income, which is usually
converted into the equivalised household income while using a proper conversion scale. Equivalised
disposable income is the total income of a household that is available for spending or saving, divided
by the number of household members converted into equivalised adults. Household members are
equivalised or made equivalent by the following so-called modified OECD equivalence scale, where
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the first household member aged 14 years or over counts as one person; each other household member
aged 14 years or over counts as 0.5; and, each household member aged 13 years or less counts as 0.3.
This equivalised income is then attributed to the household and to each of its members and forms
the required analytical variable for studying income-poverty and income-inequality indicators of
the population. Of the Laeken indicators, which are key in the Europe 2020 strategy, we focused on
the at-risk-of-poverty rate indicator (AROP). This indicator shows the share of persons who have an
equivalised disposable income below the risk-of-poverty threshold (ARPT), which is set at 60% of the
national median equivalised disposable income. This indicator is frequently disaggregated by age and
gender, household type, tenure status, and work intensity. The AROP is a complex statistic, since it is
based on a poverty threshold computed from the median of the income distribution. Therefore, ARPT
needs to be estimated first. Let I be the set of units, such that their equivalised disposable income is
below the ARPT. The AROP rate is then defined as:

ˆAROP =
∑i∈ I< ˆARPT wi

∑i wi
(1)

3.2. Methodological Approach for Variance Estimation: The Bootstrap Replication Methods

The replication methods based on repeated resampling of the parent sample may be applied
in order to estimate variance for nonlinear statistics from complex samples. This class of methods
includes the Bootstrap, Jackknife Repeated Replication (JRR), and Balanced Repeated Replication
(BRR), and it is based on measures of observed variability among replications of the full sample.

The basic requirement is that the full sample is composed of a number of subsamples or
replications, each of which has the same design and reflects the complexity of the full sample,
and it is numbered using the same procedures. The various resampling procedures differ in the
manner in which they generate replications from the parent sample and evoke the corresponding
variance estimation formulae. Bootstrap inference for inequality measures has been used by various
researchers [8,10] . The bootstrap is a method for recovering the distribution of a statistic by employing
Monte Carlo simulation methods to approximate the small sample distribution (see [33,34] for further
details on the bootstrap). In the context of inequality measurement, the bootstrap was first applied
in [10], where the authors considered the use of the bootstrap for computing interval estimates and
testing hypotheses for decomposable measures of economic inequality.

Bootstrap intervals are computationally inexpensive and easy to calculate. Given the potential
advantages of bootstrapping, it appears worthwhile to consider its use as a tool for statistical inference
for inequality measures. In this paper, we make use of the so-called naïve bootstrap approach in order
to estimate confidence intervals, as implemented in [35]. Other approaches to computing bootstrap
confidence intervals are discussed in [36].

Let X = (X1; . . . ; Xn)
′

denote a survey sample of n observations. The algorithm is implemented,
as follows:

1. Draw R independent samples X∗1 , . . . , X∗R from X.
2. Compute the bootstrap replicate estimates λ̂∗r = λ̂ (X∗r ) for each X∗r r = 1, . . . , R where λ̂ denotes

an estimator of the poverty indicator of interest.
3. Estimate the variance V

(
λ̂
)

by using the variance of the R bootstrap replicate estimates:

V̂
(
λ̂
)
= (R− 1)−1

R

∑
r=1

(λ̂ (Xr)− R−1
R

∑
j=1

λ̂(X j))2 (2)

4. The confidence interval at confidence level (1− α) is then calculated as:[
2λ̂− λ̂

∗

((R+1)(1− α
2 ))

, 2λ̂− λ̂
∗

((R+1)( α
2 ))

]
(3)
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where λ̂∗(1) ≤ λ̂∗(2) ≤ . . . ≤ λ̂∗(R). In the case of sampling designs that involve different strata,
the observations are resampled independently within each stratum.

4. Results and Discussion

Table 1 reports AROP estimates for children at the national level of 33 European countries and
they are geographically illustrated in Figure 1. As the figure shows, the AROP rate for children tends
to be higher in Southern Europe and the United Kingdom, while Czech Republic, Malta, and Poland
have the lowest child AROP rates.

Focusing on (relative) standard error estimates at the national level, it is essential to note that our
standard error results show a satisfactory level of reliability, since the estimated coefficients of variation
are lower than 5%, as emphasized in [37]. Indeed, specifying the degree of precision is an important
step when planning a sample survey, even if precision thresholds are generally survey specific and
depend on the required reliability and resource-related political decision.

Table 1. Child poverty point estimates. Relative standard errors in parenthesis.

Country Child Child [5–9] Child [10–14] National (Child) (Child [5–9]) (Child [10–14]) (National)

AL 25.745 24.524 27.039 21.672 0.064 0.089 0.082 0.019
PT 18.189 18.760 17.674 17.506 0.059 0.077 0.065 0.027
ES 22.377 21.378 23.343 20.576 0.049 0.070 0.057 0.032
SK 14.615 14.737 14.496 11.914 0.080 0.115 0.118 0.026
RO 26.655 27.913 25.476 22.446 0.046 0.060 0.054 0.030
MK 20.679 21.823 19.648 17.632 0.068 0.104 0.101 0.032
BG 21.266 22.086 20.392 19.288 0.106 0.141 0.109 0.053
FR 18.107 17.621 18.590 13.091 0.064 0.068 0.079 0.032
CY 20.866 24.737 17.458 17.683 0.198 0.244 0.236 0.056
MT 10.419 11.257 9.507 11.807 0.115 0.157 0.156 0.038
LU 19.351 20.861 17.709 18.025 0.090 0.102 0.139 0.027
NO 14.441 14.290 14.586 13.190 0.059 0.079 0.078 0.021
SE 15.875 16.013 15.743 16.157 0.054 0.078 0.068 0.016
FI 14.061 13.662 14.482 13.892 0.097 0.102 0.113 0.033
EL 16.841 16.462 17.229 16.897 0.050 0.062 0.058 0.024
AT 16.666 17.494 15.795 14.853 0.058 0.072 0.078 0.017
CH 17.294 15.861 18.846 15.021 0.063 0.086 0.082 0.018
CZ 9.011 9.286 8.717 8.761 0.111 0.133 0.126 0.063
SI 12.309 12.114 12.494 12.759 0.100 0.125 0.137 0.050

UK 21.785 22.157 21.405 18.660 0.045 0.051 0.058 0.024
DE 14.334 14.044 14.625 16.028 0.056 0.083 0.078 0.015
BE 14.493 14.640 14.349 14.663 0.076 0.114 0.091 0.048
IE 15.216 14.421 16.006 16.857 0.102 0.124 0.130 0.058
LT 20.050 20.101 19.995 21.456 0.106 0.149 0.139 0.032
IT 24.064 23.981 24.144 19.906 0.029 0.040 0.039 0.016

HR 20.923 18.970 23.145 21.894 0.077 0.098 0.093 0.030
NL 13.466 12.171 14.791 13.092 0.072 0.104 0.094 0.024
RS 28.832 25.115 32.453 24.562 0.067 0.083 0.077 0.027
EE 17.117 18.519 15.696 21.674 0.085 0.132 0.151 0.025
HU 13.187 13.065 13.337 12.970 0.143 0.178 0.152 0.058
DK 12.748 13.578 11.921 12.872 0.125 0.161 0.178 0.035
LV 22.737 20.792 24.591 25.096 0.082 0.115 0.096 0.027
PL 12.152 11.209 13.293 15.048 0.052 0.075 0.077 0.014
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Figure 1. National at-risk-of-poverty (AROP) child poverty estimates.

It is evident from Figure 2 that, for most countries, the point estimates of the national AROP are
higher than those observed for children. However, these do not differ significantly from each other,
as shown by the estimates of confidence intervals. Remarkably, child poverty is significantly higher
with respect to the national estimates in the UK, France, Albania, and Italy, while it is significantly
lower in Poland and Greece. However, it is worth noting that while for some countries (such as Finland,
Belgium, and Ireland) the confidence intervals clearly overlap, for others the overlap is minimal (e.g.,
Germany). Figure 2 also allows comparisons of child poverty across countries. For example, Italy
is the fourth country in terms of the point estimate of the percentage of children who are at risk of
poverty. This value is not significantly different from that observed in the UK, but it is certainly higher
than the value observed in France. However, child poverty does not differ significantly between age
classes, as suggested by confidence intervals in Figure 3.

The emergence of child poverty is an issue that can no longer be ignored. Only marginal measures
have been introduced in the past few years and, in the majority of cases, those measures were
fragmented and inadequate in most of the EU countries. Because the most significant factor in
determining child poverty at the household level is the employment status of the parents, from a
policy-making point of view, any plan to reduce poverty among children should address two issues:
the low labour market participation of mothers, particularly in large households, and the redistributive
inefficiency of child-related income transfers (allowances and tax deductions). Moreover, EU countries
differ not only in terms of child poverty, but also in terms of family characteristics social protection
systems and the economy and welfare state. The income protection system is clearly more robust
and effective in some countries than in others. Greece, Italy, and Spain have less comprehensive,
more fragmented social protection systems than their northern European counterpart. Moreover,
the impact of unemployment plays a key role on poverty, in particular in the Mediterranean countries.
In this respect, to be successful a policy should include, work–family reconciliation, in particular for
women. A reform of child-linked income transfers, which should become more efficient. A successful
policy should also include improvements in the minimum wage, child benefits and other social
welfare, and tax credits. At the same time, structural policies should include the school system, with
increased spending on education, health, and childcare and policies at local communities. Indeed,



Sustainability 2020, 12, 8204 8 of 12

geographic/regional policies would be extremely useful in some countries, such as Italy, Spain,
and Greece. A successful anti-poverty strategy for children also requires policies to cope with many of
the consequences that income poverty has on children’s material deprivation, physical and mental
health, and educational achievements. These policies are particularly important for children in the
poorest families whose parents are durably out of work and for whom social benefits are not large
enough to lift them out of poverty.

Figure 2. AROP child poverty estimates (darkblue) against national estimates (light blue).



Sustainability 2020, 12, 8204 9 of 12

Figure 3. AROP child poverty estimates by age classes: [5–9] blue, [9–14] orange.

5. Conclusions

The statistics on children are extremely important for policy makers. They help them to monitor
the effectiveness of policies that have been implemented and propose ad hoc policies to combat and
eradicate poverty and exclusion halving education. The Sustainable Development Goals include the
objective of halving child poverty by 2030. Achieving this goal requires investing in a comprehensive
inclusive growth strategy. Policies promoting work-life balance, such as better quality and better paid
jobs, are key to reducing child poverty.

In this paper, we use the 2018 EU-SILC survey to focus on the issue of measuring uncertainty
in childrens’ at-risk-of-poverty rate on 33 European countries. Information regarding the sampling
variability of point estimates is essential when comparing poverty rates in different geographical areas
or socio-economic groups. The computation of standard errors for the main official poverty measures
is a complex task due to the characteristics of these indicators, which are often expressed as non-linear
statistics. Moreover, communicating uncertainty aims to increase the transparency of the scientific
assessment process and provide risk managers with a more informed evidence base by revealing
the strengths and weaknesses of the evidence [38]. the bootstrap method is implemented in order to
obtain relative standard errors for the at-risk-of-poverty rate for children. As can be seen from our
estimation results, the AROP for children tends to be higher than the AROP computed at the national
level: child poverty is significantly higher than the national estimates in the UK, France, Albania,
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and Italy, while it is significantly lower in Poland and Greece. Moreover, the AROP for children tends
to be higher in Southern Europe, in particular in Serbia, Albania, Romania, and Italy, while Czech
Republic, Malta, and Poland have the lowest AROP rates for children. Focusing on standard errors and
confidence interval estimates, the confidence intervals for some countries (such as Finland, Belgium,
and Ireland) clearly overlap, while, for others, the overlap is minimal (e.g. Germany). Although child
poverty in Denmark and Hungary is not very high, the uncertainty level that is associated with these
estimation results is considerable. These results suggest differences among European countries not
only in terms of child poverty, but also in terms of family characteristics, social protection systems,
and the economy and welfare state.
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EU European Countries
FGT Foster-Greer-Thorbecke
IFR Integrated Fuzzy and Relative
JRR Jackknife Repeated Replication
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