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Abstract

:

Over the last years, there has been an increased interest in compiling poverty indicators as well as in providing uncertainty measures both at national and regional level. In this paper, we provide point and variance estimates of two widely used income-poverty indicators, which belong to the class of the Foster-Greer-Thorbecke (FGT), and two widely used income-inequality indicators. We focused on Mediterranean countries since they have been severely hit by the Great Recession which increased poverty intensity and socio-economic inequalities. By using the 2018 EU-SILC data we analysed the spatial distribution of poverty by constructing maps at NUTS2 territorial level. Our estimation results reveal that national poverty indicators hide a high heterogeneity of poverty across regions within each country, especially for Italy and Spain. This study also provides computations of standard errors at regional level which have been explored only in a limited number of papers. To this aim we adopted the Jackknife replication method thanks to its convenient properties. As expected, the uncertainty measure is influenced by the reduced number of sampling units in each NUTS2 region especially in some regions of Spain and Italy. The Jackknife method proved to perform well in the case of income-inequality indicators especially for Greece, Italy, Croatia and Portugal.
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1. Introduction


The last decades have shown an increasing interest among EU countries in identifying comparable indicators of poverty and social exclusion both at national and sub-national level. In the context of the Europe 2020 Strategy, poverty indicators play an essential role in informing and supporting responsible evidence-based policies towards the Union’s key goals which relate to inclusive and sustainable growth and reduction of poverty, inequalities and social exclusion. In 2010, the European Commission identified as one of the five headline targets of the Europe 2020 Strategy a 20-million decrease in the number of persons in at-risk-of-poverty and social exclusion (AROPE) by 2020. In the framework of the OECD’s Better Life Initiative, the economic well-being (material living condition) is identified as one of the pillars to understand and measure people’s well-being following a multi-dimensional approach [1]. Income and wealth are essential components of individual well-being since they allow people to satisfy their needs, enhance individuals’ freedom to choose the lives that they want to live and improve other important dimensions of well-being, such as life expectancy and educational attainments. In this framework, a crucial role is played by estimates of poverty indicators at regional or sub-national level (NUTS1 and NUTS2) to be used for benchmarking and assessing the efficiency of regional policies ([2,3]). Indeed, spatial variation is a relatively neglected dimension in poverty analysis both at the national and EU level. High national poverty rates may be accompanied by concentration of poverty in specific regions or, on the contrary, by widespread poverty across regions. Therefore, it is paramount to estimate income-poverty and income-inequality indicators at detailed territorial level. 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 associated inherent and unavoidable uncertainty of point estimates. Moreover, by referring to the content of intermediate and social EU-SILC Quality reports, the new EU regulation on Social Statistics (2019/1700), amending the Commission Regulation No. 28/2004, requires that countries should provide estimates of standard error along with the EU-SILC main target indicators. Indeed, over the last years, the interest in statistical inference for inequality and poverty measures has been increased [4]. Yet, measuring uncertainty around point estimates 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 depend also on the statistics to be computed. Therefore, 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, the computation of standard errors is not straightforward [2]. Indeed, in this case there are two main sources of variability: one is related to the process of estimating the threshold and the other one raises from the estimate of proportion of poors given the estimated threshold [5]. Contrastingly, standard errors of regional poverty indicators have been suggested and applied only in a limited number of papers probably due to the lack of full documentation of the sample design variables in the EU-SILC dataset ([2,3,6]).



This paper focuses on the spatial distribution of poverty and income inequality by constructing maps at NUTS2 territorial level which is often a planned domain in the EU-SILC sample design adopted by European countries. We used the EU-SILC data for the year 2018 for the following Mediterranean countries: Italy (IT), France (FR), Malta (MT), Spain (ES), Portugal (PT), Cyprus (CY), Greece (EL), Croatia (HR) according to their sampling design.



Among the income-poverty measures, considering the properties of the well-known Foster-Greer-Thorbecke (FGT) measures [7], we selected the at-risk-of-poverty rate (AROP) and the Relative Median at-risk-of-poverty gap (RMPG). Among the income-inequality indicators, we selected the Quintile share ratio (S80/S20) and the Gini coefficient for their widespread use.



Therefore, a first contribution of our paper is to provide updated figures regarding the economic well-being of the population in the Mediterranean countries at detailed territorial level. This study also contributes to advancing the existing literature on the computation of standard errors at regional level. To this aim, we provide an empirical application using the Jackknife replication method (JRR). In this way we can obtain reliable information regarding the uncertainty of poverty estimates that is crucial in proper interpretation of the survey results to be used for policy making and for the purpose of evaluating and improving the sample design. Moreover, we selected the JRR since it provides stable estimates in particular for cumulative measures such as Gini coefficient and S80/S20 [8]. However, it is worth nothing that JRR is considerably heavy in terms of computational work involved, especially when the sample contains many Primary Sampling Units (PSUs). Nevertheless, this method allows the development of highly standardized software since the same variance estimation formula applies to different types of statistics. Our results showed that uncertainty measures for income-poverty and income-inequality indicators at NUTS2 level are higher than those obtained for the entire country. As expected, this effect is due to the reduced number of sampling units in each NUTS2 region especially in some regions of Spain and Italy. Furthermore, for smaller sample sizes, the magnitude of sampling errors tend to increase, but also their estimates tend to be more complex and subject to high levels of variability. In order to tackle the problem of small sample sizes and produce regional estimates with reduced sampling errors, various procedures can be implemented, such as small area estimation methods using auxiliary information which will constitute the topic of future research.



The rest of this paper is organized as follows: Section 2 addresses the issue of measuring uncertainty for official poverty indicators especially at regional level. In addition, it will illustrate the economic and inequality situation of the selected Mediterranean countries on which we based our empirical analysis. In Section 3 we illustrate the main characteristics of the EU-SILC data by focusing on the differences in sampling designs and variable definitions across Mediterranean countries. Section 4 focuses on the Jackknife approach used for estimating the variance of the selected poverty indicators. Section 5 reports the results obtained for the Mediterranean countries disaggregated at regional level. Finally, in Section 6 we draw the main conclusions and suggestions for further research.




2. Mapping Poverty in Mediterranean Countries


2.1. Estimating Sampling Errors for Poverty Indicators


In the conceptualization of poverty measures, the EU Commission follows the social inclusion approach with the aim of monitoring progress towards a set of EU objectives for social protection and social inclusion which have been jointly defined with the EU Member States. After the Lisbon Council of March 2000, social cohesion became the most challenging responsibilities for the European Union.



In order to monitor the progress towards the reduction of poverty, a first set of indicators, called the Laeken indicators, was set up at the Laeken Council in December 2001 by following the methodological principles defined by the Laeken Council and the Social Protection Committee Indicators Sub-Group (ISG). These indicators are key in the Europe 2020 strategy and are considered consistent indicators based on harmonized definition of income allowing international comparisons and reliable measurements of social cohesion. Moreover, they are considered as a reliable source on which policy makers can base their decisions. The EU-SILC Laeken indicators comprise both income-poverty and income-inequality measures. In this paper we selected two income-poverty measures which belong to the class of the well-known Foster-Greer-Thorbecke (FGT) measures: AROP and the RMPG and two income-inequality measures: the S80/S20 and the Gini coefficient.



The FGT poverty measures   P α   are calculated according to the equation:


   P α   y , z  =  1 n   ∑  i = 1  q      z −  y i   z   α   



(1)




where  α  is a real positive number,   y = (  y 1  ,  y 2  , … ,  y n  )   is a vector of properly defined income in increasing order,   z > 0   is a predefined poverty line, n is the total number of individuals under analysis, while    z −  y i   z   is the normalised income gap of individual i and q is the number of individuals having income not greater than the poverty line z. The parameter  α  can be seen as a parameter of ‘poverty aversion’: the higher  α , the higher the relevance assigned to the poorest poor.



Therefore, the FGT class is based on the normalized gap    g i  =   z −  y i   z    of a poor person i, which is the income shortfall expressed as a share of the poverty line. Viewing   g  i  α   as the measure of individual poverty for a poor person, and 0 as the respective measure for non-poor persons,   P α   is the average poverty in the given population.



The case   α = 0   yields a distribution of individual poverty levels in which each poor person has poverty level 1; the average across the entire population is simply the headcount ratio, denoted by   P 0   or H. The case   α = 1   uses the normalized gap   g i   as a poor person’s poverty level, thereby differentiating among the poor; the average becomes the poverty gap measure   P 1  . The FGT class has certain advantages due to its simple structure—based on powers of normalized shortfalls—which facilitate communication with policymakers. Its axiomatic properties are sound and include the helpful properties of additive decomposability and subgroup consistency, which allow poverty to be evaluated across population subgroups in a coherent way [9]. Poverty incidence or at-risk-of-poverty rate (AROP) is computed by Eurostat as the share of people with an equivalised disposable income (after social transfer) below the at-risk-of-poverty threshold (ARPT), which is set at 60% of the national median equivalised disposable income after social transfers. The relative median at-risk-of-poverty gap (RMPG) is calculated by Eurostat as the distance between the median equivalised total net income of persons below the at-risk-of-poverty threshold and the at-risk-of-poverty threshold itself, expressed as a percentage of the at-risk-of-poverty threshold. This threshold is set at 60% of the national median equivalised disposable income of all people in a country and not for the EU as a whole. The income-inequality measure S80/S20 is calculated by Eurostat as the ratio of total equivalised disposable income received by the 20% of the population with the highest equivalised disposable income (top quintile) to that received by the 20% of the population with the lowest equivalised disposable income (lowest quintile). The Gini coefficient measures the extent to which the distribution of income within a country deviates from a perfectly equal distribution. A coefficient of 0 expresses perfect equality, where everyone has the same income, while a coefficient of 100 expresses full inequality where only one person has all the income. Regarding the issue of uncertainty measurement, the original FGT paper published in 1984 did not present the associated tools for formulating statistical tests and computing standard errors, but since then the literature has provided a steady stream of inference-based research for poverty estimation. The sample counterparts to the FGT and other decomposable measures can be represented as a "U-statistic" (or some function of a U-statistic) [10]. Since the FGT class of additive poverty indices are related to the criteria of stochastic dominance, a derivation of the asymptotic sampling distribution of various estimators frequently used to order distributions in terms of poverty and inequality has been proposed by [11]. Distribution-free asymptotic confidence intervals and statistical inference for FGT poverty measures has been provided by [12], while formulae and algorithms for the Taylor linearization and JRR methods covering the FGT class of poverty measures have been developed by [5]. The standard bootstrap methods have been used by [13], funding that they perform very well with the FGT poverty measure and give accurate inference in finite samples.



Numerous variance estimation approaches have been developed for measuring uncertainty of poverty indicators, some of which are of general type while others are very specific for particular applications. For poverty indicators computed using the EU-SILC surveys, which are generally based on reasonably large samples but with complex designs, Taylor linearization is well-established in the literature. Linearization methods approximate the non-linear estimator by a linear function after which standard variance formulas for the given design can be applied to this linear approximation, justified on the basis of asymptotic properties of large populations and samples. In the context of the linearization approach, one alternative method for variance estimation is based on the concept of influence functions, introduced by [14]. An influence function measures the asymptotic bias caused by contamination in the observations on whose basis the statistic is estimated. However, the linearization method is not always the most practical procedure for variance estimation for all type of statistics and samples being considered. Moreover, when non-linear statistics are involved, as it is frequently the case in poverty analysis, it is difficult to identify a closed form for estimators of their standard errors. An alternative approach to variance estimation of nonlinear statistics from complex samples is provided by replication methods based on repeated resampling of the parent sample. The replication methods includes the Bootstrap, JRR, and Balanced Repeated Replication (BRR). The basic requirement is that the full sample is composed of a number of sub-samples or replications, each with the same design and reflecting complexity of the full sample, numbered using the same procedures. The various resampling procedures differ in the manner in which replications are generated from the parent sample and the corresponding variance estimation formulae evoked (such as the Balanced Repeated Replication (BRR) and the Bootstrap, apart from JRR).



The S80/S20 constitutes a very interesting class of inequality indices in their capacity to detect perturbations at different levels of an income distribution. Yet, variance estimation is not straightforward, especially when dealing with complex sampling designs [15]. Several studies use variance estimators based on the linearization approach suggested by Deville (1999). Inference for the S80/S20 using this approach has already been conducted by [16,17] while bootstrap methods has been analysed by [18]. In a similar framework, finite-sample performance of asymptotic inference for richness measures have been studied by [19], suggesting that the asymptotic inference for the richness headcount ratio and the ‘concave’ richness indices is satisfactory even for samples of moderate size. In many cases, standard bootstrap inference gives a small improvement over the asymptotic inference, but both approaches can be considered reliable for samples of 1000 or larger. It is worth noting that the performance of the standard bootstrap can be improved in some cases using a semi-parametric bootstrap.



The estimation of the variance of the Gini index can be based both on linearization methods and re-sampling-based methods ([20,21]). Linearization techniques are aimed to obtain the asymptotic distribution of the Gini index which, in the case of simple survey sample, was discussed by [22] as an application of his general results on U-statistics. Other approaches related to linearization methods for estimating the standard error of the Gini estimator are based on the influence function of the Gini index [23] and on estimating equations [24]. As an alternative, estimation of the variance of the Gini coefficient can be based on re-sampling methods. Bootstrap techniques have been implemented for estimating the Gini variance in various studies (see for example [25]). In the context of inequality measurement, the bootstrap was applied by [25,26,27,28] who recommended its use rather than asymptotic methods especially in applications where the sample size is not large. Several authors have suggested using the JRR technique to approximate a standard error for the Gini coefficient. The JRR approach was firstly used by [29], who proved that applying this method it is possible to get less biased estimates than those obtained with traditional methods [20]. The use of JRR estimators of the variance of the plug-in Gini estimator based on the influence function have been suggested by [30,31], while a fast algorithm for a JRR estimation of the Gini coefficient’s variance has been proposed by [32].




2.2. Regional Dimension of Poverty Indicators


Even if the measurement of social exclusion is well established across European countries at national level, there is an urgent need for regional indicators since national level indicators are not necessarily appropriate or sufficient for regional analysis [2]. In order to estimate regional indicators, it is essential to choose the type of units to serve as ‘regions’. To this aim, the Nomenclature of Territorial Units of Statistics (NUTS) classification appears to be the most appropriate choice for EU countries [2,33]. The NUTS classification covers each country exhaustively, providing a hierarchical set of units (NUTS level 1, 2 and 3) for which data can be linked across different levels. Country are the highest classification units. Despite NUTS classification are widely used by different countries, this classification may differs in term of size and homogeneity across territorial areas. When constructing indicators at sub national level, it is essential to identify the level of geographical aggregation to which the income distribution is pooled with the aim of defining the relative poverty line. Since all poverty-related indicators in the Laeken list adopted by the EU are based on poverty lines defined in terms of the national median income, we will adopt the national poverty line to construct NUTS2 poverty indicators for selected Mediterranean countries. An alternative way for constructing regional poverty indicators is the use of regional poverty lines, which is based only on the income distribution within that region [2] thus producing intra-regional relative deprivation measures.



Survey estimates are required not only for the whole population but also separately for many subgroups in the population. Generally, the relative magnitude of sampling error compared to that of other types of errors increases as we move from estimates for the total population to estimates for individual subgroups and comparisons between subgroups [2]. Information on the magnitude of sampling errors is therefore essential in deciding the degree of detail with which the survey data may be meaningfully tabulated and analysed [34]. As already mentioned, standard error and confidence intervals of regional poverty indicators have been studied only in a limited number of papers probably due to the lack of full documentation of the sample design variables in the EU-SILC dataset ([2,3,6]).



An earlier assessment of the robustness of EU-SILC indicators at regional level has been conducted by [35]. This source of data requires appropriate methodologies in order to extend regional poverty estimations at sub-national level [2]. In this context, the main difficulty arises from the smallness of regional samples in national surveys. Various methods could be used to overcome this issue as illustrated by [8].



Commonly used variance estimation methods, including Taylor linearization, bootstrap and JRR, can be adapted for application at the regional level. However, it is worth noting that whichever approach is used, in order to obtain reliable standard error estimates it is essential that the sample design, the weighting procedure, the imputation schemes and the nonlinear form of survey estimators should be reflected in the calculation of standard errors and confidence intervals [34]. The performance of the various methods for estimating uncertainty of income-poverty and income-inequality measures is strongly influenced by the type of sample design. Indeed, it has been found that the JRR method works satisfactorily for variance estimation in the case of Gini but not for all sampling designs [36]. The complexity of the sampling error estimates of these measures is further increased by the fact that the empirical income distribution from which they are derived is itself subject to sampling variability. However, in the case of the replication methods, the main requirement is to develop an efficient and accurate code for allowing repeated computation for variance computation [33].




2.3. Economic and Inequality Situation in the Mediterranean Countries


Mediterranean countries include the southern region of the European continent: Italy, Malta, Greece, Croatia, Bosnia and Herzegovina, Montenegro, Albania, Slovenia, Spain, Southern France, East Thrace or European Turkey and Cyprus. It also includes Portugal, Serbia, North Macedonia, Andorra, Bulgaria despite not having a coast in the Mediterranean Sea. Different methods can be used to define Mediterranean Europe, including its political, economic, and cultural attributes. Mediterranean countries can also be defined by its natural features—its geography, climate, and flora. Despite common features in term of climate condition and ecosystems, history, and cultural heritage, significant socio-economic differences still exist nowadays between the Northern Mediterranean countries (NMCs) and the Southern and Eastern Mediterranean countries (SEMC). Most of the NMCs are EU member states with an average income per capita much higher than the SEMCs [37]. With the exception of Malta, Mediterranean Europe countries were severely hit by the Great Recession [38], i.e., the financial and economic crisis that started in 2008 and brought about profound consequences such as political instability [39], a shrinking of welfare states [40], and higher socio-economic inequality [41]. Mediterranean countries have relatively high poverty rates [42]. Inequalities increased in some of those European countries which have been hardest hit by the crisis [42], in particular in Cyprus and Spain where the employment turbulence was greater than the European average [43]. During the last years (from 2012 to 2016), a downwards correction in the income level continued especially in Greece and Italy [43]. The Great Recession has had a deep impact not only on income inequality, but also on employment levels [44]. Despite the fact that the Europe 2020 Strategy’s objective was to reduce population in at-risk-of poverty by 20 million from 2010 to 2020 [45], in 2008 countries where at least 18% of the population live below the at-risk-of-poverty rate [46] were various, including Spain (19.8%), Greece (20.1%), Italy (18.9%) and Portugal (18.5%). Income level in Mediterranean countries is still more than 50% higher than that of Central and Eastern European countries, but the gap is closing from both sides. Among the poorest half of the population in the Mediterranean area, inequality hit mostly men [47].



Various methodologies and studies have been carried out in order to identify multiple aspects of poverty in Mediterranean countries. Since the Mediterranean countries welfare regime has been seen as less developed in covering social risks when compared with the other EU countries the extent to which social policies address current and persistent poverty have been extensively analysed [48]. The effect of 2008 Great recession in the EU Mediterranean area have been considered by [49] where a fuzzy sets approach for the measurement of multidimensional poverty from 2007 to 2015 have been applied. The same methodology for both non-monetary and monetary poverty indicators have been provided by [50,51].



Although a wide stream of literature focused on the multidimensional dimension of poverty, monetary measures are crucial for evaluating well-being over time by representing the main indicators to measure poverty [52]. This paper contributes to this stream of literature by providing a detailed picture of the current economic and inequality situation in the Mediterranean countries.





3. Data


We use cross-sectional data from the EU-SILC survey collecting timely and comparable cross-sectional and longitudinal microdata on income, poverty, social exclusion and living conditions. The reference population of EU-SILC is defined as all private households and all persons aged 16 and over within the household residing in the territory of the Member States at the time of data collection. Topics covered by EU-SILC at the household level are basic information, income, social exclusion and housing. At the individual level the topics are basic demographic information, education, labour information, health and income.



We select the following Mediterranean countries: Italy (IT), France (FR), Malta (MT), Spain (ES), Portugal (PT), Cyprus (CY), Greece (EL), Croatia (HR) according to their sampling design by using cross-sectional data for years 2018, corresponding to the income year 2017. Although EU-SILC uses harmonized methods and definitions in order to establish reliable comparisons between EU Member States, there are considerable differences in sample designs among EU countries. The specific sampling design is chosen according to the socio-economic characteristics of the population and geographical structure of the country. The sampling design most commonly used by EU Mediterraneans countries is the two-stage stratified sampling design with the exception of Malta, for which a sample design without stratification have been used. Among the stratified sampling design, Cyprus adopted a one stage stratified sample, while Greece, Italy, Portugal, Spain and Croatia adopted a two-stage area sampling design. In order to take into account the sample design we considered the following variables: sampling weights, the stratification variable and PSUs. As sampling weight, we used the calibrated personal cross-sectional weight for responding households. This is a weight corrected within the same strata. The cross sectional weight received by the country is adjusted by the number of household members by using the following variables: number of household members aged 13 or less and number of household members aged 14 and over.



Since EU-SILC survey includes four different files, firstly we merged the register (R) file containing all individual persons in the enumerated households with the household register file (D) and then the household (H) file by using both the Household ID (HB030 = DB030) and the Country ID (HB020 = DB020) as key variables. In this way a unique dataset is obtained which includes people under 16 years old and contains personal and household variables such as household size, equalized income and variables describing the sample structure.



In EU-SILC surveys, the core variable, that is income, is mainly collected at personal level and then aggregated at household level to construct the total household income. Therefore, the reference income is the household disposable income, which is usually converted into the equalised household income using a proper conversion scale. We used the modified OECD scale in which the equalised income, E, is defined as:   E = 1 + 0.5  A − 1  + 0.3 C   with A as the number of adults taken as persons aged 14 and over), and C the number of children aged under 14. This equalised 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.




4. The JRR Method


In order to obtain variance estimates of poverty indicators, we used the JRR. This method estimates the sampling errors from comparisons among sample replications which are generated through repeated resampling of the same parent sample. Each replication needs to be a representative sample in itself and to reflect the full complexity of the parent sample.



Nevertheless, as the replications are generally not independent but are overlapping, special procedures are required for constructing replications in order to avoid bias in the resulting variance estimates. The JRR variance estimates take into account the effect on variance of aspects of the estimation process which are allowed to vary from one replication to another, including complex effects such as those of imputation and weighting. The JRR method proved to give satisfactory results for means, ratios and functions of ratios, which are by far the most commonly encountered statistics in survey analysis. Regarding more complex statistics, the method can be safely used for indicators named as “U statistics”. The JRR procedure performs well when the parameter of interest is a smooth function of sample aggregates while it may not provide a consistent variance estimator for non-smooth statistics, such as the median or other quintiles of the income distribution. As demonstrated by [53], this drawback of the basic JRR method can be corrected by using a more general form which involves the construction of replications by deleting a number of observations simultaneously, the appropriate number to be deleted depending on the degree of smoothness of the measure.



Originally introduced as a technique of bias reduction [54], the JRR method has by now been widely tested and used for variance estimation [5]. For a detailed description of the Jackknife method see [55]. This method is based on comparisons among replicates generated through repeated re-sampling of the same sample. A general description of JRR and other practical variance estimation methods in large-scale surveys is provided by [5]. The authors reported that for the cross-sectional measures of poverty and inequality, linearisation and JRR methods provide comparable estimates of variance. As demonstrated by [56], the JRR methodology can be extended to estimate the variance for longitudinal measures of poverty, such as individuals’ persistence to remain in the state of poverty over a period of time.



In order to obtain proper estimates of the variance some assumptions are required: the sample selection is independent between strata, two or more primary selections are drawn (independently and with replacement) from each stratum and the number of primary selection should be large enough. Information on PSUs are used in order to construct ‘computational’ PSUs for variance estimation. Any redefinition is appropriate only if it does not introduce significant bias in variance estimation [2]. In our case, some aspects of the sample structure have been redefined to make variance computation possible, efficient and stable. We followed the approach suggested by [5], in which such redefinition involves grouping or ‘collapsing’ PSUs in the sample to define larger and more uniform computational strata for variance estimation. This method implies that at least four PSUs are included in each stratum. In this procedure the number of replications is equal, or at least similar, to the number of PSUs in the sample. Indeed, in order to follow a unique procedure for all the countries, the number of replication is set equal to 2000. Each JRR replication is formed by eliminating one sample PSU from a particular strata at a time and increasing the weight of the remaining sample PSUs in that stratum appropriately. In this way it is possible to obtain an alternative but equally valid estimate to that obtained from the full sample.



Let j indicate a sample PSU and k indicate stratum;    a k  ≥ 2   is the number of PSUs in stratum k, assumed to be selected independently.



Let  λ  be a full sample estimate of any complexity, and   λ  ( k j )    the estimate produced using the same procedure after eliminating primary unit j in stratum k and increasing the weight of the remaining   (  a  k − 1   )   units in that stratum by    g  k j   =   w k    w k  −  w  k j i       with    w k  =  ∑ j   w  k j   ,  w  k j   =  ∑ i   w  k j i     the sum of the sample weights of ultimate units i in PSU j.



This means that the weights for individual units are redefined in replication   k j   as follows:




	
For a unit i not in stratum k:    w  k j i    ′   =  w  k j i    ;



	
For a unit i in stratum k but not in PSU j:    w  k j i    ′   =  g  k j    w  k j i    ;



	
For a unit i in stratum k and PSU j:    w  k j i    ′   = 0  .








Let   λ  k    be the simple average of the   λ  k j    over the   a k   values of j in k. The variance of  λ  is then estimated as:


  V a r  λ  =  ∑ k    1 −  f k      a k  − 1   a k    ∑ j     λ  k j   −  λ k   2    



(2)







In this case the finite population correction   ( 1 −  f k  )   is close to 1. The aggregate quantity   λ (  k j  )   for replication   (  k j  )   has been computed by taking a weighted sum of values for individual units with modified weights   w  k j i   .



With the ‘delete one-PSU at a time‘ JRR model, each term in   V a r  λ    is the contribution of a single PSU to the variance of the whole sample. The average contribution per PSU (or per replication) is then summed over all replications to obtain an estimate of total variance.




5. Results


Table 1 reports point estimates and relative standard errors for the selected income-poverty and income-inequality measures for each Mediterranean country both at national and regional level. All income-poverty indicators are based on country poverty lines. Therefore, the income distribution is considered separately at the level of each country, in relation to which a poverty line (ARPT) is defined and the AROP and the RMPG are computed. Figure 1 and Figure 2 and Table 1 show the distribution of AROP and RMPG in the Mediterranean area. At national level, the highest value for the AROP is observed in Croatia (with a value equal to 21.89%), while the highest value for the RMPG is observed in Portugal (with a value equal to 25.18). In most of the EU Mediterranean countries, the estimated values of AROP and RMPG are higher than the EU-27 average (which are respectively equal to 17% and 24.3%). Figure 3 and Figure 4 and Table 1 report the distribution of the income-inequality indicators in the Mediterranean area. At national level, the highest values for the S80/S20 and Gini coefficient are observed in Albania, with values respectively equal to 6.7 and 35.28. Overall, Albania, Spain, Croatia, Italy and Portugal report higher values for the income-inequality indicators when compared with the EU-27 average (5.13 for the S80/S20 indicator and 30.8 for the Gini coefficient). It is worth noting that our results show higher values of income-inequality and income-distribution indicators if compared with the official pre-crisis indicators, for example in Spain the AROP in 2008 was equal to 19.8%, while in 2018 it reach a value equal to 20.57%. Similar results are observed in Italy, where the GINI in 2008 was equal to 31.2, while in 2018 it reaches a value equal to 33.3. Focusing on uncertainty measures at 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 underlined by [57]. Indeed, even if precision thresholds are generally survey-specific and depend on the required reliability and resource-related political decision, specifying what degree of precision is an important step when planning a sample survey.



Turning to estimates at regional level, Figure 1, Figure 2, Figure 3 and Figure 4 show that national poverty indicators may hide high heterogeneity across regions within each country. As it is known, Cyprus and Malta are not geographically disaggregated at NUTS2 level, while in the case of of Albania, the number of computational units available in the sample is not sufficient to obtain proper estimates via JRR. Therefore for these three countries we can only estimate poverty indicators at national level.



According to Figure 1, the poorest regions are found in Southern Spain (national poverty line 8918.7) and in Southern Italy (national poverty line 10,280.8). In particular, the area with the highest AROP in Spain is the autonomous city of Ceuta (ES63), situated in the north coast of Morocco. In Italy, the estimated values of the AROP lies between 7.97 in Friuli-Venezia Giulia region and 40.45 in the Campania region. The dualism between North and South of Italy is not confirmed when the RMPG is considered. Indeed, the highest value is observed in Valle d’Aosta with a value equal to 56.068 followed by Abruzzo (38.82) and Sicily (34.49). Similarly, Southern Spain thus not show the highest values which are registered for the autonomous city of Ceuta (45.17), Basque Country (43.56) and Comunidad de Madrid (33.78).



Regarding income-inequality indicators, the highest values for Gini coefficient and S80/S20 are found in Albania (35.28 and 6.7 respectively), Italy (33.33 and 6.08 respectively) and Portugal (33.57 and 5.59 respectively). Also in this case, high national rates are accompanied by concentration of poverty in specific regions. In Italy the estimated values of the GINI lies between 25.68 in Friuli-Venezia Giulia region and 36.02 in the Sicilia region. Similar results are found for S80/S20. In Portugal, the highest value of the who income-inequality indicators are found in the autonomous region of Azores, it is an archipelago composed of nine volcanic islands in the Macaronesia region of the North Atlantic Ocean (38.09 for Gini coefficient and 7.17 for S80/S20). High level of heterogeneity in income-inequality indicators are observed also in Spain: the autonomous city of Ceuta and Melilla (in the north of Africa) show the highest value of the Gini coefficient (40.73 and 38.44 respectively) and S80/S20 (8.67 and 8.34 respectively), followed by the Andalucia region, located in the Southern of Spain, for which the Gini coefficient is equal to 34.93 and the S80/S20 is equal to 6.36. On the contrary, Comunidad Foral the Navarra, located in the Northern Spain, shows the lowest values of these indicators (25.28 for the Gini coefficient and 3.73 for the S80/S20). Moreover, a similar pattern is observed in the case of France. High level of inequality are observed in the Provence-Alpes-Cote d’Azur, in the Southern France, and Ile de France, which is the most populous region of the France and it includes the city of Paris (the Gini coefficient is equal to 34.43 and 34.19); while the lowest values are observed in the Haute-Normandie and Auvergne regions, for which the Gini coefficient is equal to 23.43 and 23.93 respectively.



Looking at the standard errors calculated at national level, it emerges that the RMPG shows higher level of uncertainty compared to the other income-poverty and income-inequality indicators. The relative standard errors for RMPG range from 0.028 in Italy to 0.092 in Cyprus. Contrastingly, the standard errors computed for the AROP show the lowest level of heterogeneity since they range from 0.016 in Italy to 0.056 in Cyprus. This result confirms previous findings ([8,16]). It is worth noting that the JRR method can be safely used in the contest of Gini coefficient and the whole family of associated inequality indexes [31]. The JRR provides stable estimates in particular for cumulative measures such as Gini coefficient and S80/S20 [8]. The performance of the JRR method for the variance of income-poverty and income-inequality measures is strongly influenced by the type of sample design. Indeed, it has been found that the JRR method works satisfactorily for variance estimation in the case of Gini but not for all sampling designs. The JRR and linearization have been used by [36] to estimate the variance of the Gini coefficient, allowing for the effect of the sampling design. From Table 1 can be underlined that there is high variability of uncertainty measures for the various poverty indicators which may be related to the sample design and the size of the sample adopted by each country [17]. In particular, higher level of standard errors values for the various poverty measures are observed for Cyprus and Malta: a one-stage sampling design have been adopted in Cyprus while a simple random sampling design without have been used by the NSI of Malta. It is worth noting that stratification serves the purpose of increasing the representativeness of the sample and decreasing the risk that sub-groups in the population remain unrepresented. If the variance between strata is large with respect to the relevant variable, stratification contributes to decreasing the standard error. The complexity of the sampling error estimates of these measures is further increased by the fact that the empirical income distribution from which they are derived is itself subject to sampling variability.



As expected, uncertainty measures for income-poverty and income-inequality indicators at NUTS2 level are higher than those obtained at national level. This effect is due to the reduced number of sampling units in each NUTS2 regions. Remarkably, when sample sizes is small, the sampling errors tend to be high. In addition, the estimates of sampling error tend to be more complex and subject to high levels of variability since the number of PSUs in some strata should become smaller with higher level of heterogeneity.



In our analysis some aspects of sample structure have been redefined in order to make variance computation possible, efficient and stable. Due to the unavailability of detailed information regarding the order of unit selection, we had to regroup units by considering individual ID in order to meet the basic requirement of practical methods of variance estimation for complex samples. Sometimes non-response can result in the disappearance from the sample of whole PSUs. This can disturb the structure of the sample, such as increasing the heterogeneity of the PSUs in some strata.



Moreover, it is worth noting that the obtained relative standard errors with the JRR are lower for the income-inequality than those obtained for the income-poverty indicators for all the Mediterranean countries included in our analysis. More specifically, the JRR method provides high standard errors value for the RMPG indicator. Indeed, the relative standard errors obtained using JRR could be affected by the presence of outliers in the income distribution. In order to ameliorate the problem of small sample sizes and produce regional estimates with reduced sampling error, various procedures can be implemented. It is advisable to improve size and unit allocation. The results of this study provide a basis for further statistical developments in the estimation of uncertainty measures including the possibility of using small area estimation methods for obtaining regional estimates with reduced sampling errors [58].



In addition, in order to improve the measurement of regional poverty and its uncertainty, we will introduce the price dimension into the definition of poverty indicator. More specifically, adjusting the poverty threshold for regional price level differences is essential in order to better assess regional disparities, thus enabling policy makers to adequately identify and address areas of intervention. Indeed, regional values of economic indicators such as Gross Domestic Product (GDP), income and poverty levels, should be adjusted for regional price differences, following the same logic according to which the economic well-being of different countries is compared by taking into account international purchasing power parities ([59,60,61]).




6. Conclusions


This paper addresses the issue of measuring poverty indicators at national and regional level on Mediterranean EU countries by using 2018 EU-SILC surveys. We produced information about the sampling variability of point estimates, which is essential when comparing poverty indicators among geographical areas. We focused on Mediterranean countries, chosen according to their sampling designs.



By considering the income-poverty indicators, our results reveal that at national level, the highest value for the AROP is observed in Croatia (with a value equal to 21.89%), while the highest value for the RMPG is observed in Portugal (with a value equal to 25.18). For income-inequality indicators, the highest value for Gini coefficient and S80/S20 are found in Albania (35.28 and 6.7 respectively), Italy (33.33 and 6.08 respectively) and Portugal (33.57 and 5.59 respectively). Focusing on regional estimates, our estimation results reveal that national poverty indicators may hide a higher heterogeneity of poverty across regions within each country. In particular, high level of heterogeneity is observed in Italy and Spain. The higher level of income-poverty and income-inequality indicators in Mediterranean European countries highlight the problem of insufficient funding of social policies as already introduced by [62]. In most of the EU Mediterranean countries, the estimated values of the income-poverty indicators are higher than the EU-27 average (which are respectively equal to 17% and 24.3%). Moreover, it is worth noting that our results show higher values of income-inequality and income-distribution indicators if compared with the official pre-crisis indicators, especially for Italy where the GINI in 2008 was equal to 31.2, while in 2018 it reaches a value equal to 33.3. This trend suggests a negative effect on individual welfare and evidence of an increasing trend in inequality in the post-crisis period. By considering the two income-poverty indicators: poverty incidence (AROP) and poverty intensity (RMPG) together, it is possible to obtain a clear indication of the economic well-being of a country [48]. Focusing on these indicators calculated at sub-national level, it is possible to observe a positive correlation among the Italian regions (with a coefficient of correlation equal to 0.61). The same result is observed for the Portugal regions (with a coefficient of correlation equal to 0.60). These findings prove that these countries are characterized by a high number of poor and with high intensity of poverty. The positive correlation between these two poverty measures produces a picture of the performance of the welfare regimes adopted by these Mediterranean Countries [48]. These countries share a lower level of social protection in reducing poverty levels, approached by the expenditure on social protection, than the other Mediterranean countries [63]. In particular, four main traits characterised the Mediterranean welfare state: the low redistributive effect of social transfers and taxes; the bias of the social transfer system towards the risks of elderly people as opposed to the risks of infancy and youth; and the high levels of poverty risks, associated with poor development of minimum income schemes. In these two countries, policy makers need to search for original and better-fitting solutions that acknowledge and shape societies’ values and institutions. Despite in recent years these countries have followed a common path of welfare reforms, weak results have been obtained in poverty reduction. Possible explanations of enduring poverty may include cultural and institutional factors, high levels of tolerance of inequality and poverty. To tackle inequality and promote opportunities for all, countries should adopt a comprehensive policy package, centred around four main areas: promoting greater participation of women into the labour market; fostering employment opportunities and good quality jobs; strengthening quality education and skills development, and adaptation during the working life; and a better design of tax and benefits systems for efficient redistribution.



Turning to the standard error estimates, the JRR method are used for obtaining relative standard errors according to its properties. This method is simpler technically. However, it requires the specification of the sample structure and the appropriate definition of ‘computational PSUs’. It involves repeated computation of the estimates (for which sampling errors are required) over different (often numerous) sample replications. Then variance of any statistic is estimated simply from variability in the estimate itself across the replications and the final variance estimation formula does not depend on the particular statistic involved. Moreover, in order to obtain strata containing at least four PSUs, we have manipulated the data by constructing computational strata.



From our results we can observe that JRR method performs well in the case of income-inequality indicators (Gini coefficient and S80/S20) especially in the case of the Greece, Italy Croatia and Portugal. The estimation results may be influenced by the two-stage sampling design adopted by those countries. By using the JRR method, we are able to better capture both the reduced number of PSUs and, to some extent, the implicit stratification by defining computational strata.



As expected, uncertainty measures for income-poverty and income-inequality indicators at NUTS2 level are higher than those obtained at national level. This effect is due to the reduced number of sampling units in each NUTS2 regions which characterize countries. In addition, when sample sizes become small, sampling error tends not only to be high, but also estimates of sampling error tend to be more complex and subject to high levels of variability. Our findings provide a basis for further research focused on two main directions: implementation of small area estimation methods and computation of poverty indicators adjusted for differences in cost of living among different geographical areas.
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Figure 1. At-risk of poverty rate. 
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Figure 2. Relative mean poverty gap. 
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Figure 3. Gini coefficient. 
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Figure 4. Quintile share ratio (S80/S20). 
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Table 1. Point estimates. Relative standard errors in parentheses.
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Albania






	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
38,209

	
21.672

	
29.452

	
35.287

	
6.700

	
−

	
−

	
−

	
−




	

	
Cyprus




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
19,467

	
   17.683   

	
   14.865   

	
   30.052   

	
   4.407   

	
   0.056   

	
   0.092   

	
   0.019   

	
   0.026   




	

	
Greece




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
136,167

	
16.897

	
25.349

	
31.249

	
5.091

	
0.024

	
0.032

	
0.016

	
0.022




	
Nuts 2

	

	

	

	

	

	

	

	

	




	
Attica

	
34,378

	
   12.773   

	
   31.987   

	
   33.763   

	
   5.810   

	
   0.061   

	
   0.123   

	
   0.022   

	
   0.042   




	
North Aegean

	
7567

	
   16.741   

	
   21.564   

	
   29.641   

	
   4.594   

	
   0.129   

	
   0.245   

	
   0.024   

	
   0.057   




	
South Aegean

	
   11 , 162   

	
   16.314   

	
   28.470   

	
   30.870   

	
   5.109   

	
   0.064   

	
   0.098   

	
   0.023   

	
   0.041   




	
Crete

	
8484

	
   16.855   

	
   21.113   

	
   28.528   

	
   4.339   

	
   0.110   

	
   0.065   

	
   0.030   

	
   0.063   




	
Eastern Macedonia & Thrace

	
7440

	
   19.333   

	
   30.405   

	
   28.755   

	
   4.671   

	
   0.108   

	
   0.131   

	
   0.046   

	
   0.134   




	
Central Macedonia

	
14,301

	
   17.280   

	
   24.205   

	
   32.236   

	
   5.218   

	
   0.110   

	
   0.045   

	
   0.036   

	
   0.054   




	
Western Macedonia

	
6340

	
   17.738   

	
   30.658   

	
   28.553   

	
   4.538   

	
   0.073   

	
   0.039   

	
   0.041   

	
   0.064   




	
Epirus

	
9666

	
   19.902   

	
   23.993   

	
   30.872   

	
   5.112   

	
   0.099   

	
   0.054   

	
   0.031   

	
   0.056   




	
Thessaly

	
7082

	
   18.943   

	
   19.101   

	
   30.727   

	
   4.835   

	
   0.080   

	
   0.071   

	
   0.024   

	
   0.059   




	
Ionian Islands

	
5693

	
   14.642   

	
   26.260   

	
   28.667   

	
   4.329   

	
   0.094   

	
   0.141   

	
   0.019   

	
   0.046   




	
Western Greece

	
7395

	
   21.596   

	
   24.828   

	
   28.851   

	
   4.407   

	
   0.081   

	
   0.143   

	
   0.056   

	
   0.078   




	
Central Greece

	
9532

	
   20.575   

	
   19.817   

	
   28.298   

	
   4.421   

	
   0.104   

	
   0.138   

	
   0.055   

	
   0.110   




	
Peloponnese

	
7127

	
   16.586   

	
   21.306   

	
   27.374   

	
   4.102   

	
   0.106   

	
   0.122   

	
   0.051   

	
   0.095   




	

	
Spain




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
70,950

	
20.576

	
27.720

	
32.643

	
5.850

	
0.032

	
0.044

	
0.012

	
0.024




	
Nuts 2

	

	

	

	

	

	

	

	

	




	
Galicia

	
4503

	
   19.666   

	
   28.357   

	
   31.027   

	
   5.345   

	
   0.125   

	
   0.184   

	
   0.042   

	
   0.077   




	
Asturias

	
2661

	
   14.198   

	
   29.935   

	
   28.300   

	
   4.405   

	
   0.253   

	
   0.055   

	
   0.045   

	
   0.122   




	
Cantabria

	
2064

	
   20.597   

	
   27.797   

	
   30.343   

	
   5.272   

	
   0.125   

	
   0.081   

	
   0.035   

	
   0.082   




	
Basque

	
4185

	
   8.803   

	
   43.556   

	
   30.161   

	
   4.988   

	
   0.342   

	
   0.194   

	
   0.048   

	
   0.093   




	
Navarre

	
1896

	
   8.877   

	
   17.520   

	
   25.283   

	
   3.731   

	
   0.250   

	
   0.187   

	
   0.074   

	
   0.173   




	
La Rioja

	
2102

	
   13.633   

	
   23.191   

	
   30.046   

	
   4.680   

	
   0.152   

	
   0.325   

	
   0.046   

	
   0.105   




	
Aragon

	
2809

	
   16.892   

	
   19.291   

	
   27.148   

	
   4.115   

	
   0.207   

	
   0.228   

	
   0.087   

	
   0.285   




	
Madrid

	
6454

	
   14.990   

	
   33.778   

	
   33.239   

	
   6.167   

	
   0.355   

	
   0.057   

	
   0.029   

	
   0.043   




	
Castile Leon

	
4209

	
   16.047   

	
   31.997   

	
   29.532   

	
   4.671   

	
   0.254   

	
   0.243   

	
   0.087   

	
   0.134   




	
Castile-La Mancha

	
3361

	
   29.120   

	
   30.037   

	
   34.318   

	
   6.381   

	
   0.064   

	
   0.525   

	
   0.036   

	
   0.122   




	
Extremadura

	
2962

	
   34.142   

	
   18.528   

	
   31.600   

	
   4.773   

	
   0.054   

	
   1.123   

	
   0.059   

	
   0.185   




	
Catalonia

	
13,040

	
   12.483   

	
   27.856   

	
   29.919   

	
   4.976   

	
   0.159   

	
   0.119   

	
   0.041   

	
   0.094   




	
Valencian Community

	
4358

	
   24.530   

	
   24.637   

	
   31.495   

	
   5.312   

	
   0.131   

	
   0.361   

	
   0.041   

	
   0.076   




	
Balearic Islands

	
1623

	
   13.766   

	
   27.640   

	
   32.494   

	
   5.079   

	
   0.132   

	
   0.191   

	
   0.035   

	
   0.056   




	
Andalusia

	
7547

	
   31.257   

	
   24.155   

	
   34.939   

	
   6.358   

	
   0.033   

	
   0.381   

	
   0.033   

	
   0.046   




	
Murcia

	
3054

	
   29.250   

	
   33.310   

	
   31.877   

	
   5.465   

	
   0.222   

	
   0.681   

	
   0.120   

	
   0.192   




	
Ceuta

	
775

	
   35.951   

	
   45.175   

	
   40.731   

	
   8.671   

	
   0.328   

	
   0.063   

	
   0.196   

	
   0.682   




	
Melilla

	
853

	
   20.325   

	
   31.199   

	
   38.446   

	
   8.364   

	
   0.175   

	
   0.114   

	
   0.047   

	
   0.105   




	
Canary Islands

	
2494

	
   31.527   

	
   32.949   

	
   34.148   

	
   6.303   

	
   0.221   

	
   0.375   

	
   0.149   

	
   0.265   




	

	
France




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
66,912

	
13.091

	
17.150

	
28.706

	
0.032

	
0.041

	
0.030

	
0.048




	
Nuts 2

	

	

	

	

	

	

	

	

	




	
Ile de France

	
8578

	
   13.739   

	
   18.587   

	
   34.197   

	
   6.332   

	
   0.389   

	
   2.625   

	
   0.178   

	
   0.261   




	
Centre-Val de Loire

	
2640

	
   12.790   

	
   14.749   

	
   25.536   

	
   3.571   

	
   0.128   

	
   0.358   

	
   0.053   

	
   0.080   




	
Bourgogne

	
2024

	
   10.809   

	
   17.726   

	
   26.132   

	
   3.624   

	
   0.122   

	
   0.404   

	
   0.069   

	
   0.091   




	
Franche-Comté

	
1215

	
   16.237   

	
   16.344   

	
   25.459   

	
   3.499   

	
   0.120   

	
   0.070   

	
   0.125   

	
   0.148   




	
Lower Normandy

	
1780

	
   12.699   

	
   15.731   

	
   25.019   

	
   3.524   

	
   0.302   

	
   0.184   

	
   0.089   

	
   0.115   




	
Upper Normandy

	
1934

	
   11.046   

	
   17.207   

	
   23.437   

	
   3.256   

	
   0.209   

	
   0.318   

	
   0.049   

	
   0.178   




	
Nord pas de Calais

	
5107

	
   15.789   

	
   14.136   

	
   24.584   

	
   3.419   

	
   0.214   

	
   0.583   

	
   0.120   

	
   0.196   




	
Picardy

	
2174

	
   15.375   

	
   19.091   

	
   26.323   

	
   3.652   

	
   0.254   

	
   1.548   

	
   0.062   

	
   0.082   




	
Alsace

	
1871

	
   10.046   

	
   29.170   

	
   25.483   

	
   3.470   

	
   0.243   

	
   0.094   

	
   0.115   

	
   0.151   




	
Champagne Ardenne

	
1401

	
   18.391   

	
   14.345   

	
   24.816   

	
   3.362   

	
   0.347   

	
   0.523   

	
   0.076   

	
   0.104   




	
Lorraine

	
2563

	
   13.159   

	
   20.915   

	
   25.619   

	
   3.544   

	
   0.135   

	
   0.085   

	
   0.052   

	
   0.074   




	
Pays de la Loire

	
4843

	
   10.382   

	
   16.753   

	
   27.684   

	
   3.932   

	
   0.111   

	
   0.318   

	
   0.074   

	
   0.122   




	
Brittany

	
4289

	
   9.093   

	
   14.345   

	
   24.779   

	
   3.396   

	
   0.188   

	
   0.358   

	
   0.091   

	
   0.357   




	
Aquitaine

	
4077

	
   11.570   

	
   19.559   

	
   25.828   

	
   3.551   

	
   0.326   

	
   0.573   

	
   0.049   

	
   0.124   




	
Limousin

	
963

	
   10.273   

	
   7.925   

	
   26.168   

	
   3.552   

	
   0.171   

	
   0.226   

	
   0.040   

	
   0.105   




	
Poitou-Charentes

	
2281

	
   13.796   

	
   14.046   

	
   28.368   

	
   5.416   

	
   0.124   

	
   0.087   

	
   0.073   

	
   0.094   




	
Languedoc-Roussillom

	
2656

	
   23.381   

	
   16.849   

	
   27.406   

	
   3.859   

	
   0.067   

	
   0.317   

	
   0.059   

	
   0.086   




	
Midi-Pyrenees

	
3349

	
   10.100   

	
   18.433   

	
   28.630   

	
   4.015   

	
   0.327   

	
   0.427   

	
   0.056   

	
   0.060   




	
Auvergne

	
1439

	
   10.955   

	
   15.456   

	
   23.930   

	
   3.307   

	
   0.206   

	
   0.686   

	
   0.120   

	
   0.192   




	
Rhone-Alpes

	
6753

	
   10.651   

	
   15.229   

	
   27.129   

	
   3.904   

	
   0.195   

	
   0.116   

	
   0.069   

	
   0.063   




	
Provence-Alpes-Cote d’Azur

	
4637

	
   15.341   

	
   21.760   

	
   34.434   

	
   5.242   

	
   0.125   

	
   0.417   

	
   0.042   

	
   0.052   




	
Corsica

	
276

	
   21.832   

	
   12.055   

	
   28.102   

	
   3.671   

	
   0.132   

	
   0.289   

	
   0.255   

	
   0.347   




	

	
Croatia




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
27,195

	
21.894

	
27.251

	
30.800

	
5.304

	
0.030

	
0.048

	
0.014

	
0.021




	
Nuts 2

	

	

	

	

	

	

	

	

	




	
Adriatic Croatia

	
9341

	
   20.363   

	
   24.958   

	
   30.021   

	
   5.049   

	
   0.048   

	
   0.111   

	
   0.018   

	
   0.083   




	
Continental Croatia

	
17,854

	
   22.721   

	
   27.510   

	
   31.215   

	
   5.400   

	
   0.048   

	
   0.127   

	
   0.022   

	
   0.039   




	

	
Italy




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
52,204

	
19.906

	
29.495

	
33.336

	
6.081

	
0.016

	
0.028

	
0.010

	
0.022




	
Nuts 2

	

	

	

	

	

	

	

	

	




	
Piemonte

	
3468

	
   14.680   

	
   31.079   

	
   30.516   

	
   5.152   

	
   0.085   

	
   0.235   

	
   0.029   

	
   0.062   




	
Valle d’Aosta

	
872

	
   19.866   

	
   46.068   

	
   32.990   

	
   6.724   

	
   0.154   

	
   0.111   

	
   0.067   

	
   0.084   




	
Liguria

	
2505

	
   14.293   

	
   29.957   

	
   33.662   

	
   5.839   

	
   0.067   

	
   0.036   

	
   0.038   

	
   0.062   




	
Lombardia

	
6343

	
   11.213   

	
   22.473   

	
   31.388   

	
   5.054   

	
   0.215   

	
   0.501   

	
   0.037   

	
   0.108   




	
Abruzzo

	
1109

	
   22.542   

	
   38.823   

	
   30.316   

	
   5.749   

	
   0.044   

	
   0.098   

	
   0.025   

	
   0.034   




	
Molise

	
1015

	
   23.440   

	
   22.652   

	
   29.224   

	
   4.612   

	
   0.036   

	
   0.425   

	
   0.028   

	
   0.046   




	
Campania

	
2943

	
   40.456   

	
   34.169   

	
   35.609   

	
   7.366   

	
   0.037   

	
   0.189   

	
   0.023   

	
   0.029   




	
Puglia

	
2474

	
   26.690   

	
   30.291   

	
   32.239   

	
   5.807   

	
   0.051   

	
   0.111   

	
   0.037   

	
   0.064   




	
Basilicata

	
968

	
   28.451   

	
   34.102   

	
   33.187   

	
   6.224   

	
   0.060   

	
   0.157   

	
   0.028   

	
   0.070   




	
Calabria

	
1354

	
   34.463   

	
   34.065   

	
   35.238   

	
   7.391   

	
   0.054   

	
   0.226   

	
   0.032   

	
   0.042   




	
Sicilia

	
2358

	
   39.807   

	
   34.493   

	
   36.029   

	
   8.040   

	
   0.044   

	
   0.295   

	
   0.036   

	
   0.054   




	
Sardegna

	
1457

	
   24.354   

	
   32.963   

	
   33.774   

	
   6.301   

	
   0.085   

	
   0.179   

	
   0.030   

	
   0.067   




	
Bolzano

	
897

	
   11.601   

	
   18.598   

	
   30.878   

	
   4.744   

	
   0.319   

	
   0.304   

	
   0.049   

	
   0.172   




	
Trento

	
1099

	
   11.379   

	
   29.188   

	
   31.052   

	
   5.071   

	
   0.149   

	
   0.037   

	
   0.033   

	
   0.088   




	
Veneto

	
4053

	
   12.003   

	
   20.149   

	
   29.256   

	
   4.655   

	
   0.295   

	
   0.108   

	
   0.072   

	
   0.254   




	
Friuli-Venezia Giulia

	
2535

	
   7.972   

	
   18.286   

	
   25.682   

	
   3.706   

	
   0.466   

	
   0.287   

	
   0.085   

	
   0.413   




	
Emilia-Romagna

	
3746

	
   10.495   

	
   21.504   

	
   29.211   

	
   4.617   

	
   0.257   

	
   0.156   

	
   0.038   

	
   0.162   




	
Toscana

	
4073

	
   14.507   

	
   21.722   

	
   31.172   

	
   5.045   

	
   0.224   

	
   0.250   

	
   0.051   

	
   0.137   




	
Umbria

	
1855

	
   13.591   

	
   19.559   

	
   31.992   

	
   4.876   

	
   0.218   

	
   0.909   

	
   0.085   

	
   0.181   




	
Marche

	
2811

	
   15.903   

	
   23.366   

	
   30.356   

	
   5.068   

	
   0.158   

	
   0.425   

	
   0.073   

	
   0.183   




	
Lazio

	
4269

	
   20.110   

	
   27.979   

	
   35.565   

	
   6.650   

	
   0.142   

	
   0.127   

	
   0.038   

	
   0.176   




	

	
Malta




	




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
25,132

	
   11.807   

	
   14.782   

	
   27.468   

	
   3.845   

	
0.038

	
0.045

	
0.012

	
0.016




	

	
Portugal




	
National

	
n

	
Arop

	
Rmpg

	
Gini

	
Qsr

	
(Arop)

	
(Rmpg)

	
(Gini)

	
(Qsr)




	

	
66,938

	
17.506

	
25.188

	
33.577

	
5.594

	
0.027

	
0.035

	
0.012

	
0.020




	
Nuts 2

	

	

	

	

	

	

	

	

	




	
Norte

	
9797

	
   17.772   

	
   23.290   

	
   30.861   

	
   4.879   

	
   0.060   

	
   0.053   

	
   0.022   

	
   0.041   




	
Algarve

	
8583

	
   16.798   

	
   26.202   

	
   33.901   

	
   5.596   

	
   0.065   

	
   0.145   

	
   0.025   

	
   0.047   




	
Centro

	
8975

	
   17.040   

	
   26.351   

	
   32.233   

	
   5.137   

	
   0.104   

	
   0.080   

	
   0.025   

	
   0.040   




	
Lisboa

	
8992

	
   11.116   

	
   25.299   

	
   33.560   

	
   5.613   

	
   0.169   

	
   0.183   

	
   0.027   

	
   0.044   




	
Alentejo

	
9485

	
   15.282   

	
   20.414   

	
   31.807   

	
   4.786   

	
   0.060   

	
   0.160   

	
   0.019   

	
   0.032   




	
Regiao Autonoma dos Acores

	
9522

	
   23.454   

	
   31.632   

	
   38.099   

	
   7.177   

	
   0.114   

	
   0.107   

	
   0.022   

	
   0.075   




	
Regiao Autonoma dos Madeira

	
11,584

	
   24.698   

	
   27.185   

	
   33.590   

	
   5.808   

	
   0.083   

	
   0.061   

	
   0.026   

	
   0.059   
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