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1. INTRODUCTION 

Maps of poverty and other socioeconomic indicators support extremely important 

political decisions such as the allocation of regional development funds by governments 

and international organizations. As a matter of fact, the World Bank (WB) delivers 

poverty maps for many countries all over the world. In the U.S., the Census Bureau's 

Small Area Income and Poverty Estimates (SAIPE) program provides annual estimates 

of income and poverty statistics for all school districts, counties, and states, for the 

administration of federal programs and the allocation of federal funds to local 

jurisdictions. State and local programs also use the income and poverty estimates for 

distributing funds and managing programs. Political decisions should be based on the 

most accurate wellbeing statistical figures. 

The problem arises because the official data sources used to produce poverty maps in 

many countries, such as the European Survey on Income and Living Conditions (EU-

SILC), have a sample size that is planned to give estimates only for large regions. This 

limited sample size does not allow the production of estimates of desired precision at 

local level or for some risk population subgroups. The resulting sample sizes in some of 

these local regions or population subgroups (called here small areas in general) can be 

too small and, as a consequence, direct estimates, calculated using only the scarce area-

specific data, can have unduly large sampling errors. This problem can be approached 

using small area estimation techniques, designed to improve the precision of estimates at 

local level. Since the total sample size of the surveys is typically large, finding some 

relationship among the areas in the form of a model that links all the areas often helps to 

obtain estimates with better precision. Small area estimation models can provide 

estimates with notably higher precision by combining the sample data from all the areas, 

see e.g. Rao (2003) for a comprehensive account of small area estimation techniques or 

Pfeffermann (2014) for a recent review. 

2. METHODS 

Small area estimation models can be stated at the area level, using only the aggregated 

information for the areas, or at the unit level, making use of the unit-specific values of 

the target and auxiliary variables. We focus on the latter type of models because unit 

level information is typically much richer but area level auxiliary variables can also be 

included. Moreover, these models can be applied in a straightforward manner to estimate 

any non-linear parameter that is function of the (continuous) response variable in the 

model. 
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Most poverty indicators are non-linear functions of a welfare variable such as income or 

expenditure. The first method designed to estimate general non-linear parameters in 

small areas is ELL method (Elbers, Lanjouw and Lanjouw 2003), used by the WB to 

construct poverty maps at local level. This method assumes a (unit level) linear mixed 

model for the log income or other variable used to measure the wellbeing. Molina and 

Rao (2010) have shown that the poverty estimates obtained by the ELL method can have 

poor accuracy. The empirical best (EB) method of Molina and Rao (2010) gives an 

approximation to the best estimates in terms of mean squared error (MSE), provided that 

the log incomes (or other one-to-one transformation of the welfare variable) are normally 

distributed. However, the histogram of the log incomes for several European countries 

displays a left skewed distribution with a thin but long left tail. Thus, the normality 

assumption does not really hold for the log-income data. This left tail is caused by the 

presence of individuals with atypically small incomes. These extreme values are hardly 

explained by auxiliary variables and produce a bias in both EB and ELL estimates that 

might be significant for some regions. 

As an alternative to the log-normal model for the incomes used in EB and ELL methods, 

we propose to consider a much more flexible distribution called generalized beta 

distribution of the second kind (GB2). The success of the GB2 distribution in modelling 

income data has been shown by many authors, see e.g. by McDonald (1984). Recently, 

Graf and Nedyalkova (2013) have used the GB2 to estimate poverty and social exclusion 

indicators under a large population framework. The four parameters of the GB2, with one 

parameter controlling each tail, give a lot of flexibility to accommodate distributions with 

different types of skewness. As particular cases, it includes distributions such as Fisk, 

also called log-logistic, Dagum and Singh-Maddala. A limiting case is the Generalized 

Gamma distribution. 

A model for small area estimation is proposed based on a multivariate extension of the 

GB2 family of distributions. Maximum likelihood is used to fit this model. The best 

estimator of a general area parameter is given by the expectation of the parameter with 

respect the distribution of the non-sample given the sample data in that area. To calculate 

this expectation, we find the distributions of conditional random vectors of the form 

Y1|Y2, where (Y1',Y2')' follows a multivariate GB2 distribution. Using that result, we 

obtain a Monte Carlo approximation of the conditional expectation defining the empirical 

best estimator. But this Monte Carlo approximation entails generating a large number of 

full populations (or censuses) of the target variable from the conditional distributions. 

For real life areas such as e.g. Spanish provinces, the dimension of the multivariate GB2 

vectors to generate (population sizes of provinces) is huge and raw generation of these 

vectors many times is unfeasible in a reasonable time. Efficient computational algorithms 

are developed to generate full populations of the study variable and thus approximating 

the EB estimates based on the proposed GB2 model in reasonable time. 

Assessing the reliability of the obtained EB estimates is indeed crucial, since these 

estimates are supposed to be more precise than direct estimates. To estimate mean 

squared errors, we develop bootstrap procedures under the proposed model, and the 

properties of the bootstrap methods will be studied. 

3. RESULTS 

Simulation results indicate that, when income follows the considered multivariate GB2 

model, the EB method based on this model gives less biased and more efficient estimates 

of poverty indicators than the usual EB method based on the log-normal distribution for 

income. Moreover, if income follows the log-normal nested error model, then EB 
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estimates based on the multivariate GB2 model perform similarly as the corresponding 

EB estimates based on the log-normal model. 

4. CONCLUSIONS 

The log-normal distribution does not fit well the income distribution. Consequently, 

poverty estimates based on the usual nested error model for the log incomes are biased. 

We propose a multivariate GB2 model that fits better the distribution of income. We 

obtain EB estimates that are approximately optimal under the proposed model. 

Simulation results support the use of the proposed EB method based on the multivariate 

GB2 model.  
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