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Abstract: (minimum1500 words) 

1.Introduction 

 

In the last two decades Morocco has made progress in reducing economic inequalities 

(Boutayeb , 2006)  and in the control of preventable childhood diseases (Achy, 2010). On 

the other hand, social inequalities and health inequities remain major problems for the 

third millennium (Achy, 2010). How can economic poverty be reduced while social 

inequalities increase? Answering this question is the principal aim of this work. In order 

to be able to do it at its best, it is necessary, from our point of view, to start with some 

definitions. 

The status of poor defined as such on the basis of a single economic variable (generally 

monetary variable) and a national threshold (poverty line) hardly manages to capture all 

the nuances of a much more complex phenomenon such as the poverty one. One’s poverty 

status is often the result of a plurality of simultaneous deprivations that go beyond the 

shortage of financial resources. For instance, a person who is not classified as income-

poor can still suffer other deprivations, such as poor health, malnutrition, little schooling, 

or inadequate housing, all conditions that reduce well-being while increasing the risk of 

marginalization and social exclusion.   

The multidimensional approaches to poverty are a well-known method for addressing 

such a complex issue. Ezzrari and Verme (2013) and El Bouhadi et al. (2012) present two 

multidimensional analysis of poverty in Morocco both based on multiple correspondence 

analysis (MCA). Despite this, they disagree about the results and whether or not poverty 

has increased in recent decades while agree that poverty is not constant over Moroccan’s 

regions.  

With the aim of combining a multidimensional approach and a high territorial 

disaggregation we propose to use a fuzzy measure of the incidence of relative poverty 

and deprivation and to estimate them at provinces level using EBLUP. With the former 

we can consider more than one dimension of poverty, not only the economical one, while 

the latter will allow us to obtain reliable estimates at provincial level taking account of 

the spatial correlation.  
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2. The fuzzy sets approach 

 

Fifty years after the theorization of fuzzy sets, research and applications have been very 

active and have produced very important results in many fields, from decision making to 

engineering by away of medicine and economics. Several papers were published to evoke 

the concepts of fuzzy sets in the analysis of poverty and living condition, among them 

Betti et al. (2006), Betti and Verma (2008), Belhadj (2014). Cheli and Lemmi (1995) 

proposed “fuzzy monetary index” where the membership function was defined as: 

 

  𝜇𝑖 = 𝐹𝑀𝑖 = (1 − 𝐹(𝑀),𝑖)
𝛼 = (

∑ 𝑤𝛾|𝑦𝛾>𝑦𝑖
𝑛
𝛾=𝑖+1

∑ 𝑤𝛾|𝑦𝛾>𝑦1
𝑛
𝛾=2

)
𝛼

, 𝑖 = 1, … , 𝑛         (1) 

 

where yi is the income/expenditure of the ith individual, 𝐹(𝑀),𝑖 is the value of the 

distribution of income/expenditure for the ith individual, (1 − 𝐹(𝑀),𝑖) is the proportion of 

individuals less poor than the person i, 𝑤𝛾 is sample weight of person i with rank γ ordered 

distribution of income and α is a parameter.  

In 1999, Betti and Verma replaced (1 − F(M),i)  with (1 − L(M)i) where L(M)i is the value 

of the Lorenz curve of income for the ith individual. In the same year Betti and Cheli 

(1999) highlighted as α is an arbitrary parameter, but it can be chosen in the way of the 

mean of membership function will be equal to the Head Count Ratio (HCR) for the 

official poverty line. Betti, Cheli, Lemmi and Verma (2005, 2006) unified the two 

membership functions in the “Integrated Fuzzy and Relative” index that is the 

combination of them.  

 

𝜇𝑖 = 𝐹𝑀𝑖 = (1 − 𝐹𝑖)𝛼−1(1 − 𝐿(𝐹𝑖))        (2) 

 

In this approach the conventional poor/non-poor dichotomy is replaced by defining 

poverty as a matter of degree, determined by the place of the individual in the income 

distribution. The same methodology (Betti and Verma, 2008) facilitates the inclusion of 

other dimensions of deprivation into the analysis: by appropriately weighting indicators 

of deprivation to reflect their dispersion and correlation. This last indicator is known as 

Fuzzy Supplementary (FS) indicator. After that each question was converted into [0, 1] 

interval, the construction of FS on the basis of different items begins by identifying and 

investigating the latent dimension of this index. This latent dimension is expected to point 
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to groups where by ‘group’ we mean a distinct set of items. Exploratory and confirmatory 

factor analyses allow us to achieve this objective. The procedure begins with an 

exploratory factor analysis to provide a preliminary outline of the groups. In some cases, 

the exploratory analysis confirms that all items within a single question are highly 

correlated to a specific dimension. In other cases, the exploratory analysis outlines that 

some of the items within a question do not have a good correlation with the dimension 

the question points to. From the latent factors observed in the exploratory analysis and 

after re-allocating some of the items to different groups on the basis of the correlations 

calculated among all items, a final list of k groups was proposed. Finally, a confirmatory 

factor analysis performed on these k groups was used to investigate the Goodness of Fit. 

After this analysis FM was computed following Betti and Verma (2008). 

 

3. EBLUP with Additive Logistic Transformation and Nonstationary EBLUP  

 

Small area estimation is any of several statistical techniques involving the estimation of 

parameters for small sub-populations. This technique is used to borrow strength from 

auxiliary variables to improve the effectiveness of a domain sample size.  The term "small 

area" generally refers to a small geographical area such as a province or a specific sub-

population group like people in a certain range of years (Rao and Molina, 2015). If a 

survey has been carried out for the population, the sample size within any particular small 

area may be too small to generate accurate estimates from data. Recently, a lot of studies 

have been carried out about small area techniques and many articles try to summarize the 

existing works. Between them, we remember Tzavidis et al. (2018), Guadarrama et al. 

(2016) and Sugasawa and Kubokawa (2020). 

SAE based on the widely used area-level model proposed in Fay and Herriot  (1979) 

assume that the area-level direct estimates are spatially uncorrelated. The classical Fay-

Herriot (FH) method can be described as follows.  

Let j index the J areas of interest, and let 𝑦𝑗 be an unbiased direct survey estimator of an 

unobservable population parameter 𝑌𝑗 of a variable of interest y for area j. Let 𝑥𝑗 be a 

vector of q auxiliary variables for area j that are related to the population mean 𝑌𝑗 . The 

FH model is then defined by the two equations:  

 

      𝑦𝑗 = 𝑌𝑗 + 𝑒𝑗     𝑎𝑛𝑑    𝑌𝑗 = 𝜃 + 𝑥𝑗
𝑇𝜆 + 𝑢𝑗                             (3) 
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where the first equation models the prediction error of the observed survey estimate 𝑦𝑗 of 

the true population 𝑌𝑗, while the second models the unobservable 𝑌𝑗 in terms of an overall 

mean 𝜃, a linear combination of the components of the vector 𝑥𝑗, and specific area random 

effects 𝑢𝑗 . The combination of these two equations leads to an area-level linear mixed 

model. Three assumptions are necessary: 

- The area random effects 𝑢𝑗  are independently and identically distributed;  

- The area random effects 𝑢𝑗  and the prediction errors 𝑒𝑗 are assumed to be 

independent of each other within and across areas;  

- The prediction variances 𝜎𝑒𝑗
2  are known. In practice  𝜎𝑒𝑗

2   are unknown and are 

replaced with 𝑠𝑒𝑗
2 .  

Here we propose to use EBLUP with Additive Logistic Transformation and the 

nonstationary empirical best linear unbiased predictor (NSEBLUP) proposed by Chandra 

et al. (2015). The former, is a classical EBLUP where data are transformed with the 

Additive Logistic Transformation (ALT-EBLUP) by Aitchison (1986). While in the 

latter, authors replace the second equation in (3) with:  

 

𝑌𝑗 = 𝜃(𝑙𝑜𝑐𝑗) + 𝑥𝑗
𝑇𝜆(𝑙𝑜𝑐𝑗) + 𝑢𝑗                         (4) 

 

Where 𝑙𝑜𝑐𝑗 is the centroid of the j-th area, i.e., is the spatial location of the area j expressed 

in coordinates. Under (3) the expected value of 𝑌𝑗 given 𝑥𝑗 is the same at any two points 

in the study area that have the same set of values for this covariate.  On the other hand, 

sing (4) the expected value of 𝑌𝑗 given 𝑥𝑗 could be different at two points in the study area 

that have the same set of values for this covariate depending on the position of those 

points. The MSE estimation suggested by the authors is based on a parametric bootstrap 

procedure proposed by Gonzalez-Manteiga et al. (2008). The MSE estimator defined by 

this procedure is consistent provided the model parameter estimators are consistent. 

 

4. Preliminary results and further development  

 

Since 2002,  as highlighted by Litvack (2007),  the World Bank has been providing 

technical assistance to Morocco in the production and analysis of poverty maps. Between 
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others the “enquête nationale sur la consommation et les dépenses des ménages 

(2013/2014)” collects data about household consumption and several variables that could 

be useful for the definition of the dimension of deprivation for the FS. The poverty line 

is defined equal to 5.5$ PPP per day per capita and we estimate the HCR at provincial 

level with direct estimator. The average HCR is 0.34 with an average coefficient of 

variation (CV) equal to 15.10 while the maximum is 83.99.  Given these values and the 

covariates in our possession the CV of HCR is too high also after SAE (mean CV: 12.40, 

max: 69.70). For this reason, and for what said before we decide to use the FM. This 

result to be more precise than HCR with a mean CV of 8.24 and the maximum that is 

around 36. Using ALT-EBLUP the mean CV reduces to 6.38 with all value lower than 

15. This is due to the fact that covariates work better with FM than with HCR given that 

these last have more heterogeneity than a dummy variable. For what concern the FS, the 

factor analysis points out 7 different groups:  

- Personal satisfaction;  

- Development and progress; 

- Ordinary purchases;  

- Extraordinary purchases; 

- Environmental;  

- Social life;  

- Personal abilities and possibilities. 

Next steps will be the direct and the NSEBLUP estimation using also meteorological 

auxiliary information.  
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