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CHAPTER SEVEN 

7. Conclusion 

 

 

 

This thesis describes and evaluates an MSE estimation method for the well-known 

World Bank’s ELL methodology for poverty estimation that is robust to the violation of 

this methodology’s area-homogeneity assumption. In addition, a flexible poverty 

estimation method that can account for household-level heteroskedasticity and based on 

the Chambers and Dunstan (1986) smearing approach to estimation of a finite population 

distribution function (referred to earlier as the CD-based method) was developed within 

the framework of the ELL methodology. This chapter concludes the thesis with a 

summary of the robust MSE estimation method, the CD-based method, the limitations of 

the proposed methods, and the results. We then discuss some promising directions for 

further research in poverty estimation. 

 

7.1 Thesis Summary 

One of the aims of the thesis is to examine how the ELL, EBP and MQ methods work in 

a realistic data set relevant to developing countries. The simulation study reported in 

Chapter Three was therefore based on the structure of actual census and survey datasets 

for Bangladesh. On the basis of the comparisons reported in this study we concluded that 

the standard ELL methodology based on 2-level working model performs better than the 

EBP and MQ methods in a realistic developing country scenario where between-cluster 
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variability is higher than between-area variability. However, Gaussian-type confidence 

intervals based on MSE estimates obtained via ELL still undercover compared to the 

alternative methods. A 3-level model-based ELL method can be used to overcome this 

issue, but then has to overcome the problem that most sampled areas have only a single 

cluster, so fitting a 3-level model becomes difficult. As a consequence, a 2-level model is 

typically used instead of a 3-level model. 

In Chapter Three we also developed guidelines for selecting a good multilevel model 

for use in small area estimation (SAE) in the context of poverty estimation. These 

included: (1) identification of the highest level in the data hierarchy where between-unit 

variation is maximized, (ii) If between-cluster variability is higher than the between-area 

variability, then one should fit a cluster based 2-level model and follow the standard ELL 

method (or EBP/MQ), reducing the between-area variability as much as possible by 

including area-level contextual variables, (iii) if between-area variability is higher than 

between-cluster variability, then one should fit an area-level 2-level model and follow 

EBP method (or ELL/MQ) after reducing cluster-level variability by including cluster-

specific contextual variables in the model specification. However, this approach can be 

problematic, since fitting such an area-level model implies the availability of 

cluster-specific contextual variables from other sources, which may be impractical (e.g. 

spatial coordinates of a cluster are typically much less accessible than those of an area).  

The results set out in Chapter Three indicate that the standard ELL method 

underestimates the true MSE of the poverty estimates that it produces, mainly because it 

ignores between-area variability in its model specification. These findings suggest the 

development of a modified version of 2-level model-based ELL method that accounts for 

the impact of between-area variability on the ELL-based MSE estimates. A modified 

ELL methodology that is robust to the presence of between-area variability is therefore 
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developed in Chapter Four. The basic idea underpinning this modified methodology is 

an estimator of the MSE of area-specific means that is robust to ignoring level three in a 

3-level model implemented under a simple stratification of the target small areas 

according to their population size. This modified MSE estimator shows improved 

performance for area-specific means, distribution functions, and poverty estimates 

compared with the standard 2-level model-based ELL method when there is 

between-area variability in the data. We also show that this modified method performs 

better than the optimistic and conservative version of ELL methods that have been 

proposed in the literature. Our findings in Chapter Three and the analysis set out in 

Chapter Four also provide evidence that both the EBP and MQ methods could also 

underestimate MSE if significant between-cluster variability is ignored in model 

specification. 

In Chapter Five we consider the issue of dealing with level-one heteroskedasticity under 

an ELL approach to poverty estimation. Here we propose a semi-parametric approach to 

heteroskedasticity modelling based on stratified MOM estimation (STR) and show that 

the method is flexible and performs similarly to the ELL “alpha model” approach in this 

situation. We also demonstrate that the STR method can work better than the ELL 

approach when the heteroskedasticity function is non-monotone. If the HH-level error 

variances are estimated by the STR method and then used in the ELL bootstrap 

procedure, the approach can be considered as a purely non-parametric (rather than 

semi-parametric) extension of the ELL method. 

Chapter Five also contains the next major contribution of the thesis, a small area 

poverty estimation method based on the smearing approach of CD (Chambers and 

Dunstan, 1986). This CD-based method is developed under both homoskedastic and 

heteroskedastic level-one errors for a 2-level working model similar to the one employed 
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by the ELL method, and the proposed STR method is used to estimate heteroskedastic 

level-one error variances. Numerical experiments reported in Chapter Five show that the 

proposed method performs similarly or better than the ELL method. 

In Chapter Six, the 2-level model-based ELL and CD-type MSE estimators are modified 

to account for between-area variability as well as heteroskedasticity at level-one, and 

then used in a poverty mapping exercise based on the Bangladesh datasets. These 

empirical results provide support for the applicability and the flexibility of the proposed 

CD-based method and the modified versions of both the ELL and CD-type estimators. 

They also show how the 2-level model-based ELL and CD-type estimators underestimate 

MSEs by ignoring the presence of between-area variability for those small areas with 

significant urban components and a large population size. Overall, the results in Chapter 

Five and Chapter Six confirm the viability of the proposed CD approach as a robust 

alternative to ELL methodology. 

 

7.2 Future Research 

This thesis has focused on the MSE estimation problem when ELL methodology is used 

for poverty estimation, and has developed an approach to overcoming this problem. 

However there are still theoretical and practical research questions that relate to the ELL 

and CD-based poverty estimation methods and their modifications. Some ideas for future 

research are discussed below. 

Idea 1: Identification of guidelines for choosing an appropriate SAE method 

The results from the numerical experiments reported in Chapter Three and based on the 

Bangladesh census and survey datasets suggest guidelines for choosing an appropriate 

model for poverty estimation. Depending on the hierarchical structure of a survey 

dataset, the general procedure is to find an appropriate 2-level model (either cluster or 
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area level) and then apply one or more of the ELL, EBP, and MQ methods. Note that 

although fitting the MQ model does not require prior identification of the data hierarchy, 

the M-quantile coefficients and corresponding regression coefficients can be estimated at 

that hierarchy level (cluster or area) for which maximum variation is observed in a fitted 

multilevel model.  

If a 3-level model is a better representation of a survey dataset compared with a 2-level 

model then 3-level model-based ELL, EBP and MQ methods should be better. In such 

cases the ELL method will be the easiest to implement due its flexibility. Model-based 

EBP and MQ methods based on a 3-level model require further research. Note that 

Diallo (2014) has developed a two-fold EBP method under skewed normal random 

errors. 

The structure of the survey and census datasets should be an important consideration 

when selecting an SAE methodology for poverty estimation. In developing countries, the 

proportions of target small domains in the household level income and expenditure 

surveys tend to be small (20 - 50%) (Elbers and Van der Weide, 2014). In such 

situations, the EBP and MQ method may work better for the sampled areas if 

between-area variability dominates spatial variation in the data. In developed countries, 

the survey may include most of the target small areas and in this case the EBP and MQ 

methods perform consistently provided any intermediate level between the unit and 

target small area does not significantly contribute to the local variation of response 

variable. This implies that it is important to develop appropriate diagnostics for 

identifying significant between-cluster variability if the EBP or MQ methods are to be 

considered for poverty estimation. 
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Idea 2: Further development of poverty estimation based on a 3-level model 

One of the key differences between fitting a single-level model and fitting a multilevel 

model is estimation of variance components. Nationally representative household 

surveys are usually designed with multiple purposes in mind and consequently tend to 

ignore lower-level administrative units. Estimating variance components defined by 

these lower-level administrative units (such as cluster and small areas) is then difficult, 

particularly in terms of efficiency. In this context, Haslett (2013) notes previous research 

by Münnich and Burgard (2012) and Haslett (2012) that consider estimation of variance 

components when a survey is not designed to produce small area estimates. 

Unavailablity of multiple clusters in most of the sampled areas makes it difficult to 

separate area random effects from cluster random effects. In the Bangladesh poverty 

mapping study (BBS and UNWFP, 2004) more than 75% of the sampled areas had a 

single sample cluster, which creates issues in obtaining consistent and efficient estimates 

of higher-level variance components. Research is necessary to determine the optimum 

proportion of sampled areas with multiple clusters for which both the cluster and 

area-specific variance components estimators will be unbiased, stable, and consistent. 

This research should contribute significantly towards resolving the problem of whether 

to consider either a 2-level or a 3-level model for the ELL and EBP methods. 

Reduction of between-area variation is vital when applying ELL methodology. The 

relevant question here is “how much of total variation due to between-area variability 

can be considered as negligible?” when a suitable test (e.g. a likelihood ratio test or LRT) 

shows that the area-level variance component is significant. Because of large overall 

sample size, it can be the case that a negligble (perhaps less than 0.5%) proportion of 

between-area variation could be identified as significant. Datta et al. (2011) have 

proposed a preliminary test estimator for the presence of a random effect at a specified 
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level in a data hierarchy for an area-level model with a modest number of small areas. 

This estimator can be used to check the significance of cluster and area effects 

separately, but what is needed is the capacity to check the significance of the area effect 

given a significant cluster effect and vice versa. Thus a standard test or criterion is still 

required for identifying whether or not area-level random effects are redundant in a 

three-level model specification. 

Idea 3: EBP and MQ methods under cluster-heterogeneity 

In Chapter Three it was observed that both the EBP and the MQ methods underestimate 

the true simulation MSE when there is high between-cluster variability and negligible 

between-area variability. In Chapter Four, we show that if the 2
nd

 level of a 3-level 

model is ignored then the 1
st
 and 3

rd
 variance components are biased, complementing 

similar results reported in Tranmer and Steel (2001a). This bias is one of the main 

reasons for underestimation of MSE by the EBP method. In contrast, the MQ method 

then behaves similarly to the 2-level model-based ELL method since the area-specific 

MQ coefficient is actually a cluster-specific MQ coefficient for the 75% of target areas 

containing a single cluster. This suggests that both the EBP and MQ methods should also 

be modified in order to deal with this underestimation of MSE issue, perhaps following a 

similar approach to the one used to develop the modified ELL methodology described in 

Chapter Four. 

Idea 4: Practical issues in the use of unit-level SAE 

The application of unit-level SAE methodology can be a real practical problem when the 

census dataset is huge, e.g. as in countries like China and India. In the Bangladesh study, 

a 5% Census data set was used. If a full census dataset was available and used, the 

computational effort would be very high for unit-level SAE methods. Using additional 

(or adequate) computational resources might be one way of handling this type of “big 
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data”. In the usual case of limited resources, an alternative approach could be based on a 

partitioning of the whole country into several strata. Area-level SAE methods are another 

alternative; however, given the focus of poverty, and, by implication, small area income 

distributions, indicator-specific area-level models are then needed. 

The use of sample census data (e.g. 5% Census data) raises the question of how big a 

proportion of a real population is required in order to make reliable inferences about the 

whole country. One possibility is that the poverty estimates based on sample Census data 

be scaled up to the whole census via an appropriate calibration method. Specification of 

how this calibration should work remains an open research question. 

The ELL method is also used in nutrition mapping where anthropometric data on 

children, rather than HH incomes, are used (BBS and UNWFP, 2004; Fujii, 2010). 

However, in nutrition studies most unit-level models have low goodness of fit due to a 

lack of proper explanatory variables. In such studies, observed maximum variation is at 

child level, as one would expect, with these variations most likely due to human genetic 

variation. This lack of fit can be improved by inclusion of child-level demographic 

variables that are available in the survey dataset but are not available in the census 

dataset. That is, a better multilevel model can be developed using the survey dataset 

alone, but it is not possible to use this model in an ELL-type analysis due to lack of these 

child-level demographic variables in the census dataset. In such a situation, an area-level 

SAE approach may be better, particularly if relevant area-specific demographic and 

genetic variables can be estimated from other sources (e.g. contemporaneous genetic 

surveys). 

Idea 5: Non-normality of random errors 

The methodologies developed in Chapter Four and Chapter Five are based on an 

assumption of nested Gaussian errors. This assumption also held for the numerical 
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experiments that were reported there. Some evidence for the validity of this assumption 

is the fact that for these simulations, which were based on the Bangladesh data sets; there 

were no significant differences in the MSE estimation performances of the ELL and 

CD-based methods that used parametric (i.e. based on a Gaussian assumption) as well as 

non-parametric bootstrap procedures. However, the question still remains about the 

performance of these approaches when errors are non-normally distributed. 

Idea 6: Spatial correlation of random errors and distances among small areas 

The proposed modified ELL method described in Chapter Four is based on the 

population sizes of the small areas and ignores their geospatial positions. Small areas 

close to the capital/port/metropolitan cities are highly interconnected in terms of 

communication facilities and employment opportunities, and can be expected to have 

similar poverty characteristics. This type of correlation is ignored when implemented the 

modified ELL procedure. In such cases, both the population size and the distance from 

neighboring small areas could be considered for the stratification used in the modified 

ELL methodology.  

More generally, the ideas set out in the thesis have been developed based on the 

assumption of spatially uncorrelated random errors. Though such spatial correlation can 

be reduced by incorporating contextual variables in the regression model (Elbers et al., 

2008), there is still the possibility of spatial lag dependence (value of dependent variable 

in one area is affected by values of the dependent variable in contiguous areas) and 

spatial error dependence (the error term in one area is correlated with the error terms in 

nearby areas). Olivia et al. (2009) have examined such situation in a real data set relating 

to Shaanxi, China using exact measures of distance between each household. They show 

that ignoring the spatial error structure and the spatial lags at the modeling stage may 

lead to over-stated precision of local-level estimates of poverty. The main constraint in 
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modeling such spatial effects is the availability of spatial data at household and cluster 

levels in the nationally representative household survey. However, the growing use of 

GPS (Global Positioning System) in recent household surveys (Gibson and McKenzie, 

2007) implies that a spatial version of ELL methodology will soon be developed. 

Idea 7: Heteroskedasticity at higher levels of the population hierarchy 

The heteroskedasticity pattern in the Bangladesh dataset was monotone and negligible, 

so the ELL and CD-based methods led to very similar results. This raises the question of 

how different would be the results generated by these two methods if in fact the 

heteroskedasticity that is observed is very prevalent and non-monotone. Also, both 

approaches assume heteroskedastic random errors at unit-level only. But there may be 

heteroskedasticity at higher (cluster/group/area) levels (Gordon, 2012). If the variances 

of cluster-level (or area-level) random errors vary with the cluster size (or area size), then 

the ELL method needs to be modified in order to account for such heteroskedasticity. 

Note that this issue of general heteroskedasticity also arises for the EBP method 

proposed by Van der Weide (2014). 

Idea 8: Application of SAE methods to inequality estimation 

The ELL method is usually used to measure the FGT class of poverty measures - HCR 

 0iF , PG  1iF , and PS  2iF . Poverty severity 2iF  is a combined measure of poverty 

and income/expenditure inequality. The Sen index (Sen, 1976) combines HCR and PG 

with the Gini index  iG  as  0 1 1
i

p p

S i i i iF F G F G    where p

iG  is the Gini coefficient 

of inequality among the poor people belonging to area i . The Gini coefficient (Gini, 

1912) is calculated as  2cov , /i i i iG y y R  where iR  is a vector of standardized ranks 

of individuals or households in the income distribution (here 0 denotes poorest and 1 

denotes richest). Several authors have modified the Sen index to use with a desired 
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poverty inequality. A widely used modification is the Sen-Shorrocks-Thon index 

(Shorrocks, 1995), which is calculated as  0 1
ˆ1

i

p p

SST i i iF F F G   where 
1

p

iF  is the PG 

calculated over poor people only, and ˆ p

iG  is the Gini coefficient of the PG variable over 

the whole population belonging to the thi  area. The Sen index and its modified versions 

have the capability to answer the three questions simultaneously: (i) Are there more poor 

people? (ii) Are the poor people more poor? and (iii) Is there higher inequality among the 

poor people? (Haughton and Khandker, 2009). Since these complex indicators are 

functions of the FGT measures, the ELL approach can be easily implemented in order to 

estimate them. Moreover, we expect that the proposed CD-based method and the 

modified versions of both the ELL and the CD-based methods also be capable of 

producing the estimates of such poverty and inequality measures. 

The performances of the proposed methods could also be examined for other poverty 

inequality measures such as Theil-index (Theil, 1967) (a special case of the General 

Entropy class), the decile dispersion ratio (the ratio of the average income/consumption 

of the richest 10% of the population to that of the poorest 10%), share of 

income/consumption of the poorest 10/20% population (Haughton and Khandker, 2009), 

and the quintile share ratio denoted by S80/S20 (the ratio of total income/consumption 

shared by the top quintile to that of the bottom quintile). 

Idea 9: Application of SAE methods to a Multidimensional Poverty Index (MPI) 

Generally, poverty is defined by a scalar measure, say per capita income. However, 

people experience poverty due to other monetary and non-monetary attributes, such as 

lack of education, health, housing, empowerment, humiliation, employment, personal 

security, and so on. One indicator cannot represent these multiple aspects of poverty. A 

household may be not poor in monetary terms but could still be deprived with respect to 
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lack of education, health, and security. Income poverty alone fails to capture these other 

aspects of deprivation. 

Alkire and Foster (2009, 2011) created a multidimensional poverty index (MPI) by 

including a number of non-monetary deprivation criteria with the monetary FGT poverty 

measures. Alkire and Foster (hereafter referred as AF) proposed an identification and 

agrregation method by considering multiple response variabes (either continuous or 

integer) simultaneously with corresponding cut-off points. Similar to the traditional FGT 

measures, AF defined adjusted head count ratio, adjusted poverty gap, and adjusted FGT 

measures which are together referred as the adjusted FGT class of multidimentional 

poverty measures. A number of countries including Bhutan, Colombia, Mexico, the 

Philippines, and the state government of Minas Gerais, Brazil have produced their 

national MPI using the AF methodology. 

Calculation of an MPI index for disaggregated administrative units represents a new field 

of application for SAE methods. Since income/consumption is the main monetary 

variable used in preparation of such an MPI index, the main task is still one of predicting 

the small area income distribution. In the identification phase of the AF method, 

prediction of the non-sample values of a set of dependent variables including income is 

still required. This implies the use of multivariate multilevel models for joint prediction 

of dependent variables in the SAE method. Schmid and Tzavidis (2015) have 

implemented an SAE method by fitting a generalized linear mixed model considering a 

multinomial dependent varable with five categories which is based on a two-dimensional 

representation of poverty: economic and social deprivation.  

Idea 10: Time lag between Census and Survey 

The time lag between the census data and the survey data used in ELL is an important 

issue in an ELL-based poverty mapping study. If the time lag is large, caution should be 
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exercised when carrying out SAE (Haslett, 2013). Lanjouw and van der Wiede (2006) 

have suggested the use of approximately time invariant structural variables in the 

modeling process; Isidro, Haslett and Jones (2010, 2016) on the other hand suggest 

fitting the SAE model using contemporaneous survey and census data, and then updating 

the model fit using an ESPREE (extension of structure preserving estimation) method by 

using a set of margins from an up to date survey that make allowance for associated 

sampling error. However, the question now arises as to how one allows for sampling 

error if there is between-area variability in the recent survey but not in the base survey. 

In such situation, our modified ELL methodology may be able to capture this 

between-area variability. 

An investigation of the proposal of Isidro, Haslett and Jones (2010, 2016) is also 

worthwhile. This proposes utilizing 2001 Bangladesh Population and Housing Census 

and 2000 Household Income and Expenditure Survey (HIES) datasets as the 

contemporaneous datasets, updates the resulting poverty estimates utilizing 2010 HIES, 

and then compares these updated estimates with the standard estimates based on 2011 

Census and 2010 HIES. A further complication here is that the boundaries of the small 

areas of interest will almost certainly have changed over this time period. 



196 
 

 

 

 

BIBLIOGRAPHY 

 

 

 

Alderman, H., Babita, M., Demombynes, G., Makhatha, N., & Özler, B. (2002). How low can 

you go? Combining census and survey data for mapping poverty in South Africa. 

Journal of African Economies, 11(2), 169-200. 

Alkire, S., & Foster, J. (2009). Counting and Multidimensional Poverty Measures. OPHI 

Working Paper 32. Oxford: University of Oxford. 

Alkire, S., & Foster, J. (2011). Understandings and misunderstandings of multidimensional 

poverty measurement. The Journal of Economic Inequality, 9(2), 289-314. 

Altman, N. (1992). An introduction to kernel and nearest-neighbor nonparametric regression. 

The American Statistician, 46(3), 175-185. 

Avery, M. (2013). Literature Review for Local Polynomial Regression. Retrieved from 

http://www4.ncsu.edu/∼mravery/AveryReview2.pdf 

Battese, G. E., Harter, R. M., & Fuller, W. A. (1988). An error-components model for prediction 

of county crop areas using survey and satellite data. Journal of the American Statistical 

Association, 83(401), 28-36. 

BBS & UNWFP. (2004). Local Estimation of Poverty and Malnutrition in Bangladesh. Dhaka: 

Bangladesh Bureau of Statistics and United Nations World Food Programme. 

BBS. (2001). 2001 Popultion Census: Priliminary Report. Ministry Planning, Government of 

Bangladesh, Statistics Division. Dhaka: Bangladesh Bureau of Statistics. Retrieved from 

file:///C:/SKD/BPHC%202001/Population%20Census%202001%20-

%20Preliminary%20Report.pdf 

BBS. (2003). Report of the Household Income & Expenditure Survey 2000. Dhaka: Bangladesh 

Bureau of Statistics. 

BBS. (2011). 2011 Population and Housing Census: Priliminary Results. Ministry Planning, 

Government of Bangladesh, Statistics Division. Dhaka: Bangladesh Bureau of Statistics. 



197 
 

Benavent, R., & Morales, D. (2016). Multivariate Fay–Herriot models for small area estimation. 

Computational Statistics & Data Analysis, 94, 372-390. 

Betti, G., Cheli, B., Lemmi, A., & Verma, V. (2006). Multidimensional and longitudinal 

poverty: an integrated fuzzy approach. In A. Lemmi A, & G. Betti, Fuzzy set approach 

to multidimensional poverty measurement (pp. 111–137). New York: Springer. 

Betti, G., Neri, L., & Salvati, N. (2007, September 3-5). Comparing M-quantile and ELL 

methods for poverty mapping. IASS Satellite Conference on Small Area Estimation. Pisa: 

University of Pisa. 

Bigman, D., & Fofack, H. (2000). Geographical targeting for poverty alleviation: Methodology 

and applications. The World Bank Economic Review, 14(1), pp. 129-146. 

Bouhlel, I. (2013). Heteroscedasticity under the linear mixed model: Diagnostics and Treatment. 

Retrieved from http://math.unice.fr/~massonr/Stages/Rapport5.pdf 

Breckling, J., & Chambers, R. (1988). M-quantiles. Biometrika, 75(4), 761–71. 

Brewer, K. R. (1963). Ratio estimation and finite populations: Some results deducible from the 

assumption of an underlying stochastic process. Australian Journal of Statistics, 5(3), 

93-105. 

Carpenter, J., Goldstein, H., & Rasbash, J. (1999). A non-parametric bootstrap for multilevel 

models. Multilevel modelling newsletter, 11(1), 2-5. 

Chambers, R. L., & Dunstan, R. (1986). Estimating distribution functions from survey data. 

Biometrika, 73(3), 597-604. 

Chambers, R., & Clark, R. (2012). An introduction to model-based survey sampling with 

applications. Oxford: Oxford University Press. 

Chambers, R., & Pratesi, M. (2013). Small area methodology in poverty mapping: an 

introductory overview. In G. Betti, & A. Lemmi, Poverty and Social Exclusion: New 

Methods of Analysis (p. p. 213). Oxon: Routledge. 

Chambers, R., & Tzavidis, N. (2006). M-quantile models for small area estimation. Biometrika, 

93(2), 255-268. 

Chambers, R., Chandra, H., & Tzavidis, N. (2011). On Bias-Robust Mean Squared Error 

Estimation for Pseudo-Linear Small Area Estimators. Survey Methodology, 37, 153-170. 



198 
 

Chambers, R., Chandra, H., Salvati, N., & Tzavidis, N. (2014). Outlier robust small area 

estimation. Journal of the Royal Statistical Society: Series B (Statistical Methodology), 

76(1), 47-69. 

Cheli, B., & Lemmi, A. (1995). A "Totally" fuzzy and relative approach to the multidimensional 

analysis of poverty. Economic Notes, 25, 115-134. 

Cheng, M., Fan, J., & Marron, J. (1997). On automatic boundary corrections. The Annals of 

Statistics, 25(4), 1691-1708. 

Chu, C., & Marron, J. (1991). Choosing a kernel regression estimator. Statistical Science, 6(4), 

404-419. 

Citro, C., Cohen, M., Kalton, G., & West, K. (1997). Small-area estimates of school-age 

children in poverty: Interim report I-evaluation of 1993 county estimates for title I 

allocations. Washington, DC: National Academy Press. 

Cochran, W. (1977). Sampling Techniques. New York: Wiley. 

Coelho, P., & Pereira, L. (2011). A spatial unit level model for small area estimation. 

REVSTAT–Statistical Journal, 9(2), 155-180. 

Cressie, N. (1993). Statistics for Spatial Data. New York: Wiley Series in Probability and 

Statistics. 

Cuong, N. V. , Truong, T. N., & Van Der Weide, R. (2010). Poverty and inequality maps in 

rural Vietnam: An application of small area estimation. Asian Economic Journal, 24(4), 

355-390. 

Datta, G. S. (2009). Model-based approach to small area estimation. In C. R. Rao, Handbook of 

Statistics - Sample Surveys: Inference and Analysis (Vol. 29B, pp. 251-288). 

Amsterdam: Elsevier. 

Datta, G., & Lahiri, P. (2000). A unified measure of uncertainty of estimated best linear 

unbiased predictors in small area estimation problems. Statistica Sinica, 10(2), 613-628. 

Datta, G., & Ravallion, M. (1993). Regional disparities, targeting, and poverty in India. In M. 

Lipton, & J. van der Gaag, Including the Poor (pp. 91-114). Washington, DC: The 

World Bank. 



199 
 

Datta, G., Hall, P., & Mandal, A. (2011). Model selection by testing for the presence of small-

area effects, and application to area-level data. Journal of the American Statistical 

Association, 106(493), 362-374. 

Demombynes, G., & Özler, B. (2005). Crime and local inequality in South Africa. Journal of 

Development Economics, 76(2), 265-292. 

Demombynes, G., Elbers, C., Lanjouw, J., & Lanjouw, P. (2007). How Good a Map? Putting 

Small Area Estimation to the Test. World Bank Policy Research Working Paper, 4155. 

Washington, DC: The World Bank. 

Diallo, M. (2014). Small Area Estimation under Skew-Normal Nested Error Models. Doctoral 

dissertation. Ottawa: Carleton University . 

Diallo, M., & Rao, J. (2014). Small Area Estimation of Complex Parameters Under Unit-level 

Models with Skew-Normal Errors. Joint Statistical Meetings, Section on Survey 

Research Methods (pp. 970-984). Alexandria, VA: American Statistical Association. 

Dunstan, R., & Chambers, R. (1989). Estimating distribution functions from survey data with 

limited benchmark information. Australian Journal of Statistics, 31(1), 1-11. 

Efron, B., & Morris, C. (1973). Stein's estimation rule and its competitors - an empirical Bayes 

approach. Journal of the American Statistical Association, 68(341), 117-130. 

Efron, B., & Tibshirani, R. J. (1994). An introduction to the bootstrap (Vol. 57). New York: 

Chapman & Hall/CRC. 

Elbers, C., & Van der Weide, R. (2014). Estimation of normal mixtures in a nested error model 

with an application to small area estimation of poverty and inequality. World Bank 

Policy Research Working Paper, 6962. Washington, DC: The World Bank. 

Elbers, C., Lanjouw, J. O., & Lanjouw, P. (2002). Micro-level Estimation of Welfare. World 

Bank Policy Research Working Papaer, 2911. Washington DC: The World Bank. 

Elbers, C., Lanjouw, J. O., & Lanjouw, P. (2003). Micro-Level Estimation of Poverty and 

Inequality. Econometrica, 71(1), 355–364. 

Elbers, C., Lanjouw, J. O., Lanjouw, P., & Leite, P. G. (2004). Poverty and inequality in Brazil: 

New estimates from combined PPV-PNAD. In Inequality and economic development in 

Brazil. Washington, DC: The World Bank. 



200 
 

Elbers, C., Lanjouw, P., & Leite, P. G. (2008). Brazil within Brazil : Testing the Poverty Map 

Methodology in Minas Gerais. World Bank Policy Research Working Paper, 4513. 

Washington, DC: The World Bank. 

EURAREA, C. (2004). Project Reference Volume. Unpublished research report of EU research 

project IST-2000-26290. Retrieved from http://www.ons.gov.uk/ons/guide-

method/method-quality/general-methodology/spatial-analysis-and-

modelling/eurarea/downloads/project-reference-volume--volume-one--main-report.pdf 

Fay, R. E., & Herriot, R. A. (1979). Estimates of income for small places: an application of 

James-Stein procedures to census data. Journal of the American Statistical Association, 

74(366a), 269-277. 

Feder, M., Nathan, G., & Pfeffermann, D. (2000). Multilevel modelling of complex survey 

longitudinal data with time varying random effects. Survey Methodology, 26(1), 53-66. 

Ferretti, C., & Molina, I. (2012). Fast EB method for estimating complex poverty indicators in 

large populations. Journal of the Indian Society of Agricultural Statistics, 66, 105-120. 

Foster, J., Greer, J., & Thorbecke, E. (1984). A class of decomposable poverty measures. 

Econometrica: Journal of the Econometric Society, 761-766. 

Fujii, T. (2004). Commune-level estimation of poverty measures and its application in 

Cambodia. Research paper, ISSN 1810-2611. Helsinki: World Institute for Development 

Economics Research, United Nations University. 

Fujii, T. (2010). Micro-level estimation of child undernutrition indicators in Cambodia. The 

World Bank Economic Review, 24(3), 520-553. 

Gershunskaya, J., Jiang, J., & Lahiri, P. (2009). Resampling methods in surveys. In C. R. Rao, 

Handbook of Statistics- Sample Surveys: Inference and Analysis (Vol. 29B, pp. 121-

151). Amsterdam: Elsevier. 

Ghosh, M., & Rao, J. N. (1994). Small area estimation: an appraisal. Statistical science, 55-76. 

Ghosh, M., Nangia, N., & Kim, D. (1996). Estimation of median income of four-person 

families: a Bayesian time series approach. Journal of the American Statistical 

Association, 91(436), 1423-1431. 

Gibson, J., & McKenzie, D. (2007). Using global positioning systems in household surveys for 

better economics and better policy. The World Bank Research Observer, 22(2), 217-241. 



201 
 

Gini, C. (1912). Variability and Mutability, Contribution to The Study of Statistical Distribution 

and Relaitons. Studi Economico-Giuricici della R. Cagliari: Universita de Cagliari. 

Giusti, C., Marchetti, S., Pratesi, M., & Tzavidis, N. (2011). Small Area Methodologies for 

Poverty Estimation: an Application to Italian Data. Proceedings of the 58th World 

Statistical Congress. Session CPS020, pp. 6234-6237. Dublin: International Statistical 

Institute. 

Giusti, C., Pratesi, M., & Salvati, N. (2009). Estimation of poverty indicators: a comparison of 

small area methods at LAU1-2 level in Tuscany. New Techniques and Technologies for 

Statistics (NTTS Conference), S3 Paper 1 (pp. 18-20). Brussels: Eurostat. 

Gonzalez, M. E. (1973). Use and Evaluation of Synthetic Estimates. Annual meeting of 

American Statistical Association. Social Statistics Section, pp. 33-36. New York: 

American Statistical Association. 

González-Manteiga, W., Lombardía, M. J., Molina, I., Morales, D., & Santamaría, L. (2008a). 

Bootstrap mean squared error of a small-area EBLUP. Journal of Statistical 

Computation and Simulation, 78(5), 443-462. 

González-Manteiga, W., Lombardía, M., Molina, I., Morales, D., & Santamaría, L. (2007). 

Estimation of the mean squared error of predictors of small area linear parameters under 

a logistic mixed model. Computational statistics & data analysis, 51(5), 2720-2733. 

González-Manteiga, W., Lombardía, M., Molina, I., Morales, D., & Santamaría, L. (2008b). 

Analytic and bootstrap approximations of prediction errors under a multivariate Fay–

Herriot model. Computational Statistics & Data Analysis, 52(12), 5242-5252. 

Gordon, R. (2012). Applied statistics for the social and health sciences. New York: Routledge. 

Guadarrama, M., Molina, I., & Rao, J. (2015, April). A Comparison of Small Area Estimation 

Methods for Poverty Mapping. UC3M Working Papers, Statistics and Economics, 15-05. 

Madrid: Universidad Carlos III de Madrid. 

Gujarati, D. N. (2003). Basic Econometrics. (Chapter 10) (4th ed.). New York: McGraw-Hill. 

Hall, P., & Maiti, T. (2006a). On parametric bootstrap methods for small area prediction. 

Journal of the Royal Statistical Society: Series B (Statistical Methodology), 68(2), 221-

238. 

Hall, P., & Maiti, T. (2006b). Nonparametric estimation of mean-squared prediction error in 

nested-error regression models. The Annals of Statistics, 34(4), 1733-1750. 



202 
 

Hansen, N., Quintaes, V., Silva, D., Pessoa, D., & Silva, P. (2011). A Fay–Herriot Model for 

Estimating the Proportion of Households in Poverty in Brazilian Municipalities. 

Proceedings of the 58th World Statistical Congress, Session CPS016 (pp. 4218-4223). 

Dublin: International Statistical Institute. 

Harville, D. A. (1991). Comments. Statistical Science, 6, 35-39. 

Haslett, S. (2012). Practical guidelines for design and analysis of sample surveys for small area 

estimation, Special Issue on Small Area Estimation. Journal of the Indian Society of 

Agricultural Statistics, 66(1), 203-212. 

Haslett, S. (2013). Small area estimation of poverty using the ELL/PovMap method, and its 

alternatives. In G. Betti, & A. Lemmi, Poverty and Social Exclusion: New Methods of 

Analysis (p. 224). Oxon: Routledge. 

Haslett, S., Isidro, M., & Jones, G. (2010). Comparison of survey regression techniques in the 

context of small area estimation of poverty. Survey Methodology, 36(2), 157-170. 

Haslett, S., & Jones, G. (2005). Estimation of Local Poverty in the Philippines. Manila: 

Philippines National Statistics Co-ordination Board and The World Bank. 

Haslett, S., & Jones, G. (2006). Small area estimation of poverty, caloric intake and 

malnutrition in Nepal. Kathmandu: Nepal Central Bureau of Statistics, United Nations 

World Food Programme, and The World Bank. 

Haslett, S., & Jones, G. (2010). Small‐area estimation of poverty: the aid industry standard and 

its alternatives. Australian & New Zealand Journal of Statistics, 52(4), 341-362. 

Hastie, T., & Loader , C. (1993). Local regression: Automatic kernel carpentry. Statistical 

Science, 120-129. 

Haughton, J., & Khandker, S. (2009). Handbook on poverty and inequality. Washington, DC: 

The World Bank. 

Hayes, A., & Cai, L. (2007). Using heteroskedasticity-consistent standard error estimators in 

OLS regression: An introduction and software implementation. Behavior research 

methods, 39(4), 709-722. 

Healy, A. J., Hitsuchon, S., & Vajaragupta, Y. (2003). Spatially disaggregated estimates of 

poverty and inequality in Thailand. Cambridge, MA & Bangkok: Massachusetts Institute 

of Technology and Thailand Development Research Institute. 



203 
 

Henderson, C. R. (1950). Estimation of genetic parameters. Annals of Mathematical Statistics, 

21(2), 309-310. 

Henderson, C. R. (1975). Best linear unbiased estimation and prediction under a selection 

model. Biometrics, 31(2), 423-447. 

Henninger, N. (1998). Mapping and Geographic Analysis of Human Welfare and Poverty - 

Review and Assessment. Washington, D.C.: World Resources Institute. 

Henninger, N., & Snel, M. (2002). Where are the poor? Experiences with the development and 

use of poverty maps. Washington, DC & Arendal: World Resources Institute & 

UNEP/GRID. 

Hentschel, J., & Lanjouw, P. (1996). Poverty Profile. In Ecuador Poverty Report (pp. 53–91). 

Washington, DC: The World Bank. 

Horvitz, D. G., & Thompson, D. J. (1952). A generalization of sampling without replacement 

from a finite universe. Journal of the American Statistical Association, 47(260), 663-685. 

Horvitz, D., & Thompson, D. (1952). A generalization of sampling without replacement from a 

finite universe. Journal of the American Statistical Association, 47, 663–685. 

Huang, R., & Hidiroglou, M. (2003). Design consistent estimators for a mixed linear model on 

survey data. Joint Statistical Meetings, Section on Survey Research Methods (pp. 1897-

1904). Alexandria, VA: American Statistical Association. 

Isidro, M., Haslett, S., & Jones, G. (2010). Extended Structure-Preserving Estimation Method 

for Updating Small Area Estimates of Poverty. Joint Statistical Meetings, Section on 

Government Statistics. Alexandria, VA: American Statistical Association. 

Isidro, M., Haslett, S., & Jones, G. (2016). Extended Structure Preserving Estimation (ESPREE) 

for updating small area estimates of poverty. The Annals of Applied Statistics, 10(1), 

451-476. 

James, W., & Stein, C. (1961). Estimation with quadratic loss. Proceedings of the fourth 

Berkeley symposium on mathematical statistics and probability. Volume 1: Contributions 

to the Theory of Statistics, pp. 361-379. Berkeley, California: University of California 

Press. 

Jiang, J. (2003). Empirical best prediction for small-area inference based on generalized linear 

mixed models. Journal of Statistical Planning and Inference, 111(1), 117-127. 



204 
 

Jiang, J., & Lahiri, P. (2006). Mixed model prediction and small area estimation. Test, 15(1), 1-

96. 

Jiang, J., & Nguyen, T. (2012). Small area estimation via heteroscedastic nested‐error 

regression. Canadian Journal of Statistics, 40(3), 588-603. 

Jiang, J., Lahiri, P., & Wan, S. (2002). A unified jackknife theory for empirical best prediction 

with M-estimation. The Annals of Statistics, 30(6), 1782-1810. 

Jones, G., & Haslett, S. J. (2004). Local estimation of poverty and malnutrition in Bangladesh: 

some practical and statistical issues. 2004 International Conference on Official Poverty 

Statistics: Methodology and Comparability. Manila: National Statistical Coordination 

Board, Philippines. 

Kackar, R., & Harville, D. A. (1984). Approximations for standard errors of estimators of fixed 

and random effects in mixed linear models. Journal of the American Statistical 

Association, 79, 853–862. 

Kuk, A. Y., & Welsh, A. H. (2001). Robust estimation for finite populations based on a working 

model. Journal of the Royal Statistical Society: Series B (Statistical Methodology), 

63(2), 277-292. 

Lanjouw, P., & van der Wiede, R. (2006). Determining changes in welfare distributions at the 

micro-level: Updating poverty maps. Powerpoint presentation at the NSCB Workshop 

for the NSCB/World Bank Intercensal Updating Project. Manila, Philipines. 

Lehtonen, R., & Veijanen, A. (1998). Logistic generalized regression estimators. Survey 

Methodology, 24, 51–55. 

Lehtonen, R., & Veijanen, A. (2009). Design-based methods of estimation for domains and 

small areas. In C. R. Rao, Handbook of statistics: Sample surveys - Inference and 

Analysis (Vol. 29B, pp. 219–249). Amsterdam: Elsevier. 

Lehtonen, R., & Veijanen, A. (2011). Estimation of poverty indicators for domains. NTTS 2011 - 

New Techniques and Technologies for Statistics. S14 Paper 2. Brussels: Eurostat. 

Lehtonen, R., & Vejanen, A. (2012). Small area poverty estimation by model calibration. 

Journal of the Indian Society of Agricultural Statistics, 66(1), 125-133. 

Lehtonen, R., Sarndal , C., & Veijanen, A. (2009). Model calibration and generalized regression 

estimation for domains and small areas. SAE2009 Conference on Small Area Estimation. 

Elche: University Miguel Hernández de Elche. 



205 
 

Levy, P. S. (1979). Small area estimation-synthetic and other procedures, 1968-1978. In J. 

Steinberg, Synthetic Estimates for Small Areas: Statistical Workshop Papers (pp. 4-19). 

Rockville, Maryland: NIDA. 

Licona, G. H., & Jimenez, R. A. (2015). Small Area of Multidimensional Poverty at the 

Municipality Level in Mexico. Conference of European Statisticians. Working Paper 24. 

Geneva: Economic Commission for Europe, UN. 

Lombardía, M. J., González-Manteiga, W., & Prada-Sánchez, J. M. (2005). Estimation of a 

finite population distribution function based on a linear model with unknown 

heteroscedastic errors. The Canadian Journal of Statistics, 181-200. 

Maiti, T., & Slud, E. (2002). Comparison of Small Area Models in SAIPE. Retrieved from 

http://www2.math.umd.edu/~slud//myr.html/SAErv5B.pdf. 

Marchetti, S., Tzavidis, N., & Pratesi, M. (2012). Non-parametric bootstrap mean squared error 

estimation for M-quantile estimators of small area averages, quantiles and poverty 

indicators. Computational Statistics & Data Analysis, 56(10), 2889-2902. 

Marhuenda, Y., Molina, I., & Morales, D. (2013). Small area estimation with spatio-temporal 

Fay–Herriot models. Computational Statistics & Data Analysis, 58, 308-325. 

Molina, I., & Rao, J. N. (2010). Small area estimation of poverty indicators. Canadian Journal 

of Statistics, 38(3), 369-385. 

Molina, I., Nandram, B., & Rao, J. (2014). Small area estimation of general parameters with 

application to poverty indicators: A hierarchical Bayes approach. The Annals of Applied 

Statistics, 8(2), 852-885. 

Molina, I., Salvati, N., & Pratesi , M. (2009). Bootstrap for estimating the MSE of the Spatial 

EBLUP. Computational Statistics, 24(3), 441-458. 

Münnich, R., & Burgard, J. (2012). On the influence of sampling design on small area estimates. 

Journal of the Indian Society of Agricultural Statistics, 66(1), 145-156. 

Nakagawa, S., & Schielzeth, H. (2013). A general and simple method for obtaining R2 from 

generalized linear mixed‐effects models. Methods in Ecology and Evolution, 4(2), 133-

142. 

National Center for Health Statistics. (1968). Synthetic State Estimates of Disability. 

Washington DC: P.H.S. Publications, Government Printing Office. 



206 
 

Oehlert, G. W. (1992). A note on the delta method. The American Statistician, 46(1), 27-29. 

Olivia, S., Gibson, J., Smith, A., Rozelle, S., & Deng, X. (2009). An Empirical Evaluation of 

Poverty Mapping Methodology: Explicitly Spatial versus Implicitly Spatial Approach. 

The Australian Agricultural & Resource Economics Society’ Conference. Cairns. 

Opsomer, J., Claeskens, G., Ranalli, M., Kauermann, G., & Breidt, F. (2008). Non‐parametric 

small area estimation using penalized spline regression. Journal of the Royal Statistical 

Society: Series B (Statistical Methodology), 70(1), 265-286. 

Petrucci, A., & Salvati, N. (2006). Small area estimation for spatial correlation in watershed 

erosion assessment. Journal of agricultural, biological, and environmental statistics, 

11(2), 169-182. 

Pfeffermann, D. (2002). Small Area Estimation‐New Developments and Directions. 

International Statistical Review, 70(1), 125-143. 

Pfeffermann, D. (2013). New important developments in small area estimation. Statistical 

Science, 28(1), 40-68. 

Pfeffermann, D., & Glickman, H. (2004). Mean square error approximation in small area 

estimation by use of parametric and nonparametric bootstrap. Joint Statistical Meetings, 

Section on Survey Research Methods (pp. 4167–4178). Alexandria, VA: American 

Statistical Association. 

Pfeffermann, D., Skinner, C., Holmes, D., Goldstein, H., & Rasbash, J. (1998). Weighting for 

unequal selection probabilities in multilevel models. Journal of the Royal Statistical 

Society: series B (statistical methodology), 60(1), 23-40. 

Pinheiro, J., & Bates, D. (2006). Mixed-effects models in S and S-PLUS. New York: Springer. 

Prasad, N. G., & Rao, J. N. (1990). The estimation of mean squared error of small area 

estimators. Journal of the American Statistical Association, 85, 163–171. 

Pratesi, M., & Salvati, N. (2008). Small area estimation: the EBLUP estimator based on spatially 

correlated random area effects. Statistical methods and applications, 17(1), 113-141. 

Quintano, C., Castellano, R., & Punzo, G. (2007). Estimating poverty in the Italian provinces 

using small area estimation models. Metodoloski zvezki, 4(1), 37-70. 

Rahman, A. (2008, October). A Review of Small Area Estimation Problems and Methodological 

Developments. NATSEM Discussion paper 66. Canberra: The University of Canberra. 



207 
 

Rahvar, A., & Ardakani, M. (2011). Boundary effect correction in k-nearest-neighbor 

estimation. Physical Review E, 83, 051121. 

Rao, J. N. (1999). Some recent advances in model-based small area estimation. Survey 

Methodology, 25(2), 175-186. 

Rao, J. N. (2003). Small Area Estimation. New Jersey: John Wiley & Sons, Inc. 

Rao, J., & Molina, I. (2015). Small area estimation (2nd ed.). New Jersey: John Wiley & Sons. 

Rao, J., & Yu, M. (1994). Small‐area estimation by combining time‐series and cross‐sectional 

data. Canadian Journal of Statistics, 22(4), 511-528. 

Royall, R. M. (1970). On finite population sampling theory under certain linear regression 

models. Biometrika, 57(2), 377-387. 

Salvati, N., Chandra, H., & Chambers, R. (2012). Model-based Direct Estimation of Small-area 

Distributions. Australian & New Zealand Journal of Statistics, 54(1), 103-123. 

Salvati, N., Pratesi, M., Tzavidis, N., & Chambers, R. (2008). Spatial M-quantile Models for 

Small Area Estimation,. Centre for Statistical and Survey Methodology Working Paper 

15-08. Wollongong, NSW: University of Wollongong. 

Salvati, N., Tzavidis, N., Pratesi, M., & Chambers, R. (2012). Small area estimation via M-

quantile geographically weighted regression. Test, 21(1), 1-28. 

Särndal, C. E., Swensson, B., & Wretman, J. (1992). Model assisted survey sampling (1st ed.). 

New York: Springler. 

Särndal, C. E., Swensson, B., & Wretman, J. (2003). Model assisted survey sampling (2nd ed.). 

New York: Springer. 

Schmid, T., & Tzavidis, N. (2015, June 15-17). Applications of Small Area Methodologies for 

Estimating Deprivation Indicators. Expert workshop on Local statistics for decision-

making on well-being and vulnerability. Livorno: University of Pisa. 

Searle, S., Casella, G., & McCulloch, C. (1992). Variance Components. New York: Wiley. 

Sen, A. (1976). Poverty: An Ordinal Approach to Measurement. Econometrica, 44(2), 219-231. 

Shorrocks, A. (1995). Revisiting the Sen poverty index. Econometrica, 63, 1225-1230. 

Singh, A., Mantel, H., & Thomas, B. (1994). Time series EBLUPs for small areas using survey 

data. Survey Methodology, 20(1), 33-43. 



208 
 

Sinha, S. K., & Rao, J. N. (2009). Robust small area estimation. Canadian Journal of Statistics, 

37(3), 381-399. 

Slud, E., & Maiti, T. (2006). Mean‐squared error estimation in transformed Fay–Herriot models. 

Journal of the Royal Statistical Society: Series B (Statistical Methodology), 68(2), 239-

257. 

Snijders, T., & Bosker, R. J. (2012). Multilevel Analysis: An Introduction to Basic and Advanced 

Multilevel Modeling (2nd ed.). London: Sage Publishers. 

Souza, D., Brendolin, N., Quintaes, V., Pessoa, D., & Onel, S. (2015, August 3-5). Comparing 

small area estimation methods for poverty indicators in the municipalities of Brazilian 

State of Minas Gerais. ISI Satellite Meeting on Small Area Estimation. Santiago: 

Universidad Católica de Chile. 

Tarozzi, A., & Deaton, A. (2009). Using census and survey data to estimate poverty and 

inequality for small areas. The review of economics and statistics, 91(4), 773-792. 

Theil, H. (1967). Economics and information theory (Vol. 7). Amsterdam: North-Holland. 

Tibshirani, R., & Wasserman, L. (2013). Nonparametric Regression. Retrieved from 

http://www.stat.cmu.edu/~larry/=sml/NonparRegression.pdf 

Tranmer, M. (1999). Using census data to investigate the multilevel structure of local 

populations. Doctoral dissertation. Southampton: University of Southampton. 

Tranmer, M., & Steel, D. G. (2001a). Ignoring a level in a multilevel model: evidence from UK 

census data. Environment and Planning A, 33(5), 941-948. 

Tranmer, M., & Steel, D. G. (2001b). Using Local Census Data to Investigate Scale Effects. In 

N. J. Tate, & P. M. Atkinson , Modelling scale in geographical information science (pp. 

105-122). New York: John Wiley & Sons, Ltd. 

Tzavidis, N., & Chambers, R. (2007). Robust prediction of small area means and distributions. 

Centre for Statistical and Survey Methodology Working Paper 2007-08. Wollongong, 

NSW: University of Wollongong. 

Tzavidis, N., Marchetti, S., & Chambers, R. (2010). Robust estimation of small‐area means and 

quantiles. Australian & New Zealand Journal of Statistics, 52(2), 167-186. 



209 
 

Tzavidis, N., Marchetti, S., & Donbavand, S. (2013). Outlier robust semi-parametric small area 

methods for poverty estimation. In G. Betti, & A. Lemmi, Poverty and Social Exclusion: 

New Methods of Analysis. Oxon: Routledge. 

Tzavidis, N., Salvati, N., Pratesi, M., & Chambers, R. (2008). M-quantile models with 

application to poverty mapping. Statistical Methods and Applications, 17(3), 393-411. 

Valliant, R., Dorfman, A., & Royall, M. (2000). Finite Population Sampling and Inference: A 

Prediction Approach. New York: John Wiley & Sons. 

Van der Weide, R. (2014). GLS Estimation and Empirical Bayes Prediction for Linear Mixed 

Models with Heteroskedasticity and Sampling Weights. World Bank Policy Research 

Working Paper, 7028. Washington, DC: The World Bank. 

Verbeek, M. (2008). A guide to modern econometrics. West Sussex: John Wiley & Sons Ltd. 

WB, BBS, & WFP. (2009). Updating Poverty Maps of Bangladesh. Washingtion, DC & Dhaka: 

The World Bank, Bangladesh Bureau of Statistics and World Food Program. 

Wolter, K. M. (1985). Introduction to Variance Estimation. New York: Springer-Verlag. 

World Bank. (2013). Nepal small area estimation of poverty 2011. Volume 1. Washington DC: 

The World Bank. 

World Bank. (2015). Poverty and Equality Databank. Retrieved from 

http://povertydata.worldbank.org/poverty/country/BGD 

Wu, C., & Sitter, R. (2001). A model-calibration approach to using complete auxiliary 

information from survey data. Journal of the American Statistical Association, 96(453), 

185-193. 

 

 



210 
 

 

 

 

APPENDIX A 

Proofs of Theoretical Results 

 

 

 

A.1 Variance Component Estimation: 2-level Homoskedastic (HM) Population Model 

Suppose ijky  indicates the value of the response variable Y  for thk  household (HH) 

belonging to thj  cluster of thi  area. Assuming households (HHs) at level-one and clusters at 

level-two, a 2-level nested error regression model can be written as  

 
   2 2
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where, 
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u N  , and 
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0,ijk N


   are identically and independently distributed 

cluster- and HH-level random errors. The sub-script  l  stands for a perfectly specified 

l -level model. Since the HH are nested within cluster, the covariance between two 

observations becomes 
   

2 2
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   if /ij ij  & 
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2u
  /ij ij , and zero otherwise. 

Suppose a sample of size n  is drawn randomly through a two-stage cluster sampling design 

covering all D  small areas, where 
is s

i s

C C


  clusters are randomly selected at the first 

stage and ijn   1,...,  & 1,...,
is

i D j C   HHs are randomly selected at the second stage from 

the corresponding selected clusters. Fitting the model (1) to the sample data via least square 
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(LS) method, the estimated residuals can be utilized to calculate moment-based estimates of 

cluster- and HH-level random effects as 1ˆ ˆ
ij ij ijk

k s

u n e



   and ˆ ˆ ˆ
ijk ijk ije u   where 
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ijk ijk ijke y y  . Under the 2-level model (1), we have 
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where  .lE  stands for expectation under a perfectly specified l -level model . The HH- and 

cluster-level sample residual variances are expressed as   
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where 
 

; 1,..,
p

s p l  indicates the sample residual variances calculated at thp  level of an 

l -level model. Under the population model (1), the expectation of different terms associated 

with  1
s  and  2

s  can be expressed as  

      2 2 22

2 2 2 2
ˆ ˆ
ijk ijk u

ijk s ijk s

E e E ne
 

 
   

 
  

  , 



212 
 

         

2

2 2 2 2

2 2 2 2 2 2
ˆ ˆ ˆ ˆ ˆ ˆ
ijk ijk ijk i j k ijk i j k j u

ijk s ijk s ij i j s k k ij i j s k k ij s

E e E e E e e E e e n n


      

             

 
     

 
      

 and           
2 2 1 2 2 22

2 . 2 . 2 2 2 2
ˆ ˆ

ij ij ij ij ij sij u u
ij s ij s ij s

E n e n E n n C ne  
   

  

 
     

 
   . 

Then the expectations of  1
s  and  2

s  become 

                

  
   

2

2 2 2 011 2 2 1 2 2
2 2

2 2 2 2 2
1

1
iju

u u
ij s

n n
n nE s n n n

n


 
    

 




      
   

 , 

              

 

 

2
2 2 21 2 22 1 2 20

2
2 22 2 2

1
1

u ij
sus u

ij s
s

n nn nn CE s C n
C

 



     
   

 
 

      

where  2 1 2

0 ij

ij s

n n n



  . In matrix form, the expectations are expressed as  

 

       

 

   

 

 

2

0
21

2

2 2 2 2 22 22
0 2

1
1

 with  & 

1
1

u

s

n n

s n
E

n ns

C






 
           
        

 

A Λ A Λ . 

Now the unbiased estimator of the variance components can be easily obtained if the 

coefficient matrix 
 2

A  is non-singular (Tranmer, 1999). The unbiased estimators of the 

variance components can be expressed as  
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and their unbiasedness can be easily checked as below 
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A.2 Variance Component Estimation: 3-level Homoskedastic (HM) Population Model 

Consider an additional area-level random effect in the 2-level model (1) to construct a 3-

level nested error linear regression model for the response variable of interest as 

    3 3

 1,2,..., ;  1,2,..., ;  1,2,....,

T T

ijk ijk i ij ijk ijk ijk

i ij

y u e

i D j C k N

      

  

x β x β
  (3) 

where HH-  ijk , cluster-  iju  and area-level  i  random errors are identically and 

independently distributed as respectively 
  2

3
0,N


 , 

  2

3
0,

u
N  , and 

  2

3
0,N


 . Now the 

covariance between two observations becomes 
   

2 2

3 3u



   if 

/ijk ijk , 
 

2

3
  if 

/ /ijk ij k , 

and zero otherwise. As previous area-, cluster-, and HH-level random effects are estimated 

as 1ˆ ˆ
i i ijk

jk s

n e



  , 
1ˆ ˆ

ij ij ijk

k s

u n e



   and ˆ ˆˆ ˆ
ijk ijk i ije u     where ˆ ˆ

ijk ijk ijke y y  . Under the 

3-level model (3), we have 

       
1 2 2 2

3 . 3 3 3
ˆVar +ij ij u
e n

 
    ,        

1 2 2 2 2 2

3 .. 3 3 3
ˆVar +i i i iju

j s

e n n n
 

   



    and 

       
1 2 2 2 2 2 2 2

3 ... 3 3 3
ˆVar ij iu

ij s i s

e n n n n n
 

    

 

    . 

 The sample residual variances at area level is defined as 
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 . Now the expectations of the core terms under model (3) 
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  . After simplification, the expectations of the sample 

residual variances become   
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which can be expressed in matrix form as below. 
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A Λ A Λ

The coefficient matrix  3
A  is comparable to Tranmer and Steel (2001b). If the coefficient 

matrix  3
A  is non-singular, the unbiased estimators of the variance components are easily 

obtained from 
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. 

Unbiasedness of these estimators can be easily checked by taking the expectation under the 

true 3-level population model. 

Suppose the first two variance components of the 3-level model are estimated using the 

estimators 
 

2

2
ˆ


  and 
 

2
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u
  which are based on a perfectly specified 2-level model. The 

expectations of these incorrect estimators under the 3-level model become 
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. Thus the estimator of level-one variance component 
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  under a 

2-level model provides unbiased estimate of the level-one variance component 
  2

3
  of a 

3-level model. However, the estimator of level-two variance component 
  2

2
ˆ

u
  under the 

2-level model doesn’t provide unbiased estimate of the sum of level-two and level-three 

variance components 
    2 2

3 3u 
   of the 3-level model. 

 

A.3 Variance Component Estimation by Ignoring a Level of 3-level Homoskedastic 

(HM) Population Model 

Suppose the level-three of the 3-level model (3) is ignored. Then the estimators of level-two 

and level-three variance components can be expressed as 
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where 1A  is a sub-set of  3
A  and the sub-script (3/3) is used for an estimator under a 3-

level model of which the 3
rd

 level is ignored. Under the 3-level model, expectations of the 

estimated variance components can be expressed as 
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where 
1,2A  consists of first and second rows of 

 3
A . After the simplification, the 

expectations become  
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Suppose the level-two of the 3-level model (3) is ignored, then the estimators of the 

remaining variance components and their expectations under the true 3-level model become 
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respectively where 2A  and 1,3A  are sub-set of matrix  3
A . The term 

1

2 1,3


A A  becomes  
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An approximation following Tranmer and Steel (2001b) can be done as   
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Thus, considering the relationship as  
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the expectations of the variance component estimators can be approximated as  
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Equality holds only if the relationship is true in a particular case. These approximations are 

comparable to those of Tranmer and Steel (2001a). 

Suppose the level-one of the 3-level model (3) is ignored, then the estimators of the 

remaining variance components and their expectations under the true 3-level model become 
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respectively where 3A  and 2,3A  are sub-sets of matrix  3
A . The term 
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The complex term of the above matrix can be approximated as 
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Then the approximate expected values of the variance component estimators become   
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APPENDIX B 

R Scripts 

 

 

 

R scripts for the contributed four chapters are available in the following links. Bangladesh 

datasets, which are used in chapters Three and Six, are not attached with the link. 

 

Chapter Three: https://github.com/sumon148/Chapter-Three.git 

 

Chapter Four: https://github.com/sumon148/Chapter-Four.git 

 

Chapter Five: https://github.com/sumon148/Chapter-Five.git 

 

Chapter Six: https://github.com/sumon148/Chapter-Six.git 

 

Contact information of Bangladesh Bureau of Statistics (BBS) for Bangladesh Census and 

Survey Datasets: http://www.bbs.gov.bd/PageWebMenuContent.aspx?MenuKey=62  

 

 

 


