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Updating Intercensal Indicators based on
geospatial data

Censuses are fundamental building blocks of most modern-day societies, yet collected every 10
years at best. The thesis assesses different approaches for census updating techniques by
incorporating auxiliary information in order to take ongoing subnational population shifts into
account. The methods adds satellite imagery as additional data source to derive disaggregated
estimates of poverty indicators in Mozambique. The performance of the methods is evaluated using
data from two different census periods.
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Multinomial Mixed Models in Small Area
Estimation

The topic deals with small area estimation for the composition of categorical variables. A possible
example is, for instance, the estimation of multidimensional poverty in small areas. From a
methodological perspective, the thesis deals with small area estimation based on multinomial
(mixed) models including the computation of the mean squared error of the estimators. A simulation
study could be conducted to investigate the properties of the estimators. Finally, the methods can be
applied to poverty data from Mexico.

1. E. Lopez-Vizcaino, M. J. Lombardia, and D. Morales. Multinomial-based small area estimation
of labour force indicators. Statistical Modelling, 13(2):153-178, 2013.
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Nonparametric regression with application to
small area problems

Within the field of small area estimation the best linear unbiased predictor (BLUP) or its empirical
version, the empirical BLUP (short EBLUP), is a widely used tool to estimate statistics of small areas,
even though it is sensitive to model misspecification. More robust estimators like the penalised
spline regression, which avoids functional specification, are brought forward as alternatives.
Opsomer et al. (2008) suggest an estimator for unit-level data that treats the penalisation coefficient
as a random effect, which allows the use of standard EBLUP theory in further analysis. Their
estimator is known as nonparametric EBLUP. The nonparametric EBLUP framework could be
compared to the standard EBLUP and to Random forests within a simulation study and an application
with real data.
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Poverty Mapping using ELL-Methodology

The World Bank Method, also called ELL (Elbers, Lanjouw and Lanjouw) method, is a small area
estimation strategy used to estimate poverty indicators. This estimation technique is implemented in
the World Bank software PovMap. In a thesis, a package could be programmed that also makes this
estimation technique available to a broader audience via the R programming language. Furthermore,
the ELL can be adjusted and analysed based on the comparison to other established methods in the
field, such as the empirical best prediction method (EBP).
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Quantile Regression in Complex Design Samples

The Quantile Regression (QR) is an extension of the (multiple) linear regression that specifies the
change of conditional quantiles of a dependent variable, instead of the change the conditional mean.
The additional information gathered form this method might uncover new insights in datasets such
as the one of the Demographic and Health Survey (DHS) of Senegal. QR could be used to estimate
the conditional quantiles of wealth indicators such as the Wealth Index Factor Score for women and
men, which uses the total value of an individual’s assets to determine wealth, instead of commonly
used monetary variables.
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Robust Small Area Estimation Methods in the
Context of Spatial Correlations

The empirical best linear unbiased predictor (EBLUP), which is commonly used in small area
statistics, uses the assumptions of normality and uncorrelated random effects. The robust version of
EBLUP (REBLUP) can be used when a violation of normality is assumed. The SREBLUP is another
extension that additionally considers spatial correlated area effects in the model. A possible thesis
could compare the performance of these estimators for different scenarios according to each
estimator’s underlying assumptions in a model-based simulation study. Real world data that displays
spatial dependency and deviation of normality can be used.

1. T. Schmid, and R. Munnich. Spatial robust small area estimation. Statistical Papers,
55(3):653-670, 2014.
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Comparing area-level to unit-level models in
model-based settings

First, different methods (unit-level models under limited data vs. area-level models (with and
without aggregation)) will be compared in 4 model-based settings. If possible, it should then be
considered how extreme settings might look like in which one of the methods is most convincing. A
little application to real-wold data is also possible.
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Wiley & Sons.
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Working with saeTrafo: Implementation of an
analytical MSE for log-transfromed unit-level
models

Based on the publication of Molina, I. and N. Martin (2018). Empirical best prediction under a nested
error model with log transformation. The Annals of Statistics 46(5), 1961-1993, this analytical MSE is
to be implemented for the saeTrafo package. An application to EUSILC data is also intended for this
method.

1. Wiirz, N. (2022). saeTrafo: Transformations for Unit-Level Small Area Models. R package
version 1.0.0. 2. Molina, I. and N. Martin (2018). Empirical
best prediction under a nested error model with log transformation. The Annals of Statistics
46(5), 1961-1993.

Logistic and multinomial models on the example
of gender issues

Topic addresses small-area estimates for the composition of categorical variables. Gender issues in
male-dominated occupations can be studied. From a methodological perspective, the thesis deals
with estimation based on logistic and multinomial models. Data from NEPS, DZHW or data from
Alumnae Tracking can be applied.
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Statistical misuse and consequences

Statisticial literacy: Selection from typical problem clusters of statistical literacy,
such as confounding, lack of measures of significance and/or

goodness of fit, correlation versus causality, relative versus

absolute risk, various kinds of biases (e.g., self-selection,

response bias, attrition, Hawthorne effect, social desirability

bias), immortal time bias, etc.
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Convergence in Distribution: Examining the
Gelman-Rubin Diagnostic

Convergence in distribution is factually impossible to prove. The GD diagnostic has become a widely-
accepted measure to assess convergence in distribution. Investigate the Accuracy of the GD
diagnostic using an extensive MC simulation study.

Gelman, A., and D. B. Rubin. 1992. Inference from iterative simulation using multiple
sequences. Statistical Science 7: 457-472

Diagnostics for mass imputation: R package

To date none of the imputation packges in R (or Stata, SPSS;...) can visualize missing data in
meaningful way if the number of observations/ variables is large.
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Inference for the Potential Outcome framework

Different matching strategies impact the variance term of the test statistic. With and without
replacement matching as well as weighting affect how independent matched samples are.

Bai, Yuehao; Romano, Joseph P.; Shaikh, Azeem M (2019) Inference in experiments with
matched pairs, Econstor Working Paper,
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Multiple Imputation of categorical variables
using an extension to Predictive Mean Matching

PMM has become a popular MI method and is the default imputation method in 'mice’ for 'numeric'-
type variables. However, no extension for non-ordered categorical (nominal-scale) variables is
available. One problem is the identification of a nearest neighbour over k categories. This can be
overcome by using the KL divergence to match vial the empirical distribution of donor and recipient
predictions. Your task is to implement this method in R and compare it with alternative approaches.
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Comparing Generalized Linear Mixed Models and
Transformations in the SAE Context

Two main approaches to deal with non normal and a non linear
relationship between the independent and the dependenent
variable are generalized linear mixed models (GLM) and
transformations. In a possible thesis the researcher could compare
the pros and cons of both approaches in a simulatins study.
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