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Abstract

English abstract

National statistical offices and private institutions are increasingly interested in having
information on specific subgroups of the population. The main motivation is to address
decision-making more effectively. Survey data are widely used for this purpose and no tech-
nical problem arises as long as the sample sizes are large enough to yield direct estimates
of acceptable reliability. Otherwise, Small Area Estimation is an effective solution. This
thesis contributes to this field using both area-level and unit-level models. First, new zero-
inflated mixed models are proposed. Subsequently, the Fay-Herriot model is generalised and
the unit-level multinomial logit mixed model is investigated. We predict segregation indexes
and unemployment rates, respectively. Finally, the M-quantile regression is generalised to
temporal data and the optimal selection of robustness parameters is addressed. In general,
fitting algorithms are proposed and model-based predictors and mean squared error estimates
are derived. Simulation studies and applications to real data are carried out to analyse the
properties and applicability of the new statistical methods.

Keywords: Small Area Estimation; official statistics; indirect estimation; zero-inflated model;
Fay-Herriot model; unit-level model; M-quantile model.

Resumen en castellano

Los institutos nacionales de estadistica y las instituciones privadas estdn cada vez mas
interesadas en disponer de informacién sobre subgrupos especificos de la poblacién. La prin-
cipal motivacién es abordar la toma de decisiones eficientemente. Las encuestas se utilizan
ampliamente con este fin, sin ningtin problema técnico si el tamano muestral es adecuado para
producir estimaciones directas veraces. En caso contrario, la estimacién en areas pequenas
es una solucion eficaz. Esta tesis contribuye a este campo utilizando modelos tanto a nivel
de drea como de unidad. En primer lugar, se proponen modelos mixtos inflados en el cero.
Ademsds, se generaliza el modelo Fay-Herriot y se estudia el modelo mixto logistico multi-
nomial a nivel de unidad para predecir indicadores no lineales, como indices de segregacion
y tasas de paro, respectivamente. Finalmente, la regresién M-cuantil se generaliza a datos
temporales y se aborda la seleccién éptima de los pardmetros de robustez. FEn general, se
proponen algoritmos de ajuste y se derivan predictores y estimaciones del error cuadratico
medio. También se llevan a cabo estudios de simulacion y aplicaciones a datos reales para
analizar las propiedades y la aplicabilidad de los nuevos métodos estadisticos.

Palabras clave: Estimacién en areas pequenas; estadistica publica; estimacién indirecta; mod-
elo inflado en el cero; modelo Fay-Herriot; modelo de unidad; modelo M-cuantil.
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Preface

Modern societies are changing faster and faster and the scientific community must re-
spond appropriately to these new dynamics. As of today, it is safe to say that there are two
international objectives whose interests overlap.

On the one hand, there is a growing and widespread governmental concern about issues of
discrimination, equity and disparity, as well as environmental challenges. It stands to reason
that socio-economic indicators, including unemployment rates and household distribution
statistics, are no less popular as decision-making aids. Added to this, climate change and its
consequences are an increasingly worrying problem and all indications are that this trend will
continue, with potentially noticeable changes, e.g. in fire behaviour. While wealthy western
countries are better equipped to tackle the problems of global warming, specific solutions need
to be provided and implemented extensively. Additionally, developed countries are promoting
fair treatment and legal protection for women and minority groups, and governments are
looking for places where systemic discrimination occurs.

The main evidence of the current commitment to address all these issues is the 2030
Sustainable Development Agenda (United Nations, 2015), set by the United Nations General
Assembly, and its 17 Sustainable Development Goals. At its core, it commits to “no one left
behind’ and called for more granular and better-quality statistical results to measure specific
indicators for different population subgroups (areas or domains). Namely, disaggregated by
geographical area (e.g. regions, provinces, municipalities, health service areas), sex, age group
or citizenship. Disaggregated statistics are also useful for allocating resources and developing
programmes that target disadvantaged territories or population subgroups. In a more and
more divided world, any project to reduce inequalities, no matter how small, is welcome. No
one could deny the existence of stereotypes and their impact on an individual’s opportunities
and experiences in education, employment and social interactions.

On the other hand, although we live in an age of information, there is still a need for cost-
effective survey design. In this context, National Statistical Offices periodically collect survey
data to facilitate targeted policy-making. In the case of survey-based estimates, the granular-
ity of the data implies that the survey design, often resource-constrained, accommodates the
level of aggregation of the population and adequately represents each population subgroup in
the sample. However, the latter is rarely the norm and direct survey estimates —based only
on the sample data in the area— for subgroups with small sample sizes lead to unacceptably
high variability. In other words, they are designed to estimate indicators of interest in large
geographical areas or broad demographic communities, but not for minority subgroups. It
is not always feasible to require a certain sample size for many small areas. Budgetary con-

XXV
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straints and a lack of planning in the initial design are the most common reasons for small or
even zero sample sizes, prompting the need for further research.

Fortunately, Small Area Estimation (SAE) methods provide more reliable granular level
estimates by “borrowing strength” from auxiliary variables, information from other subgroups
and underlying dependency structures. As a result, indiscriminate increases in survey sample
sizes are avoided. This will allow better use of existing data to, among other advantages,
identify smaller geographical areas, where development needs are greatest, and improve re-
source allocation. The term “small area” is commonly used to refer to a geographical area
or a subgroup of the population defined according to some combination of socio-demographic
characteristics but where, in any case, direct estimation is not accurate enough due to the
smallness of the sample size. For instance, if a survey is designed to obtain precise direct
estimates at national level and results disaggregated by region, or for a particular minor-
ity group, are of interest, these unplanned estimation domains are called small areas. It is
therefore desirable, but also necessary, to use more sophisticated prediction tools.

Research in this field can be of great help to policy makers in deciding where to imple-
ment effective policies based on factual information. In addition, new approaches to raising
awareness of extreme fire events need to be further explored. This thesis contributes to SAE
and to the aforementioned concerns from different perspectives, but always guided by the
current demands of our societies and the scientific interests of the national statistical offices.
All new methods will be extensively studied by simulations, and illustrated by real problem
applications.



Chapter 1

Introduction

National statistical offices design surveys to provide a cost-effective way of collecting data
and to obtain accurate estimates at a given level of aggregation. However, disaggregated
statistics facilitate more effective targeting of decision-making, but obviously require more
information to adequately represent each population subgroup in the sample (Rao, 2003).
The importance of rich and granular data should therefore not be undervalue (see Rao and
Molina (2015), Chapter 1.2). If the aim is to ensure valid inference on specific subgroups
of the population, where the portion of available data is large enough, we can accurately
estimate domain characteristics using direct estimators, i.e. relying only on data from sample
units in the domain of interest. The most commonly used direct estimators are the Horvitz
and Thompson (1952) and the Héjek (1971) estimators. Although it is difficult to establish
general conditions under which one of them is better than the other, Sarndal et al. (1992)
present some evidence in favour of the Hajek estimator. This has motivated our choice of the
Héjek estimator, which is why it will be referred to hereafter as either the Héjek estimator or
the direct estimator.

Unfortunately, unplanned domains can be of any size, making estimation more difficult.
In small areas, indirect estimation techniques based on statistical modelling must be used.
SAE addresses this challenge by relying on auxiliary variables, data from other domains and
underlying dependency structures. A common feature of model-based predictors is that they
do not aim to reproduce the trend of direct estimators, but to smooth them and provide
more accurate results. Inference based on information from other domains and auxiliary
variables is widely used in the literature, as it is expected to be more efficient (Singh et al.,
1994). Nonetheless, it is important to bear in mind that they might add a certain degree
of subjectivity to the results. It is therefore of great importance for a good mathematical
modelling that the selection of the auxiliary information is done carefully (Humi, 2017). In
most cases, data to improve direct estimates are selected from the available sources, such as
previous or auxiliary surveys and official census records.



2 CHAPTER 1. INTRODUCTION

1.1 Literature review

The following is an overview of the state of the art. SAE uses linear mixed models (LMM)
and generalized linear mixed models (GLMM), which can be fitted to either unit-level or
area-level data, and then derives predictors from them. This is the usual way to incorporate
additional information from other domains, auxiliary variables and hierarchical, spatial or
temporal dependency structures (Singh et al., 1994). The use of valid statistical models
provide small area predictions with greater accuracy, but bias can result from an incorrect
model. As a matter of fact, statistical modelling is richer when random effects are also
introduced to account for more complex correlation patterns (Jiang and Lahiri, 2006). An
excellent review provided by Morales et al. (2021) covers a wide range of statistical models
for SAE based on the traditional approach governed by the Gaussian law of errors. Rao and
Molina (2015) and Pratesi (2016) are also comprehensive and up-to-date accounts.

Depending on the type of data available, SAE models fall into two broad categories:
area-level models, which relate design-based direct estimates to area-specific covariates, and
unit-level models, which use individual survey responses as the target variables rather than
direct estimates. The former are needed when unit-level census data are not available.

Area-level models have the advantage of being able to easily incorporate auxiliary variables
from statistical sources other than the sample. Typically, these models include area-specific
random effects to account for the between-area variability that is not explained by the covari-
ates. Among the precursors of area-level SAE models, Fay and Herriot (1979) (FH) suggest
estimates based on the best prediction method (Henderson, 1975), i.e., empirical best linear
unbiased predictors (EBLUP) of linear domain indicators and empirical best predictors (EBP)
of non-linear domain indicators. A basic example is the estimation of domain totals, means
and proportions using EBLUPs. It stands to reason, however, that it is crucial to decide
whether it is worth using a mixed effects model rather than a simpler fixed effects model.
This led Marhuenda et al. (2016) to come up with tests for the variance parameter in the
FH model. Also recently, Reluga et al. (2021) propose simultaneous inference methods for
unit-level binomial (BI), area-level Poisson (PO)-Gamma (GA) and area-level PO Log-Normal
(LogN) mixed models, and Reluga et al. (2023) for mixed parameters assuming a LMM.

An alternative approach to incorporating spatial information into a small area regression
model, and which does not necessarily include random effects, is to assume that the model
parameters themselves vary spatially across the region of interest. Geographically Weighted
Regression (Brundson et al., 1996) models this spatial variation by using local rather than
global parameters. Maiti et al. (2016) have proposed a functional mixed-effects model for
SAE. Indeed, they fit a linear mixed-effects model with varying coefficients, where the varying
coefficients are semi-parametrically modelled by B-splines, to area-level data.

Regarding generalizations of the FH model, some temporal extensions have been given
by Pfeffermann and Burck (1990), Rao and Yu (1994), Ghosh et al. (1996), Datta et al.
(2002) and Singh et al. (2005). For estimating proportions, Esteban et al. (2012), Marhuenda
et al. (2013, 2014) and Morales et al. (2015) have proposed predictors based on variants of
the FH model. Chapter 19 of Morales et al. (2021) describes the bivariate FH model. The
extension to multivariate FH models, with unstructured random effect covariance matrix,



1.1. LITERATURE REVIEW 3

increases the number of variance component parameters. Indeed, multivariate FH models
have been studied by Huang and Bell (2004), Gonzalez-Manteiga et al. (2008), Porter et al.
(2015) and Benavent and Morales (2021), to cite just but a few. Benavent and Morales
(2016) introduce multivariate FH models with covariance patterns between the components
of the vector of random effects, but they only considered the estimation of univariate indexes.
Arima et al. (2017) and Burgard et al. (2021) study multivariate FH models with error-
measured covariates. Krause et al. (2022b) propose penalized multivariate FH models and
present an application to alcohol consumption data. Esteban et al. (2020) have adapted a
trivariate FH model for the estimation of small area compositions. Cabello et al. (2024)
applies a multivariate FH model to log-ratio transformations for the small area prediction
of divergence indexes. On the other hand, some extensions of the FH model that ensure
estimates in the range [0, 1] have been proposed in the literature. For example, LMMs with
appropriate transformations have been proposed by Gonzélez-Manteiga et al. (2002) and Beta
regression models by Janicki (2020).

As for the nesting level, the two-fold FH (FH2) model has been introduced by Rao and
Yu (1994) and studied by Esteban et al. (2012), Marhuenda et al. (2013) and Morales et al.
(2015), among others. The model is adapted to area-level data indexed by areas and subareas.
The three-fold FH (FH3) model (Marcis et al., 2023) can further describe data structured in
areas, subareas and time periods or subsubareas. This is the case of the employment data
used to estimate sex segregation by province, occupational sector and time period. Under the
FH3 model, Krenzke et al. (2020) have estimated adult literacy of US counties and Cai and
Rao (2022) have studied some variable selection methods.

Based on area-level multivariate LMMs, Erciulescu and Fuller (2013) derive small area pre-
dictors for the mean of a BI random variable. Chambers et al. (2016) develop semiparametric
SAE for binary outcomes with application to UK unemployment data. Under area-level PO,
BI, Negative Binomial (NB) and multinomial mixed models, count and proportion predic-
tors have been introduced by Boubeta et al. (2016a, 2017, 2023), Burgard et al. (2021, 2022),
Krause et al. (2022a,b) and Diz-Rosales et al. (2023), among others. As for the computational
limitations of the PO-GLMMs, but with a unit-level approach, Berg (2022) has shown that
the conjugate form of the GA-PO model allows for computationally light estimation and pre-
diction procedures. Faltys et al. (2022) introduce a general area-level model-based approach
based on GLMMs. Overall, most of the contributions in the above non-exhaustive collection
of relevant papers have in common that they propose area-level SAE methods for predicting
domain proportions, totals and counts. However, none of the papers cited above deal with
data with excess zeros. This is a partial step that we address in this thesis.

One possible solution is to fit a FH model after a transformation and then apply the
methodology of Berg and Fuller (2012) to obtain a non-zero variance estimate when the
observed value is zero. Another idea is to consider models in which the probability of the target
variable is modified from that which would correspond to a given probability distribution.
Zero-inflated models play an important role because of their flexibility.

As a precursor, Hall (2000) studies zero-inflated BI and PO regression with random effects:
a case study. The focus is on modelling, not on deriving predictors with desired theoretical
properties or estimating the mean squared error (MSE). Pfeffermann et al. (2008) consider
situations where the target response value is either zero or an observation from a continuous
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distribution. A typical example analyzed in the paper is the assessment of literacy proficiency,
where the possible outcome is either zero, indicating illiteracy, or a positive score measuring
the level of literacy. They apply a unit-level mixture between zero and a multi-level LMM.
Chandra and Chambers (2011) address the modelling of skewed data in the presence of zeros
in small areas. Chandra and Sud (2012) propose a unit-level mixture between zero and a LMM
on the log-scale. The aim is to estimate the domain mean of a continuous variable y when the
census y-vector contains a substantial proportion of zeros. However, the EBP methodology
is not applied. Anggreyani et al. (2015) address the estimation of infant mortality in small
areas using a zero-inflated area-level PO mixed-effects model, but they do not propose EBPs
either. Krieg et al. (2016) and Santi et al. (2019) have conducted simulation experiments
for unit-level mixtures between zero and a nested error regression (NER) model under a
Bayesian approach. Hartono et al. (2017) deal with area-level zero-inflated BI models, with
an application to unemployment data in Indonesia. Last but not least, Datta and Mandal
(2015) and Sugasawa et al. (2017) propose uncertain random effects, which are expressed as
mixtures of a normal distribution and a one-point-at-zero distribution.

Although the scope of this thesis is mainly in the field of SAE, many methods are po-
tentially applicable to environmental studies and, in particular, to the modelling of forest
fire data. Without being exhaustive, some recent contributions related to our research are
listed below. To provide predictions of fire counts by forest area, Boubeta et al. (2019, 2016a)
and Rios-Pena et al. (2017) have proposed PO mixed models and binary structured additive
regression models, respectively. In a related vein, Rodrigues et al. (2014) and Rios-Pena et al.
(2015) have applied logistic regression models to address the presence or absence of forest
fires. In this context, it is common to deal with target variables that contain more zeros than
would be expected if the data-generating process came purely from a standard probability dis-
tribution (Feng and Dean, 2012; Feng et al., 2020). In fact, the zeros are sometimes not really
zeros at all, but very small values that were not observed. Some engineers and statisticians
have therefore modelled this peculiarity of the data.

For count data in medical and environmental studies, but without the inclusion of random
effects, recent research on zero-inflated models is quite extensive. Namely, fixed effect zero-
inflated regression models describe the effects of air pollutants on hospital admissions (Cengiz
and Terzim, 2012), analyse the occurrence of fires, which are likely to be scattered and often
have an excess of zero counts, or investigate the occurrence and burned area of forest fires
using a zero-one-inflated structured additive beta regression model. Specifically, Rios-Pena
et al. (2018) and Viedma et al. (2018) for the forest fires in Spain and Tan et al. (2021) for
the Indonesian scenario. Eklund et al. (2022) have used the same technique to investigate the
effect of Covid-19 on the increase in arson activity in Madagascar’s protected areas. Finally,
it has been found that spatial correlation models and Pattern Recognition techniques are
used to model burned areas (Moanga et al., 2020; Pereira et al., 2015). Hand in hand with
this, as it also concerns the prediction of burned area, Boubeta et al. (2016b) propose two
semi-parametric time series models. Part of this research has been motivated by applications
to forest fire data, proposing new predictors and risk measures derived from zero-inflated NB
and GA mixed models.

On a slightly different topic, most models use cross-sectional data, but a large number of
surveys are repeated over time. LMMs and GLMMs using temporal information are therefore
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quite useful, as the recent past is often very informative in explaining current patterns. This
issue has been explored extensively in longitudinal studies using biological or medical data.
However, the use of temporal models in SAE is more recent, as data are often available
for many small areas simultaneously, but possibly only for a few time periods. The main
idea is to jointly use data from all domains in a given time period together with relevant
historical information. The task could be to introduce vector autoregressive (AR) multivariate
distributions for the domain-time random effects. You and Rao (2000) and Datta et al.
(2002) used the Rao-Yu model (Rao and Yu, 1994), but replaced the AR(1) process with
a random walk. Datta et al. (1999) envisaged a similar model but added extra terms to
the linking models to reflect seasonal variation in their case study. Pfeffermann and Burck
(1990) considered a model with AR(1) time-varying random slopes. A second challenge is
to incorporate multivariate spatial correlation structures. For example, random effects may
follow a multivariate spatial or conditional autoregressive model. Benavent and Morales (2021)
have taken the first steps in this direction. A minor criticism is that these models rely on
strong distributional assumptions and it is also necessary to formally specify the dependence
structure of the random effects. They are inflexible, fully parametric models.

The scientific literature also offers many contributions to SAE based on unit-level models.
Chapter 7 of Rao and Molina (2015) reviews some commonly used unit-level small area mod-
els, although the most popular techniques are based on generalisations of the NER model. As
a matter of fact, unit-level models are very promising and have a high predictive capability if
auxiliary information is available (Parker et al., 2023a,b). In practice, however, it is common
not to have any supporting census files, having to limit ourselves to ANOVA-type models.
It is expected that the methodology loses strength but, as we will discuss below, they are
certainly no less important. In addition, the lack of administrative records or supporting files
is in itself a major challenge. It must be said that national statistical offices have censuses
and/or administrative files, so they are able to use auxiliary variables measured without error.
However, the access is often restricted, so the scientific community is forced to fit measure-
ment error models (Battese et al., 1988) or to use estimates of the auxiliary information as
population values. As for the former, measurement error models are rather sophisticated be-
cause they are not LMMs and their study should be investigated elsewhere. Hariyanto et al.
(2018) provides a comprehensive and up-to-date account of these models in the context of
SAE. On the other hand, Marchetti et al. (2018) mention the possibility of using area-level
auxiliary variables (i.e. contextual variables) to fit unit-level models.

Among the most outstanding unit-level contributions, Rao and Molina (2010) have pro-
posed EBPs based on NER models. Herrador et al. (2011), Marhuenda et al. (2017), Guadar-
rama et al. (2021) and Esteban et al. (2022a,b) have modified NER models and extended
the EBP approach to two-fold, temporal and multivariate regression. Hobza and Morales
(2016) and Hobza et al. (2018) apply unit-level logit mixed models to estimate small area
poverty rates; and Morales and Santamaria (2019) propose unit-level temporal LMMs with
an AR(1) type time correlation structure for the random effects. Ranalli et al. (2018) study
benchmarking procedures for unit-level logit models. In addition, Marino et al. (2019) pro-
pose a semiparametric approach for unit-level models and Lombardia et al. (2021) define a
new unit-level nested structure adapted to model the gender pay gap by economic activity.

In short, the EBP methodology can be applied to predict domain indicators defined by
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non-linear transformations of means, totals and proportions. They represent alternative meth-
ods to the area-level model-based approach. As a foretaste, EBPs based on unit-level models
are also part of one of the research lines of this thesis. They will be used to predict, among
other labour indicators, unemployment rates. At this regard, the estimation of rates involves
the estimation of numerators and denominators, so it is advisable to use predictors based
on multivariate models. In what follows, we will cite some contributions about multivari-
ate model-based prediction of labour indicators in small areas. Datta et al. (1999) provide
hierarchical Bayes estimates of unemployment rates for USA states. Molina et al. (2007)
consider area-level multinomial logit mixed models with a common random effect for ¢ = 3
categories, and propose model-based predictors of labour proportions and rates. Saei and
Taylor (2012) treat the same problem by using a multinomial model for ¢ = 3 categories and
two dependent random effects. Lépez-Vizcaino et al. (2013) consider multinomial models for
q = 3 categories and ¢ — 1 independent random effects. Lopez-Vizcaino et al. (2015) propose
multinomial mixed models for temporal data. They derive algorithms to compute penalized
quasi-likelihood (PQL) estimators, opening the way for research on maximum likelihood (ML)
and PQL estimators of small area ratio indicators. These authors only present plug-in pre-
dictions. Esteban et al. (2020) introduce an area-level compositional mixed model and give
predictors of domain proportions of people in the four categories of the variable labour status:
under 16 years of age, employed, unemployed and inactive.

Nevertheless, the modelling of unit-level multi-category outcomes, and the subsequent
construction of small area predictors, has been scarcely studied. Dawber et al. (2022) derive
robust predictors based on multinomial M-quantile (MQ) and expectile regression models.
Esteban et al. (2023) deal with unit-level compositional data and derive predictors of small
area average compositions under multivariate NER models. The development of EBPs or
plug-in predictors based on unit-level multinomial logit mixed models is still to be done.

Moving on to a different approach, the demand for results unaffected by outliers in small
areas has encouraged the development of robust inference techniques for SAE. It stands to
reason that outlier observations can significantly affect the estimation of population parame-
ters, even more so in the context of SAE. Sinha and Rao (2009) have addressed this issue from
the perspective of LMMs and Ghosh et al. (2009) studied robust procedures using Bayesian
methods. A recent book by Yi and Nordhausen (2023) sheds new light on robust statistics
and, among other aspects, pays special attention to bias calibration for robust estimation in
small areas (Ranjbar et al. (2023), pp. 365-394).

On the other hand, both quantiles (Koenker and Bassett, 1978) and expectiles (Newey and
Powell, 1987) have been extended to conditional distributions to provide quantile and expectile
generalizations of the conventional regression models based on the Gaussian law of errors. As
an alternative to the frequentist approach, the pioneering paper by Chambers and Tzavidis
(2006) is a tipping point for research in new SAE unit-level models and predictors. The idea
proposed by these authors is to non-parametrically capture the variability of the population,
beyond what is explained by the covariates, using the so-called MQ coefficients (Breckling and
Chambers, 1988). Generally speaking, the new approach avoids distributional assumptions as
well as problems associated with the specification of the random effects, allowing differences
between areas to be characterised by the variation in area-specific MQ coeflicients. For a more
in-depth understanding of this methodology, see a review by Dawber and Chambers (2019).
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Notable contributions following this idea include Tzavidis et al. (2008), Salvati et al.
(2012), Tzavidis et al. (2014), Marchetti et al. (2018) and Schirripa Spagnolo et al. (2021).
The methodology has been applied to predict, among other indicators, poverty rates and
labour indicators. MQ models have also been used to estimate acidity in northeastern US
lakes (Pratesi et al., 2008) and in an analysis of temporal gene expression data (Vinciotti
and Keming, 2009). In addition, Chambers et al. (2012, 2016) propose MQ regression models
adapted to binary data. On top of that, Tzavidis et al. (2014), Chambers et al. (2014b) and
Chandra et al. (2017) derive robust small area predictors for counts. Tzavidis et al. (2010)
studied robust prediction of small area means and distributions based on MQ models. One
of the most prevalent and shared features of all previous studies is robustness.

Apart from applied contributions, theoretical developments of MQ models have been made
by Bianchi and Salvati (2015), Alfo et al. (2017) and Bianchi et al. (2018).

1.2 Objectives and scope

The scientific proposal of this thesis is motivated by the need to map, with a sufficient
level of detail, complex socio-economic indicators derived from variables measured in public
databases. This will allow a better understanding of our societies and, ultimately, the identi-
fication of the most vulnerable areas. The scope of application is limited to SAE techniques,
but the methodological developments are applicable to other fields of statistics and involve
several branches. Namely, survey sampling, finite population inference, asymptotic theory and
simulation and bootstrap methods. The mathematical research develops statistical models,
derives fitting algorithms for estimating model parameters, studies asymptotic and inferential
related issues, builds model-based predictors of indicators at population and small area-level
and calculates error measures. It also implements the software for the production, mapping
and interpretation of complex socio-economic variables.

A variety of methods are available for SAE, but there are still many avenues to be inves-
tigated. The first line of research pursues the development of model-based statistical tech-
niques for the small area prediction of indicators dependent on zero-inflated variables based
on probabilistic frameworks. This is motivated by the fact that it is common in scientific and
technical studies to find count data with many zeros (Chapter 9 of Zuur et al. (2009); Michael
and Thomas (2016)). It should be stressed that zero-inflated outcomes are quite common
in forestry databases, where excess zeros indicate undetectable events. The second line of
research is guided by the seminal paper by Fay and Herriot (1979), generalising it into three
levels of nesting and addressing the prediction of Duncan Segregation Indexes (DSI) (Duncan
and Duncan, 1955). The third line of research proposes unit-level multinomial logit mixed
models to analyse employment data in small areas. The task is to derive fitting algorithms and
develop EBPs of multivariate linear and non-linear indicators, such as unemployment rates.
To estimate MSEs in all the above situations, we have introduced parametric bootstrap al-
gorithms by following Hall and Maiti (2006) and Gonzalez-Manteiga et al. (2008, 2010). In a
guide for practitioners and researchers, Chernick (2007) provide a detailed, multidisciplinary
coverage of bootstrap methods.

The thesis concludes with the study of new models and predictors based on the MQ re-
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gression approach to SAE, developing for the first time in the literature temporal M@ linear
models. As usual, our proposal can be considered as a robust-projective approach based on
plug-in robust prediction, i.e. the optimal, but outlier-sensitive, parameter estimates are re-
placed by outlier-robust versions. Unfortunately, although these methods usually lead to a
low prediction variance, they may also introduce an unacceptable prediction bias (Chambers,
1986; Chambers et al., 2014a; Dongmo-Jiongo et al., 2013). To address this issue, we derive
robust bias-corrected predictors, although the introduction of a bias correction term may in-
crease the variability of the corrected versions. In general, the robust bias-corrected predictor
is obtained by incorporating a second influence function that depends on a tuning constant,
usually called the robustness parameter. The selection of this parameter is crucial as it allows
a trade-off between bias and variance. Against this background, the optimal selection of the
robustness parameter for bias correction in M(Q models is a theoretical contribution of this
thesis, exploring its applicability in outlier detection.

1.3 Materials and methods

1.3.1 Computing resources

The experimental part of the project was developed in the Cluster of Scientific Computing
of the Miguel Hernéandez University of Elche (http://ccc.umh.es; accessed on: November 4,
2024), which provides a high level of availability and performance, both in terms of intensive
computation and storage. In addition, hardware and software resources of the University
Research Institute “Center of Operations Research” of the Miguel Herndandez University of
Elche have been used. The computer code has been implemented in the programming language
R (R Development Core Team, 2024) and may be provided on request. Unfortunately, the
methods are not yet available in a R package to the user. In any case, the scientific publications
that are part of this doctoral thesis contain links to online and open access repositories, where
the corresponding code and databases are stored.

1.3.2 Sources of information and databases

In addition to the theoretical foundations that must underpin any statistical method, its
success in simulation experiments and its application to real data must also prove its worth.
Although the applicability of the proposed methods is of a general nature, the case studies
focus on the Spanish context. In particular, our contributions have been applied to forest
fire data and to Household Budget Surveys (HBS), Living Conditions Surveys (LCS) and
Labour Force Surveys (LFS). Supporting information from official population censuses has
also been used. Regarding the former, data were obtained from (i) the General Forest Fire
Statistics (GFFS), the national agency of the European Forest Fire Information System, which
provides services related to forest fires in Spain (https://effis.jrc.ec.europa.eu/; accessed on:
November 4, 2024). GFFS data after 2015 are being cleaned and are not available for research
purposes; (ii) AEMET: the Spanish Meteorological Agency (https://www.aemet.es; accessed
on: November 4, 2024), state agency of the Government of Spain.
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For the analysis of the forest fire data, it is useful to describe the study region. Spain is
a country located in the Iberian Peninsula, in southwestern Europe, bordering North Africa
and partly surrounded by the Mediterranean Sea. It has two archipelagos, the Canary Islands
and the Balearic Islands, and two autonomous cities, Ceuta and Melilla (Figure 1.1). In view
of their respective insular and urban conditions, it is customary to treat the archipelagos
separately and to omit both cities from forestry studies. In territorial terms, the province is
an administrative demarcation with competences in environment and forest fire management.
According to the Spanish Ministry for Ecological Transition and the Demographic Challenge,
the provinces can be grouped based on their fire regime into three main regions: Northwest
Spain, Mediterranean Coast and Peninsular Center (MITECO, 2023).

44°N
Figure 1.1: Political map of Spain at provin-
cial level (NUTS3). Ceuta and Melilla are
not included. Territorial divisions are taken
from MITECO (2023). The “No data” cate-
gory refers to provinces that do not provide (or
do not have reliable) data on the distance be-
tween fires and human buildings for our forest

fire studies (see Section 2.4.3). The northern
N er ones belong to Northwest Spain and Madrid

M Mediterranean Coast  t0 the Peninsular Center.
B Northwest Spain
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As for data recording, the reporting of a forest fire is located in the province where it
originated and, therefore, the ignition point is crucial for the distribution of events between
neighbouring provinces. For some years now, the term “megafire’” has been widely used to
refer to forest fires that are extremely intense and difficult to control. In Spain, a megafire
is considered to be any forest fire that reaches 500 hectares (Ha) of burned forest area in the
Iberian Peninsula and 250 Ha in the archipelagos (MITECO, 2023). Reasons for the selection
of the area-level auxiliary variables in our forest fire research are presented below. In general,
weather conditions and, to some extent, the socio-economic situation of a country and its
investment in firefighting resources are crucial factors in identifying patterns in the study
of forest fires. In addition, the presence of human settlements leads to biases in firefighting
guidelines, as fires that are more dangerous to urban areas are given priority over those in
more remote regions. The simultaneity of events is also crucial for the allocation of firefighting
equipment. The latter is discussed in more detail in Section 2.3.3 and Section 2.4.3.

The following is a description of the sources of information for the survey microdata. The
HBS, LCS and LFSs are periodically statistics harmonized at the European level, carried
out by the European National Statistical Offices under the supervision of EUROSTAT, the
statistical office of the European Union. According to the Nomenclature of Territorial Units
for Statistics (NUTS, 2016), the HBS and LCS are designed to obtain reliable direct estimates
at NUTS2 level and the LFS is designed to obtain precise direct estimates at NUTS3 level.
The accuracy of the results at a lower level of aggregation than that established in the sample



10 CHAPTER 1. INTRODUCTION

design is not guaranteed in either survey.

We have worked with microdata from the Spanish HBS (SHBS), the Spanish LFS (SLFS)
and the Spanish LCS (SLCS), being in charge of the sampling, storage and validation of this
information the Spanish National Statistical Office (INE, Instituto Nacional de Estadistica).
The anonymized data files can be downloaded free of charge from the INE website (https:
//www.ine.es/; accessed on: November 4, 2024). While the INE publishes the SLFS quarterly,
the periodicity of the SHBS and SLCS is annual. Official census data are updated every
10 years, with the latest available in 2021. As for the territorial geocoding in Spain, the
NUTS2 geocode corresponds to the autonomous community level, with 19 subdivisions, and
the NUTS3 geocode to the province level, with 52 subdivisions. At this regard, the province
is the territorial division we use in this research. It should be stressed that if open access data
had been available at a lower level of aggregation, we would have chosen it.

The following is a brief description of the surveys. Firstly, the SHBS is published an-
nually to study the nature and destination of household expenditure on goods and services.
It includes nearly 24,000 dwellings in its sample, selected by means of a two-stage stratified
random sampling carried out independently in each NUTS2 region. Secondly, the SLCS is an
annual household survey that focuses on providing comparable and harmonised information
on living standards, living conditions and social cohesion. A sample of approximately 13,000
dwellings is taken for the SLCS, selecting 2,000 census sections throughout the national ter-
ritory. Finally, the SLFS is published quarterly, includes nearly 65,000 dwellings, equivalent
to approximately 160,000 people, and collects data on the labour force and its various cate-
gories, as well as on the population outside the labour market. Its sampling is two-stage with
stratification in the census sections, which are geographical areas with around 500 dwellings
or approximately 3,000 people. Census sections are grouped into strata according to the size
of the municipality to which they belong. Secondary sampling units are dwellings, and all
individuals aged 16 or over in the selected dwelling are interviewed.

1.4 Structure

The thesis is divided into six chapters and four appendices, with mathematical results
and additional information and methods, key to achieving a self-contained memory and a
reproducible research. Chapter 1 is the introduction, i.e. a comprehensive review of the state
of the art, the main objectives and scope, the materials and methods and the structure of the
document. Chapter 2 provides a fairly detailed description of the new area-level zero-inflated
models and small area predictors, including zero-inflated PO, NB and GA mixed models.
Chapter 3 fits a FH3 model to predict DSIs of sex occupational segregation by province and
time period. Chapter 4 presents a self-contained account of a unit-level multinomial logit
mixed model for the small area prediction of employed, unemployed and inactive proportions
and unemployment rates. Chapter 5 departs from the rest in terms of mathematical modelling,
but not in its purpose, as it focuses on robust small area prediction using MQ regression.
Contributions to this field include the extension of the MQ linear regression to the modelling
of time-dependent data, through a Time-Weighted MQ (TWMQ) model. Also, the pioneering
proposal of data-driven criteria for the selection of nuisance parameters is included. Chapter


https://www.ine.es/
https://www.ine.es/

1.4. STRUCTURE 11

6 summarises the main findings and the lines of future research.

The thesis has four appendices. Appendix A develops the ML-Laplace algorithm to com-
pute the ML estimators of the model parameters and the modal predictors of the random
effects for the area-level zero-inflated mixed models in Chapter 2. Appendix B describes the
K-means algorithm used in Section 2.4. Appendix C provides an adaptation of the Iterative
Re-weighted Least Squares (IRLS) algorithm used to estimate the model parameters of the
TWMQ linear models formulated in Chapter 5. Appendix D provides technical specifications
and step-by-step proofs of Theorems 1 and 2 in Section 5.4.






Chapter 2

Area-level zero-inflated mixed models

This chapter contains the contributions based on area-level zero-inflated mixed models. It
is divided in four self-contained sections. Section 2.1 provides a brief introduction to area-level
mixed models. Thereafter, each section corresponds to a paper, to which reference is made in
the text itself, and which contains supplementary material available online on the website of
the journal in which it has been published. Appendix A goes hand in hand with this chapter.
It develops the ML-Laplace algorithm to compute the ML estimators of the model parameters
and the modal predictors of the random effects for the area-level zero-inflated mixed models
presented here. Appendix B describes the K-means algorithm used in Section 2.4.

2.1 Brief introduction

First of all, we should have a look at the motivation for the problem we want to investi-
gate. In this respect, the topic of modelling zero-inflated outcomes has received less attention
than deserves in the SAE literature. Nevertheless, zero-inflated data are almost inevitably
complicated by some form of non-observation or inaccurate measurement. Prompted by the
need to model variables with an implausible number of zeros, but from a probabilistic frame-
work, we first propose mixtures of mixed models for the small area prediction of indicators
dependent on zero-inflated outcomes. For count variables, zero-inflated PO mixed models
(Bugallo et al., 2024b) and zero-inflated NB mixed models (Bugallo et al., 2023) are proposed
in Section 2.2 and Section 2.3, respectively. For continuous positive variables, Section 2.4
proposes zero-inflated GA mixed models (Bugallo et al., 2024c). The strategy is to tackle the
problem in a similar way to that used from standard regression problems, now extended to
a much more complex prediction situation when using mixed models. In light of what has
been said, all mathematical steps are detailed to justify the soundness of what is presented.
In addition, the new methods are illustrated with applications to socio-economic data, mod-
elling the proportion of single-person households by province, sex and age group of the main
breadwinner in Section 2.2.5; and to environmental data, modelling the number of provincial
forest fires in Section 2.3.4 and the total and the average burned area in Section 2.4.4.

Parametric resampling methods are used to compute bootstrap confidence intervals (CI)

13
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for the model parameters and to estimate the MSEs of the proposed predictors by following
Hall and Maiti (2006) and Gonzélez-Manteiga et al. (2008, 2010). Predictors derived from
zero-inflated PO mixed models have also been the subject of several simulation studies in
Section 2.2.4. The formulation of the models is always motivated by the case studies, guided
by the promise of finding accurate but simple models. Even so, they are easily adaptable to
more sophisticated situations, related to more general zero inflation problems.

2.2 Area-level zero-inflated Poisson mixed model

This section describes an area-level zero-inflated PO mixed model aimed at deriving pre-
dictors of proportions and counts in small areas. Let U be a finite population of size N
which can be divided into mutually disjoint subpopulations Ujj;, of size Ny, ¢ = 1,...,1,
j=1,...,J,k=1,...,K. Let y;jx be a count variable taking values in {0,1,2,...}. Let
D = IJK be the total number of y-values. Let 2k, T1ijk = (T1ijkls---»%1,ijkg) and
x2ijk = (T2,ijk1s-- -1 T24jkg,) De latent (non observable) variables and 1 x g1, ¢1 > 1, and
1 x g2, g2 = 1, row vectors containing area-level auxiliary variables, respectively. The col(-)
operator stores the data by indexing the observations according to k, then j and finally 7. In
this way, we define the target and latent vectors and matrices as follows

yij =, ol (i), y = col (<ol (yiy)); zij = col (zigw), 2= col ( col (zi)).

For the area-level auxiliary variables, we define
X145 = col (®14ik), X1 = col ( col (X14));
L 1<k<K( Ligk)s Xa 1<i<1(1<j<J( 1))

Xoij = 1<CkO<1K(932,ijk)a Xy = 12%1(13&;}(}(2’”))'

Let wy k, u24;, be independent N(0,1) random effects, u;ji = (w1 k, u2,jx)’, and define

= ~ = . ~ — (ot )
ur = <ol (urk) ~ N(0,1), = col ( col  col (uzjp)))~Np(0.1), wu=(uy,up).

The bivariate vectors (v, zijr) follow an area-level zero-inflated PO (aZIP) mixed model if
ind e Mk iy
Zijk. ~ BE(Dijr), PWijk = 0/zij1 = 1) = 1, P(ysjr = t/zijk = 0) = 0 te{0,1,2,...},
(2.1)

where the probabilities p;jr € (0,1), pijk = MijrAije, Mijr € N is known, and A, > 0.
In addition, p;jr and A;jx depend on the area-level auxiliary variables @1 ;jx and x3;j, on
the model parameters 8, = (5i1,...,01q) and By = (S21,..., P2, ) , and on the standard
deviations ¢1 > 0 and ¢2 > 0 by means of the link functions

Dijk

= p; k) = Z14kB1 + P1ULk, log(Aijk) = @2,ijkB2 + d2uz,ijk-
ij

logit (pijr) = log (
Inverting the above functions, it follows that

exp{x1 4jxB1 + dr1u1 i}
1+ exp{®ypB; + drui i}’

Dijk = Aijk = exp{®oijrBs + d2us2 ijk}- (2.2)
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The proposed model is a mixture of two mixed submodels. The BE submodel drives the
mixture and incorporates the information derived from the excess of zeros. The PO submodel
deals with the modelling of the count variables. It is assumed that the vectors (vijk, zijk)’
are independent conditioned to the random effects. So as to recap, the vectors (yijk, 2ijk)’
follow an aZIP13 mixed model (Bugallo et al., 2024b), where the terminology “13” is added
to specify that the BE model has random effects in only one component, k, and the PO model
in the three, i.e. at each crossing ijk.

Let 6 = (87,85, ¢1,¢2)' be the vector of model parameters and define &, = I(y;;r = 0).
The indicator function is denoted by I(-). From the properties of the PO distribution,

y e_lu‘z]klulyli:k
P(yijk|ut g, 24553 0) = &iji [pijk + (1 - pz’jk)euuk} + (1 = &jk) [(1 _pz‘jk)”]
= (1 + exp{z1 1B + ¢1U1,k})_1{gijk[eXp{wl,ijkﬂl + drui i}
+ exp { — Mgk exp{Ta,ijr By + ¢2u2,ijk}}] + (1 = &jk) exp {yz’jk(wz,ijkﬁz + ¢ouji)

— Myjk €Xp{T2,ijkBa + P2u2,ijk} + Yijk log msj, — log yijk!}}-

The calculation of a factorial number is denoted by !. By the independence assumptions,

I
y|u0 HHHP?JUHUIMUZZ]M )

i=1j5=1k=1

Therefore, the likelihood function of the aZIP13 mixed model is

P(y;0)

[ o, Pls0) () du 23)
RK(1+IJ)
1.

and the respective log-likelihood function is

K
y)=k§10gf

P(yiji|ut ks v2,ik; 0) fno,1) (U2,ijk) du2,ijk) I, (ung) dug g,

||::]g

I
(H [ T PWisklu i uaijns 0) Frvio,1) (,ijin) duz,z’jk) I, (ung) dug k.
i=1j=1

R1+IJ

Given y, the ML parameter estimator of 0 is
6 = argmaxg_g £(0;y), © =RUT2 xRY R, = (0,00).

To maximize £(0;y) in 6, two functions can be used sequentially. The first one would compute
the integral on R/ and the second one would perform the maximization on . Since this
approach is not efficient, Appendix A describes the ML-Laplace algorithm as an alternative
and preferable maximization method. As for the inference procedures of the ML estimators,
we rely on both asymptotic (Appendix A) and resampling methods (Section 2.2.2).
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2.2.1 Small area prediction of totals and proportions

This section is devoted to the development of new small area predictors based on the
aZIP13 mixed model (2.1)-(2.2). Leti=1,...,I, j=1,...,J, k=1,..., K. The inference

focuses on the expected values
A
ik = Elyijrlwijre] = mijr(1 — pijr) Nijk, (2.4)
A A .
where Dijk = pijk(ul,k) and )\z‘jk = )\ijk(UQ,ijk) are defined in (2.2).

Firstly, by plugging ML estimators and modal predictors, the population-based quantities
given by (2.4) can be predicted using the plug-in (IN) predictor, defined as

i ~ ~ -1 ~ ~
fiytin = mijr (1 + exp{@1 kB + d1l1k})  exp{@aijrBs + doliziji}-
Of the various predictors that can be mentioned, this is the simplest to understand and
the easiest to calculate. Indeed, its ease of interpretation and calculation, as well as its

computational performance and execution times, are unsurpassed (Bugallo et al., 2024b).
However, there are other potentially competitive alternatives. Let us define

f— .. f— .. f— / /
i =, 0L (eol (Yij)), wak = col ( col (uzijr)), vk =(urr usp).
The IE)est predictor (BP) of (2.4) is ,uwk,(B) = mi;kE[(1 — piji)Nijk|yy)- The conditional
expectation Ejjr = E[(1 — pijr) Nijk|y] is

1
Spivrs (14 exp{@yijnBy + drurn})  exp{zeijnBa + doug ik} Pyglve) f(vg) dog

LB, =
gk SRlJrIJ P(yglvg) f(vr) dog

We denote the numerator and denominator of E;ji, by Aijr = Aijk(yy, 0) and By, = By(yy,, 0),
respectively. Then, we define {4 = Iioy(yrr), 7= 1,..., [, t=1,....J, k=1,... K.

It holds that

exp{®ajkBa + S22k} T
H [ Twrin o) (k) Fvgo,n) (ua rin) dun g dus i,
R

Apin
K +rg 1+ exp{azl z]kﬁl + ¢1u1 3 Sl i

I J
By = J [TT Twrk Fio,n) (wan) v (arn) dua g dug g,
wrke = (14 exp{x1,48, + ¢1U1,k})1{§rtk [GXP{CBLMkﬁ + prur i}
+ exp { — Mgtk eXP{$2,rtlc52 + ¢2u2,7"tk}}:| + (1 = &ur) exp {yrtk (x2,rtkB2 + P22 rtk)
~ ~ Yrik
— Myt €Xp{T2 11 Bo + P2u2 vtk } + Yrek 10 Myt — Z log a} .
a=1

The EBP is ue%’k = uyl k(@) and can be calculated by a Monte Carlo method using
antithetic variables to reduce the variability (Hobza and Morales, 2016) as follows:
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1. Calculate the ML parameter estimator 0= (Bll, B;, Zs], Zs;)’

2. For s = 1,...,95, generate ugsl)c, ugsztk independent and identically distributed (i.i.d.)

(S+s) (s) (S+s) (s)

according to the N(0,1) distribution and set uy ;™™ = —uy }, Uy 0" = —Us 1.

3. Calculate [ uywk = mijkﬁijk/ék, where

25 3 7 (s) I J 28 I J
~ 1 exp{®a;jxBs + P21y ;1 } - ~ 1 -
Aijk 55 - H Hw thy Br = 55 [TI & (2.5)
=1 1+ exp{xy zgk,@1 + ¢1U1 k} -1 s=1r=1t=1
R 1
Optle = = ~ {grtk{exp{ml rtkﬂ1 + ¢1U1 k}
1+ exp{ml,rtkﬂl + ¢1u1,k}

+ exp { — Mtk XP{® kB2 + $2u§83,tk}}] + (1 = &) exp {yrtk(fﬂz,rtkég + %uéfﬁtk)

Yrtk

Myt GXP{$2,7~tk,@2 + ¢2U§,)ntk} + Yrek log mpgp — Z log a}}, Srik = I{O}(yrtk)~
a=1

It has been noticed that the terms in (2.5) contain products with I.J terms. At the expense
of the theoretical properties, simpler alternatives are finally proposed in search of a better
computational performance. The simplified predictor (SP) is defined as

iy () = miji E[(1 — piji) Niji|yije]-

The conditional expectation Ef]p = E[(1 — pijr) Nijk|yiji] is

—1
E°P Spo (1 +exp{@y By + drunp})  exp{maijnBs + Pauz i} P(yigrlwijn) f (wijr,) duijy
ik Sre P(yijulwie) f (wiji) duijk '

We denote the numerator and denominator of Efj by Amk = Affk(yijkaa) and ijpk =
ijpk(yijka 0), respectively. It holds that

AP J exp{mgyi‘jkﬁg + ¢2U2,z‘jk}
R (

= i d d
ijk 1+ eXP{wl,zjkﬁl + ¢1u1,k}) Wijk fN(O,l)(ul,k)fzv(o,l)(uz,rtk) U1,k QU2 rtk,

and
Bffk = L@ Wijk fN(O,l)(Ul,k)fN(OJ)(’LLQ,rtk) duy g, dug ;.-

~esp

The empirical simplified predictor (ESP) is Poiie = ka(é) and can be approximated
by numerical approximation of integrals. However, we apply an antithetical Monte Carlo
algorithm:

1. Calculate the ML parameter estimator 6 = (Bll, B;, g?);, Z);)’

2. For s =1,...,5, generate u,fj) = (ugsll,ugsgjk) ii.d. N2(0,I2) and set u(SH) — ¥,
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3. Calculate ﬁ;f]k mUkAUk/Bl]k, where

o 1 25 exp{@ainBy + ¢2U§2jk} o Z o
ijk = o5a ~ ~ 1jk> zyk tjk-
25 3 (1 + exp{my 1B, + ¢1Uf;)C ) 28

Because of the numerical precision of the programming language R, the calculation of
exponential functions to predict p,;;5 can report very small negative values (Boubeta et al.,
2016a), being w;;, almost zero. By definition, the ESP avoids these major drawbacks to a
greater extent, but the EBP does not, so the latter is omitted from the simulation experiments
in Section 2.2.4 and in the application to real data in Section 2.2.5.

2.2.2 Bootstrap inference

This section presents bootstrap-based Cls for the model parameters and estimators of the
MSEs of the predictors. Let 6y be a component of @ and « € (0,1). The following procedure
calculates a (1 — a)% percentile bootstrap CI for 6, and a parametric bootstrap estimator of
M SE([iyijr), where [iy;;, can be the EBP, ESP or plug-in predictors defined in Section 2.2.1.

PPN

1. Fit the model and calculate the ML parameter estimator 0 = (81, Ba, <Z>1, <Z>2)

2 Leti=1,....01,j=1,....J,k=1,..., K.
Repeat B times (b=1,...,B):

(a) Generate uffg) ~ N(0,1), u2(Z)k ~ N(0,1) and calculate

ij(lf) = exp{x, wk131 + ¢1“1 k }(1 +exp {zy, ”kﬁl * ¢1u1 k)})
M = exp {mainBs + dausiy )

(b) Generate z:‘j(,f) ~ BE(pZ(,f)) If z:;(,f) 1, yij( = 0. Otherwise, y, (k) ~ PO(mz]k)\Z](,S))

(¢) Calculate u;(;),)g = myjr(1 — pz‘j(}i))))‘ij(l:)'

(d) On the basis of the bootstrap sample (yjj(,f), Mijk, Tijk), calculate the ML parameter

~ ~(b
estimator Gz(b), the bootstrap version of the vector of model parameters, 0*( ), and
the predictor ﬂ:g’;
3. Sort the values é\;(b), b=1,...,B, from smallest to largest. They are [9\2‘(1) <...< é\;(B)'

A (1 — a)% percentile bootstrap CI for 6, is (é\z‘([(aﬂ)BJ)’ 53‘([(1701/2)BJ)), where |-| is the
closest integer operator.

4. To estimate error measures, define

B

1 #(b)
mse* Zﬂjk Z yzgk yzgk) :
b:1
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2.2.3 Description of the 2016 SHBS data

The application to real data aims to estimate the proportion and total count of single-
person households by province, sex (sexl: men, sex2: women) and age group (agel: less than
45 years; age2: between 46 and 55 years; age3: between 56 and 64 years; age4: 65 years or
older) of the main breadwinner, which is particularly noteworthy (Cho and Shim, 2019). Data
are from the 2016 Spanish Household Budget Survey (SHBS), so U is the finite population of
Spanish households in 2016. As a result, the D = 416 domains are defined at NUTS 3 level
by Spanish province (I = 52) crossed by sex (J = 2) and age group (K = 4). The quartiles
of the domain sample sizes reveal that this is a SAE problem such that ¢o = 1, qo.25 = 17,
qo.s = 34, qo.75 = 72 and q1 = 367.

At unit-level, the variable of interest is dichotomic, i.e. ;1 = 1 if the household wu;;x; €
Uik, is single-person and y;;1; = 0, otherwise. Let s = Uz‘l=1 szl Uk:K=1 si;1 be the 2016 SHBS
sample extracted from U. Let n and n;;, be the sample sizes of s and s;;, respectively. For
ease of exposition, we write [ = 1,...,n;;; for the households in s;;, and [ = n;j, +1, ..., Nyj
for the households in Ujj, — s;j%. Let w;;, be the household sampling weight of w;jx; € Uiy
The domain parameters of interest are

- Nijk - Y;jk
Yijik = Z Yijkts  Yijk = N (2.6)
=1 ijk

The Héjek estimator of Y;ji, N;j, and ?ijk are, respectively,

Nijk Nijk ~di v dir
U-dir Ardir Y w ijk
Yie = Z Wijki Yijkl, Nijp = Z Wigkl, ijk = Adir

=1 =1 ijk

Let [iyijr be a model-based predictor of y;;,. Population sizes and auxiliary information are
taken from the four 2016 SLFSs, as the sample size of each quarterly SLFS is more than
three times the size of an annual SHBS. The effect of the variances of the covariate means
and population sizes on the properties of the prediction procedure is considered negligible. In
addition, the elevation factors are the inverse of the inclusion probabilities, which are deter-
ministic, after a calibration process whose randomness is minimal. Therefore, the population
sizes estimated as sums of elevation factors have negligible variability.

As for y;;5 and myj, two options can be considered:

Option 1. Take y;ji, = [?g}:] and m;jr = |Nijk|. The predictors of Y and Y are

,ayijk . ~
ijk = o Yijk = Hyijk-
Mijk

~b

Option 1 reconciles the area-level model-based approach and the design-based approach to
inference in finite populations. This is an important argument in favour of Option 1. However,
the fitting algorithm or the calculation of predictors may become unstable when the values of
the dependent variable are large, requiring more refined programming.
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Nijk Nijk

Option 2. Take yij = >, yijir and myjr = Y, Yijr- The predictors of Y and Y;j; are
=1 =1

Vi = 225, Y= N;ljlgyijk-
Boubeta et al. (2016a) applies Option 2 for area-level PO mixed models because it is com-
putationally more robust, but it does not include the sampling weights. Since the omission
of sampling weights is an important issue with Option 2 —as it can lead to biased predictors—
our choice of Option 1 is properly justified, even if it makes programming more difficult.

As for the domain-level auxiliary variables, they are obtained by calculating the Hajek
estimates of the proportion of people in the following factor categories: Clitizenship: Span-
ish (cit1) and foreign (cit2); Education: primary education or less (edul), basic secondary
education (edu?2), advanced secondary education (edu8) and higher education, such as univer-
sity (edu); Labour situation: employed (labl), unemployed (lab2) and inactive (lab3); Civil
status: unmarried (civl), married (civ2), widowed (civ3) and separated or divorced (civ4);
Dwelling mobility: more than a year in the same dwelling (dwel) and the opposite (dwe2).
The aforementioned auxiliary variables are proportions, bounded in [0,1], i.e. they are con-
tinuous variables, not binary indicators. Since the sum of the proportions in the categories
of each factor is one, and based on their socio-economic meaning, we omit one category from
each factor. Namely, we have deleted cit2, edu2, lab3, civl, dwe2.

So far we have discussed the need of auxiliary information, but we have not addressed the
problem of excess zeros, or even shown that they exist. Null counts are caused by the difficulty
of detecting single-person households due to the low number of respondents in some domains.
Table 2.1 displays the distribution of the 28 zeros by sex and age group in the sample. On
closer inspection, they are mainly concentrated in certain crosses (agel:sex2; age2:sex?2) and
the number is too high for what would be expected from a PO distribution.

age group

sex agel age2 age3 age4 | Total
sexl 3 2 2 3 10
sex2 8 8 2 0 18
Total 11 10 4 3 28

Table 2.1: Unobserved domain-level single-person households in the 2016 SHBS by sex and
age group. In other words, total number of zeros per domain by sex and age group.

To test the dependence between the number of zeros/non-zeros and provinces, sex and age
groups, we used the Pearson’s Chi-Squared test in 2 x I, 2 x J and 2 x K contingency tables,
where p-values are calculated by Monte Carlo. As a result, p-values close to 0.06 are obtained
for province and age group as inputs, rising to 0.18 for sex. Based on Table 2.1 and the
results of the above tests, we have decided to consider only age-group randomness to model
zero-inflated probabilities. Furthermore, applying the same tests to assess the dependence
between the count of single-person households (less/greater than 1, 2 or 3) and provinces, sex
and age groups, only the randomness of the age group is significant. Guided by the promise
of finding a good, simple model, the aZIP13 mixed model was proposed in Section 2.2.
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2.2.4 Simulations based on the 2016 SHBS data

Based on the 2016 SHBS data described in Section 2.2.3, two simulation experiments
were run. According to Option 1, the dependent variable y;;;, is the direct estimator of the
total count of single-person households in province i, with the main breadwinner of sex j
and age group k. It has been assumed that y;;; follows the aZIP13 mixed model selected in
the statistical analysis of Section 2.2.5. As ¢; = 1, the BE submodel contains one auxiliary
variable: x11 = intercept, and the regression parameter is 511 = —2.696. The PO submodel
contains go = 4 auxiliary variables: x31 = intercept, x22 = edu3, x23 = civ2 and x4 = civ3,
with regression parameters 21 = —1.857, 822 = 2.138, 23 = —0.649 and (24 = 3.881.
The standard deviations are ¢1 = 0.398 and ¢2 = 0.5171. Setting the random effects uq s,
k=1,..., K, to their theoretical expected value zero, the basic zero-inflated probability is

po = po(Bi1) = exp{Bi1} (1 + exp{Bu}) "' = 0.063.

Simulation 1

Simulation 1 aims to evaluate the fitting algorithm, i.e. the ML-Laplace algorithm de-
scribed in Appendix A, and investigate the performance of the new small area predictors
defined in Section 2.2.1. It also examines what happens when the excess zeros are ignored in
the prediction. Apart from those derived from the aZIP13 mixed model, i.e., from the SP,
ESP and plug-in (IN) predictors, the plug-in predictor with fixed zero-inflated probability
(IN1) and the one based on the erroneous non-inflated PO mixed model (INO) are considered.
The model parameters of the IN1 predictor are B11, 821, 822, 823, P24, ¢2 and those of the INO
predictor are Bo1, 822, B23, 824, ¢2. As for the remaining models, the EBLUP of the total count
of single-person households based on the FH model (Fay and Herriot, 1979) is included. In
addition, a zero-inflated NB mixed model (aZINB13) is fitted to identify the advantages of
the proposed procedure for excess zeros and the corresponding IN predictor is derived.

Simulation 1 has the following steps:

1. Leti=1,...,0,j=1,...,J,k=1,...,K. Repeat R = 103 times (r = 1,..., R):
1.1. Generate ugr,)c, ug?jk, iid. N(0,1).

-1
1.2. Calculate p’(c’”) = exp{f11 + qblugrl)c} (1 + exp{f11 + (;Slugr,)c}) ,

4
)\g;)g = €xp { 2 ﬂfz,z‘jkzzﬂze + <Z52Ug:,-)jk}7 M%k = Myjk (1 - P;(:)> )\g;)f
=1

1.3. Generate Zz(;lZ: ~ BE <ﬁ,(:)), yl(;; = ( if zl(;])c =1; yl(;]l ~ PO (mwk)‘gl)c) if zz;,i = 0.
1.4 Calculate the ML estimators 7(") e {Eg),ﬁg),@g),@g),Egl), Agr)’(gg») } and the
(r) ~sp(r) ~esp(r) ~in(r) ~inl(r) ~inO(r) /\FH(T‘)}

model-based predictors Ihyiir € { Hyiik s Byiih o Hyij > Byiin s Hyijk > Byige
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2. For each estimator 7 and model-based predictor fiy; i, calculate

r=1

R 1/2
BIAS(F) = L3R (7 — 1), RMSE(7) = <;{ dMIET - 7)2) ,
r=1

R 1/2
~(7 r 1 ~\T r
BIAS;ji = %Zil(u;i;k — ,uéi;k), RMSE;j, = (R Z (M;zgk - /‘51202) ;
and

1 L J K 1 LK
ABIAS = —— ;;1 1;1 |BIAS;j|, RMSE = VAT ;;1,;1 RMSE; .

3. Calculate the corresponding relative performance measures in %. That is, calculate the
relative bias (RBIAS;ji), the relative root-MSE (RRM SE;j;), the average absolute
relative bias (ARBIAS) and the average relative root-MSE (RRMSE):

BIAS(?)

.

RMSE(?)

Il

RBIAS(?) = 100 RRMSE(?) = 100

)

(r)

BIAS;jy, N 1 &
L y o Hyijk = R Z Hoyijks
r=1

Ty ’

RMSE;j;

RBIAS; 1, =100 —
’Myijk|

RRMSE;;; = 100

1 L J K 1 LK
ARBIAS = - ;;1 ;;1 [RBIASt|, RRMSE = - ;;1 ;1 RRMSEy.

For the SHB2016 scenario, Table 2.2 (top) shows the results of Simulation 1 for the model
parameters. To investigate the effect of the basic zero-inflated probabilities, we also consider
the cases pg = 0.200 (Table 2.2, center) and py = 0.500 (Table 2.2, bottom).

For both BE and PO submodels, the relative biases are small but the RRMSEs are not,
being the variance the main component of the MSE. This may be due to the fact that the ratio
between the number of domains and the number of estimated model parameters, 416/7 ~ 60,
is not large enough to activate the asymptotic properties of the ML estimators. For the
basic zero-inflated probabilities pg = 0.2 and py = 0.5, the ML estimators of 811 and ¢; have
slightly lower values of RBIAS and RRMSE than the corresponding ones under the SHBS2016
scenario, with pp = 0.063. This suggests that the BE submodel estimators perform slightly
better as the basic zero-inflated probability increases. However, the changes are small. There
are no notable differences in the remaining coefficients.

Table 2.3 includes the relative performance measures of Simulation 1 for the predictors SP,
ESP, IN (of the aZIP13 and aZINB13 mixed models), IN1, INO and FH. To better understand
the necessity of running this experiment and interpret its results, we emphasize that the
predictors SP and ESP are not calculated, but rather are approximated, since the integrals
that appear in their formulas cannot be calculated analytically. The approximations are
obtained by the antithetical Monte Carlo method, with S = 2000, as described in Section
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p = 0.063 BE submodel PO submodel

P11 ®1 P21 P22 B23 P24 b2
Estimate | -2.696 0.398 -1.857 2.138 -0.649  3.881  0.517
RBIAS -0.183  -42.196 0.881 -2.303 -1.289  -0.486 -0.510
RRMSE 11.329  78.693 | 190.866 121.998 326.656 96.880  3.708

p=0.2 BE submodel PO submodel

P11 b1 Bo1 Ba2 P23 B24 ®2
Estimate | -2.696 0.398 -1.857 2.138 -0.649 3.881 0.517
RBIAS 0.791 -34.480 1.325 -3.198 -2.113 -0.801 -0.659
RRMSE 16.398 60.556 | 190.449 122.655 345.917 96.770 4.007

p=0.5 BE submodel PO submodel

P11 ®1 P21 P22 P23 Bo4 ¢2
Estimate | -2.696 0.398 -1.857 2.138 -0.649 3.881 0.517
RBIAS NaN -29.43 1.576 -3.116 -3.407 -0.7313 -1.110
RRMSE NaN 55.028 | 191.085 123.530 315.871 96.855 4.994

Table 2.2: Relative performance measures of model parameter estimators for p = 0.063 (top),
p = 0.2 (center) and p = 0.5 (bottom) for the BE (left) and PO (right) submodels.

2.2.1. Since we approximate integrals in R?, the theoretical properties are largely missing
but increasing S even more in a simulation experiment with R = 1000 iterations entails
unaffordable computation times in Simulation 1 and even more so in Simulation 2. Therefore,
the results are subject to the approximation method and the number of iterations.

aZIP13 FH aZINB13

o Measure SP ESP IN IN1 INO | EBLUP IN
0.063 ARBIAS 0.358 0.361 0.790 9.179 3.068 0.780 3.968
RRMSE | 14.429 14.476 14.662 60.759 60.789 30.380 28.143

0.200 ARBIAS 0.727  0.739 2.444  9.286 13.460 1.405 4.492
RRMSE | 26.270 26.155 25.894 60.714  63.759 57.578 34.117

0.500 ARBIAS 2.965 2.130 5.955 10.716 77.754 2.925 5.566
RRMSE | 43.697 43.075 40.926 62.293 104.149 | 111.921 44.572

Table 2.3: Relative performance measures (in %) for the predictors with S = 2000.

The discussion of Table 2.3 starts with the analysis of the predictors proposed for the
aZIP13 mixed model. Under all scenarios, the SP has the lowest bias, increasing slightly in its
theoretical versions. When substituting true model parameters by ML parameter estimators,
the performance of the ESP is almost as good as that of the SP. In nominal terms, the
variance has a notable contribution to the RRMSE for all predictors. Since the ESP and the
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IN predictor have similar RRMSEs, it has been decided to use the latter in Simulation 2 and
in the case study, as it is computationally preferable. As expected, the predictors IN1 and
INO are biased and have higher RRMSE than the IN predictor.

Under the scenarios with basic zero-inflated probabilities pg = 0.2 and py = 0.5, the
predictors IN1 and INO perform poorly, with relative biases equal to 9.286 and 13.460 (p =
0.2). By increasing py from 0.2 to 0.5, the RRMSE of the IN1 predictor stabilizes, even
though the IN predictor is better. The latter indicates that the age-group randomness is
less relevant for such high zero-inflated probabilities. In the latter case, the INO predictor
performs extremely poorly. We conclude that the IN predictor obtained from the aZIP13
mixed model performs much better than the predictor based on the model with constant zero
inflation structure. The same applies to the INO predictor. Therefore, we do not recommend
to use predictors INO and IN1 when there is an excess of zeros.

As for the EBLUP-FH, its bias is small for all values of pgy, with results close to the SP
and the ESP. However, this is not a zero-inflated model, which has a negative impact on the
error through a significant increase in the variance as pg increases. Regarding the IN predictor
of the aZINB13 mixed model, the bias is greater than that of the IN predictor of the aZIP13
mixed model. Nevertheless, this is compensated to some extent by a lower variance, achieving
similar but worse results. To sum up, the main advantages of the aZIP13 mixed model over

existing models, and in particular of the IN predictor, are computational performance and
reduction in ARBIAS and RRMSE.

Simulation 2

Simulation 2 studies the behaviour of the parametric bootstrap estimator of the MSE of a
predictor fiy;ji of pyijr. The latter is done by comparing mse*(fiy;;,) with the empirical MSE
of [iyijk, obtained from Simulation 1. For illustrative purposes and speed of computation, we
select [iyijr = ﬁ% - The aim is to give some advice on which B value to choose.

Simulation 2 has the following steps:

1. Leti=1,....I,j=1,....J,k=1,...,K.

Take MSE;j, = RMSEZ,

from Simulation 1.
2. Repeat R = 500 times (r =1,..., R):

2.1. Generate a sample (yg,)g, T1 ik, T2,i;%) and calculate the ML estimation ?0(”.

2.2. Repeat B times (b=1,...,B):

2.2.1. Generate u;‘(]:b), u;(gg ii.d. N(0,1) and calculate
. A . A 1
i = explBn + a1 (14 expfBu + 41 {})
4
b 52 (b b b b
AZ(;: ) = exp { D @ ijkeBae + ¢2U;(Z;k)}7 u2§§k) = Mijik (1 — )> AZ}Z )

(=1
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2.2.2 Generate zA(k Y < BE (A*(rb)) Y (b)) _ o if 2*00) — and y (k Y~ PO (mz]k)\ (r )>

> Jigk ijk Z] ijk
if z:;(,: ®) = 0. Then calculate the predictor ,u;(jrg)
2.3 Define
i) _ L0 (2x0) 02
' ~¥(T T
M3k = ) (“yz‘jk ~ Pyijk )
b=1
3. Calculate
TR ) 1 & 1/2
T
D) (mseijk - MSEZ-jk>, RE;; = ( 3 ( MSEW> ) :
r=1 r=1

1 I J K 1 I J K
AB = 72 Z > IBijl, RE = m{i_ZI;U;IREM.

4. Calculate the corresponding relative performance measures in %, i.e.

lg"k ]{12"k
RBiji, = 100——2"— RRE;;, = 100~ 2"
ik MSEijk’ ik AfSEijk7

I J K I J K
ARB—Kgga Bijk, RRE—KggaRREM.

The non-relative measures depend on the large values of the output. Consequently, Figure
2.1 prints five boxplots of RB;j; and RRE;;;, for B = 100, 200, 400, 500, 600.

Relative bias Relative root-MSE

{

{
S

{

300
L

N[=[g
AT 11 Sl i 4

O | H i -
i o

200
L

T T T T T T T T T T T T T T
B=100 B=200 B=400 B=500 B=600 B=100 B=200 B=400 B=500 B=600

~in

Figure 2.1: Study of the parametric bootstrap estimator of the MSE of [yii- Boxplots of
RB;ji’s (left) and RRE;j;;’s (right) for B = 100,200, 400, 500, 600.

As can be observed in Figure 2.1 (left), the relative biases do not decrease as the size
of B increases, showing an origin-centric behaviour. Moreover, there are few atypical values
that correspond to the most conflictive domains, i.e., those with smaller sample sizes or with
zero observed single-person households in the 2016 SHBS data. This severely distorts the
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symmetry of the ordinate axis. Figure 2.1 (right) illustrates that the RRMSEs decrease as
B increases. Table 2.4 confirms this behaviour, with an ARB stabilized around 10.500 and a
RRE decreasing as B increases, but suggesting some stabilization around B = 600 iterations.
It is concluded that the results for the MSE estimator of the IN predictor are reasonable in
most domains. However, the low sample size of some of them and the non-observation of
single-person households add additional biases.

B 100 200 400 500 600
ARB 10.244 10.566 10.657 10.723 10.594
RRE 134.643 99.255 73.821 68.054 60.089

Table 2.4: Study of the parametric bootstrap estimator of the MSE of ﬁ%k Average relative
performance measures for B = 100, 200, 400, 500, 600.

2.2.5 Application to the 2016 SHBS data

This study is a pioneering approach for estimating the proportion of single-person house-
holds in small areas. Even though, the latter is essential for a more accurate implementation
of social policies, as well as for clarifying certain economic aspects related to the housing sector
and the private consumption of basic resources (Cohen, 2021). Incidentally, the case study is
motivated by the need to map the distribution of single-person households, as it is well-known
that household composition reveals vital aspects of the socio-economic situation and major
changes in developed countries. Living alone has become a sign of individual autonomy and
freedom, even if it is sometimes still stereotyped (Greitemeyer, 2009). Meanwhile, loneliness
and its impact on physical and mental health are an increasingly widespread problem (Snell,
2017), accentuating the symptoms of cognitive diseases (Lee and Lee, 2021; Park et al., 2016).
Particularly in single-person households inhabited by the elderly. Among the main indicators
of loneliness, we can mention the proportion and total count of single-person households by
domains defined by territorial and socio-demographic features.

As for the issue at hand, Section 2.2.1 derives predictors of the domain parameters defined
in (2.6), based on the aZIP13 mixed model described in Section 2.2. The scenario of the
application to real data has been detailed in Section 2.2.3. Population sizes and the area-level
auxiliary variables have been obtained from the 2016 SLFS microdata. According to Option
1, the dependent variable, y;;i, is the direct estimator of the total count of single-person
households in province 7, with main breadwinner of sex j and age group k.

Table 2.5 shows the ML parameter estimators of the model parameters 3, ¢1 (BE sub-
model) and By, ¢2 (PO submodel), the p-values to test Hy : Sy = 0,t =1,2, £ =1, ..., ¢, and
Hy: ¢y =0, ¢t = 1,2, and the normal-asymptotic and bootstrap Cls at the 95% confidence
level. For convenience, their lower (LB) and upper (UB) bounds are provided. Normal-
asymptotic Cls are discussed in Appendix A and bootstrap Cls in Section 2.2.2. The final
model incorporates only those variables that are significant at 5%.

The flexibility achieved by making the random effects of the count model domain-dependent
allows us to reduce the importance of the set of domain-level variables and incorporate only
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BE submodel PO submodel
P11 b1 Ba1 P22 P23 P24 b2
Estimate | -2.696  0.398 | -1.857 2.138 -0.649 3.881 0.517
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Asymp LB 95% | -3.270 0.091 | -2.319 1.007 -1.057 3.207 0.482
UB 95% | -2.121 1.752 | -1.395 3.269 -0.242 4.554 0.555
Boot LB 95% | -3.317 0.0002 | -2.312 1.051 -1.016 3.215 0.480
UB 95% | -2.162 0.859 | -1.432 3.270 -0.222 4.577 0.554

Table 2.5: Model parameters of the final aZIP13 mixed model for the BE (left) and PO (right)
submodels.

those that actually add relevant knowledge. The BE submodel contains one auxiliary vari-
able, x11 = intercept, and the PO submodel four: x9 1 = intercept, x2 2 = edu3, x23 = civ2,
x924 = civ3. The basic zero-inflated probability is po(ﬁn) = 0.063. For further confidence
in the model linked to Table 2.5 as the true generator model, a residual analysis is per-
formed. Besides, we are interested in the conciliation of the model-based approach and the
design-based approach to SAE. Let us define the raw residuals (RR) as

Cijk = Yijk — Mgz, i=1,...,0,j=1,....J, k=1,... K.

Under Option 1, y;r = [YZ%TJ and ;5 = DA/Z%J ﬁ;ﬁgk The standardized residuals (SR) are

defined by dividing the RRs by its standard deviation, i.e.

1
I J K 3z
&;v ', where v = LZ}Z}Z}(e )2
ijk 3 IJK - ¥ ijk — ;
i=1j=1k=1

ol

I J K

Figure 2.2 plots the SRs of the aZIP13 mixed model versus domain indexes (left) and
predicted values of the proportion of single-person households in original (center) and log-
scale (right). In dotted red, the line y = 0 is added. As general conclusions, it can be seen
that SRs have a pattern of symmetry around zero and are mainly found in [—3,3]. The
central plot has a low percentage of domains with large predicted probabilities, which exceed
the threshold of 0.7, and correspond to domains with predominantly single-person households
inhabited by elderly women. Regarding the right plot, plotting SRs against log-predicted
probabilities allows us to detect a conical pattern in the scatterplot. That is, as the log-
predicted probabilities increases, so does the variability of the SRs. This phenomenon is in
agreement with the theoretical dispersion of the aZIP13 mixed model.

Once the model has been fitted and validated, it is time to provides Hajek estimates
and IN predictions of the proportion of single-person households by province, sex and age
group. Figure 2.3 shows line charts of these values sorted by domain index (left) and sample
size (center), as well as a comparison of both (right). Among the most noteworthy findings,
model-based predictors correct the excessively large Héjek estimates. Even more, it is inferred
that the IN predictor smoothes the results of the Hajek estimator, although it still presents
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Figure 2.2: SRs versus domain indexes (left) and predicted values of the proportion of single-
person households in original (center) and log-scale (right).

problems when dealing with extreme proportions. On the other hand, provided single-person
households are not observed, the Hajek estimator has no margin of error, although the model
never comes to such a low proportion. The same is true for values close to one. This can
be seen in Figure 2.3 (left). In addition, household composition does not affect all domains
equally: as the age group increases, the proportion of single-person households also increases.
In this context, we would like to draw the attention to the sudden and noticeable increase in
the number of single-person households inhabited by elderly women.
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Figure 2.3: IN proportions of single-person households sorted by domain (left) and sample size
(center), and Hajek estimates versus IN proportions (right). Sorting by domain corresponds
to sorting by age group, showing first the results for men and then for women.

According to Figure 2.3 (center), the IN predictor gets closer to the Héjek estimator as
the sample size increases, which is one of the most convincing aspects of the data analysis.
Eventually, Figure 2.3 (right) plots the Héjek estimates versus the IN proportions. It can be
seen that the dots are evenly distributed around y = x. To support this statement, a local
polynomial regression of degree 3, with an appropriate bandwidth, is plotted to smoothly
represent the relationship between ordinates and abscissas. Consequently, we underline a
crucial advantage of our approach: the theoretical properties of the Héjek estimator, such
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as asymptotic design-based unbiasedness, are, to some extent, inherited by the IN predictor
based on the aZIP13 mixed model.

Table 2.7 (a) reports IN proportions of single-person households by sex and age group.
The current trend projects an increase in the proportion of single-person households, with the
number of households inhabited by elderly women skyrocketing. The latter is associated with
the ageing process, which progressively involves the emancipation of children and widowhood.
In addition, the elderly is linked to another factor that alters household composition: mor-
tality. So sex and age4 are crucial here. The increase in quality of life implies not only an
increase in life expectancy but also in the autonomy of the elderly, which results in an increase
in the number of single-person households inhabited by retired people. Most men live with
their partners until their death. In contrast, women have a longer life expectancy (implying
a greater accumulation at the top of the demographic pyramid) and the average age of their
partners is higher, so they will live alone to a greater extent. The statements are based on
information for 2021 published on the official website of the Ministry of Health of the Govern-
ment of Spain (https://www.sanidad.gob.es/estadEstudios/estadisticas/inforRecopilaciones/
ESPERANZAS DE_VIDA 2021.pdf; accessed on: November 4, 2024).

sex sex

age group sexl sex? Total age group serl sex? Total
agel 0.199 0.239 0.219 agel 20.836 19.825 | 20.335
age? 0.160 0.184 0.174 age? 20.379 22.094 | 21.245
aged 0.147 0.369 0.261 ages 20.941 12.680 | 16.692
ages 0.171 0.648 0.439 ages 20.158 18.115 | 19.007
Total 0.1830 0.337 0.262 Total 20.630 19.313 19.95

(a) IN proportions aggregated by province. (b) IN RRMSEs (%) aggregated by province.

Table 2.7: Results for the predicted proportion of single-person households.

As for the error measures, we calculate the parametric bootstrap estimator of the MSE
following Section 2.2.2 with B = 1000 resamples. To avoid scale dependencies, and as usual,
the script should be focused on RRMSEs. Table 2.7 (b) contains the bootstrap estimates of
the RRMSE (in %) for the IN predictor by sex and age group. As a general conclusion, all
values are around 20%, with a slightly lower average for women and especially for age3.

For illustrative purposes, Figure 2.4 maps the provincial distribution of single-person
households for men (left) and women (right) for the first age group of the main breadwinner.
The results are expressed as percentages.

It may be suggested that the highest proportions of single-person households are found in
central and north-western Spain, with lower proportions in the south and the Canary Islands.
Not surprisingly, the distribution between neighboring provinces, or between provinces with
similar demographic and socio-economic conditions, is generally homogeneous. This fact
justifies how model-based predictors lead to smoother results (and closer to the reality) than
direct estimators. In addition, an interesting spatial pattern emerges: an inverse relationship
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Figure 2.4: Percentages of single-person households for young men (left) and women (right).

between housing prices and the proportion of single-person households (Bugallo et al., 2024b).
Thus, lower proportions are estimated for the Catalan Coast, Madrid, Balearic Islands and
Malaga. In other words, the Spanish provinces with the highest average prices.

Figure 2.5 maps the corresponding RRMSEs of the predictions in Figure 2.4. Looking at
the percentages, the accuracy of our results is statistically reasonable, with RRMSEs below
30% in most domains, and exceeding that only in those where the predicted proportions are
rather small, which is a pretty good accuracy for a SAE problem.

RRMSE Young women: Age group 1 (O under 10%
O 10-15% O 10-15%
O 15-20% 0 15-20%
:20-30% :20-30%

30-40 % 30-40 %
@ over40 % @ over40 %

RRMSE Young men: Age group 1 (O ynder 10%

Figure 2.5: RRMSE of the IN predicted proportions for young men (left) and women (right).

Additional results available online at SORT-Statistics and Operations Research Transac-
tions !, include maps of the proportion of single-person households for all age group and
sex crossings, and RRMSE estimates. Further charts and analysis for the application to real
data are also covered, including a thorough validation of the zero-inflated structure and a

Thttps://www.idescat.cat/sort /sort481/48.1.4.Bugallo-etal.prov.pdf; accessed on: November 4, 2024.
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discussion of the need for its inclusion in the case study. On the whole, the evidence sug-
gests that living alone is a common housing choice in all age groups, influenced by marital
separation, the emancipation of children, cohabitation and lifestyle in general. Moreover, dif-
ferences in household composition between men and women are more pronounced among the
elderly. Declining fertility and increasing longevity will lead to an ageing population, with an
overwhelming increase in the proportion of single-person households.

2.2.6 R codes

As for the R codes, the GitHub repository https://github.com/mbugallo/aZIP13 (accessed
on: November 4, 2024) contains our dataset and computer code, as well as a detailed descrip-
tion of its contents. It includes a README file that provides basic instructions for the correct
execution of the available software.

2.3 Area-level zero-inflated Negative Binomial mixed model

This section describes an area-level zero-inflated NB mixed model aimed at deriving pre-
dictors of counts in small areas. Starting from Section 2.2 as the initial reference point,
the basic distribution is moved from the PO to the NB to accommodate the overdispersion

of the target variable. Let y;;; a count variable taking values in {0,1,2,...}, ¢ = 1,...,1,
j=1...,J, k=1,...,K. Let D = IJK be the total number of y-values. Let z;j,
Tiijk = (T1ijkly-- > Tlijhq) and Taiie = (T24jk1, - -, %2,ijke,) b€ latent (non observable)

variables and 1 x ¢1, g1 = 1, and 1 x g2, ¢2 = 1, row vectors containing area-level auxiliary
variables, respectively. Let us define the vectors and matrices

Yk = 0L (igk), 2w = col (zige), y = col (\ col (yjp)), 2= col ( col (2jk)),

X jk = KCkOélK(fBa,ijk), X, = 1<c;)ij(choglK(Xm,jk)), a=1,2.

Let w1 j, ui g, u2j, uzp be independent random effects with standard normal distribution.
_ . / L X / I / / /
Define the vectors wy ji = (u1j, w1 k), o ik = (U2, u2k) Uik = (uij,uQ’jk) and

. ' N _ ‘ N AN,
U = 1<C;)ij(1<0k0$1K(U1,gk)) Najk(0,1), us 1£?iJ<1<C’?<1K(U2,jk)) Nojr(0,1), u = (uy,usy).

The vectors (yijk, 2iji) follow an area-level zero-inflated NB mixed model (aZINB) if

. .
zijk ~ BE(Dijk), P(Wijk = 0/zijk = 1) = 1, yijklzy=0 ~ NB(r, pijp), ie. (2.7)

Lt+r) gk ! r '
Py =t/z. =0) = ) t 12
(Yijr = t/zij = 0) D(t+ 1)T(r) <7” + pigk )\ + ik =0 }

where p;;, € (0,1), 7 > 0 and p;;, > 0. In addition, p;;r and p;;, depend on the area-
level auxiliary variables @1 ;j; and @3 ;;, on the model parameters 8 = (511, .., b14,)" and
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By = (P21, ..., P2g,), and on the standard deviations ¢1; > 0, ¢12 > 0, ¢21 > 0 and ¢ > 0
by means of the link functions

q1

. Dijk
logit(psjx) = 108;1 _Z; - T14601 + Pr1urj + draur g = Z T1,jkeB1e + Pr1uj + draug g,
ij =1
q2
log(tijr) = x2,ijkBs + P21u2; + P2oUa ) = Z T2,ijkeBor + P21u2,; + P22 -

(=1

Conversely, we have

exp{x1jxB1 + dr1u1j + d12u1 i}
1+ exp{®1jxB; + dr1u1j + dr2u1 i}’

ijk = exp{®a jxBa + 21Uz j + P22us i}
(2.8)

Pijk =

Finally, it is assumed that the vectors (y;;z, zijk)’ are independent conditional on w and it is
said that they follow an aZINB11 mixed model (Bugallo et al., 2023). The terminology “11”
is added to specify that both the BE and NB models have additive random effects in two
components, j and k. The proposed model is a mixture model of two mixed submodels. The
BE submodel drives the mixture and incorporates the information derived from the excess
of zeros. The NB submodel deals with the modelling of count variables. The overdispersion
parameter of the NB submodel is denoted by v = r~! > 0.

Let 8 = (81,85, ¢11, P12, P21, P22)’ be the vector of model parameters and define &;j; =
I(yiji = 0). From the properties of the NB distribution, it holds that

P(yiji|ujr; 0) = & [pz'jk + (1 — piji) exp{rlogr — rlog(r + Mi)}]

+ (1 —&jk) [(1 — Dijk) €Xp {yz’jk log pijr — (Yiji + 1) log(r + pijr)+

U(yije + 1) }}

1 |
riosr o8 I'(yijr + 1)I(r)

—1
= (1 + exp{@1,jxB1 + d11u1,; + d12u1k}) {&jk [exp{ﬂh,i;’kﬂl + p11urj + drau k)

+ exp {rlogr —rlog (7“ + exp{®2,ijxBs + P21u2,; + ¢22U27k}) }}

+ (1 = &ji) exp {yijk(acz,ijkﬂz + Pa1ugj + Paoug k)

— (yijk + 1) log (r + exp{maijxBs + P21u2j + d2ousy}) + rlogr + log

L(yijn + 1)
F(yijk + l)r(’l“) '

It follows from the independence assumptions that

1

J K
(ylu; 0) H H (Yjeluin: 0),  Plyjplue:0) = [ [ Pyijrluse; 0).
i=1k=1 i=1
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Therefore, the likelihood function of the aZINB11 mixed model is

K

7 I
P(y;0) = JR“K P(y|u; 0) fu(u) du = U ljlfw Ep(yz’jklug’k; 0) fn, 0,1 (Wjk) duj, (2.9)

and the respective log-likelihood function is

K

J
U0;y) = Z Z fw HP (Yijk|wins 0) fn, 0,1 (Wjk) duj. (2.10)

Given y, the ML parameter estimator of 0 is

~

6 = argmaxg_g £(6;y), © =RUT% x R%.

Appendix A describes the ML-Laplace algorithm to maximize ¢(0;y) and calculate the ML
estimators of the model parameters. This algorithm also gives modal predictors of random
effects. As for the inference procedures for the ML estimators, we rely on both asymptotic
(Appendix A) and resampling methods (Section 2.3.2).

2.3.1 Small area prediction of expected counts

This section is devoted to the development of small area predictors of expected counts
based on the aZINB11 mixed model (2.7)-(2.8). Leti=1,...,I, j=1,...,J, k=1,..., K
and define

A
tyiji = Elyijelwie] = (1 = pijr(01, wi ji) ) pijr (02, uz i),
A A .
where Dijk = pijk(ul,k) and )\z‘jk = )\ijk(UQ,ijk) are defined in (28)

The plug-in predictor of p,,, is
fiyr, = (1= pijk(61, @1 1)) ijn (B2, o jik),

where 51 and 52 are estimators (e.g. ML parameter estimators) of 8; and 02, respectively,
and u; ji, and Uy ji, are predictors (e.g., log-likelihood modes) of u; j; and wuo ji, respectively.
Depending on its purpose, the plug-in predictor could also be used as a forecasting tool for
future average counts. For example, when the time component to be predicted in the future
is determined by the ¢-index. To calculate ﬁ%k, we use model parameter estimators and
random effect predictions, which only depend on the indexes j and k. Nevertheless, one must
specify a prediction scenario determined by the values assumed for ;5 and 2 ;.

2.3.2 Bootstrap inference

This section presents bootstrap-based Cls for the model parameters and estimators of the
MSE of the plug-in predictor. Let 6; be a component of @ and « € (0,1). The following proce-
dure calculates a (1—a)% percentile bootstrap CI for §, and a parametric bootstrap estimator
of MSE(fiyiji), where [iy;; is the plug-in predictor, although the algorithm described below
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applies to any model-based predictor derived from the proposed aZINB11 mixed model. The
procedure also provides a parametric bootstrap estimator of the marginal variance var(y;;x)
and prediction intervals (PI) for expected counts (Bugallo et al., 2023).

1. Fit the model and calculate the ML parameter estimator 0 = (fa’l, BIQ, ggn, 4/512, @21, gggg)’.

2 Leti=1,....0, j=1,....0, k=1,..., K.
Repeat B times (b=1,...,B):

(a) Generate ul(b) N(0,1), u *(b) ~ N(0,1), u;(;’) ~ N(0,1) and u;(,f) ~ N(0,1).
Then calculate

PZ](;? = exp {$1 z‘jk/al + Ggllufgb) + $12u*(£)}(1 + exp {931,ijk[§1 + lelu;(;)) + $12UT,(£)})_17
Mz](k) = €xXp {xQ l]k:BZ + ¢21U2] + ¢22u2 k)}
(b) Generate z:j(,f) ~ BE(pjj(k)) If z”(k) =1, y:j(,i’) = 0. Otherwise, yjj(,?) ~ NB(r, ij(lf)).
¢) On the basis of the bootstrap sample, y%ﬁb),mi-k , calculate the ML parameter
ijk J

b) (b)

~x(b R
estimator (9\; ( , the bootstrap estimate 0*( ) and the predictor ,u;. ik

3. Sort the values }?{Z‘(b) = D2 (Oj(b) — 5@), b=1,...,B, from smallest to largest. They
are ITZZ‘(D <... < EE(B). A (1 — )% basic percentile bootstrap CI for 6, is

(0 = D™ 2R a2y O+ D™ Rigamapnymy)-

4. To estimate error measures, define

B
b) ~ ~ 1/2
mse™ (fiy:;.) Z 'u;(]k Myz]k) s rmse” (fly,,) = (mse”(fy,;,) 2
B
N rmse* (fy,,,.) _ by 2
rrmse” (fly,,) = ——=——"—, Uz = Zywk , var” (yij) = 2 yz*y(k = Uiik)
Hyz’jk b:l
A (1 — )% PI of y,j is
A 172 A 1/2
PI%y = (I’Lyz‘jk — Z1—q/2 (var*(yl-jk)) / sy + Z1—a)2 (Var*(yijk)) / ) ) (2.11)

2.3.3 Description of the 2002-2015 GFFS monthly data

The case study investigates the applicability of the zero-inflated NB mixed model (2.7)-
(2.8) to explain the occurrence of forest fires in Spain between 2002 and 2014 by province
and month, and to provide forecasts for 2015. Taking Boubeta et al. (2019) as an initial
reference point for modelling and predicting forest fires, we propose the following innovations
and improvements, which have not yet been considered. First, the basic distribution is shifted
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from the PO to the NB to account for the overdispersion of the target variable. Second, excess
zeros are modelled using a BE mixed model. Third, both models include random effects that
vary with month and province, but not with year. This allows modelling the temporal and
spatial variability within each year and predicting the number of fires in future years.

Data are from the General Forest Fire Statistics (GFFS) and contain aggregated records
by province and month of all forest fires in Spain from 2002 to 2015, both years included,
totalling 216,538 events. The dependent variable y;;r counts the number of Spanish forest
fires in year 4, month j and province k. Therefore, there are D = IJK = 8400 domains,
defined by the crosses of years (I = 14), months (J = 12) and provinces (K = 50).

Table 2.8 shows the number of forest fires and zeros per year. An exploratory analysis
indicates that there are 951 domains in which no forest fires were recorded and their number
is not uniform over the years. In fact, the number of forest fires varies from year to year and
a clear change in the pattern of forest fires is observed at the end of 2006 and 2012, which
motivates the inclusion of the categorical auxiliary variable yeard (year3.1: time interval
[2002, 2006]; years3.2: time interval [2007, 2012]; year3.3: time interval [2013, 2015]).

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015

Zeros| 107 112 63 o1 90 92 60 47 89 44 95 60 77 44
Total | 19929 18616 21393 25492 16334 10936 11654 15641 11721 16414 15997 10797 9805 1180

Table 2.8: Annual grouping of domains without observed forest fires (zeros per year). Domains
are defined as crossings between years, months and provinces.

Table 2.9 shows the number of forest fires and zeros per month, with late autumn and the
whole of winter being a period of low fire activity, in contrast to the summer period.

Jan. Feb. Mar. April May Jun July Aug. Sept. Oct. Nov. Dec.
Zeros | 177 112 52 40 22 20 5 6 9 59 206 243
Total | 6372 19270 30432 16701 11844 18494 28912 37742 26124 12033 4343 4271

Table 2.9: Monthly grouping of domains without observed forest fires (zeros per month).
Domains are defined as crossings between years, months and provinces.

Meteorological variables have been part of the set of auxiliary variables in many fire risk
studies. In the current research, the process of selecting domain-level auxiliary variables is
divided into two stages and they are described in Table 2.10. A spatial analysis search is
used to select those automatic meteorological stations that best represent the climatological
conditions of each province, and then data are collected from the selected stations. The
auxiliary variables contain aggregated information at monthly level, so their effects on the
target variable are, in some cases, limited to the context. In addition, if a fire starts at
the end of the month and lasts several days, most of which are in the following month, the
count corresponds to the previous month, which distorts the available information. As a
result, fitting fire models with aggregated monthly and provincial data is generally a difficult
problem. But in spite of this, a model that provides an acceptable solution would allow us to
predict the number of future forest fires based on easy-to-predict climatological information.
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Variable Description Units Variable Description Units
e average vapor pressure ff;l;hs of p.mes  total precipitation mm
hr average relative humidity fsnmths of g.-mar  mean sea-level pressure KPa
n.fog foggy days % days |¢.maxr  max. absolute pressure KPa
n.gra hail days % days | q.med  average pressure KPa
n.llu rainy days % days | g.min max. min. pressure KPa
n.nie snowy days % days | ta.max absolute max. temperature °C
np.001 precipitation >0.1mm % days |ta.min  absolute min. temperature °C
np.010 precipitation >1mm % days |ti.max lowest max. temperature °C
np.300  precipitation =30mm % days | tm.max average max. temperature °C
nt.00 min. temperature <0°C % days | tm.mes average temperature °C
nt.30 max. temperature >30°C % days |t¢m.min average min. temperature °C
n.tor storm days % days |ts.min  highest min. temperature °C
nw.55  wind speed >55km/h % days | w.med g‘;e;a%(;’sll)gfi 86 lgrb}o(l;ated km/h
nw.91  wind speed >91km/h % days |unemp unemployment rate %
p-max max. daily precipitation mm years year group variable -

Table 2.10: Two-column description and units of the domain-level auxiliary variables used in
the application to the 2002-2015 GFFS monthly data.

2.3.4 Application to the 2002-2015 GFFS monthly data

The problem addressed below is to model the number of forest fires in Spain between 2002
and 2014 by province and month, providing error measures and point and interval forecasts
for 2015. Due to seasonality, there are provinces where the number of fires is zero in some
months and overdispersed in others. In addition, the Mediterranean countries have a high
number of fires, but they are mainly concentrated in the summer months. Fortunately, zero-
inflated NB mixed models are well suited to this type of data, as they describe patterns
that explain both the number of fires and their non-occurrence. Based on this insight, we fit
the aZINB11 mixed model (2.7)-(2.8) to the forest fire data described in Section 2.3.3, with
month-dependent random effects wui j, u2j, j = 1,...,J, and province-dependent random
effects uy g, ugp, k=1,..., K.

Tables 2.11 and 2.12 show the ML parameter estimators of the model parameters 3y,
¢1 (BE submodel) and 35, ¢2 (NB submodel), the p-values to test Hy : By = 0, t = 1,2,
£=1,....,q:, and Hy : ¢ = 0, t = 1,2, and the normal-asymptotic and bootstrap Cls at the
95% confidence level. For convenience, their lower (LB) and upper (UB) bounds are provided.
Normal-asymptotic Cls are discussed in Appendix A and bootstrap Cls in Section 2.3.2. The
models are fitted to data from 2007 to 2014, keeping 2015 to test near future retroconditions.
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BE submodel

Bii Bz Bz Pu P15 Pie P11 P12

Estimate | -14.353 0.192 0.143 -0.132 -1.048 -0.754 0.103 1.872

p-value 0.000 0.000 0.003 0.001 0.000 0.005 0.000 0.000

Asymp LB 95% |-19.675 0.138 0.050 -0.208 -1.477 -1.285 0.004 1.424
UB 95% | -9.030 0.246 0.236 -0.056 -0.619 -0.223 2.940 2.460

Boot LB 95% |-17.733 0.158 0.070 -0.175 -1.367 -1.253 0.000 1.319
UB 95% | -11.212 0.232 0.213 -0.094 -0.768 -0.311 0.297 2.305

Table 2.11: Model parameters of the final aZINB11 mixed model for the BE submodel. Model
fitted with 2002-2014 data aggregated by province and month.

The final model incorporates only those variables that are significant at 1%. The BE
submodel contains ¢ = 6 covariables: x1; = intercept, x12 = hr, x13 = np.300, v14 =
ta.mazx, x5 year3.2, x16 = year3.3. The NB submodel contains g2 = 18 covariables:
x9,1 = intercept, oo = €, x93 = hr, xo4 = n.llu, vo5 = n.nie, ro6 = np.300, v27 = nt.00,
Tog = nw.Hd, Tog9 nw.91, T 190 = g.mar, Ta11 = ¢.MAT, T2 12 = ¢.MIN, T213 = ta.Max,
T2,14 = ta.min, T2 15 = tm.mes, To 16 = tm.min, T2 17 = year3.2, xo 18 = year3.s.

NB submodel

Pas P2 Bor
-0.032 -0.029 0.016
0.000 0.000 0.000

Bo1 P22
-10.509 0.009

0.006 0.000

B2z Poa
-0.045 -0.014
0.000 0.000

Bog  Bag  [oio
0.018 -0.025 0.146
0.000 0.003 0.000

Estimate

p-value

LB 95%
UB 95%
LB 95%
UB 95%

Asymp

Boot

-17.960 0.007
-3.058 0.012
-12.409 0.009
-8.227 0.010

-0.051 -0.016
-0.038 -0.012
-0.046 -0.015
-0.043 -0.014

-0.039 -0.043 0.014
-0.025 -0.015 0.018
-0.034 -0.034 0.016
-0.030 -0.024 0.017

0.015 -0.041 0.072
0.021 -0.009 0.220
0.017 -0.030 0.125
0.019 -0.020 0.165

Ba11 Pa12

6213 ﬁ214 ﬁ

215

/8216

Bo17

5218

$21

¢22

v

Estimate
p-value

LB 95%
UB 95%
LB 95%
UB 95%

Asymp

Boot

-0.057

0.003
-0.095
-0.020
-0.068
-0.046

0.049
0.009
0.012
0.086
0.039
0.060

0.053 0.025 0.064 -0.150 -0.180 -0.272 0.343 1.156
0.000 0.001 0.005 0.000 0.000 0.000 0.000 0.000
0.041 0.011 0.020 -0.191 -0.222 -0.331 0.226 0.948
0.064 0.040 0.109 -0.109 -0.139 -0.213 0.519 1.408
0.050 0.022 0.055 -0.158 -0.189 -0.286 0.177 0.914
0.056 0.029 0.074 -0.140 -0.171 -0.257 0.451 1.370

2.151
0.000
2.063
2.244
2.007
2.755

Table 2.12: Model parameters of the final aZINB11 mixed model for the NB submodel.

fitted with 2002-2014 data aggregated by province and month.

Model

The effect of the auxiliary variables derived from Tables 2.11 and 2.12 is consistent with the
results obtained in previous studies in which arsonists wait for optimal conditions (a window
of opportunity) to start a fire (Marcos et al. (2015); Russo et al. (2017)). In general, the LBs,
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UBs and widths of the bootstrap Cls are similar to those of the asymptotic Cls, suggesting
that the theoretical distribution is close to the asymptotic one. Furthermore, although the
interpretation of the estimated model parameters is reasonable, it is noteworthy that both
their sign and magnitude often change, sometimes substantially, so it is important to keep in
mind that the results are conditioned by the proposed model. Consequently, the mathematical
modelling is based on the actual situation. Other auxiliary variables, time periods or any
changes in the database may lead to different results, both in sign and relevance.

To validate the fitted model and detect outliers, we analysed the behaviour of the model
residuals. Let us define the raw residuals (RR) as

Cijk = Yijk — Mgz, i=1,....0, j=1,....J, k=1,... K.

Standardized residuals (SR) are defined by dividing the RRs by its standard deviation, i.e.

R . . 1 K R ~ 9 % 1 I J K R
€ijkV —, where v = UiK Z Z Z (eijk — 6) y L= m{;;’;ewk

o

Figure 2.6 plots the SRs of the aZINB11 mixed model against domain indexes (left),
plug-in predicted values (center) and plug-in log-predicted values (right). It can be seen
that the SRs fluctuate around zero, although there are more positive large residuals than
negative ones. The cause of this asymmetric behaviour is the underprediction of the model in
provinces where the number of observed forest fires in summer was extremely high, as we will
see later. Similarly, in the central plot, a small percentage of domains have large predicted
values that exceed the threshold of 400. Finally, plotting the SRs against the log-predicted
values allowed us to detect a conical pattern in the scatterplot, maintaining their positive
asymmetry, which is accentuated as the abscissa axis increases. As the log-predicted values
increase, the variability of the residuals also increases. This phenomenon is consistent with
the theoretical overdispersion of the aZINB11 model.
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Figure 2.6: SRs versus domain indexes (left) and predicted values of the expected counts of
forest fires in 2002-2014 in original (center) and log-scale (right).

Figure 2.7 shows boxplots of the SRs by year, month and province. They fluctuate around
zero, mostly in the interval [—3, 3]. However, there are more large positive SRs than negative
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ones, suggesting underprediction in some provinces. In this sense, there are six provinces with
absolute SRs greater than 3. This gives a total of 82 domains. These are the four provinces
of Galicia and the two neighbouring autonomous communities in north-western Spain: A
Coruna (18), Lugo (5), Ourense (22), Pontevedra (17), Asturias (14) and Cantabria (6).
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Figure 2.7: Boxplot of SRs by year (left), month (center) and province (right).

The prediction of the number of forest fires in Spain for 2015 (I = 14) is discussed
below. The idea is to calculate predictions for future horizons in order to optimise forest fire
prevention tasks and allocate available resources efficiently. The prediction scenario is the
actual 2015 scenario, i.e. the recorded covariates 1 rjx and 2 1k, j = 1,...,J, k=1,..., K,
are used, so that the results are actually retroconditions. As the observed forest fire counts
yrjk are available for 2015, the accuracy of the retroconditions can be tested.

For the sake of illustration, Figure 2.8 maps the observed values (left) and plug-in forecasts
(center) for July 2015 to analyze the discrepancies in the provincial distribution of forest fires
and evaluate the predictive performance. Specifically, the map on the left shows the recorded
values of the count variable and the one in the center shows the plug-in predictions. The
map on the right allows to widecheck the accuracy of the retroconditions, displaying RRMSE
estimates that have been calculated with the algorithm proposed in Section 2.3.2. In order
to strike a balance between the approximation capability of the Monte Carlo method and its
computational cost, B = 500 bootstrap replicates have been used.

Comparing the left and center maps in Figure 2.8, the aZIBN11 mixed model accurately
detects the provinces with the highest fire probabilities and reproduces the pattern of fire
spread along the Iberian Peninsula. An artificial diagonal line divides the maps into two
zones: the north-west, with many fires and low RRMSEs, and the south-east, with few fires
and high RRMSEs. The lower the number of forest fires, the higher the RRMSE, because
it is challenging to fit a model when the distribution of data across provinces is so uneven,
leading to inaccuracies in domains with few events. Nevertheless, it is desirable to predict
better in those domains that are more conflictive and with a higher number of forest fires,
given that the severity of the environmental problem is greater in those areas. To overcome
this challenge, PIs defined in equation (2.11) are calculated.

In addition, let us define the relative squared prediction error (RSPE) for provinces and
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Wildfires July 2015 O <12 Forecast July 2015 O<=12 RRMSE July 2015 O under 8%
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Figure 2.8: Observed (left) and predicted (center) plug-in forest fires and RRMSE estimates
(right) in July 2015. The prediction scenario is the actual scenario for 2015.

the province coverage probabilities for 2015 as

\/Z;il(yljk — 1) | L2
2 vk Ok = 15 Y. Chins Cfje = Iy € PIfy), k=1,..., K,
j=1917 i1

and the RSPE for months and the month coverage probabilities for 2015 as

RSPEr =

50 ~i
\/Zk:l(yljk—ﬂlﬁk)z o 1

RSPE[ . — 3 TIi.
’ 22021 Y1jk ! 50

K
D Cfips Cf = I(yrjr € PIfy), j=1,...,J.
k=1

Figure 2.9 presents data on provincial RSPE] j, values (left) and provincial coverage prob-
abilities (right) in 2015. As a result, it can be seen that the RSPE values are high in the
north of Spain, where the number of recorded forest fires is unusually high in winter 2015,
and low in the south (Andalucia), where not many events have been observed or predicted.
The opposite applies to the provincial coverage probabilities in Figure 2.9 (right). To provide
further evidence for the previous point, Table 2.13 summarizes the RSPFEy; values (top) and
the monthly coverage probabilities (bottom) in 2015. The percentage RSPE values are low in
the months with the highest forest fire probabilities (July - September), and rise in spring and
autumn. For winter, the anomalous observations reported in December 2015 justify the high
value of this relative discrepancy measure, greater than 45%. This is an atypical value as it has
been, in fact, an atypical month. In short, the average percentage RSPE for 2015 is 20.34%,
so that its four quarterly averages are 17.22%, 21.11%, 11.86% and 31.17%, respectively. In
terms of coverage probabilities, the same results as in Figure 2.9 can be extracted.

The coverage probabilities provide encouraging results at provincial and monthly level.
For the provinces, the maps show that coverage is 100% for most of them. On a monthly
basis, the situation changes slightly due to the anomalous behaviour of Northwest Spain (see
Figure 1.1), but coverage is around 85-90% in almost all months. This case study is intended
to serve as an example for future applications of forest fire modelling. Current and future
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Figure 2.9: RSPE values and coverage probabilities for Spanish provinces in 2015, both in %.

Jan. Feb. Mar. April May June July Aug. Sept. Oct. Nov. Dec.
RSPE7; |16.96 20.30 14.42 20.57 18.43 24.32 10.96 9.70 14.94 27.61 19.04 46.86
Ct. 94 88 88 90 92 94 98 94 92 94 92 94

Table 2.13: RSPE values and monthly coverage probabilities in 2015, both in %.

fire management in Mediterranean countries requires a paradigm shift. Cooperation between
countries is increasingly necessary to face moments of crisis in certain regions. In this respect,
old planning systems are no longer effective and a change of scale and of mechanical and
human means of extinguishing fires is urgently needed.

It is interesting to note that zero-inflated NB mixed models proved to be flexible tools for
describing the behaviour and predicting the number of fires in a region over time. The chosen
model has a reasonable interpretation from a forestry point of view, showing dependence
and correlation relationships consistent with those published in the scientific literature on
fire occurrence modelling. The developed forecasting tool is also useful when applied to the
forecasting period. Regarding the improvements of the current research on the statistical
methodology for the analysis of forest fires, it provides a forecasting tool that is able to
identify values with a 95% confidence in the real data analysed (i.e. retroconditions). In
addition, a zero-inflated structure is added, providing a means to deal with areas with very
different climatological and socio-economic conditions in relation to their arson activity.

2.3.5 R codes

As for the R codes, the GitHub repository https://github.com/mbugallo/aZINB11Fires
(accessed on: November 4, 2024) contains our dataset and computer code, as well as a detailed
description of its contents. It includes a README file that provides basic instructions for
the correct execution of the available software.
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2.4 Area-level zero-inflated Gamma mixed model

This section describes an area-level zero-inflated GA mixed model aimed at deriving pre-
dictors of averages and totals in small areas for non-negative continuous variables. Let us

consider a continuous random variable y;;, taking values on [0,00), where i = 1,...,1,
j=1...,J,k=1,...,K. Let D = IJK be the total number of y-values. Let z;j,
1k = (TLijkls- - Tijkq) and @ogin = (T2,ijk1s - - - T24jkg,) e latent (non observable)

variables and 1 x g1, g1 = 1, and 1 X q2, g2 = 1, row vectors of area-level auxiliary variables,
respectively. Let us define the vectors and matrices

Yir = 0L (Wisk), 2k = col (ije), ¥ = lgij(lsc&ll((yjk))v z= 1<Cg(')ij(1gck0<1K(zjk))’

Xk = C]§)<1K($1,ijk)7 Xojk = <Cko<1K(w2,ijk)7

1<k< 1<k<

X1 = col (col (Xi k), Xo= col ( col (Xy;i)).

1<5<J 1<k<K 1<5<J 1<k<K

Let be wji, = (u1 jk, u2 ji)’, with uy ji, ug jir independent N(0, 1) random effects, and

_ ) - _ ) - _ JEAY
U1—KC]O;J(KC]€OS1K(U1,]1€)) Nyk(0,1), uy 1<Cj0éj(1gckosll((ul]k)) Njk(0,1), u = (uj,uy)".

The vectors (yijk, ziji) follow an area-level zero-inflated GA mixed model (aZIG) if
zijk ~ BE(pijr), P(yije = 0/zi56 = 1) = 1, (2.12)
F(Wije = t/zijr = 0) = exp {—Vu;jiyijk —vlog piji, + (v — 1) log yiji, + vlogr — log fy(y)} ,

where pij, € (0,1), v > 0, t > 0 and g5, > 0. In addition, p;jp and p;;, depend on the
area-level auxiliary variables @1 ;;; and @2 ;;k, on the model parameters 8, = (B11, ..., Biq)
and By = (Sa1,. .., P2¢,)', and on the standard deviations ¢; > 0 and ¢2 > 0 by means of the
link functions

q1
. DPijk
logit(pijr) = log——2— = @y By + G1urje = Y, T14jkeB1e + G101k,
L = pijk =
q2
log(pije) = x24j6B + Pous ji = Z T2 iikeB20 + P2us2 k-
=1

Inverting the above functions, it follows that

exp{xy ij1B1 + dru1 i}
1+ exp{®1,;xB; + dru i}’

Pijk = Mijk = exp{T2ijkBa + d2ug jk}- (2.13)
Conditioned on w, it is assumed that the vectors (y@-jk, zijk)’ are independent and it is said
that they follow an aZIG22 mixed model (Bugallo et al., 2024c). The terminology “22” is
added to specify that both the BE and GA models have multiplicative random effects in two
components, j and k. The proposed model is a mixture model of two mixed submodels. The
BE submodel drives the mixture and incorporates the information derived from the excess of
zeros. The GA submodel deals with strictly positive target values using the GA distribution
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with means p;;x > 0 and constant shape v > 0, like the normal linear model assumes a
constant variance.

Let 6 = (B}, 85, ¢1,¢2)" be the vector of model parameters and define & = I(y;jx = 0).
The components of the (continuous) marginal distribution are

P(yijrlwjr; 0) = &ijkpije + (1 — &iji) [(1 — Dijk) €XP { - Vufjiyz‘jk —vlog pijr + (v — 1) log yijk
—1
+ vlogv —log 7(”)}} = (1 4 exp{w1,41B1 + d1u1jk}) {@jk exp{x1ij1B1 + P1u1 ji}
+ (1 — &) EXP{ — VYijk eXp{—T2,ijkBs — d2ua ji} — V(T2,ijkBs + d2us jk)

+ (v —1)logyiji + vilogr — logfy(y)}}.
By the independence assumptions, it follows that

I
j=1lk=1 i=1

The likelihood and log-likelihood functions of the aZIG22 mixed model are, respectively,

I
P(y;0) = JRNK P(ylu; 0) fu(u H H JRQ [ 1P wisnlwsn: 0) Fry0,1) (i) duaji,
J=1k=1 =1

J K
((6;y) Z Z J]RQ HP Yijk|wjk; 0) f, OI)(ujk’) dujp,.

Given y, the ML parameter estimator of 0 is
6 = argmaxg_ ((0;y), © =RUT2 x RZ.

Appendix A describes the ML-Laplace algorithm to maximize ¢(0;y) and calculate the ML
estimators of the model parameters. This algorithm also gives modal predictors of random
effects. As for the inference procedures for the ML estimators, we rely on both asymptotic
(Appendix A) and resampling methods (Section 2.4.2).

2.4.1 Small area prediction of expected averages

This section is devoted to the development of small area predictors of expected avegares
based on the aZlG22 mixed model (2.12)-(2.13). Let i =1,...,1, j = J k=1,...,K
and define

A
tyigk = Elyijklue] = (1 — pijr(ua jr)) pije (uz i),

A A .
where p;jr = pijr(u k) and pijr = pijk(ug ji) are defined in (2.13).
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By plugging ML estimators and modal predictors, the plug-in predictor of ;i is

" oA 1 o~
fistie = (1+ exp{wyijiBy + drtnk}) exp{me By + daliz j}-

Following the more applied cut-off of this section, where we will look again at wildfire mod-
elling and prediction (see Sections 2.4.3 and 2.4.4), the plug-in predictor is sufficient for our
practical purposes. In fact, it is the most convenient choice as it is unrivalled in terms of ease
of interpretation and execution time.

2.4.2 Bootstrap inference

In this section we formalise how to compute bootstrap-based Cls for the model parameters
and estimators of the MSEs of the predictors. Let 6y be a component of € and « € (0,1).
The following procedure calculates a (1 — «)% percentile bootstrap CI for 6y and a parametric

bootstrap estimator of M SFE (A”;] k) It also provides bootstrap estimates for the quantiles of

the distribution of the predictor j [yijk SO as to define risk measures in Section 2.4.4.
1. Fit the model and calculate the ML parameter estimator 0 = (Bll, ,@;, qgl, $2)’ .
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2.4.3 Description of the 2007-2015 GFFS weekly data

The case study assesses the applicability of the aZIG22 mixed model (2.12)-(2.13) to
explain the occurrence of large fires in Spain between 2007 and 2014, by province and week,
and provide forecasts for 2015. Data are from the General Forest Fire Statistics (GFFS).
The dependent variable y;;, can be either the total burned area (in Ha) of a region during a
certain period of time, or its value averaged over the number of reported forest fires, denoted
by njji. It is said that Yijk = yijk/nijk denotes an average forest fire. The indexes ¢, j and
k stand for year, week and province, respectively. The application to real data is limited to
K = 41 Spanish provinces for reasons of data availability (see Figure 1.1). In fact, the light
shaded provinces in Figure 1.1 have been excluded from this application to real data because
we do not have data for all the explanatory variables we will consider and which are listed in
Table 2.16. Furthermore, due to the seasonal nature of the megafires, the study is limited to
the months of July, August, September and October, with data collected between the 27th
and 44th weeks of I = 9 years, so there are J = 18 weeks.

Tables 2.14-2.15 are included to illustrate the suitability of using a zero-inflated mixed
model. Table 2.14 shows the provincial deciles of the total and average burned area for weeks
27 to 44 and years 2007 to 2015. At least 20% of the data are equal to 0, which is an extremely
high percentage for continuous distributions, such as the GA distribution. This motivates the
modelling of burned forest areas by also including latent variables to account for excess zeros.
Moreover, the total burned area has much more dispersion than its average by the number
of fires, as expected. Table 2.15 depicts the proportion of zeros per year. It follows that the
zero-inflated structure is stable over the years.

qo0 4qo.1 4o.2 q0.3 qo.4 q0.5 q0.6 qo.7 q0.8 q0.9 q1
Total 0 0 0 0.200 0.900 2.200 5.080 11.307 27.048 80.092 15256.210

Average | 0 0 0 0.190 0.500 0.932 1.600 2.800 5.073 12.305 4674.110

Table 2.14: Deciles of total (top) and average (bottom) monthly and provincial burned areas
for weeks 27 to 44 of the years 2007 to 2015.

Year 2007 2008 2009 2010 2011 2012 2013 2014 2015
Proportion | 0.257 0.295 0.203 0.276 0.168 0.324 0.251 0.339 0.314

Table 2.15: Proportion of zeros per year, i.e. domains with no reported forest fires. Domains
are defined as crossings between years, weeks and provinces.

The area-level auxiliary variables are described in Table 2.16. The climatological variables
(first eight rows on the left of Table 2.16) were obtained in Section 2.3.3 for monthly data,
and the process is simply extended here to weekly data. In terms of pre-processing, it was
decided to standardize the variables of fire extinguishing means and the number of forest fires
to avoid problems of location and scale. Thus, although these variables were initially of count
type, they are interpreted as measures scaled to the mean and are unitless. The area-level
auxiliary variables in Table 2.16 have been grouped according to their description into six
categories: climatological (8), distance (2), firefighting staff (4), land-based machinery (4),



46 CHAPTER 2. AREA-LEVEL ZERO-INFLATED MIXED MODELS

aerial machinery (4) and fire count (1).

Variable Description Units [Variable Description Units
Climatological variables (8) sec.st  state security force

dir direction of max. wind speed °/ |oth.st others, e.g. volunteers

prec average precipitation mm | Land-based machinery variables (4)

sol duration of insolation h bll.eq  mno. of bulldozers

tmar  average max. temperature °C  |trc.eq mo. of tractors

tmed  average mean temperature oth.eq mno. of other machines

tmin  average min. temperature °C  |atb.eq mo. of fire engines

average speed elaborated

wmed from 07, 13, 18 UTC m/s | Aerial machinery variables (4)
. - tenths . . .
hr average relative humidity of tm ext.air mno. of firefighting helicopters
Distance variables (2) car.air mno. of aircrafts

i he fi
buil distance betwe‘en‘t ¢ fire and km |tra.air no. of transport helicopters
the nearest building

average distance between the fire

buil0 and the 10 nearest buildings km |amp.air no. of amphibious aircraft
Firefighting staff variables (4) Fire count variable (1)
tch.st  technicians and/or forestry agents n.fir ~ no. of fires by domain

brg.st  brigade personnel

Table 2.16: Two-column description and units of the domain-level auxiliary variables used in
the application to the 2007-2015 GFFS weekly data.

As a preliminary analysis to the statistical modelling in Section 2.4.4, we applied a clus-
tering method, the K-means algorithm, described in Appendix B. This clustering algorithm
allows the identification of domains with a markedly anomalous profile. Table 2.17 shows
the center, size and distribution of the average megafires in the clusters. To find a trade-off
between interpretability, complexity and variability (measured by comparing within-cluster
and between-cluster sums of squares), three clusters were considered (Forgy, 1965). As rec-
ommended, random sets of different observations were repeatedly selected as initial centres.

There is one cluster with only 5 observations (0.07%) and a slightly larger cluster with
34 observations (0.50%). The remaining one forms a large cluster with 6603 observations
(99.41%). The average burned area in cluster 1 exceeds the threshold of 500 Ha. The same
is true for 48% of the observations in cluster 2 and for none in cluster 3. Results show that
0.07 + 0.50 = 0.57% of the studied events concentrate the problem and it is on these that
modelling should focus. Thus, the K-means algorithm successfully detects average megafires
and supports the need for models capable of quantifying and forecasting the spatio-temporal
risk of extreme events. From Table 2.17, average megafires are described as follows:
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Cluster dir  prec sol tmazx tmed tmin  wmed hr  buil buil0 tch.st brg.st sec.st
1 [16.360 1.702 9.660 30.976 24.886 18.808 3.188 53.000 1.292 2.530 12.456 8.700 19.366

2 (20.795 1.561 11.311 32.066 24.295 16.530 2.776 44.206 1.884 3.673 4.219 3.716 4.910
3 9.546 8.705 8.912 26.756 20.337 13.918 2.554 57.896 1.086 2.266 -0.031-0.026 -0.040

Cluster| oth.st atb.eq bll.eq trc.eq oth.eq amp.air car.air ext.air tra.air n.fir Yijie ~ size count
1 2.272 6.321 7.118 4.139 8.015 8.873 4.711 2.134 10.235-0.209 3710.843 5 5

2 2.521 3.759 6.064 1.803 1.877 4.560 2.014 2445 3.681 0.026 656.026 34 16
3 -0.015-0.024 -0.037 -0.012 -0.016 -0.030 -0.014 -0.014 -0.027 0.000 5.919 6603 0

Table 2.17: Results of the K-means algorithm described in Appendix B. Cluster centres and
sizes (size) and count (count) of average megafires for the 3-group case.

Weather conditions: Low rainfall and humidity, plenty of sunshine, higher than expected
temperatures and strong winds. Wind direction is not discriminating.

Distances: Proximity to urban settlements more influential than isolated human buildings.

Firefighting resources (standardized variables): Need for much more personnel, ground equip-
ment and air support. The differences with the average of the extinguishing systems are
higher for megafires. Indeed, they skew the mean —not robust enough— and force it to be
slightly negative for cluster 3, which captures fires with “more common” patterns.

Simultaneity of fires (standardized variable): The more forest fires, the more virulent they
are. In cluster 1, large forest fires occur in a period with fewer events than the average, but
the other fires in cluster 2 are generally associated with higher simultaneity.

2.4.4 Application to the 2007-2015 GFFS weekly data

As a follow-up to the study by Bugallo et al. (2023), the aim of this section is to model
virulent fires with provincial spatial and weekly time scales, and to define risk measures. Based
on the aZIG22 mixed model (2.12)-(2.13), this section analyses the variables total burned area,
Yijk, and average burned area , Y;;, in year i, week j and province k, accounting for excess
zeros. For ease of exposition, we will denote the models aZIG for totals and averages as
aZIGT and aZIGA, respectively. Each model aZIG has two submodels, with BE and GA
distributions, called the BE-submodel and the GA-submodel, respectively.

Tables 2.18 and 2.19 show the ML parameter estimators of the model parameters 3y,
¢1 (BE submodel) and 35, ¢2 (GA submodels), the p-values to test Hy : By = 0, t = 1,2,
£=1,..,q¢, and Hy : ¢y = 0, t = 1,2, and the normal-asymptotic and bootstrap Cls at the
95% confidence level. For convenience, their lower (LB) and upper (UB) bounds are provided.
Normal-asymptotic Cls are discussed in Appendix A and bootstrap Cls in Section 2.4.2. The
models are fitted to data from 2007-2014, keeping 2015 to test near future retroconditions.

The final model incorporates only those variables that are significant at 1%. As a result,
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the BE submodel, fitted with the climatological variables of Table 2.16, contains g1 = 5
covariables: z11 = prec, v12 = tmax, 13 = tmed, x14 = wmed, 15 = hr. The GA-
submodel of model aZIGT contains go = 11 covariates: w21 =, x22 = bll.eq, x23 = trc.eq,
To4 = amp.air, Tos = car.air, T2 = lra.air, To7 = prec, rag = tmar, Tog9 = tmed,
x210 = wmed, x211 = hr. The GA-submodel of model aZIGA contains g2 = 7 covariates:
x21 = n.fir, xoo = buil, x93 = prec, x4 = tmax, x25 = tmed, x26 = wmed, x27 = hr.
The estimates of the scale parameters are vy = 0.808 and v4 = 0.805, respectively. There is
no fixed intercept in either of the three submodels and the climatological variables of the two
GA submodels are the same.

BE submodel
P11 B12 P13 P14 P15 o1
Estimate | 0.015 -0.285 0.235 -0.447 0.041 1.141
p-value 0.000 0.000 0.000 0.000 0.000 0.000
Asymp LB 95% | 0.010 -0.339 0.167 -0.559 0.035 1.020
UB 95% | 0.020 -0.232 0.302 -0.335 0.046 1.275
Boot LB 95% | 0.011 -0.351 0.183 -0.555 0.036 1.015
UB 95% | 0.020 -0.248 0.317 -0.330 0.047 1.267

Table 2.18: ML parameter estimators of the model parameters for the BE submodel of models
aZIG. Model fitted with 2007-2014 data aggregated by province and week.

It can be observed in Table 2.18 that for both y;;; and ;;; the ML-Laplace algorithm
returns the same estimates for the BE-submodel. The reason is that the objective function
to be maximised is additively separable and the optimization of the BE-submodel summand
does not depend on y;j or y;;x. Furthermore, the BE-submodel is an area-level BE mixed
model (aBE) with random effects dependent on week and province crosses, and stable over
years. If we fit the aBE model directly to the binary target variables &;;;’s, which indicate the
events of zero or more than one forest fire, and apply the ML-Laplace algorithm, we obtain
the same estimates as for the completed models aZIGT and aZIGA.

At the same time, we have modelled the target variables taking into account that they
are semi-continuous, i.e. with many exact zeros and continuous positive outcomes. Linear
models for normally distributed variables are the simplest and most commonly used statistical
models. However, linear models are not appropriate for positive variables with asymmetric
distributions. Here are some reasons for choosing a GA mixed model for the conditional target
data, y;jk|nijr > 0 and ?ijkmi]‘k > (. If the response variable is positively skewed, a model
based on the normal distribution does not take place. The GA distribution is appropriate
when the response variables take values in (0,00), where small values are expected to have
small variability and large values are expected to have large variability. The link function of
the GA GLMM is logarithmic. One reason is that these models assume multiplicative effects
of the predictors on the original outcome and are easier to interpret. This is not the case with
the canonical link of the GA GLMM (Lee et al., 2010). In addition, it is suitable to reduce
the variability of positive variables with some tiny and some unusually high values. Finally,
the usual GA GLMM assumes that the shape parameter is constant, just as the normal linear
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Total burned area - model aZIGT
Bar Paz Pas Paa Pas BPas Par Pas Pro Paro Penr dar
Estimate |0.316 0.384 0.274 0.267 0.171 0.336 0.008 0.356 -0.347 0.301 -0.016 1.347
p-value |0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Asymp LB 95% [0.236 0.305 0.221 0.192 0.104 0.266 0.003 0.316 -0.400 0.226 -0.020 1.266
UB 95% |0.397 0.462 0.326 0.342 0.239 0.407 0.012 0.396 -0.294 0.377 -0.012 1.433
Boot LB 95% {0.290 0.334 0.217 0.188 0.107 0.295 0.002 0.308 -0.395 0.218 -0.019 1.261
UB 95% |0.407 0.437 0.305 0.311 0.225 0.414 0.011 0.388 -0.285 0.369 -0.012 1.416
Average burned area - model aZIGA
B21 B2z B3 B24 Bas B2 B2z $2,4
Estimate 0.243 0.237 0.006 0.115 -0.080 0.331 -0.021 1.023
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Asymp LB 95% 0.191 0.188 0.002 0.079 -0.128 0.257 -0.025 0.959
UB 95% 0.296 0.287 0.010 0.152 -0.032 0.406 -0.017 1.091
Boot LB 95% 0.207 0.173 0.002 0.083 -0.121 0.253 -0.026 0.926
UB 95% 0.310 0.252 0.011 0.152 -0.027 0.393 -0.018 1.077

Table 2.19: ML parameter estimators of the model parameters for the GA-submodels of
models aZIG. Models fitted with 2007-2014 data aggregated by province and week.

model assumes a constant variance. Likewise, we have maintained this assumption.

To validate models aZIGT and aZIGA, we first define the raw residuals (RR) as

~ ~in .
€ijk = Yijk — Hyijrs  ©=1,...

I, 5=

1,....J, k=1,...,K.

Standardized residuals (SR) are defined by dividing the RRs by its standard deviation, i.e.

1
I J K 3
C.v” Y where v = LZEZ Ciip — @ ’
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Up to this point, it is important to make the following comments.

K

1
PIDIPICTE

i=1j=1k=1

Model aZIGT: Due to the range of the response variable, calculations are restricted to the
log-scale. Consequently, the RRs are the differences between the log-observed values and the
log-fitted values. For SRs, the sample mean is subtracted and divided by the sample standard
deviation. At this point, there is a problem with null counts because the corresponding
residuals are not defined. They must be omitted or an artificial value must be assigned to
log(0). Since we are interested in zero inflation, both options are problematic. This drawback
is a strong argument against the model aZIGT (Bugallo et al., 2024c).

Model aZIGA: Calculations are performed at the original scale and both the RRs and SRs
are well defined for all domains. Values are consistent and interpretable.
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Because of the advantages and disadvantages mentioned above, we will pay more attention
to the aZIGA model, whose estimated model parameters are given in Tables 2.18 and 2.19
(bottom). The aim is to investigate whether there are unfavourable cases for the tolerance
limits set and to relate them to the megafires. Of the 5904 observations, only 18 are average
megafires, but they are particularly interesting and distort the residual plots strongly. It is
safe to say that they must be analysed separately.

Figure 2.10 plots the SRs of the model aZIGA, stressing their magnitude and colouring
average megafires in dark blue. As expected, it is challenging to accurately fit such events,
which adds great value to our research. Indeed, average megafires are more volatile and
their residuals skyrocket. Consequently, the model underpredicts them. In contrast, residuals
belonging to null observations are conveniently close to zero. In addition, the majority of the
SRs are in the interval [—3,3]. Finally, no patterns are observed over the years.

Non zero Zero
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Figure 2.10: SRs of model aZIGA by domain, for non-zero (left) and zero (right) outcomes.
Megafires are dark blue and the size of the dots is proportional to the average burned area.

Once the week and the province have been determined and the auxiliary variables are
known, the proposed models make it possible to predict the total and average burned area in
different provinces. There are two main approaches. One is to assess the goodness-of-fit of the
model using the fit period of the data. The other is to work with hypothetical scenarios, i.e.
artificial values of the area-level auxiliary variables and simulated target values. However, it is
quite difficult to reproduce the variability of the real process, so we would have no guarantee
that the results would be close to a realistic background. For this reason, we have decided to
set aside 2015 (I = 9) and use the available information to make retroconditions for the near
future. We have taken the actual scenario of 2015 as the forecast scenario.

Figure 2.11 shows line charts of the observed area-level values and retroconditions of the
2015 forest fires, based on the aZIGT and aZIGA models. The results have been averaged
on a provincial basis according to the territorial division of Spain shown in Figure 1.1. Thus,
what is shown is the average behaviour of the provinces over time, as a summary measure of
the three specified regions (Northwest Spain, Peninsular Center and Mediterranean Coast).
We conclude that the averaged observations and retroconditions follow similar patterns over
time. Figure 2.11 also indicates that in 2015, the month of July was, on average, the period
with the highest number of reported medium to large fires, with a decreasing trend until
the last month considered, October. We do not include a non-aggregated plot because the
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cardinality of the set of crosses between weeks and provinces clouds the interpretation.

Northwest Spain Peninsular Center Mediterranean Coast
© A © H © —
aZIGA
aZIGT
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Figure 2.11: Spanish forest fire plug-in retroconditions for 2015 over the study weeks (from
July to October) and aggregated by the three pre-defined regions of the Iberian Peninsula.

We also provide estimates of the MSE of the plug-in predictor for the 2015 retroconditions.
For this purpose, we apply the resampling method described in Section 2.4.2 and consider both
models aZIGT and aZIGA. Figure 2.12 shows the RRMSE estimates for domains of model
aZIGT (left), model aZIGA (center) and one model against the other (right), all of them in %.
To analyse what happens, a distinction is made between zero and non-zero observations. The
model aZIGT performs worse, which is in line with the problems of fitting and handling large
outcomes already mentioned. For totals, the main quartiles are gg = 0.036, gg.25 = 3.752,
go.s = 10.085, qo.75 = 25.342 and ¢; = 198.558. In contrast, the model aZIGA is much better,
with considerably lower RRMSE estimates. For averages, the main quartiles are ¢y = 0.039,
goos = 2.564, qo5 = 5.386, ¢o.75 = 10.187 and ¢; = 70.940. As can be inferred from Figure
2.12 (right), domains with higher RRMSE estimates match for both models, although they
are higher for totals. These are either domains with no records or very small weekly and
provincial values, both in number and magnitude. This is mainly explained by the relative
nature of the RRMSE. In addition, it is difficult to fit a model when the distribution of the
data across provinces and weeks is so dissimilar. However, our results are reassuring: it is
convenient to predict better in those domains with larger average forest fires, as the severity
of the environmental problem is of much more concern.

Last but not least, we have proposed a measure of risk. The aim is to have solid evidence for
firefighting, bearing in mind that the important issue is to know whether a fire is particularly
dangerous or not, without seeking to predict exactly how many hectares it will burn. As a
starting point, bootstrap estimates of the quantiles of the predicted average burned areas,
ijk,a, are calculated for o € {0.05,0.15,0.2,0.3}, according to Section 2.4.2. We set 50 Ha
as a threshold to introduce the risk scale: medium-low if Gijir 030 < 50 (< 70%), moderate
if Gijk020 < 50 < Gijk,0.30 (70-80%), high if Gijk0.15 < 50 < Gijk,0.20 (80-85%), very high if
Qijk,0.05 < 50 < Giji0.15 (80-85%), and extreme if Gijr.0.05 > 50 (> 95%). The risk conditions
establish a hierarchy over the Spanish provinces, providing weekly horizon prospects.

Figure 2.13 shows the risk maps for weeks 28, 29 and 30 of 2015. For the study period,
the presence of constant provincial patterns over time is quite evident, highlighting the high
risk associated with the provinces of Galicia and Extremadura, as well as some provinces of
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Figure 2.12: RRMSE estimates of the 2015 plug-in retroconditions by domains. Domains are
defined as crossings between years, weeks and provinces.

Castilla and Leén. In these domains, the detection of a forest fire is an alarm signal because,
with high probability, it can grow considerably in size and, in particular, burn more than
50 Ha. On the opposite side are the provinces of the Mediterranean Coast and the whole of
Andalucia. Thus, our results are consistent with the facts: north-western Spain is the region
most affected by the incidence and intensity of forest fires because of its large forest mass.

06/07/2015 - 12/07/2015

13/07/2015 - 19/07/201

5

20/07/2015 - 26/07/2015

Figure 2.13: Risk maps for weeks 28, 29 and 30 of year 2015. The risk scale is calculated
according to the bootstrap quantile estimation method of Section 2.4.2.

Several conclusions are drawn. The modelling of burned forest area has demonstrated the
suitability of the GA distribution to model continuous and asymmetric outcomes, and the BE
distribution to tackle the excess of zeros. Added to that, the application to real data provides
solid and convincing results for the following reasons: (1) forest fire data are strongly affected
by uncertainty and opportunism; (2) short-term (weekly) fire modelling is key to managing
resources in potentially vulnerable locations and planning future firefighting practices; (3)
easy-to-predict meteorological data have been used, which simplifies forecasting tasks; (4) the
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error inherent in the modelling of large events is conditioned by simplified representations of
the underlying physical processes.

2.4.5 R codes

As for the R codes, the GitHub repository https://github.com/mbugallo/aZIG11Fires (ac-
cessed on: November 4, 2024) contains our dataset and computer code, as well as a detailed
description of its contents. It includes a README file that provides basic instructions for
the correct execution of the available software.


https://github.com/mbugallo/aZIG11Fires




Chapter 3

Three-fold Fay-Herriot model and
prediction of segregation indexes

This chapter is self-contained and follows Bugallo et al. (2024d) as a reference point. It
describes a new statistical methodology for the small area prediction of dissimilarity indexes
of occupational segregation by sex in administrative areas and time periods. In this respect,
there is a large amount of literature on the measurement of segregation, with several indexes
in use, all of which have different properties. However, one of the most popular measures of
segregation is the Duncan Segregation Index (DSI) (Duncan and Duncan, 1955), which allows
for the assessment of differences between categories in the calculation of various socio-economic
indicators. The DSI is a measure of segregation that is applied to individuals differentiated
by a dichotomous classification variable in groups defined by sex, race, origin, religion or
culture, to name just but a few. Locations should be interpreted in a broad sense. Examples
of locations are residential areas, educational levels or occupational sectors.

The current research examines the use of the DSI to measure occupational segregation
by sex, where the group variable is sex and the location variable is the occupational sector.
This is done by comparing the percentage of men and women employed in each occupational
sector and providing a numerical value which is lower the closer the occupational distribution
is to equality. If all sectors have the same proportion of employed men and women, the DSI
is zero. Otherwise, the DSI is one and segregation reaches its maximum.

The estimation of segregation indexes has been widely studied but, to our knowledge,
little attention has been paid to the sample sizes used in the inferential processes. Recent
contributions include Salardi (2016), who examines the evolution of racial and sex segregation
in Brazilian labour markets, and Das and Kotikula (2019), who analyse the causes of gender-
based occupational segregation. As a general feature, the studies cited above assume that
the available information is fully reliable. In practice, data may come from surveys and are
therefore subject to sampling errors. On condition the data come from administrative registers
or surveys with large sample sizes, the calculation of the DSI is straightforward. When
sample sizes are small, direct estimators may be unreliable and the problem deserves further
methodological research. The main advantage of the three-fold Fay-Herriot (FH3) model over
the existing literature is that it is an area-level model with hierarchical nesting, which suits

95
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the nature of our data. Nested error regression (NER) models may also be appropriate, but
the lack of census data and administrative registers would limit their predictive power to that
of ANOVA-type models. It is highly doubtful that these models would have performed better
in predicting DSIs over small areas.

This chapter is structured as follows. Section 3.1 introduces the data, the dissimilarity
indexes and the small area problem. Section 3.2 describes the FH3 model, fitted to the pro-
portion of employed men by province, occupation and time period, and then derives EBPs and
plug-in predictors of the DSI. A parametric bootstrap algorithm is implemented to estimate
the MSE by following Marcis et al. (2023). Section 3.3 includes some simulation experiments
to investigate the performance of the DSI predictors and MSE estimators. The simulation
scenario is based on the case study. Section 3.4 deals with the application to real data. Data
from the 2020.4-2021.4 Spanish Labour Force Survey (SLFS) are used to illustrate the per-
formance of the new statistical methodology and to shed some light on the current state of
sex occupational segregation by province in Spain.

3.1 Dissimilarity indexes and 2020.4-2021.4 SLFS data

The application to real data aims to estimate sex occupational segregation by Spanish
provinces (D = 52) and time period. Data are from 7" = 5 Spanish Labour Force Surveys
(SLFS), starting in the last quarter of 2020 (SLFS2020.4) and up to the last quarter of 2021
(SLFS2021.4). The population of interest is made up of people aged 16 and over (age>16),
with permanent residence in Spain. Respondents under 16 years of age are not considered
because they are not above the minimum age for working in Spain. The occupational sector
(OC) variable has been derived from the 2011 Spanish National Classification of Occupa-
tions (CNO2011), statistical classification published online by the Spanish National Statisti-
cal Office (INE) (https://www.ine.es/en/daco/daco42/clasificaciones/nota_epa_cnoll_en.pdf;
accessed on: November 4, 2024). Three categories have, however, been aggregated due to the
smallness of the sample sizes and because they are roughly similar in description. The final
encoding of the occupational sector variable, with R = 7 mutually exclusive categories, is
described in Table 3.1. The set of categories covers a wide range of occupations and provides
an accurate picture about the respondents in terms of their main occupation.

In order to calculte the DSI by province and time period, some mathematical definitions
are given below. Let Uy, be a subset (estimation domain) of the population, relative to time
period ¢ and conformed by Ng.. employed people aged 16 or over, resident in province d and
working in sector r. Let ygr41; be a dichotomic variable such that yg,41; = 1 if the individual
J of Ugpt is male, and ygr41; = 0, otherwise. Let yg,42; = 1 — yart1; be the analogous variable
for females. The population means of these variables are

o Nd'rt e 1 Nd'rt
Ydrtlz Zydrtlj7 YdrtQZN Zydrt2ja d:17"'7D>rzlv"'ath:L"'aT'
drt j=1 drt j=1


https://www.ine.es/en/daco/daco42/clasificaciones/nota_epa_cno11_en.pdf

3.1. DISSIMILARITY INDEXES AND 2020.4-2021.4 SLFS DATA 57

Code Description

0OC1 Directors and managers. Senior public and private figures

0C2 Scientists and intellectual technicians and professionals

0C3* (i) Military occupations. (ii) Technicians and support staff

0C4 Accounting, administrative and other office employees

0C5 Catering, protection and commercial staff

OCe6* (1) Unskilled workers. (ii) Primary sector workers

oOCT (i) Plant and machinery operators. (ii) Craftsmen and skilled workers in
the manufacturing and construction industries.

Table 3.1: Encoding of the occupational sector (OC) variable. The * means that the cate-
gories have been aggregated because they are roughly similar in description.

The Duncan Segregation Index (DSI) of province d at time period ¢ is

R _ _
Sd.t = 1 2 Sdrt where Sdrt = éVdrtYdil - éVthYdﬁz . (32)
23 Yiic1 NaitYainn 2521 NawY aiz

In our research, the DSI measures how evenly (or unevenly) the population of both sexes is
distributed in each occupational sector (Bugallo et al., 2024d). Segregation is measured as the
degree to which the spatial distribution of the female group deviates from that of the male one.
As long as men and women are distributed in equal proportions in the different occupational
sectors, there is no segregation. Therefore, the DSI has a straightforward interpretation: it
corresponds to the proportion of women (or men) who would have to move to another occu-
pational sector to balance the distribution. Movements would have to occur from occupations
in which the group is overrepresented to occupations in which it is underrepresented.

In practice, the theoretical DSI values defined in (3.2) should be estimated by using SLFS
data. However, our estimation domains are not planned in the SLFS so we first investigate
whether the sample sizes are large enough to provide accurate direct estimates of the dis-
similarities Sg-’s. For this purpose, we introduce some additional notation below. Let ng.
and Ngﬁg be the sample size and the estimated population size (sum of the sampling weights)
of Ugrt. Let n = Zc?zl Zle Zthl ngr¢+ be the global sample size. The estimated sampling
fractions (in %), are defined as relative sample sizes as

Ndrt
Ardir?
Ndrt

fare =100 (3.3)

and are not uniformly distributed in Ug.¢. The latter is shown in Table 3.2, which presents
the deciles of the sample sizes (SS) and the estimated sampling fractions (SF).

It can be observed in Table 3.2 that 20% (50%) of the Ug’s have samples sizes smaller
than 56 (121) and that the average sample size, equal to 149, is between ¢pg = 143 and
qo.7 = 175, indicating that the sample size distribution is positively skewed. Furthermore,
sampling fractions allow us to know the percentage of individuals of the subsets Uy, who
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qo q0.1 q0.2 qo.3 q0.4 q0.5 q0.6 qo.7 qo.8 q0.9 q1
SS 6 34 56 82 104 121 143 175 218 297 1013
SF | 0.091 0.202 0.249 0.290 0.350 0.407 0.469 0.538 0.652 0.811 1.779

Table 3.2: Deciles of the sample sizes (SS) and the estimated sampling fractions (SF), in %,
for the 2020.4-2021.4 SLFS data.

actually belong to the sample. As they are all lower than 1.779, the representativeness of
the samples in the crosses is quite small. Consequently, this is a SAE problem and direct
estimators, such as the Héjek estimator, are not accurate enough. The inference problem
requires the incorporation of more sophisticated prediction methods.

Table 3.3 shows the total and the proportion of men and women in the subset of employees
by main occupation for the SLFS2021.4 data. We conclude that OC7 and, to a lesser extent,
OC1 are of particular interest for the analysis of sex occupational segregation.

Occupation sector 0C1 0C2 0C3 0C4 0C5 0C6 ocCr
Men Total 11,023 31,816 29,101 12,720 31,845 27,798 63,984
Proportion | 0.698  0.395  0.631 0.317  0.380  0.508  0.906
Women Total 5,191 44,518 17,947 28,116 48,398 29,021 6,694
Proportion 0.302 0.605 0.369 0.683 0.620 0.492 0.094

Table 3.3: Employed men and women by occupation sector in the SLFS of 2021.4.

The Hijek estimators of Y g1 and Y 4,49 are direct estimators that are calculated by using
only data of the SLFS sample sg,+ of the subset Ug.; and the sampling weights wg,;’s. They

are therefore ratios between two quantities, Ydd%i and N gg, given by

~dir i}dir Z Wert i Ydrtri
€ Tty Jartk]
Ydrtn _ Zdrik _ JESdrt . K= 17 92 (34)

ndir . :
Ndrt ZJESdrt Wyt j

To overcome the lack of precision of the Héjek estimator, we incorporate auxiliary and
hierarchical information, and derive model-based predictors, which are the ones that drive
our research. The selected auxiliary variables are the Hajek estimates of the proportion of
individuals in Uy, that belong to the categories of the following factors:

Age group, with 3 categories: between 16 and 30 years (age3-1), between 30 and 50 years
(age3-2) and over 50 years (age3-3).

Citizenship, with 2 categories: Spanish (cit!) and not Spanish (cit2).

Education, with 4 categories: primary or less (edul), basic secondary education (edu2),
advanced secondary education (edu3) and higher education, such as university (edu4).

Working hours, with 2 categories: full-time (workl) and part-time work (work?2).
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Professional status, with 5 categories: self-employed (st1), cooperative or family business
(st2), public (st3) and private (st4) sector salaried employee and others (st5).

The set of categories of each factor is exhaustive, so the estimated proportions sum one.
Based on their socio-economic meaning, we have limited to 11 auxiliary variables defined at
the level of the Uy, subsets. We have removed age3-2, cit2, edu2, work2 and st5. First of
all, citl and workl are complementary to cit2 and work2, respectively, so the selection of
the former or the latter is of little interest. As for age3-2, it represents the intermediate
category, so we consider it more informative to include the age variables that account for the
two edge groups, which to some extent also applies to edu2. Finally, we dropped st5, defined
as “others’, for being the most ambiguous variable to account for professional status.

For the sake of accuracy, we jointly use data from the last five SLFSs to estimate the
covariates for each quarter and the population sizes Ng.+ used to calculate the DSI values in
(3.2). Therefore, the effects of the variances of the covariate means and population sizes in
the properties of the prediction procedure are considered negligible. This allows for an ap-
proximate 5-fold increase in available data and reduces temporal variability. As an example,
the vector of covariates for ¢ = 1 (SLFS2020.4) is estimated using the SLFS data from 2019.4
to 2020.4, both surveys included. In simulation experiments in Section 4.5, we empirically
verify that this does not lead to underestimating the final variability. In addition, the ele-
vation factors are the inverses of the inclusion probabilities, which are deterministic, after a
calibration process whose randomness is minimal. As a result, the population sizes estimated
as sums of elevation factors have negligible variability.

Table 3.4 compares the quartiles of the variances of the Héjek estimates of the selected
auxiliary variables with those of the response variable. All area-level variables being propor-

tions, it is safe to say that the variability of the covariates is significantly lower than that of
~dir

Y ;11 and close to zero. To provide further evidence to the previous point, the loss of precision
of model-based predictors when using area-level auxiliary variables obtained with sampling
errors will be studied. The results are reported in Section 3.3 of the simulation experiments,

where the framework is based on the application to real data performed in Section 3.4.

~dir

age3-1 age3-3 citl edul edu3 eduj workl st1  st2 st st | Y g
go.25 | 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.0000.001
go.5 | 0.001 0.001 0.000 0.000 0.001 0.001 0.001 0.001 0.000 0.001 0.001 |0.002
go.75 | 0.001  0.001 0.001 0.000 0.001 0.001 0.001 0.001 0.000 0.001 0.002 |0.004

Table 3.4: Quartiles of the variances of the Héjek estimates of the selected auxiliary variables
and the response variable. Data from the 2020.4-2021.4 SLFSs.

To take advantage of the area-level auxiliary data to refine the estimation of the propor-
tions of men and women employed in each occupational sector, and to obtain DSI predictions
by province and time period, Section 3.2 details the FH3 model-based statistical methodol-
ogy. No specific model has been used for the proportions because priority has been given
to obtaining DSI predictors from a three-fold nested model that allows the population to be
hierarchised in provinces, occupational sectors and time periods.
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3.2 Three-fold Fay-Herriot statistical methodology

The three-fold Fay-Herriot (FH3) model (Marcis et al., 2023) is defined in two steps, with
~dir _
the simplified notation ygr¢ = Y 4,41 and pgre = Y gre1. The first step starts from the sampling

model, indicating that yg4+ is an unbiased estimator of pg., i.e.

Ydrt = Hdrt + €drt, ed’l‘th(OvOgrt)7 O-grt>07 d:]-u"'v-Dv r= 17"'5Rat:17"‘7Ta
(3.5)

where the error variances afm’s are assumed to be known.

The selection of J?m is worthy of comment. In practice, we use the generalized variance
function (GVF) method (see Chapter 5 of Wolter (1985)) to calculate o2 ,. For this purpose,
a regression model is fitted to the direct estimates of the design-based variance of 34+, 53::’2,
obtained in advance from the unit-level survey data. See e.g. Remark 2.3 in Morales et al.

(2021). Following Section 16.4 in Morales et al. (2021), we define the log-linear model

10g(a’g7l»?2) = bO + blydrt + andrt + Edrt, (36)

where the £4,4’s are i.i.d. N (0, 0124) and 0124 > 0. Intuitively, b is expected to be positive and
bo negative. The final Ugrt equals the variance values predicted by the GVF model (3.6), i.e.

Tary = exp(05/2) - exp (bo + b1Yart + b2”drt)y (3.7)

where the factor exp(5%/2) is the usual bias correction term in a log-linear regression analysis

to prevent underestimation. This allows for the smoothing of the direct estimates 35:;;’2.

In a second step, a linking model is constructed assuming a hierarchical linear relationship
between g+ and a row vector x4+ of p auxiliary variables, i.e.

Hdrt :wdrt/@+ul,d+u2,dr+u3,d7‘ta d=1,....D, r=1,...,.R, t=1,....T, (38)

where B8 = (B1,...,8p) is a p x 1 row vector of model parameters, u1 4 ~ N(0,0%}), ug.gr ~
N(0,03), U3 drt ~ N(0,02) and o2, 03, 03 > 0 are the variance parameters. We further
assume independence between errors and random effects.

The FH3 model is a linear mixed model that can be expressed in the single form
Ydrt = Tgrt3 + U1 q + U2.dr + U3 drt T Edrt, d=1,....D, r=1,...,R, t=1,...,T. (3.9)
For 6 = (61, 02,03) = (0%,03,03), the REML log-likelihood function is

DRT — 1 1 1 1
Lemi(0) = —Tp log 27 + 3 log| X'X| — S log [V| - 5 log | X'V ' X| - ¢/ Py,
(3.10)
where the column and diagonal operators define the vectors and matrices
_ _ . . . 2

X = col ( col ( col (xan))): Ve= 1221%:)(121g3(121gzz(0drt)))’

V = of diag (Lrrliy) + 03 diag ( diag (1717)) + o3I prr + Ve,
1<d<D 1<d<D 1<r<R

y = col (col (col (ya))), P=V'-VIX(XV X)XV

1<d<D "1<r<R "1<t<T
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and 1,, and I,, denote the m x 1 vector of ones and the m x m identity matrix, respectively.
The REML estimators of the variance components, 01, 6 and 63, are obtained by maximizing
lremi(0) in (3.10). We apply the Fisher-Scoring algorithm with updating equation

kD) — gk) L p-1(9®) 59", (3.11)

where S = S(0) = (S1, S2, 53)" is the score vector and F' = F(8) = (Fup), p_1 2 3 is the Fisher
information matrix. For a,b = 1,2, 3, the components of § and F' are

ol 1 1 1
Sy = el — __ty(PV,) + ~y PV,Py, Fu = ~tr(PV,PV}),
00, 2 2 2
where
ov A% ov
Vl = = = diag (1RT1;2T)’ VQ = = = diag ( diag (1T1,T)), V3 = = = IDRT‘
201 1<d<D 002 1<d<D 1<r<R 003
To estimate 3 and to predict u = (u), u, uj)’, where
w =, ool (ma), e = <ol (<ol (waar)), us = <ol (| <ol (ol (usar)),
we use the REML estimator of 3 and the REML-EBLUP of u , i.e.
B=(XV X)XV 'y, a=V,zV " (y _ XB) , (3.12)

where V is obtained by plugging, V= diag(62Ip,531pr,631prr), Z = (Z1,Z2, Z3), and

Zy = diag (1gr), Z;= diag (diag (17)), Z3= Ipgr.

1<d<D 1<d<D 1<r<R

The EBLUP of pgyt is figrt = :cdrtfi' + U1, q + Ug,dr + U3 dre, Where [Ai' and w are given in

(3.12). Consequently, each [ig-+ contains area-level auxiliary information that will reduce the
~dir
variance of the Héjek estimates Y ;,4; in (3.4) without needing to increase the sample sizes.

3.2.1 Small area prediction of Duncan Segregation Indexes

Below we derive several model-based predictors for the DSI indicators defined in (3.2),
assuming that yg,+ follows the FH3 model (3.5)-(3.8). Let d = 1,...,D,r = 1,...,R, t =
1,...,T. First, let us define wgr¢ = (u1,4, U2, 4r, U3 are)’, SO that

Udrt ~ NK(O7 Vu,drt)a Vu,drt = diag(o-%a 0%7 0’%), 0 = (J%a U%v 0-?2,3 )

and K =1+ R+ RT. We consider the domain target parameters

Ndrt:udrt . Nd?"t(l - /Ldrt)
S Nawptaie Daeq Naie( — paie)

Sart = (3.13)
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The plug-in predictors of Sg,+ and Sy, are

R ~ ~
Nartpha Nart(1 — 1ig
Z drta drt rtdrt . rt( rt) : (314)

SE L Naahiaie Yy Naw(1 — flair)

l\’)\»—t

and the marginal predictor (MP) of Sy, is

SR3 Sdrt (udrt7 lg)f(ydrt|udrt)f(udrt) dudrt _ Adrt (ydrtv 67 0)
SR3 yd’/‘t|udrt)f(udrt) dugry Bd(ydrta 187 0) 7

S\gyﬁ? - [Sdrt|ydrt]
where
L
Adrt(Yart, 3,0) = Sart(wart, B) exp { ~ 5.2 edrt}f(udrt)dudrt7
R3 20’th

1
Bd(ydrtnaa 0) = J eXp{ ~ 52 egrt}f(udrt)dudrt
R3 Odrt

and egry = Yart — Mart = Ydrt — Tartf3 — Uy,d — U2,dr — U3,drt-

The empirical marginal predictor (EMP) of Sy, is §§:Zp = Agrt Yart, B, 9) /Ba(Yart, B, 6)
Therefore, the following algorithm gives a Monte Carlo approximation of §§:Zp .

1. Fit the model and obtain the REML estimates of B and 0.
2. For/=1,...,L, do
J4 ~9 Y4 J4 ~ 0 4 4 l
(a) Draw uf) ~ N(0,87). uyy, ~ N(0,33). usy,, ~ N(0,53), wy, = (u gy, )

L+¢ £)
Eirt ) = - ut(irt'

(b) Calculate Sszp = Ay / By, where

and set u

2 2L 2

~ ~ 1 e
Aipe = o= 37 Sam(uliy Byexp { = S}, By= — Y exp{ — %L}
;1 T 203% 2L€§11 2‘73%

(0) 2 () (€) ()
and ey = Ydrt — Tart3 — Uy g = Uggr — U dre-

All in all, the EMP of S;; is

~ 1 &

emp 2: aemp

Sd.t - 2 Sdrt :
r=1

The BP of Sy, S dft E[S4t|y], is also a potentially attractive alternative: theoretically
it has minimum MSE within the class of unbiased predictors. However, its computation
requires to approximate an integral in RX, with K = 43 in the application to real data.
This is computationally intensive and is the main reason why we do not consider the EBP
approach under the proposed FH3 model to be a useful alternative for predicting the Duncan

Segregation Index in academia or in the production of public statistics.
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3.2.2 Bootstrap inference

This section presents bootstrap based ClIs for the model parameters and estimators of the
MSE of figye and Sg; € (S, 85"}, d = 1,....D,r = 1,.... R, t = 1,...,T. Let §, be a
component of 3, {1 =1,...,p, Oy, a component of 8, ¢y = 1,2,3, and o € (0,1). Under the
FH3 model, we adapt the parametric bootstrap procedure proposed by Marcis et al. (2023)
to calculate a (1 — )% percentile bootstrap CI for By,, 61 =1,...,p, or Oy,, fo =1,2,3, and
estimate the MSE of fig and Sy € {Sdt, emp )

The steps of our algorithm are described below.

1. Fit the FH3 model to the data (yg,¢, 4rt) and obtain the REML estimates of 3 and 6.

2. Repeat B times (b=1,...,B):

(a) For d = 17"'7D7 generate UT’(;)) ~ N(Oya-%) Construct the vector ’U,T(b) =
col (uf(‘g)).
1<d<D ’

(b) Ford =1,...,D, r = 1,..., R, generate U;((Z)» ~ N(0,53). Construct the vector

O _ ool ( col (u®
IUIQ 1<CdOSD(1<C7Q<R(u2 dr))
(c) Ford=1,....,D,r=1,...,R, t = 1,...,T, generate u}", ~ N(0,52). Construct

o) +(b)

col ( col ( col (u3’th))).

the vector u,
1<d<D 1<r<R 1<t<T

(d) Ford=1,...,D,r=1,...,R, t =1,...,T, generate ezg) ~ N(O,aflrt). Construct

the vector e*(® = col ( col ( col (ed(t))))

1<d<D 1<r<R 1<t<T

(e) Calculate the bootstrap vectors
y 0 = )y ex®) 2 (0) XA+ Zluf(b) + Zgu;(b) + Z3U;(b).
(f) Ford =1,...,D, calculate the bootstrap quantities

b b
1 *(b . NdrtNZf«t) Ndrt(l - MZit))

drt ) drt - R b)) —R DNE
2 r=1 21‘21 Nditﬂzi(t) Zi:1 Nait(1 — M;ft))

b

(g) Fit the FH3 model to the bootstrap vector y*® . Calculate the ML parameter
estimators 9 , B the EBLUP ﬁ*(b), with components ﬁzg), and the predictors

Sd.(tb)’dzl?"'aDatzl,-..,T.

A

3. Sort the values Bz(b) 02;(17), bh=1...,p, 0 =1,2,3,b=1,...,B, from smallest to
largest. They are 32“1(1) <...< 32‘1(3) and 52‘2(1) <...< @;(B)' A (1 — )% percentile
bootstrap CI for fy, is ( Z(l(a/2 B|) ,82‘1([(1_(1/2)3”). A (1 — @)% percentile bootstrap

CT for 04, i (67, (a/2)8)) Vra(1-a/2)5)))-
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4. Ford=1,...,D,r=1,...,R, t=1,...,T, we calculate the MSE estimates as

B B
mse (a) = 5 37 (139 D) mectGa = L5 (B0 - 559 19
b=1 b=1
Remark 3.2.1. The auxiliary variables of the FH3 model must be known at domain level,
from censuses or administrative records, as they must be free of sampling errors to reduce the
variability of the small area predictions. In practice, however, this is not the norm, leading
researchers to resort to strategies that allow estimating such area-level variables with low
variability. A common technique is to use data from many consecutive surveys to increase
sample sizes in the direct estimation of the auxiliary information.

If the auxiliary variables have non-negligible sampling errors, the algorithm described
above could lead to underestimates of the actual MSE of jig¢ and Sy, € {Aglt,gs'rfp }. As
a solution to this potential problem, we propose to modify Step 2 (e) so as to include the
potencial non-negligible variability of x4.;. The proposed modification assumes uncorrelation
between the columns of x4, and between x4, and y4,.. Nonetheless, correlation relationships
are expected to be even lower.

Let us rewrite Step 2 (e) as follows:

2. (e) Ford = 1,....D, r = 1,...,R, t = 1,...,T, k = 1,...,p, generate v;(,f,l -
N(0, O'grtk), where U?lrtk is the design-based variance of the k-th component of xg4; =
(Zdrt1s - - - Tdrep) and p is the dimension of xg¢. This must be skipped for the inter-
cept. If we use Héjek estimates, O'Cletk can be replaced by the direct estimate of the
design-based variance of xg4.4;. We calculate the modified bootstrap vectors

#(b) _ #() #(0) _ () #(b) p
where v 1<(:C&ID 1<C19<1R(1<C;)<1T(vdrt ) and v4,," = (U1, - - - Vgpyy,) € RE

3.3 Simulations based on the 2020.4-2021.4 SLF'S data

Based on the case study, two model-based simulation experiments were performed. The
real set of area-level auxiliary variables, the variance of the direct estimator and the fitted
model, described around Table 3.8, were used to simulate the target variables. At this regard,
Yart represents the direct estimator of the proportion of employed men in province d, occupa-
tional sector r and time period ¢, i.e. ygrt = 73:;1. Simulation 1 investigates the performance
of the Fisher-Scoring algorithm (3.11) and studies the behaviour of the DSI predictors derived
in Section 3.2.1. The loss of precision of model-based predictors when using area-level auxil-
iary variables obtained with sampling errors will also be studied. Simulation 2 deals with the
MSE estimation and provides a recommendation on the number of bootstrap replicates to be
used. The behaviour of the estimators and predictors is studied under the assumption that the
fitted model is the true one. For the final FH3 model, we use x4+ = intercept, x40 = citl,
Tars = edul, Tgra = edud, Tgrs = workl, xgmwe = stl, xger = st2 and xgqg = std. As
mentioned above, the estimates of the model parameters are shown in Table 3.8 of Section
3.4, devoted to the application to real data.
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3.3.1 Simulation 1

The goal of Simulation 1 is to investigate the behaviour of the fitting algorithm and the
performance of the predictors of Sg¢ and Sg¢, d =1,.... D, r=1,.... R t=1,...,T. We

run Simulation 1 with I = 103 iterations. For a model parameter 7 = 8, k = 1,...,8 or
T =02 1=1,2,3, we calculate

14 1 , 1/2
BIAS() = ; Z(?w —7), RMSE(%) = <1 Z@w _ T)2> ,

i=1 =1
and for a predictor Sy, € {gzl”t, §§?p}, d=1,...,D,t=1,...,T, we calculate
ABIAS = ED] i |1 i(w) ~ 89, rRmsE= L ED] D <1 INE s(”)?) v
DrimSaia Ty 2N s N T

The corresponding relative performance measures (in %) are

BIAS(? MSE(?
RBIAS(?) = 10075(7), RRMSE(?) = 100]%5;(7),
BIASy RMSEy, 1 & o)
BIASy =1 MSEy = 100——2=% ==
RBIASy = 100——=, RRMSEq = 100—5—=, Sa I;Sd.t,

D T D T
1 1
ARBIAS = — BIA MSE = — MSE,,.
RBIAS DT;;W Sa|, RRMS DTC;;RR SEy

An analysis of Table 3.5 (top) illustrates that, for the 3 coefficients, the biases are small but
the root-MSEs (RMSE) are not so small, implying that the variance is the main component of
the MSE. Such variability is probably attributable to the relationship between the number of
estimation domains and the number of model parameters, DRT/(8+3) = 165.45, which is not
large enough to activate the asymptotic properties of the ML estimators. For the estimators
of the variances, the RBIAS is small and the RRMSE does not present notably large values
either, with the worst result being the one corresponding to 2.

Table 3.6 (left) provides the absolute and relative performance measures for the EMPs
and the plug-in predictors of the DSI values. We use L = 500 iterations in the integral
approximation performed when calculating the EMPs. For the plug-in predictor, the average
across DSI-domains of the absolute relative bias (ARBIAS) is close to 11% and the average
RRMSE does not exceed 28%, which is quite satisfactory. Incidentally, we use the plug-
in predictor in the application to real data in Section 3.4. In the case of the EMP, the
ARBIAS is greater than 56% and the RRMSE is close to 80%. The EMP is not obtained
exactly, only approximately, because the integrals that appear in its expression cannot be
calculated analytically. It should be pointed out that approximations are generated by the
antithetic Monte Carlo method and calculations are subject to the number of iterations, partly
justifying its poor results. Moreover, good theoretical properties are attributed to the BP,
not to marginal or empirical versions.
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B1 B2 B3 B4 Bs Bs B7 B8 o} o3 o3

Estimate| -0.327 0.142 0.089 -0.304 0.889 0.205 0.620 0.135| 0.012 0.002 0.001

BIAS -0.001 0.000 0.001 -0.001 0.001 0.000 0.014 0.000|{ 0.000 0.000 0.000
RMSE 0.044 0.018 0.038 0.019 0.034 0.029 0.186 0.021| 0.002 0.000 0.000

RBIAS |-0.387 -0.305 1.500 -0.209 0.157 -0.129 2.230 -0.166|-0.008 0.165 -0.024
RRMSE |13.346 12.681 42.924 6.216 3.836 14.228 29.992 15.423|20.792 10.701 11.360

B B B B Bs  Bs Bz Pyl or o3 o3

Estimate | -0.327 0.142 0.089 -0.304 0.889 0.205 0.620 0.135| 0.012 0.002 0.001

BIAS -0.002 0.001 0.004 0.002 0.000 0.001 0.001 0.001| 0.000 0.000 0.000
RMSE 0.042 0.019 0.039 0.018 0.035 0.028 0.194 0.020| 0.002 0.000 0.000

RBIAS |-0.450 0.594 4.609 0.537 -0.019 0.371 0.147 0.430|-0.066 -0.296 0.020
RRMSE |12.933 13.378 43.129 5.956 3.883 13.583 31.248 15.139]20.358 10.661 11.594

Table 3.5: Performance of REML estimators of 3 and 6 under the assumption that the aux-
iliary variables are deterministic (top) and taking into account the sampling errors (bottom).

plug-in EMP | plug-in EMP
ABIAS 0.051 0.324 0.050  0.342
RMSE 0.100  0.349 0.100  0.350
ARBIAS | 11.186 56.484 | 11.730 57.284
RRMSE 27.659 79.371 | 27.955 78.634

Table 3.6: Performance of predictors of S;; under the assumption that the auxiliary variables
are deterministic (left) and taking into account the sampling errors (right).

Up to this point, we have assumed that the area-level auxiliary variables are deterministic.
This assumption leads to the results in Table 3.5 (top) and Table 3.6 (left). As mentioned in
Remark 3.2.1, if the auxiliary data does not come from censuses or administrative registers, but
from estimates, it is potentially likely to add more variability to the small area predictions. For
this reason, we have also considered in the real data simulations the scenario in which the area-
level auxiliary variables have non-negligible sampling errors. For each iteration ¢ = 1,...,1,
the new area-level auxiliary variables are generated as follows:

X + 00, where v = col ( col ( col (v3i)). vy = (v viey) € BY (3.16)
v N(0,62,),d=1,....D,r =1,..., R t =1,...,T, k = 1,...,p, and 02, is the
design-based variance of the k-th component of x4 = (Tare1, - -, Tarep)-

Table 3.5 (bottom) shows the results for the model parameter estimators under scenario
(3.16). So as to compare the differences between the two scenarios (the deterministic scenario
and scenario (3.16)), the error measures must be interpreted in absolute terms to avoid small
variations caused by changes in the denominators when relativizing. Having said that, it is
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concluded that there is virtually no change in the performance of the Fisher-Scoring algorithm
when the random terms U;ﬁj}c’S are added. This is another argument in favour of our method-
ology. In addition, and as can be seen in Table 3.6 (right), generating the area-level auxiliary
variables according to scenario (3.16) leads to virtually no changes in the performance mea-
sures of the predictors Sg;’s. This justifies that the variability added by estimating them with
five consecutive periods of the SLFS is minimal. In light of the above, we conclude that it is
not necessary to propose a measurement error model for the problem at hand, i.e. the small

area prediction of DSIs by province and time period.

3.3.2 Simulation 2

Simulation 2 studies the behaviour of the parametric bootstrap estimator of the MSE of
the plug in predictor of Sdt, denoted by mseg, d = 1,...,D,t =1,...,T. The real MSE
of Sﬁl’f} is taken from Simulation 1 and denoted by M SFE4. It is assumed that the area-level
auxiliary variables are deterministic. As this simulation is more computationally-demanding,
we run Simulation 2 with I = 500 iterations. Moreover, as absolute measures are more difficult
to interpret, we focus our study on relative measures.

Ford=1,...,D,t=1,...,T, we calculate

1< 4 1< 2\ /2
Bdt = f Z (msezt(z) — MSEdt> y REdt = < Z (msedt MSEdt) ) )

i=1 i=1

Then we define the relative performance measures (in %)

RE,
RREz = 100 d

RBy = 100 :
de = SEdt MSEy,

d=1,....,D, t=1,...,T;

1 D T 1 D T
ARB = > ; |RBu|, RRE = - g ;RREdt.

Figure 3.1 plots five boxplots of the relative biases (left), RBg;, and the relative root-MSEs
(right), RRE4,d=1,...,D,t=1,...,T, for B = 50,100,150, 200, 300, 400.

Relative bias Relative root-MSE
8
© QA s
° o o | i S o
<1 £ ° 8 N o2 g i
I E T B E N i
‘ : * : Col ; : E 0
| ! | | = | | : - S
o | o S
R HH000
: | : ) © 9 :
T T T T T T T T o - T T T T T T T T
B50 B100 B150 B200 B300 B400 B50 B100 B150 B200 B300 B400

Figure 3.1: Study of the parametric bootstrap estimator of the MSE of S’\ﬁ Boxplots of
RBg’s (left) and RREg’s (right) for B = 50,100, 150, 200, 300, 400.
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The left boxplots show that the relative biases do not decrease as the size of B increases,
showing a slight positive bias around 1.2%. The right boxplots show that the relative root-
MSEs are lower than 20% and decrease as B increases, achieving good results for values
greater than or equal to 300 resamples. Table 3.7 confirms it, with the average of the absolute
relative biases (ARB) stabilized around 1.2% and the average of the relative root-MSEs (RRE)
decreasing as B increases, but suggesting some stabilization around B = 300 iterations.

B 50 100 150 200 300 400
ARB 1.229 0963 1.163 1.107 1.180 1.121
RRE 9.506 6.933 7.185 6.507 5.624 4.830

Table 3.7: Study of the parametric bootstrap estimator of the MSE of §Z[§ Average relative
performance measures for B = 50, 100, 150, 200, 300, 400.

3.4 Application to the 2020.4-2021.4 SLFS data

3.4.1 Model fitting and validation

In this section we apply the FH3 model-based statistical methodology described in Section
3.2 to the SLFS 2020.4-2021.4 data. Although we fit the FH3 model to all data, we focus
mainly on the results of the last quarter (SLFS2021.4) to draw conclusions. The main reason
is the temporal proximity, which allows us to analyse results closer to the present day, but
also to assess brevity. To fit the FH3 model to each w4+, we recursively removed those
auxiliary variables that are not significant at 5%. Specifically, age3-1, age3-3, edu3 and st3
were eliminated. For the final FH3 model, we use x 4,41 = intercept, g0 = citl, xg443 = edul,
Tarta = edud, Tgms = workl, xgme = stl, gy = st2 and x448 = st4d. The failure to consider
age groups suggests that sex segregation is persistent over time, despite the age of the worker.
At this regard, the conclusions are subject to the available information and, therefore, with
other territorial divisions, occupational sectors or time periods, the final set of auxiliary
variables may vary. Table 3.8 presents the REML estimates of 3 and the p-values to test
Hy: By =0,k =1,...,8 It also includes the lower (LB) and upper (UB) bounds of the
normal-asymptotic and bootstrap-percentile CIs at the 95% confidence level, being the latter
discussed in Section 3.2.2.

b1 B2 B3 B Bs Bs Br Bs

Estimate | -0.327 0.142 0.089 -0.304 0.889 0.205 0.620 0.135

p-value 0.000 0.000 0.020 0.000 0.000 0.000 0.001 0.000

Asymp LB 95% | -0.414 0.105 0.014 -0.340 0.820 0.156 0.243 0.095
UB 95% | -0.241 0.180 0.165 -0.269 0.957 0.260 0.998 0.175

Boot LB 95% | -0.550 0.126 0.246 -0.406 0.704 0.067 0.818 0.052
UB 95% | -0.117 0.413 0426 -0.206 1.069 0.343 2.095 0.315

Table 3.8: Model parameters of the final FH3 model for the SLFS 2020.4-2021.4 data.
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The effect of the auxiliary variables derived from Table 3.8 is consistent with a socio-
economic interpretation. Once the rest of the variables are fixed, their sign indicates their
contribution (positive or negative) to estimate the proportion of employed men by estimation
domain. Regarding the model variances, we obtain 57 = 0.012, 55 = 0.002 and 53 = 0.001.
At the 95% confidence level, the asymptotic Cls for the variances are

CI%Y™ = (0.007,0.016), CI%¥™ = (0.002,0.003), CI%’™ = (0.001,0.001);

1 2 3

and the respetive bootstrap-percentile Cls are
CIZ‘%“ = (0.002,0.004), CIZ%“ = (0.001,0.003), CIﬁ’ngt = (0.001,0.002).

As they do not contain zero, it is justified to make further inferences based on the FH3 model.
Moreover, the similarity between asymptotic-normal and bootstrap-percentile Cls indicates
that both distributions are close, which is a reassuring finding.

For the diagnosis of the FH3 model, we consider the raw residuals (RR), defined by
Cart = Ydrt — fdrt, d=1,...,D, r=1,...,R, t=1,...,T,

and the standardized residuals (SR), defined by dividing by the standard deviation, i.e.

ot e v (gt $ 58 ni)) L h- 555
€drtV ~, where v = | —= €drt — €... , B Cdrt-
o DRT d=1r=1t=1 o DRT d=1r=1t=1 .

ol

To detect outliers, three boxplots are shown in Figure 3.2. From left to right, the SRs
are grouped by time period, province and main occupation. The last two boxplots use only
data from the 2021.4 SLFS. We observe that: (1) the SRs present a homogeneous pattern
over time periods, (2) the provinces have a more pronounced influence, although none of them
shows particularly anomalous behaviour, and (3) the Héjek estimates tend to overestimate
occupational categories OC1, OC2, OC3 and OC7 because their boxes fall mostly in the
positive half-plane. Another important result that can be inferred is the adequacy of the SRs
in terms of rank: they take values from -3 to 2, with a single outlier, located in Melilla.
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Figure 3.2: Boxplot of the SRs of the final FH3 model the SLFS 2020.4-2021.4 data by time
period (left), province (center) and main occupation (right).



T0CHAPTER 3. THREE-FOLD FAY-HERRIOT MODEL AND SEGREGATION INDEXES

3.4.2 Prediction, error measures and maps

The aim now is to predict proportions of men who are employed in each occupational sector
and, eventually, sex occupational segregation across provinces and time periods. Figure 3.3
(left) plots the EBLUPs and the Héjek direct estimates of the proportion of employed men in
the last quarter of 2021. The dotted line y = 0.5 is included to compare the distance between
both approaches and the balanced distribution of the population. As desired, it can be seen
that model-based predictions smooth the behaviour of the Hajek estimates, with atypically
high and low proportions, and show a better predictive performance. It is observed that the
EBLUPs and the direct estimates follow the same trend, although the first ones are closer
to y = 0.5. Figure 3.3 (right) includes some boxplots of the EBLUPs and the Héjek direct
estimates of the proportion of employed men, for each occupational sector and the lastest
time period SLFS2021.4. The boxes of the EBLUPs and the direct estimates follow the same
pattern, although they are not completely identical.
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Figure 3.3: Line charts (left) and boxplots (right) of EBLUPs and Héijek estimates of the
proportion of employed men. Data from the SLFS of 2021.4.

To make a fair comparison of the relative error measures, we estimate the RRMSE of [ig
by dividing the squared root of the bootstrap estimate mse*(figy¢), defined in (3.15), by the
Hiéjek estimate yg4-¢. Next, we run the bootstrap algorithm with B = 2000 resamples, taking
into account Remark 3.2.1, and estimate the RRMSE of the EBLUP as follows:

—
RRMSE (fign) = vmse*(far) g p 1 R it=1.. . T (3.17)

Ydrt

Table 3.9 contains the deciles of the model-based estimates of the RRMSEs of the EBLUP
proportions of employed men and CVs of the Hajek estimator for the 2021.4 SLFS data. It
is obtained that the deciles of the CVs prior to the median are lower, as they correspond to
estimation domains with higher sample sizes, where direct estimates report reliable results.
However, after the median, the CVs have higher deciles than those of the RRMSEs of the
EBLUP. The reason, again, is the sample size.

Since the sample sizes are highly variable in our estimation domains for the SLFS data,
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q0 qo.1 qo0.2 40.3 qo0.4 q0.5 4o.6 qo.7 q0.8 40.9 q1
Nrt 6 30 57 81 101 118 142 172 211 294 956
RRMSE | 0.027 0.047 0.066 0.078 0.088 0.097 0.108 0.129 0.150 0.187 0.315
(A 0.000 0.029 0.063 0.077 0.088 0.099 0.113 0.127 0.153 0.187 0.373

Table 3.9: Deciles of sample sizes, RRMSEs of the EBLUP proportions of employed men and
CVs of the Héjek estimator. Data from the SLFS of 2021.4.

it is advisable to use model-based predictors instead of direct estimators. Under the model-
based approach, the EBLUP also has some theoretical good properties, such as asymptotic
unbiasedness. Overall, the proposed model performs satisfactorily, both in terms of the signifi-
cance level of the estimated parameters and in the reduction of the CVs of the Hajek estimator
when the sample sizes are small. On balance, its use to calculate plug-in predictions of the
DSI by province from 2020.4 to 2021.4 is justified.

Table 3.10 presents the provincial averages of the DSI plug-in predictions for t = 5, i.e.

D
. 1 N
== S0 r=1,...,R (3.18)
D d=1

Among the main occupations with highest DSI plug-in predictions, OC2 and OC7 stand
out. Therefore, sex occupational segregation is concentrated in two main groups: high-skilled
scientific and intellectual jobs and traditionally manual or low-skilled jobs (Figure 3.4).

— 0C2 — O0C7 ---- AC

OCl 0C2 0C3 0C4
Sin | 0.011 0.131 0.019 0.036
0OC5 0C6 OC7 AC 5
Sn | 0.040 0.040 0.160 0.060 ]

Table 3.10: For 2021.4, DSI plug-in pre- °

dictions and mean value of the so-called i

average contributions (AC), given by §*‘ ‘ ‘ ‘ ‘ ‘
0 10 20 30 40 50

Province

R
1
Sat=—= > Sart, d=1,....D, t=1,...,T.
TR 7; drt Figure 3.4: Unbalanced occupations and

average contributions (AC) by province.

The problem of inclusion and equal opportunities particularly affects the lowest and most
precarious occupational categories, and the highest positions of professor, manager, director
or equivalent. Moreover, this gap not only has an immediate effect on women’s labour con-
ditions, but also on their career progression, as it is a process of continuous training and
promotion. In contrast, directors and managers of public and private institutions and, in
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general, accountants, administrative and other office employees work in less sex-segregated
jobs. Intuitively, sex segregation is expected to be less evident in the public sector, where
placement is theoretically based on objective merit criteria. However, multiple studies have
shown that public institutions, such as universities, are not exempt from these problems either
(Massé et al., 2021). Nevertheless, the average measures presented here mask the provincial
variability of sex occupational segregation.

Figure 3.5 (left) colours Spain according to the DSI predictions for the fourth quarter
of 2021. It therefore allows us to analyse how sex segregation differs across provinces. We
observe that the largest discrepancies are found in Teruel, Albacete and Alava, among others.
Indeed, between 30 and 35% of the employed population of Teruel would have to change their
occupational sector to achieve a uniform distribution by province. The cause of the high sex
segregation in Alava is owing to the mining industry. Historically, male labour has always been
more predominant in this sector, including plant and machinery operators and assemblers,
as well as the construction and mining industries. In the other highlighted provinces, sex
segregation mainly occurs in the category OC2, which covers highly skilled scientific and
intellectual jobs. Research claims that there is a sex gap that persists despite advances in the
inclusion of women in the labour market in recent years and that is related to the unequal
sharing of family responsabilities and the stigmas still present in modern societies.

DSl estimates RRMSE DSl evolution

0<10% O (-0.07,-0.03]
0 10-15% O (-0.03,-0.01]
@ 1520 % @ (-0.01,0.01]
@ 20-25% @ (0.01,0.03]

® 2530 % (0.03,0.10]

=

@° <
p
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Figure 3.5: DSI predictions (left) and RRMSEs (center) for the SLF'S of 2021.4, and evolution
of the DSI predictions over the horizon 2020.4-2021.4 (right).

There is no clear spatial pattern in the sense that it is not possible to say that certain
larger regions of the Iberian Peninsula are more prone to sex segregation than others. However,
the distribution among provinces with similar demographic and socio-economic conditions is,
in general, homogeneous. In terms of labour equality, the high predicted values for many
provinces reveal the magnitude of the problem: the labour market disadvantages women
and the occupational distribution is clearly non-homogeneous. According to our research,
public and private institutions should implement measures of work equality and promote the

inclusion of men and women in those sectors in which their presence is minority.
As for the error measures, we calculate the parametric bootstrap estimator of Afft, mse*( AZZQ),
given by (3.15). We generate B = 2000 bootstrap resamples, taking into account Remark
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3.2.1. The RRMSE of §§l”t is obtained by dividing the RMSE by the DSI estimates, i.e.

. mse*(gfﬂ)
RRMSE(S]}) = Y———"", d=1,....D,t=1,....T. (3.19)
d.t

Figure 3.5 (center) shows the bootstrap estimates of the RRMSE for the DSI predictions,
which enables us to visually quantify the precision of our results. It can be concluded that
most provinces are accompanied by RRMSEs below 25%, which is quite acceptable in the
SAE setup. Most RRMSEs are lower than 20% and even 10% in several domains.

Taking advantage of the available temporal information, Figure 3.5 (right) maps the DSI
differences between the last quarter of 2020 and the last quarter of 2021, i.e. Azl’}) — Azﬁ,
d=1,...,D. We have observed that segregation shows appreciable changes over the obser-
vation period, with a maximum decrease close to 7 percentage units and a maximum increase
bordering on 10 percentage. However, several provinces in the center of Spain do not seem
to be affected by any change. In absolute terms, the situation has worsened in 17 provinces,
improved in 7 and remained stable in 26 (between —0.01 and 0.01). In Madrid and Barcelona,

which are the most populated regions, no significant changes have been predicted.

Even so, the changes observed over 2021 do not refer to a sufficiently long period of time
to capture the results of potentially applicable policy decisions, and therefore they are not
statistically significant (Bugallo et al., 2024d). But in spite of this, our model-based method-
ology provides relevant advances in the study of the temporal evolution of sex segregation in
SAE situations. Consequently, the proposed approach could be applied in other studies with
data from longer time periods, such as years or decades.

3.5 R codes

As for the R codes, the GitHub repository https://github.com/small-area-estimation/
FH3DUNCAN (accessed on: November 4, 2024) contains our dataset and computer code,
as well as a detailed description of its contents. It includes a README file that provides
basic instructions for the correct execution of the available software.


https://github.com/small-area-estimation/FH3DUNCAN
https://github.com/small-area-estimation/FH3DUNCAN




Chapter 4

Unit-level multinomial mixed models and
prediction of labour indicators

This chapter is self-contained and follows Bugallo et al. (2024a) as a reference point. It de-
scribes a new statistical methodology for the small area prediction of labour indicators under
unit-level multinomial logit mixed models. Namely, the proportion of employed, unemployed
and inactive people, and of unemployment rates. The novel empirical best and plug-in pre-
dictors are based on a multinomial mixed model for a trivariate response vector, and fitted to
unit-level data. Model parameters are estimated by ML and MSEs by parametric bootstrap,
following Hall and Maiti (2006) and Gonzélez-Manteiga et al. (2008, 2010).

The first point is to motivate the applicability that guides this research. It stands to reason
that unemployment is a cause of social instability that affects a country’s economy and social
welfare. The effects of unemployment can be economic, such as a decline in real productivity,
a fall in demand or an increase in the public deficit. But it can also have social consequences,
as psychological or discriminatory. The same applies to inactivity proportions, covering all
citizens over the age of 16 who are neither employed nor unemployed. On this basis, accurate
information is sought to monitor these problems so as to be able to take decisions aimed at
reducing them. As a matter of fact, governments are interested in mapping labour indicators
at a sufficient level of detail. This could be of great help in assessing the level of development
and progress of a country and can be applied sequentially over time.

Our research deals with vector data that has a one-in-one component and zeros in the
rest. That is, a one in the k-th component of the vector specifies that the respondent belongs
to the k-th category of the employment status variable. Given that the employment status
has three categories in the population residing in Spain, aged 16 and over, the response vector
has the components k = 1 for employed and k = 2 for unemployed. Inactive category (k = 3)
is complementary. The compositional models by Esteban et al. (2023) are not applicable to
this type of data due to the amount of zeros. An alternative is the unit-level multinomial
logit mixed model with a size parameter equal to one, in what follows called multi-BE model.
It should be stressed that the estimation, inference and prediction in these models presents
specific difficulties that are mitigated in the case of multinomial logit models with large size
parameters. In multi-BE models, the approximation to the normal distribution cannot be

75
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used. PQL estimators (Breslow and Clayton, 1993) might not be consistent, so it is high time
to calculate ML estimators. Accordingly, we develop two specific algorithms to maximise
the model log-likelihood, calculate ML estimators of the model parameters and predict the
random effects.

The chapter is structured as follows. Section 4.1 presents the data and the SAE problem.
Section 4.2 introduces the unit-level multinomial mixed model and the fitting algorithms.
Section 4.2.1 describes the H-cubature algorithm and Section 4.2.2 describes the Laplace al-
gorithm. Section 4.3 presents several model-based and population-based predictors. Section
4.4 develops bootstrap estimators of their MSEs. Section 4.5 contains simulation experiments
to investigate the behavior of the two fitting algorithms, the predictors and the MSE estima-
tors. Section 4.6 deals with the application to real data and the mapping of labour indicators.
Data are from the first Spanish Labour Force Survey (SLFS) of 2021 to map labour indicators
by province, sex and age group.

Supplementary Material, available online at Journal of the Royal Statistical Society: Series
A', contains additional content, structured into 5 sections. Section A develops the theory of
the more general unit-level multinomial logit mixed model for a target vector with ¢ > 3
components. Section B sets out the mathematical background of the proposed predictors in
a more general context, without imposing restrictions on the unit-level auxiliary information.
Section C presents algorithms to calculate the bootstrap MSE estimators. Section D describes
the steps of the simulations and contains further results. Section E plots additional maps for
the application to real data.

4.1 Labour indicators and 2021.1 SLFS data

The application to real data aims at estimating labour indicators by Spanish province,
sex (sex 1: men, sex2: women) and age group (agel: between 16 and 45 years; age2: between
46 and b5 years; age3: between 56 and 64 years; age4: 65 years or older). Data are from
the Spanish Labour Force Survey (SLFS) of the first quarter of 2021 (SLFS2021.1), which
covers about 58,000 dwellings, corresponding to 140,000 people. The population of interest,
U, is made up of people aged 16 and over (age=>16), with permanent residence in Spain.
Respondents under the age of 16 are not taken into account, as they are below the minimum
working-age in Spain. This reduces the size of the survey file to approximately 122,000
working-age respondents.

There are D = 52 - 2 = 104 domains, Uz < U, defined by the crosses of province and sex,
and S = 52 -2 -4 = 416 subdomains, Ug; < Uy, defined by the crosses of province, sex and
age group, respectively. The population U of size N is hierarchically partitioned in domains
U= Ug:1 Uy and subdomains U, = Uf;l Ugt, d =1,...,D. The total number of people in a
domain Uy and a subdomain Ug; are Ng and Ny respectively, which only contain individuals
aged 16 and over. The sizes Ny and Ny ; are taken from the population projections published
by the Spanish National Statistical Office (INE), and are the official sizes of the domains
and subdomains. For n = 122,000 working-age respondents, it is expected an average of

"http://academic.oup.com /jrsssa/article-lookup/doi/10.1093/jrsssa/qnae033; accessed on: November 4,
2024.
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n/D = 1173 and n/S = 293 respondents per domain and subdomain, respectively.

Going deeper into the issue of the sizes ng and ng4; of the samples sq and s4, the estimated
sampling fractions are

nd gt P -
fa= 100?’ far = 100]\7 . Ny = Z wgj, Nagp = Z wgj, (4.1)
d d;t JESa JESd,t

where ]’\\fd and ]\Afdyt are the estimated domain and subdomain sizes and wyg; is the elevation
factor of the j-th individual of sq or sq¢, d=1,...,D,t=1,...,4.

Table 4.1 presents the deciles of the sample sizes (SS) and the estimated sampling fractions
(SF) for subdomains (top) and domains (bottom). At the domain level, the sample sizes are
all greater than 179, which appears to be large enough to obtain sufficiently accurate direct
estimates. However, we observe that 20% (40%) of the subdomain sample sizes are lower than
106 (178) and the average sample size 293 is between go¢ = 266 and go.7 = 314, which suggests
that the sample size distribution is positively skewed. Added to that, sampling fractions allow
us to know the percentage of individuals from domains or subdomains that actually belong to
the sample. As they are all lower than 1.804 (in %), the representativeness of the samples is
low. Since sample sizes and sampling fractions are small in many subdomains, mapping labour
indicators using direct estimators is not sufficiently accurate. This motivates the incorporation
of model-based predictors using SAE methods.

q0 qo.1 q0.2 q0.3 qo.4 q0.5 q0.6 q0.7 qdo.8 q0.9 q1
Subdomain | SS 11 74 106 138 178 222 266 314 454 576 1821

SF{0.112 0.220 0.273 0.331 0.398 0.449 0.512 0.625 0.725 0.923 1.804
Domain SS| 179 555 611 660 959 1046 1169 1248 1451 2227 3916
SF{0.126 0.219 0.277 0.311 0.370 0.434 0.494 0.577 0.679 0.860 1.501

Table 4.1: Deciles of the sample sizes (SS) and the estimated sampling fractions (SF), in %,
for subdomains (top) and domains (bottom) in the SLFS2021.4.

The binary target variables, yg4i1, Y42 and yg;3, are equal to 1 if individual j of domain d
is employed, unemployed, and inactive, respectively, and are equal to 0 otherwise. Table 4.2
provides an overview of the distribution of the respondents according to their employment
status, sex and age group. We observe that active population is mostly concentrated in the
first two age groups, with inactivity proportions increasing from the age of 56 onwards, with
a very notable jump at the age of 65 (retirement age). The latter justifies why the total
number of employed and unemployed respondents decreases with age group. In addition,
unemployment and inactivity are more common among female respondents, regardless of the
age group they belong to.

The domain and subdomain labour indicators of interest are the proportions of employed,
unemployed and inactive people and the corresponding unemployment rates, i.e.

— 1 — 1
de:FZ Ydjk de,t:E.Z Ydjk k:17273;d:17"'7D7t:1a"'747 (42)
jeUy b jeUa,
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ages men women men women men women men women
1 27038 27555 | 17399 15699 | 3058 3690 6581 8166
2 11352 12232 8724 7540 | 1003 1285 1625 3407
3 5095 5597 2447 2155 339 276 2309 3166
4 14655 18560 495 360 16 23 | 14144 18177
respondents employed unemployed inactive

Table 4.2: From left to right, number of respondents by employment status, sex (columns)
and age group (rows) in the SLFS2021.1.

and o _
Y Y
d2 R d2.t

= == dJZT, d:]_,...,_D,t:].,...,4. (43)
Yo +Ya Yo i+ Yau

Ry

The quantities (4.2) and (4.3) can be estimated using direct estimators, that is, relying
only on data from sample units in the domain and subdomain of interest, respectively. The
Héjek estimators of Y4, and Y g5, are

~dir Zjesd Wi Ydjk ~dir Zjesd,t WdjYdjk

= L k=1,23:d=1,...,D, t=1,...,4, (4.4)
Zje‘sd,twdj

Yo =——— Y=
,t
Zjesd wdj

and the Héjek estimators of Ry and Ry, are

~dir ~dir
~. Y ~ Y
dir __ d2 dir __ d2,t _ _
Rd _M7 Rd’t_m7 d—17...,D7t—17...,4 <4.5)
Yo +Ya Yoo+ Ya

4.2 Unit-level multinomial logit mixed model

Let ygjx be the indicator variable of the labour status % for individual j of domain d.
That is, ygj, = 1 if individual j of domain d is in labour status k, yg4j; = 0 otherwise, and
Yaj1 T Ydj2 +ygiz =1,d=1,...,D,5=1,...,nq. Let n = Zc]z)=1 ng be the global sample size.
For k = 1,2, let x4, = (2gjk1,- -, ZTdjkp,) be a row vector containing pj auxiliary variables
and let By = (Bk1,- .-, Bkp,) be a column vector of size pj, containing the model parameters,
with p = p1 + ps. Ford =1,...,D, k = 1,2, let us consider independent random effects
ugr ~ N(0,1). The domain random effects are ug = (ug1,ug2)’ ~ N(0,12), d = 1,..., D,
where I,,, denotes the m x m identity matrix, and u = 1<(35)<1D(ud) ~ N(0, I1p).

The probability density function (p.d.f.) of w is

D D 2 1
fu) = H f(ug) = H H fugr) = (27T)_D exp {—2 ulu} .
d=1 d=1k=1

The unit-level multinomial logit mixed model, with independent domain-category random
effects, assumes that the distribution of the target vector y4; = (ydjl,ydjg)’ , conditioned to
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the random vector w4, is multinomial with size parameter equal to one, i.e.,
ydj|ud~M(1;pdj17pdj2>7 d:17"'7D7j:17"'7nd7 <46)

with the logit link for the natural parameter, i.e.

ndijIOgMZxdjkﬁk+¢kudk, d=1,...,D,j=1,...,nd,k‘=1,2, (47)
DPdj3

where Pdj1 + Paj2 + pajiz = 1, pajr > 0, or >0, d=1,....D, j =1,....,nq, k = 1,2,3.

Here the multinomial distribution is denoted by the letter M. Finally, the model assumes

that the vectors yg4;’s are independent conditioned to u. The vector of model parameters is

0 = (p,¢'), where B = (B1,5) and ¢ = (¢1,¢p2). The model formula (4.7) has random

intercepts var = druar ~ N(0,¢2),d=1,...,D, k=1,2.

Ford=1,...,D,j=1,...,ng, the conditioned probability of y,;, given u, is

Ydj1l Ydj2 Ydj3

Py(yaj|v) = Po(yaj|ua) = Paiy Py Pags -
where

1 Dk — exp{7ajk }
1+ exp{ngn} + exp{ng2}’ ~7° 1+ exp{ng} + exp{ngz}’

pdj3 = k= 1, 2.
The vectors of dimensions 2ng x 1 and 2n x 1 that contain the values of the target variables
are yq = 1<(:o<1 (yqj) and y = col (yd) respectively. The model likelihood is

NYES U

D ng
R = [, Pl () du. Potylu) = TP (43)

The ML parameter estimator f maximizes the log-likelihood function 0(0;y) = log Py(y).
Since the objective function is a multidimensional integral, we present two maximization
approaches that combine approximation and optimization algorithms. In doing so, the aim is
to provide computationally efficient estimates with high accuracy (Bugallo et al., 2024a). The
first algorithm (algorithm HC) contains a sub-algorithm to approximate multiple integrals and
a derivative-free optimization algorithm (algorithm NB) to maximize the approximated log-
likelihood. Similarly, the Laplace algorithm contains a sub-algorithm to approximate multiple
integrals (algorithm NR) and algorithm NB to maximize the approximated log-likelihood. The
following two subsections describe the H-cubature and Laplace algorithms.

4.2.1 H-cubature algorithm

Algorithm HC uses the H-cubature approach to calculate a quadrature approximation of
the integral in (4.8) at each step of a given optimization algorithm. For this sake, we apply
the hcubature function of the R cubature package. The algorithm and its properties are
described by Genz and Malik (1980) and Berntsen et al. (1991). The hcubature function
performs adaptive multidimensional integration of vector-valued integrands over hypercubes,
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that recursively subdivide the integration domain into smaller subdomains, using the same
rule (weighted sum of integrand values in evaluation points), until convergence is achieved.
In each subdomain, the use of this rule gives a vector of integration results, a vector of error
estimates and a coordinate for a subsequent subdivision of that subdomain.

Concerning the optimization of the log-likelihood function, we use the nloptr function of
the R package nloptr, with the global optimization method NEWUOA (Powell, 2004) adapted
to bound constraints. Hence, we implement the derivative-free algorithm NB (NEWUOA-
BOUND), which is a variant of the method NEWUOA that supports constraint problems
and iteratively constructs quadratic approximations for the objective function.

Nesting the hcubature function to approximate the log-likelihood of the multinomial
mixed model in the optimization function nloptr allows any type of integral function to be
maximized. It is a simple solution by chaining two R functions, but it is a global algorithm.
Besides, it is not an algorithm adapted to the log-likelihood that must be maximized.

4.2.2 Laplace algorithm

Let h : R™ — R be a continuously twice differentiable function with a global maximum at

0. This is to say, let us assume that the vector of first partial derivatives is h(zq) = S—Z =
r=x0

0 and the matrix of second partial derivatives, h(:vo) gi’; R is negative definite. A Taylor
series expansion of h(x) around xg yields to
. 1 ..
h(z) = h(zo) + A (x0)(x — x0) + 5(37 — 20)'h(z0)(x — 20) + o(||z — z0|?)
1 .
~ hwo) + S(z — 20)"h(o)(z — z0).

The multivariate Laplace approximation is
J @ dr ~ J eh(@o) exp{ - 1(:U — ) (- h(a:o))(as - wo)} dx
m m 2
= (2m)™2] = ()| e, (4.9)
Let us now approximate the likelihood (4.8) of the unit-level multinomial logit mixed model.

As the target vectors y1,...,yp are unconditionally independent and the random vectors
ug ~ N (0, I2) are independent, the marginal distribution of y, is

Pp(ya)

f Po(yalua) f(uq) dug —f (H PZﬁIPZJdJ;PZféﬁ f(ua) duq (4.10)

_ L exp{ — Z log (1 + Z exp{zqr B + ¢kuczk})

2m Jre j=1 k=1

2 ng

1 1
+ 0D Ve (@B + druar) — 5 U&ud} dug = o JRQ exp{hq(uq)} dug,

2
k=1j=1
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where
ha(ua) = ha(udg;ya, 0 Z log <1 + 2 exp{z 4By + ¢kudk}>
7j=1
2 ng 1
+ 0D vaik (kB + Drtiar) — 3 Udld- (4.11)
k=1j=1

So as to apply the Laplace algorithm to the integral in (4.10), we maximize hg(ug;yq,0) in
uq, given y4 and . We could carry out the maximization by applying an R function of opti-
mization. Alternatively, we implement a Newton-Raphson (NR) algorithm after calculating
the first and second partial derivatives of h with respect to ug, d =1,..., D, given y and 6.

The first derivatives of hy with respect to ugg, k = 1,2, are

Ohg(uq)
Ougy,

Z { — brpajk + OkYajk} — vk

The second derivatives of hy with respect to ugi, k = 1,2, are

*ha(ua) xe ?ha(ug) <
5 =—1-9¢ pajk(1 — pajk), == = Pk, Pk Daik: Pdikss k1 # Ko,
ﬁugk k]; 7] ( 7) ) audklaudkg 1 ZjZl ljk1djko
since 5 5
Pdjk Daik
au;k = ¢rpaji(l — pajr) and W;kl — — Ok Ddik Py, K1 # K.
2

The score vector and the Jacobian matrix are
Phq(uq)  *ha(uq)

Oha(ug) Oha(uaq)y’ a2 Btig Ot
Sd(ud’a) = ( 5Ud1 ) audg > s Hd(udae) = aZth(illLd) a2hdgud)
Oud20u41 ou2,

For 0 = (B',¢')" fixed, the function hg(ug), defined in (4.11), is maximized by using the
Newton-Raphson algorithm. The updating equation is

Y =) — B W, 0)Saw,0), d=1,....D. (4.12)

Let us denote by uggq the argument of maxima of the function hg(ug). It holds that ﬁ(uOd) =0
and h(ugq) = Hg(ugg, 0) is negative definite. The model log-likelihood is

¢ =£(0; Zlong (Ya) ng

By applying (4.9) at ug = ugpq to (4.10), we obtain the Laplace approximation {4 of the term
£y, where

1
lod Coa(0;y, uoq) = ha(uoa) — B log | — Hq(uog, 9)| (4.13)

nq 2 2 ng

- Z log (1 + Z exp{xqjrfr + ¢ku0dk}) + Z Z Yajk (TajrBr + Oruodr)
=1 k=1 k=1,=1

1

1
B UGgUod — 3 log | — Hy(uog, 0)].
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The following step is to maximize £y(6) a 25:1 Loq(0;y,upq) in @ € O by applying the
algorithm NB. The final Laplace algorithm combines the approximation NR algorithm (4.12)
and the optimization algorithm NB. It is described by the following steps:

1. Set the initial values r = 0, 8©), (1) = 9(0) 4 1p+o, u((io) = 09, WY = lo,d=1,...,D.
2. Until 00 — 00Dy <y, [ulf) —ul V) <ey,d=1,...,D, do

(a) Apply algorithm (4.12) with seeds ug), d=1,...,D, convergence tolerance £2 and
6 = 0") fixed. Output: ugﬂ), d=1,...,D.

(b) Apply algorithm NB with seed o) convergence tolerance £; and ug = ugﬂ) fixed,
d=1,...,D. Output: §+1).

(c) re—r+1.

3. Output: g = 0 4y = ug), d=1,...,D.

Let us note that the Laplace algorithm gives at convergence not only ML parameter estimators
of the model parameters, but also modal predictors of the random effects.

4.3 Small area prediction of labour indicators

This section derives predictors of unit-level probabilities and domain-level and subdomain-
level population-dependent labour indicators. Once the unit-level multinomial logit mixed
model (4.6)-(4.7) has been fitted to the sample data, the construction of small area predic-
tors of the quantities of interest is based on model elements, target vector values in sample
units and, in some cases, auxiliary variable values in population units. First, we predict the
probability pgj;, that individual j of domain d belongs to labour status k. Second, we predict
yaqjk and the domain totals and means. In the second case, we further derive predictors of
unemployment rates. To differentiate sample vectors of size ng and non-sample vectors of size
Ng — ng, from population vectors of size Ny, we introduce the notation

Ys = chgl D(yds), ur= écc&l D(ydr); Yds = ]%(;}i(ydj)a Ydr = Jcegld(ydj); vaj = | é?i 2<ydjk)7

where sq < Uy and rqy = Uy — s4 are the sample and non-sample subsets of Uy, respectively.

Section 4.3 and Section 4.4 are fully adapted to the application to real data in Section
4.6. In particular, the covariate age4 defined in Section 4.1, which delimits the subdomains
Uay, takes T' = 4 values. For this reason, we assume that the covariates have the same size

p1 = P2 a po and contain categorical variables, such that
zrgp€{zneRM:t=1,...,T}, d=1,...,D,j=1,...,Ng, k=1,2. (4.14)

We also suppose that all the components of the target variable yg; are explained with the
same set of auxiliary variables, i.e. zgx = zq;, d=1,...,D, 5 =1,...,Ng, k = 1,2. Under
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this categorical setup, it holds that pgjr, = parst, 7 € Ugr = {j € Ug : x4j = 2}, where

Ny T
exp{ztBr + druak

Z Pdjk = Z Ngpakys  Pdkt = Pak,t(0, uq) = 5 { } : (4.15)

j=1 =1 1+ >0 exp{zifBe + pouar}

The sample and non-sample subsets of Uy, are sqy = {j € sq: Tqj = 2} and rqy = {j € 74 :
x4 = %}, and the corresponding target vectors are yq:s = col (yg4) and yqe = col (yg5)-
JESd,t JETd,t

The size of rq; is denoted by Ng ;.

Remark 4.3.1. In the simulation study presented in Section 4.5, we assume a more general
setup, where the auziliary variables xq4;1 and xg452 do not have to be equal. The corresponding
formulas for the predictors under this more general case, and for any arbitrary values of q
and T, are presented in Supplementary Material, available online at Journal of the Royal
Statistical Society: Series A. For the sake of completeness, the mentioned Section B develops
the contents of Section 4.3 and Section 4.4 also without assuming the categorical setup (4.14),
i.e. for a situation that may include continuous auzxiliary variables.

Predictors of pg

First we look for a predictor pgk s of pakt = Pdk,(0, uq) with minimum MSE, Eg[(ﬁdk,t —
pdk’t)Q], in the class of unbiased predictors, Fjy [ﬁdk’t — pdk’t] = 0, for 6§ known. The predictor
fulfilling these properties is the BP, given by ﬁg’,’; +(0) = Eg[pa|ys]. It follows that

exp{z¢Bx +druar}
SRQ 1+, eXp{ZtﬁHWUde}P(yds‘ud)f(ud) duq _ Adt

Sr2 P (Yas|ua) f (ua) dug D;’

Eo[par,tlys] = Eolpar.t|yas] =

where Agit = Adk,t(Ya.,0) and Dg = Dg(ya.,0) are

Ager = JR exp{ztBy + druar} (4.16)

2 1+ 37 exp{zf + druae}

2 ng 2
exp { > Gryaruar — ) log [1 + > exp{ageBe + ¢£Ud£}] }f(ud) dug,
h—1 izl =1

2 nq 2
Dy = f , eXp{ 2 OLYd.kUdk — Z log [1 + Z eXp{Q)djgﬁg + ¢eude}] }f(ud) duy,
" k=1 j=1 0=1

and we have denoted yq. = (yq.1,va2) and ygx = Z?il Yajk, k= 1,2.

The EBP of pgy, is obtained by substituting @ by its estimate 9, i.e. ﬁflzpt = ﬁ%t(é\). In
practice, it is approximated by a Monte Carlo method as follows.

1. Calculate the ML parameter estimator = (B’, gg)’

2. For s =1,...,5, generate u((js) iid. N(0,I3) and set u&sﬂ) = —u((f).
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3. Calculate ]32?& = ﬁdk’t/f)d, where

25
~ 1
At = 5o explan + d)kud } (4.17)

2541+ Zz 1 eXP{ZtBZ + ¢£Udsg)}

€xp { Z OrYa. kudk Z log + Z exp{$dj€/6£ + d’éudg }]}

k=1

28 2
Dy = % ;1 exp { kZ kY. kudk Z log [ + ;1 exp {wdﬂgf + qggu((i‘?}] }

The interesting feature here is that the BP has the minimum MSE in the class of unbiased
predictors. Unfortunately, this is not the case for the EBPs, which are obtained by replacing
the true model parameters with their estimates, and are therefore not unbiased. Under the
assumption that the estimates of the model parameters are consistent, the EBPs are asymp-
totically unbiased, but the domain sample sizes in SAE problems are typically small. Even in
the case of 8 known, we have to approximate the integrals of the numerator and denominator,
either by Monte Carlo or by another numerical methods. Integral approximations have a high
computational cost and introduce a second source of error that increases the variance of the
final predictors. As a matter of fact, P dk , should be called empirical approximated BP. Due
to these drawbacks, we consider less computatlonally demanding plug-in predictors.

The plug-in predictor of pgy ; is
pin — exp{2¢ Bk + Prllar}
dk,t — 2 ~ PN )
L+ >y exp{ztfe + drtiar}

where gy, is the modal predictor of ug,, d = 1,...,D, k = 1,2, which is obtained at the
output of the Laplace algorithm, given in Section 4.2.2.

(4.18)

Predictors of yy

The BP of Ydjk is ngk = Eg[ydjk|ys]. Ifje Sd.ts then Eg[ydjk|y5] = Ydjk- Ifje Tdt, then
Eolyajrlys] = Eolyajr|yas] and

So {Zidjk 0 Ydjt P (Yajk[ua) } P(yasua) f (uq) dug

0P 0) = Eplyalyas] =
2 ol yas) $re P(yas|ua) f (ua) dua
Se Pkt P(yas|ua) f(ua) dug — Agy(ya.,0) b
= = : . = E sl = " (0 )
Sre P(yas|ua) f(ua) dug Dq(ya.,0) olpatilyas] = Par(9)

where Agr = Adkt(ya.,0) and Dy = Dg(yq.,0) are defined in (4.16).
N by .
The EBP of ydjk is ydjk ydjk(H) It holds that ¥ ydk Yajk if j € sqy and ydjk ﬁflkpt if
j € rat, where D pdkt is the EBP of pgy+, which is approximated in (4.17).
The plug-in predictor of ygj is %?k = yajr if j € 544 and %?k = %Tllc,t if j € rq4, where ﬁﬁfi
is the plug-in predictor of pg ¢, which is given in (4.18).
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Predictors of proportions

Under unit-level non-linear models, the construction of small area predictors requires the
availability of census files. As this is not the case of the application to real data, we have
assumed the categorical setup (4.14). The EBP and the plug-in predictor of Y 4 are

~ebp

~ ~in
Yap = de: { Z yd]k‘FZ thrpdkt} Y = 7{ Z ydﬂ:"‘z thr’pdkt} (4.19)

JESd JESq t=1

and the EBP and the plug-in predictor of ?dk’t are
~in

2~ ~ 1 1 ;
Yot = Yae(0) = 7th{ Z ydjk‘f‘Nd,trﬁfll/??t}v Yt = N { Z ydjk+Nd7tr]3(é%7t}. (4.20)

. t .
JESd ¢ 7 JESd

Predictors of non-linear quantities

Finally, we derive predictors of non-linear quantities G4 = g4(yq), where gg : R?Va s R
is a continuous function. Similarly, we obtain the corresponding predictors for subdomains.
For brevity, we focus on unemployment rates, defined by
Yo

9d(Yd) = Ri(yq) = =—=—
Yo +Yar

First, the BP of G4 = ga(ya) is @ZP(Q) = Eg|g9a(ya)|yas]-

The conditional probability of 4., given 34, is

P(yas, yar) _ g2 PWarlua) P(Yas|va) f (va) dud
P(yas) Spe P(yas|uq) f (uq) dug

P(ydr|yds) = v Ydr € Var,

where Vg, = ANe=md and A = {(1,0), (0,1), (0,0)} = R2. Tt holds that

GPO) = Eolga@alyas) = . 9aas: var) P(Yar|Yas)
yd'reydr
Sre 20, v, 9d(Ydss Yar) P (Yar[ua) P(yas|ua) f (ua) dug

Sz2 P(yas|uq) f(uq) dug

The EBP of Gy = ga(ya) is G = G”(f) and the EBP of Ry = Ra(ya) is RS? = R (9).
They are approximated by the Monte Carlo method as follows.

1. Calculate the ML parameter estimator 0= (3’, a)’

2. For s1 =1,...,5], generate u&s Vi, N(0, I5) and set u(SHSI) = —u((fl).
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3. Ford=1,....D, k=1,2,t=1,...,7T, sy =1,...,251, calculate

(s1) exp{z: By + ruly
Pkt = 2 P 2 (s1)y”
14> exp{zfe + ety }

(s182) _

4. For so = 1,...,S5, generate y((js1 s2) ~ M (1; p&l t),pfnz) J € ray, and construct y,,* =

( (s1 2))’ y(8182) (8132)/)/’ (s1s2) _ (yc(lftlSQ))'

dat = (yd,ts’ Yatr d col

1<t<T

T
ylos2) _ NL Z { D Yarg + yd?f”}, ~1,2.

JESd,t Td,t
6. Calculate
, 251 5o ) 251 Sg Y(5152)
o = g O S, Rl S T
d a d
25152 s1=1s2=1 25152 s1=1s2=1 Ydsllsz Y(SISQ)
The plug-in predlctor of Gy is = g4(7"). To calculate g, we recall that Z?Q?k = Yajik

if j € sq+ and ¥ ydgk = pdkt if je T‘d,t~ Therefore, we take ﬁél%t from (4.18) and construct the
nl in/

vectons g5 = (332, G4 with G = yae and 732 = ol ( col, (col (7).

The in.ebp predictor of G4 is C:'il”'e = gd(ngbp ). The components of @f}bp are 372% = ygji if
J € sq+ and @3;.’,1: = ]’flzpt if j € rgr. We take p; pdkt from (4.17) and construct g’jgbp = (g’jzgp/, g’jzl;p/)’,
ith ~ebp _ ~ebp _ 1 1 1
with 57 =y and 5" = col (,col, (ol (7))
For unemployment rates, the plug-in and in.ebp domain predictors are
§in ?ebp
nin d2 Din.ebp d2
Rd T ~in ~in’ Rd T ~ebp ~ebp’ (421)
Yo +Ya Yo +Ya

~imn ~ebp
where Y4, and Y4, are given in (4.19). The corresponding subdomain predictors are

~in ~ebp
~ Y ~; Y
in d2,t in.ebp d2,t
Rd,t — ~in ~in Rdﬂf = “ebp giebp 5 (422)
Yo+ Ya Yoo+ Ya,

~in ~ebp
where Yy ; and Y g, are given in (4.20).

Due to the size of the population, the EBP and in.ebp predictors were problematic when
applied to the SLFS2021.1 data in Section 4.6, providing misleading approximations of divi-
sions of extremely large quantities, although they performed well in our simulation studies
in Section 4.5. The cause of the problem is the size of the census, which corresponds to the
Spanish population over the age of 16 in 2021. Consequently, the quantities defined in (4.17)
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are excessively large, leading their division to problems of numerical instability. This under-
mines the prediction of the proportions in (4.19) and (4.20), and the problem is inherited
to predictors (4.21) and (4.22). In fact, these problems prevent us from providing bootstrap
estimates of the MSE for such predictors. For the plug-in predictor, the calculation of (4.18)
does not cause any trouble. It can therefore be stated that it is not advisable to use the EBP
(or in.ebp) to predict Ry in practice. Although they have proven to be promising predictors
according to our simulation experiments in Section 4.5, only the plug-in predictor is finally
used in the application to real data in Section 4.6.

4.4 Bootstrap inference

This section provides parametric bootstrap algorithms to estimate the MSE of the plug-in
predictors under the categorical setup (4.14). Analogous algorithms can be obtained for the
EBP and the in.ebp predictors in a straightforward manner.

~in

Bootstrap estimation of the MSE of Y,
~in
The algorithm to estimate the MSE of the plug-in predictor Y 4 is as follows:
1. Fit the model and calculate the ML parameter estimator 0= (B’ , gg’ ).
2. Repeat B times (b=1,...,DB):
(a) Bootstrap sample: Generate {u;(b) :d=1,...,D}iid. N(0,I2). The bootstrap

sample has the same units as the real sample, i.e. s;(b) = 8q. Ford=1,...,D,
j € 84, generate the elements of the bootstrap sample

S~ )

b b b exp{zaiBr + oruy )

y;lkj() ~ M(1; pd](l)’pdj(Z)) ng'(k) = 3 . ——dk O k=12
I+ Zz:1 GXP{CCdjﬁé + ¢kudg }

(b) Bootstrap population quantities: For d = 1,...,D, k = 1,2, calculate

o) 1
Yo' = Nd< Yk + Z Yo tr)’

JESq

eXP{ZtBk +$ku:£b)}

(b) (0) y-#(b) L ¥(0) (b) #(b) _
where Y, (Ydl i Yazer) ~ M(Nars Pgi g Do) and gy = 1452, expletBet oot
(c) Bootstrap model: Fit a unit-level multinomial logit mixed model to the bootstrap

sample (yzj(b),xdj), d=1,...,D,j = 1,...,n4. Calculate the ML parameter
#(b)

estimator §*(®) = (B*(b)’,qg*(b)’)’ and the random effects modal predictors ",

d=1,...,D. Calculate the plug-in predictor of ?fl,(f), ie.

~ m*(b

b)A*( )}

T 7 (b)

®) _inw(b))  ~inx(b) exp{zf3, ~ + ¢k

{ Z i‘/;]k +Z Ndvtrpdkft }’ pdkie = 2 b)A*( N
JESq t=1 1 + ZZ:l exp{ztﬁg + ¢Z }
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~in ~inx(b)

3. Output: mse*(Yg,) = & 25:1 (Var _72](;7))2.

Bootstrap estimation of the MSE of C:‘il”
The algorithm to estimate the MSE of the plug-in predictor ézl" is as follows:
1. Fit the model and calculate the ML parameter estimator 9 = (B\/, gg’)’.
2. Repeat B times (b=1,...,B):

(a) Bootstrap population: Generate {u:;(b) :d=1,...,D}iid. N(0,I2). The boot-

strap sample has the same units as the real sample, i.e. sz(b) = Sq.
i. Ford=1,...,D, j € sq, generate the elements of the bootstrap sample
5 #0
#(b) %(b) ) exp{zq;Br + ¢ku;;;(§ !

5 — ~0) , k=1,2.
1+ Ze=1 eXp{xdjﬁ( + ¢kudg }

ii. Ford=1,...,D,t=1,...,T, jerqg, k = 1,2, generate the elements of the
bootstrap non-sample subset, i.e.

b
y;( ) ~ M(1§pdj1 7pdj2 ), p:l'k =

) n b
#0) (1t H®) #(b) exp{zefr + o)
Yajt ™~ ( ’pdl,t’pdzt)’ Papr = 5 =~ = %)y
1+ Z£=1 exp{zifBe + ¢éudg }
iii. For d =1,..., D, construct the bootstrap population vectors

#(b) #(b)

s = i sy,

v = col ™). wp” = col (col (y57).

1<t<T je’f’d’t

) gd(yz(b)), d=1,...,D.

(b) Bootstrap model: Fit a unit-level multinomial logit mixed model to the boot-

iv. Calculate the bootstrap population quantities G;(b

strap sample (y:lj(b),xdj), d=1,....,D,j=1,...,n4. Calculate the ML parameter
estimator 0*®) = (3*“’)’ ,$*(b)’ )’ and the random effects modal predictors @Z(b),
d=1,...,D. Calculate the plug-in predictor of Gz(b), ie. C:‘zln*(b), d=1,...,D.

3. Output: mse*(éil”) = %25:1 (éfin*(b) — Gz(b))2, d=1,...,D.

4.5 Model-based simulations

This section presents the results of the model-based simulations. Simulation 1 compares
the implemented fitting algorithms, i.e. the Laplace and the H-cubature algorithms from
Section 4.2.1 and Section 4.2.2, respectively. Simulations 2.A and 2.B examine the behaviour
of the EBP, in.ebp, and plug-in predictors from Section 4.3 and compare their performance
with the predictors from Dawber et al. (2022), based on MQ and expectile regression for
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multi-category outcomes. Simulation 3 tests the parametric bootstrap methods described in
Section 4.4 and provides a recommendation on the number of bootstrap replicates to use in
practice.

We generate unit-level data for model-based simulations to investigate the properties of
the proposed statistical methodology. We may be interested in: (1) studying the effect of
increasing the sample size or the number of domains (among other elements), or (2) analysing
the behaviour of estimators and predictors in scenarios close to that of the application to
real data. The first approach gives freedom in data generation and allows a larger number
of questions to be investigated. The second approach is more restrictive, but allows to learn
more about the application to real data. The size of the population (Spanish census) makes
the second option practically unfeasible, due to the scale of some intermediate calculations
(overflows), and the high computational time needed to construct the predictors and bootstrap
resampling to estimate the MSE. For this reason, we chose the first approach, inspired by the
model-based simulations performed by Hobza and Morales (2016) and Hobza et al. (2018) for
the SAE methodology based on unit-level binomial mixed models.

Simulations 1, 2.A and 3 generate the vectors of auxiliary variables z4; = (2411, Zgj12) and
Tgio = (Taj21, Tdj22), Taji1 = Tgjo1 = 1, zgj12 ~ BI(1,1/2), zgj00 ~ BI(1,1/2),d = 1,..., D,
j=1,...,Ng. In order to consider the predictors of Dawber et al. (2022), Simulation 2.B
generates Tgj12 = Tgjo2, d =1,...,D, j =1,...,Ny. These variables remain fixed during the
simulations. For the multinomial logit mixed model, we take ¢ = 3, p1 = p2 = 2, p = 4,
b1 = (511,,312), = (0.5,—1)/, Bo = (ﬁzl,ﬁgg)/ = (—0.5,0.5)/,'(#1 = 0.4, ¢ = 0.5. At each step

i, we generate ug,g ~N(0,1),d=1,...,D, k=1,2, and yc(l;) ~ M(l;pg.)l,pgé), where

(4)
i exXpn i ; .
pilj)k = (i){ djk} i)y’ 775{]')]@ = xdjkﬁk + ﬁbku((ﬂz, ij=1,...,nq4.
1+ exp{ng; } + exp{ngs}

4.5.1 Simulation 1

The target of Simulation 1 is to investigate the behaviour of the Laplace (LA) algorithm
and the H-cubature (HC) algorithm from Section 4.2.1 and Section 4.2.2, respectively. To do
so, we compare the empirical bias (BIAS) and root-MSE (RMSE) and consider two cases: (1)
ng = 10, D = 25,50, 75,100; (2) D = 25, ng = 10, 25,50, 75, 100.

An analysis of Tables 4.3 and 4.4 shows that, for both fitting algorithms, the error measures
of the ML estimators decrease as D or ng increases. In terms of execution times, the following
average results are obtained. For D = 25 and ng = 10, algorithms NB and LA need 2.16
and 0.07 minutes to converge, respectively. For D = 50 and ng = 10, algorithms NB and
LA need 4.27 and 0.06 minutes to converge, respectively. As a result, the computational cost
of the Laplace algorithm is much lower. In fact, as the size of the data and the number of
domains increases, the computation could become burdensome with unit-level data. For this
reason, we use the Laplace algorithm in the remaining simulations and in the application to
the SLFS2021.1 data.
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Alg. | D 25 50 75 100 25 50 75 100
LA | 11 | -0.008 0.009 0.011 -0.006 | 0.228 0.164 0.127 0.112
Bi2 | 0.014 -0.009 -0.012 0.007 | 0.290 0.201 0.159 0.134
B21 | -0.028  0.000 0.004 -0.019 | 0.284 0.186 0.147 0.125
B22 | 0.029 -0.003 -0.002 0.003 | 0.302 0.210 0.169 0.146
o1 | -0.092 -0.062 -0.034 -0.048 | 0.251 0.203 0.168 0.151
¢ | -0.122 -0.074 -0.067 -0.036 | 0.297 0.221 0.166 0.137
HC | B11 | -0.006 0.009 0.012 -0.007 | 0.226 0.164 0.126 0.111
B2 | 0.013 -0.010 -0.014 0.005 | 0.290 0.202 0.159 0.134
B21 | -0.014 0.011 0.012 -0.009 | 0.273 0.182 0.143 0.120
B22 | 0.029 -0.002 -0.001 0.004 | 0.303 0.210 0.169 0.146
¢1 | -0.080 -0.046 -0.016 -0.029 | 0.253 0.204 0.170 0.149
¢2 | -0.115 -0.060 -0.052 -0.020 | 0.299 0.220 0.163 0.136

Table 4.3: Comparison of the Laplace (LA) and H-cubature (HC) fitting algorithms. BIAS
(left) and RMSE (right) for Case (1): ng = 10, D = 25,50, 75, 100.

Alg. | ng 10 25 50 75 100 10 25 50 75 100
LA | 811 | -0.008 -0.002 -0.007 0.005 0.003 | 0.228 0.147 0.117 0.109 0.105
B2 | 0.014 0.003 0.011 0.000 0.001 | 0.290 0.179 0.126 0.107 0.085
B21 | -0.028 0.006 -0.033 -0.011 -0.017 | 0.284 0.181 0.150 0.142 0.135
B22 | 0.029 -0.010 0.009 -0.002 0.002 | 0.302 0.194 0.133 0.106 0.095
¢1 | -0.092 -0.042 -0.026 -0.025 -0.014 | 0.251 0.167 0.116 0.098 0.092
¢2 | -0.122 -0.045 -0.008 -0.013 -0.004 | 0.297 0.173 0.119 0.112 0.100
HC | 811 | -0.006 -0.001 -0.010 0.001 -0.002 | 0.226 0.145 0.115 0.106 0.102
B2 | 0.013 0.003 0.011 0.000 0.000 | 0.290 0.179 0.126 0.106 0.085
P21 | -0.014 0.023 -0.013 0.007 0.001 | 0.273 0.176 0.142 0.136 0.128
B22 | 0.029 -0.010 0.009 -0.002 0.002 | 0.303 0.194 0.133 0.106 0.095
¢1 | -0.079 -0.039 -0.028 -0.028 -0.018 | 0.253 0.165 0.114 0.096 0.088
¢2 | -0.117 -0.044 -0.014 -0.022 -0.015 | 0.299 0.169 0.113 0.105 0.094

Table 4.4: Comparison of the Laplace (LA) and H-cubature (HC) fitting algorithms. BIAS
(left) and RMSE (right) for Case (2): D = 25, ng = 10,25, 50, 75, 100.

4.5.2 Simulation 2

The target of Simulation 2.A is to test the behaviour of the predictors of Y g, k = 1,2, and
Ry. Tt implements the EBP (ebp) and the plug-in predictor (in) of Y 4, and the EBP (ebp),
plug-in EBP (in.ebp) and plug-in predictor (in) of R;. Simulation 2.B compares the EBP and
plug-in predictor with the robust MQ and expectile regression predictors for multi-category
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data proposed by Dawber et al. (2022). Simulation 2.A generates the data in the same way
as Simulation 1, allowing zg12 to be different from zgjo2, d = 1,...,D, j = 1,..., Ny, and
only computes the predictors based on the multinomial logit mixed model. Simulation 2.B
imposes Tgj12 = Tgj22, d = 1,...,D, ] = 1,...,Nd. We take Nd = 200, d = 1,. . .,D. Each
domain Uy = {ug; : j = 1,..., Ny} is partitioned in two subsets, Ugs = {ug; : j = 1,...,n4}
and Ugr = {ugj : j = nqg +1,..., Ng}. Simulations 2.A and 2.B apply the Laplace algorithm
to calculate the ML estimators of the multinomial logit mixed model.

Simulation 2.A

Table 4.5 shows the simulation results for D = 25 and ng = 10,25,50,75,100. The

performance measures are the average across domains of the absolute biases (AB) and root-
~eb ~in

MSEs (RE). Table 4.5 points out that both predictors Y, and Y, behave similarly, k = 1, 2.
For unemployment rates, Rin-ebp o Rin perform slightly better than R and have a lower
computational cost. However, due to the computational intensity of the bootstrap resampling,
we use the plug-in predictor in Simulation 3.

ng 10 25 50 75 100 10 25 50 75 100
~ebp

Y, 0.012 0.012 0.013 0.011 0.009 | 0.105 0.095 0.083 0.068 0.057
?1 0.007 0.008 0.006 0.005 0.004 | 0.098 0.086 0.074 0.060 0.050
~ebp

Y, 0.014 0.011 0.007 0.007 0.005 | 0.097 0.080 0.060 0.050 0.040
?2 0.009 0.008 0.008 0.005 0.005 | 0.099 0.085 0.070 0.058 0.047
Retp 0.013 0.013 0.008 0.008 0.007 | 0.142 0.133 0.118 0.102 0.088
Rinebr | 0.011 0.010 0.008 0.006 0.006 | 0.134 0.117 0.098 0.081 0.067
Rin 0.011 0.011 0.009 0.006 0.006 | 0.135 0.120 0.100 0.082 0.068

Table 4.5: Comparison of the predictors based on the multinomial logit mixed model. AB
(left) and RE (right) for D = 25 and ng = 10, 25, 50, 75, 100.

Simulation 2.B

First and foremost, M(Q regression can be summarised as a quantile-type generalisation
of regression based on influence functions. The most common influence function is the Huber
function, which depends on a parameter ¢ to be specified. By setting the value of ¢, it is
possible to trade robustness for efficiency in MQ regression models. The modelling of binary
outcomes in small areas using MQ regression has been proposed by Chambers et al. (2016).
More recently, Dawber et al. (2022) extend this methodology to multi-category outcomes,
but propose models with the same set of auxiliary variables in each category of the response
variable. In contrast, we do not impose this restriction. Following Section 5 and Section S.2
of Appendix S1 of Dawber et al. (2022), Simulation 2.B fits a multi-category M(Q model with
¢ = 1.345, and a multi-category expectile (EXP) model with ¢ = 100.
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Table 4.6 shows the domain averages of the absolute biases (AB), root-MSEs (RE), rel-
ative absolute biases (RAB) and relative root-MSEs (RRE) for D = 25 and ng = 10. As
expected, the predictors based on the data-generating model, EBP and plug-in, show better
performance. However, it should be noted that our model-based predictors are not robust.
Therefore, the results of Simulation 2.B could be extrapolated to the real world if the selected
multinomial logit mixed model fits the data properly and has a good diagnostic performance.

~ebp ~in ~mgq ~exp ~ebp ~in ~mgq ~exp

Y, Y, Y, Y, Y, Y, Y, Y,
AB 0016 0017  0.035  0.049  0.020 0019  0.057  0.041
RE 0.051  0.054  0.099 1000 0.053 0055 0.085  0.086
RAB | 4.812 5081 10.601 14.818 6.102 5818 11.292 12.492
RRE | 15334 16.242 30.065 30.175 16.092 16.781 17.050 25.943

(a) Performance of the predictors of employed and unemployed proportions.

Rebp Rin.ebp R'L’n R;ﬂq R;JJ})
AB 0.023 0.029 0.029 0.058 0.052
RE 0.073 0.054 0.061 0.120 0.107

RAB 6.841 5.843 5.819  11.5128 10.305
RRE | 22.201 10.742 12.163 24.021 21.435

(b) Performance of the predictors of unemployment rates.

Table 4.6: Comparison of the predictors based on the multinomial logit mixed model and those
proposed by Dawber et al. (2022). Absolute (top rows AB and RE) and relative (bottom rows
RAB and RRE) performance measures for ng = 10 and D = 25.

4.5.3 Simulation 3

Simulation 3 calculates empirical biases (Bgi) and root-MSEs (REgy) for the parametric

-~ A~
bootstrap estimator of the MSE of Y, k = 1,2 and R}’ (k = 0). It takes the empirical
MSEs, obtained from the output of Simulation 2.A, as true MSEs.

Figures 4.1 and 4.2 present boxplots of Bg's and REg’s for D = 25, ng = 10 and
B = 50,100,200,400. For k = 1,2, biases take values between 0.0006 and 0.0018 and root-
MSEs between 0.0030 and 0.0055. For k = 0, biases take values between 0.0025 and 0.0040 and
root-MSEs between 0.008 and 0.012. In both cases, the main contribution to the root-MSE
comes from the variance. Concerning the number of bootstrap replicates, both figures show
that both biases and root-MSEs decreases as B increases. As a trade-off between computation
time and precision, we recommend running the bootstrap algorithm with B = 400 replicates.
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Figure 4.1: Study of the parametric bootstrap estimator of the MSE of Yy, (left), Y 5, (center)
and R (right). Boxplots of By for k = 0,1,2, D = 25, ng = 10, B = 50, 100, 200, 300, 400.
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Figure 4.2: Study of the parametric bootstrap estimator of the MSE of Yy, (left), Y 5, (center)
and R (right). Boxplots of RE, for k = 0,1,2, D = 25, ng = 10, B = 50, 100, 200, 300, 400.

4.6 Application to the 2021.1 SLF'S data

4.6.1 Model fitting and validation

This section applies the developed methodology to the SLFS2021.1 data. We first fit the
model (4.6)-(4.7) to the target data, with age4 as the auxiliary variable and age4-1 as the
reference category. Table 4.7 shows the ML parameter estimators of the model parameters
B1, B2, ¢1 and ¢ of the multinomial mixed model (MMM), the p-values to test Hy : Sgt = 0,
k=12 t=1,23,4, and Hy : ¢ = 0, k = 1,2, and the asymptotic and bootstrap CI
at the 95% confidence level. It includes the lower (LB) and upper (UB) bounds. The table
also includes the ML parameter estimators of the model parameters of the corresponding
multinomial fixed effects model (MFM). In addition, a relative gap (Rgap) in % is included,
and it is defined as the absolute difference between the MMM and the MFM estimates, divided
by the MMM estimates and multiplied by 100. The purpose is to quantify the absolute



94 CHAPTER 4. MULTINOMIAL MIXED MODELS

relative differences between the ML parameter estimators of the model parameters for the
two multinomial models.

Bi1 B2 B13 B1a Ba1 Ba2 B23 B24 ¢1 o))

MFM 0.808 0.365 -0.982 -4.441 -0.782 -0.006 -1.405 -5.938 - -
MMM ]0.850 0.383 -0.995 -4.485 -0.824  0.002 -1.387 -5.910|0.347 0.224
Rgap 4.913 4.715 1.288 0.993 5.138 442.583 1.298 0.472 - -
p-value | 0.000 0.000 0.000 0.000 0.000 0.950 0.000 0.00|0.000 0.000
Asymp LB 95% | 0.830 0.345 -1.039 -4.556 -0.854 -0.056 -1.475 -6.2250.332 0.196
UB 95% | 0.870 0.420 -0.951 -4.415 -0.795  0.059 -1.298 -5.595|0.367 0.252
Boot LB 95% |0.822 0.348 -1.043 -4.558 -0.891 -0.058 -1.487 -6.231(0.298 0.179
UB 95% | 0.961 0.421 -0.952 -4.417 -0.786  0.059 -1.296 -5.626 | 0.402 0.263

Table 4.7: Model parameters of the unit-level multinomial logit mixed model for the
SLFS2021.1 data.

An analysis of Table 4.7 shows that the Rgap is less than 6% except for Boo. If we
exclude age4-2 from the prediction of the disaggregated proportion of unemployed people, all
p values for all coefficients are less than 0.05. Nonetheless, we treat age/ as a factor, i.e. as
a single categorical variable that can take a finite and fixed number of values. Therefore, the
variable age4 would be significant if any of its categories were, which supports its inclusion
for both components of the target vector. The randomness of the two intercepts is also
relevant. The standard deviation parameter estimates are ¢; = 0.347 and ¢ = 0.224. Neither
the asymptotic nor the bootstrap Cls contain the zero, confirming the need to model the
proportions with the random effects model. Consequently, we adopt the model presented in
Table 4.7 and proceed with its validation.

As the fitted model is multi-BE, we perform the diagnosis at the subdomain level, i.e. at
the intersections between domains and age groups. We are also interested in the reconciliation
of the model-based and design-based approaches to SAE.

Under the categorical setup (4.14), we define the aggregated raw residuals (ARR) as
~ _ ; _ 1
Cars = Taky — Ditts Yaps = — Z Yajk, d=1,...,104,t =1,...,4, k=1,2.
Mt JESd,t
The aggregated standardized residuals (ASR) are defined by dividing the ARRs by its standard
~ 2\ 2 N

deviation, given by v}, = (DIT ZdD=1 Zle (edk,t — é.k7.> ) , Ck,. = ﬁZle Zthl Cdkt, k =
1,2. Accordingly, the ASRs are defined as @dk’tykfl, d=1,...,104,t=1,...,4, k=1,2.

Figure 4.3 plots the ASRs for employed (left) and unemployed (right) proportions, sorted
by subdomain sample size. Unsurprisingly, their magnitude decreases progressively as the
sample size increases, resulting in a conical structure in the line charts. All values oscillate
symmetrically around y = 0 in a reasonable range for an outlier analysis. Out of a total of
416 subdomains, there are only 11 (2.64%) outside the interval (—3, 3), both for the employed
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and the unemployed categories. In conclusion, the proposed model performs satisfactorily in
terms of the significance level of the model parameters and the validation via the ASRs.
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Figure 4.3: ASRs for employed (left) and unemployed (right) proportions by subdomain
sample size for the SLFS2021.1 data.

4.6.2 Prediction, error measures and maps

This section presents Héjek estimates and plug-in predictions of unemployment rates by
province, sex and age group. A completely parallel template could be followed to provide plug-
in predictions and Héjek estimates of the proportions of employed, unemployed and inactive
people. However, we focus on unemployment rates because they are more challenging to
predict and more sought after by governments and private institutions.

In Figure 4.4 (left), the freedom of the non-parametric Nadaraya-Watson regression con-
firms the linear relationship between direct and model-based estimates. This highlights a
key advantage of our approach: the theoretical properties of the Héjek estimator, such as
asymptotic design-based unbiasedness, are, to some extent, inherited by the plug-in predic-
tor. Figure 4.4 (right) plots Hajek estimates and plug-in predictions of unemployment rates
against the subdomain index. The 416 subdomains are first sorted by age group, secondly
by sex and thirdly by province. In this plot, we can see some smoothing effect of the plug-in
predictor compared to the Héjek estimates. Especially in the fourth age group, which consists
of people aged 65 and over. The latter is due to the imprecision of the Hajek estimates in
these subdomains, where the number of respondents is quite small. It should be remembered
that we are estimating a non-linear quantity (Rg4, d = 1,...,D) that depends directly on
the total number of employed and unemployed people. It is therefore essential to provide
measures of accuracy.

As error measures, we calculate the parametric bootstrap estimator of the MSE of AZZ},
d=1,....,D, t = 1,...,4. Section 4.4 describes the estimation procedure, applied with
B = 500 bootstrap resamples. In terms of application, the MSE assesses the quality of a
predictor, but it is scale-dependent, in the same way as the RMSE. However, the RRMSE is
used to compare different predictors by expressing the error in relative or percentage terms.

This is why we use RRMSEs and CVs to compare the performance of model-based predic-
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Figure 4.4: On the left, Hajek vs plug-in predicted subdomain unemployment rates. Men are
dots and women crosses. On the right, line chart sorted by age group and domain.

tors and direct estimators. Table 4.8 shows the deciles of the model-based estimates of the
RRMSEs (in %) for the plug-in predictor. They are calculated from the 416 subdomain-level
estimates of the RRMSEs. This table also includes the design-based CVs (in %) of the Hajek
estimator, assuming unbiasedness (see Morales et al. (2021), Chapter 3). For both the plug-in
predictor and the Héjek estimator, the denominators of the estimated RRMSEs and CVs are
the corresponding plug-in predictions and direct estimates, respectively.

Table 4.8 shows that the plug-in predictor is superior to the Hajek estimator. In fact,
it follows that there is a significant reduction in all the estimated RRMSEs when using the
proposed model and, in particular, the plug-in predictor. For the sake of completeness, the
results are broken down by group in Table 4.9. This is done by calculating the quartiles for
each age group by sorting the 104 crosses between province and sex.

q0 qo.1 qo0.2 q0.3 qdo.4 qo0.5 qo0.6 qo.7 qdo.8 q0.9 q1
ﬁ{ft 3.568 6.150 7.668 9.048 10.467 12.286 14.236 16.451 20.097 25.573 49.891
]?igi]; 6.222 11.529 14.579 18.101 21.828 26.631 32.699 39.152 52.865 71.979 113.012

Table 4.8: Deciles of subdomain-level RRMSEs and CVs (in %) of unemployment rates for
the SLFS2021.1 data.

do q0.25 q0.5 40.75 a1 do0 q0.25 q0.5 q0.75 a1

3.568  7.138  9.098 13.256 22.474 | 6.222 10.082 14.130 18.151  30.133

3.753  7.641 10.018 14.662 25.201 | 10.800 18.188 23.193 35.036  70.105

4.360 8112 10.805 15.313 25.232 | 19.984 32.664 44.353 58.567  99.170

8.250 17.558 23.136 30.047 49.891 | 41.421 73.160 93.172 96.183 113.012
(a) Plug-in predictor: Agfk (b) Héjek estimator: ﬁg%

Table 4.9: Quartiles of subdomain-level RRMSEs and CVs (in %) of unemployment rates by
age group for the SLFS2021.1 data.

Last but not least, RRMSE values below 30% are expected in SAE, as is the case of the
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plug-in predictor derived from our model for age4-1, age4-2 and age4-3. In the fourth age
group, the over-65s, predicting unemployment rates is quite difficult because there is almost
no labour force data. The values skyrocket for the direct estimator.

The model offers the opportunity to analytically read the appreciable differences by Span-
ish provinces. Figures 4.5-4.6 present maps for unemployment rates (in %), showing how
they differ by province and age group and, in particular, the differences between men (Figure
4.5) and women (Figure 4.6). The fourth age group is not included for either sex because
unemployment rates are below 10% in all provinces except in the domain of women living in
Cédiz, with an unemployment rate close to 12%. In spite of the variety of measures that have
been put in place to reduce gender inequality, the gap is still wide in terms of unemployment.
Among the most notable results, there is a significant difference between sexes, with a clearly
higher proportion of unemployed women for all age groups.

Adult men: age4-3

O <10 %
O 10-15 %
O 15-20 %

Figure 4.6: Unemployment rates for women in SLFS2021.1.

The highest unemployment rates are found in the center and southwest of the country,
with lower percentages in the north and in the eastern Mediterranean Coast. What is more,
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the south-west part of Spain suffers the worst unemployment situation, and it is even worse
for women. Moreover, the distribution between neighbouring provinces, and among those
with similar demographic and socio-economic conditions, is generally homogeneous. Santa
Cruz de Tenerife and Cadiz are the provinces most affected by unemployment, followed by
the other provinces of Andalucia and Extremadura.

Figures 4.7-4.8 map the RRMSE estimates of the plug-in predictions of the unemployment
rates for men (Figure 4.7) and women (Figure 4.8), respectively, by age group, from left to
right. According to Section 4.6.2, B = 500 bootstrap resamples are used. It can be observed
that RRMSEs are lower in the center and south of the Iberian Peninsula, and more so for
women. The same applies to the Canary and Balearic Islands. The highest estimated relative
errors are reached in the north-east, although not exceeding 30% for men and 22% for women.
The results are more than acceptable considering that we are predicting a non-linear indicator,
such as the unemployment rate, in small and unplanned areas in the survey.

RRMSE Young men: age4-1

RRMSE Mid adult men: age4-2 0 <8% RRMSE Adult men: age4-3 O <8%

O 8-15% O 8-15% O 8-15%
© 15-22% © 15-22% O 15-22%
@ 22-30 % @ 22-30 %

O <8%

&7 &7 &7
9 4 Y 4 ¢ 4
Ty 4 Ty A Ty A
Figure 4.7: RRMSEs of unemployment rates for men in SLFS2021.1.
RRMSE Young women: age4-1 O <8% RRMSE Mid adult women: age4-zo <8% RRMSE Adult women: age4-3 O <8%
O 8-15% O 8-15% O 8-15%
© 15-22% Q 1522 % © 15-22%
57 57 v
9 4 v 4 9 4
T A Ty A Ty A

Figure 4.8: RRMSEs of unemployment rates for women in SLFS2021.1.
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4.7 R codes

As for the R codes, the GitHub repository https://github.com/small-area-estimation/
Small-area-estimation-of-labour-force-indicators-under-unit-level-multinomial-mixed-models
(accessed on: November 4, 2024) contains our dataset and computer code, as well as a detailed
description of its contents. It includes a README file that provides basic instructions for
the correct execution of the available software.


https://github.com/small-area-estimation/Small-area-estimation-of-labour-force-indicators-under-unit-level-multinomial-mixed-models
https://github.com/small-area-estimation/Small-area-estimation-of-labour-force-indicators-under-unit-level-multinomial-mixed-models




Chapter 5

M-quantile regression

Adapted from Koenker (2005)[page 294|, “Much of the early history of social statis-
tics can be viewed as a search for the average man, that improbable man without
qualities who could be confortable with his feet in the ice chest and his hands in
the oven (...). Yet for all the mathematical elegance of the Gaussian law of errors,
it should be tempered by a skeptical empiricism: a willingness to peer occasionally
outside the cathedral of mathematics and see the world in all its diversity”.

Models for the conditional mean, with i.i.d. normal errors, are welcome approximations in
many applications to real data. However, they can also be risky strategies. The strengths and
weaknesses of these models depend on the fulfillment of their strong parametric assumptions.
This is compounded by the oversimplification of area-level models to explain population pat-
terns (Rao and Molina, 2015). Fortunately, unit-level models pose many advantages relative
to area-level models, especially after the breakthrough of the M(Q modelling approach to SAE
(Chambers and Tzavidis, 2006). Indeed, MQ regression is considered a valuable alternative
in SAE to relax some of the conventional assumptions of LMMs and obtain estimators that
are robust against outliers. Another advantage of the MQ models is the computational speed
of their fitting, thanks to the IRLS algorithm (Bianchi and Salvati, 2015).

This chapter contains two novel contributions: the extension of MQ models to the semi-
parametric modelling of temporal dependencies and the pioneering proposal of data-driven
criteria for the selection of robustness parameters. First and foremost, it is a smart strategy to
rely on data measured over time. In this respect, LMMs are unable to properly capture time
dependencies when the number of lags is somewhat large. Since there are no published studies
dealing with robust prediction in small areas based on time-dependent data, it is sought to
extend the MQ regression to this field of research, adding flexibility to the widely imposed
assumption of unit-level independence. In light of the above, the final objective of this thesis
is to propose temporal M(Q models and then, derive robust bias-corrected predictors of small
area linear indicators. As for the estimation of the MSE, we have obtained, under general
conditions, a first-order approximation and proposed several analytical estimators.

Apart from all the above, we have defined an optimal criterion for an accurate selection of
the robustness parameters for bias correction in MQ models (see Section 5.4.4). The idea is to

101
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reduce the bias of the robust, model-based predictors but not unbalance the MSE. It can be
applied to MQ models in general, not only to the predictors derived from the TWMQ linear
models. Additionally, its potential role in outlier detection has been extensively studied, both
in simulation experiments and in the application to real data.

This chapter is structured as follows. Section 5.1 introduces the MQ functions. Sections
5.2 and 5.3 review the theory of two-fold MQ (MQ2) linear models (Chambers and Tzavidis,
2006) and three-fold MQ (MQ3) linear models (Marchetti et al., 2018) for SAE, focusing
on the most relevant aspects to our research. Section 5.4 describes the TWMQ statistical
methodology. Sections 5.5 presents the results of the model-based simulations. In Sections
5.6 and 5.7, the new methods are illustrated with an application to socio-economic data,
modelling the average level of income in 23 provinces of Empty Spain. A section for R codes
is not included because they are not yet available in any online repository. This is a project
in progress, involving both debugging and documentation of the code itself. This chapter is
accompanied by two appendices. Appendix C describes an adaptation of the IRLS algorithm
used to estimate the model parameters of the TWMQ linear models. Appendix D provides
technical specifications and step-by-step proofs of Theorems 1 and 2 in Section 5.4.

5.1 M-quantile functions

An excellent account given by Koenker (2005) is a must in the literature on robust statis-
tics. We present here only a brief review of the basic concepts necessary to introduce the
contributions derived from our research on temporal MQ models for SAE.

Let Y be a random variable with cumulative distribution function (c.d.f.) Fy(y) = P(Y <
y), y € R, and standard deviation oy > 0.
For 0 < ¢ < 1, let us define the (g, o4, )-check function

pq(u,04) = 204|q — I_0) (u)‘p(aglu), ueR, o,>0, (5.1)
where p(u) is a continuously differentiable loss function and ¥(u) = %T'

For 0 < g < 1, the partial derivative of p,(u,o,), with respect to u, is

vyl og) = PRI o fr )+ (- L)} o7 ). (52)

The quantile function of order ¢, scale parameter o, and influence function 9, of Y is

Qq(Y;04,9) = argmin E[py(Y — &4,04)] = argminf Pq(y — &g, 09) dFy (y), 0<g<1,
&q€R &eR  JR

and it is called MQ function of order g of Y.
For0<g<1,u=y—¢& €R,it holds that

pa(y —&4,00) = 0qap((o7 (=€) L0.00) (Y — &q) + 0q(1 — @) p((07 (¥ — €))L (—c0.0) (Y — &)
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and

Ipg(y — &4, 0¢)

a{q —qw((aq_l(y - gq))l(o,oo)(y - gq) - (1 - Q) Qp((aq_l(y - fq))l(—oo,o) (y - gq)

~{ a0,y — &) + (1 = ) (—oo0)(y — €D ¥ (0, (v — &)
= —¢q(y_£qvaq)-

Therefore, the MQ function of order ¢ of Y is calculated as

Qq(Y;04,0) = solutlon{f Ye(y — &g, 04) dFy (y) = 0} 0<qg<l.

Finally, in order to complete the definition of ¢4 (u, 04) in (5.2), we take o4 = oy for 0 < ¢ < 1,
and we use the Huber function

Y(u) = ulcycp)(W) +cypsgn(u)l oo )] Uleyo0) (W), uER; ey > 0. (5.3)

MQ regression uses bounded influence functions that reduce the influence of outlier ob-
servations (Huber, 1981). A widely accepted choice for the influence function 1 is the Huber
function, defined in (5.3), although other options are also possible. Note that its choice is
of little importance for the calculation of small area estimates and does not merit special
attention (Chambers and Tzavidis, 2006). In any case, it is assumed that ¢ depends on a
predetermined tuning constant ¢, > 0. It is customary to set ¢,, = 1.345 because it guarantees
95% efficiency when the errors are normal, and still offers protection against outliers (Holland
and Welsch, 1977). Huber functions are presumably used here.

To extend the MQ functions to regression models, the argument inside the (g, o4, 1)-check
function is replaced by standardized residuals, as we will explained below.

5.2 Two-fold M-quantile linear regression for SAE

GLMMs and LMMSs are the simpler and most commonly used statistical models for SAE.
However, in the presence of atypical data or violation of the strong parametric assumptions
of the previous models (normality of errors and random effects, among others), they can lead
to incorrect modelling. Fortunately, the semi-parametric approach of Chambers and Tzavidis
(2006) to SAE considerably reduces the necessary assumptions and allows to capture the
variability between areas, modelled with random effects in GLMMs and LMMs, by fitting a
different MQ regression surface for each area. It is also a robust option against atypical unit-
level and area-level data. For ease of exposition, we will explain their approach step-by-step
and finally generalise it to temporal data.

Let U be a finite population of size N hierarchically partitioned in domains Uy of sizes
Ny, d =1,...,D. Let s and sg be the corresponding sampled subsets of sizes n and ny,
respectively. For 0 < ¢ < 1, the two-level M-quantile linear regression (MQ2) models are

yd]:a:ii]l@w(q)—i_ew,d](q)v d:177D7]:177Nd7 (54)
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where aczlj = (Tgj1, - Tdjp)s By(q) = (By1(@);-- -, Byp(@))’s p = 1, and ey gi(q) are indepen-
dent model errors with unknown c.d.f. Fy(u) = P(eyqi(q) < ulzg), u € R. In addition
they satisfy, by definition, that Qq(ey q4j(q);0q,¥|z4;) = 0 and, although no explicit para-
metric assumptions are being made, the homoscedasticity assumption o4 = var/ 2(epai(q)) =
o4(By(q)) is imposed. One of the advantages of models (5.4) over LMMs is that we have not
specified a formal structure for the model errors, let alone required them to follow a normal
distribution. Without going into further detail, the MQ2 linear models are generalised to
three levels of hierarchy in Section 5.3.

In practice, Bw (¢) and o, are estimated using the IRLS algorithm, which ensures conver-
gence to a unique solution (Bianchi and Salvati, 2015). This algorithm is explained step-by-
step in Appendix C for estimating the regression parameters of the TWMQ linear models,
and its adaptation to the MQ2 linear models is straightforward.

5.2.1 Two-fold M-quantile approach for inter-area variability

The MQ2 linear models have been used to model inter-area variability. The idea is to
non-parametrically capture the variability of the population, beyond what is explained by the
auxiliary variables, using the so-called MQ coefficients (Breckling and Chambers, 1988). This
approach avoids distributional assumptions, as well as problems associated with the specifi-
cation of the random effects in LMMs, allowing differences between areas to be characterised
by the variation in area-specific MQ coefficients. It is therefore more robust to atypical data
than the inclusion of random effects, as quantiles and MQs are more robust than the mean of
a random variable (Koenker, 2005).

For j =1,..., Ny, the unit-level MQ coefficients of models (5.4) are

qdj = S%1<uqt<i<in {Qq(ydj;0q7¢!$dj) = ydj}a Qq(Yaj; 0q V|Taj) = By (q)-

For each target variable y4;, 7 = 1,..., Ng, we calculate the quantile g4; for which the model
error eg;(qq;) would be equal to zero if the S-coefficients were known.

By definition, it holds that
Yii = Qug; (Y53 944y V%) = T8y (i), 04y = 4By (97)-

The unit-level MQ coefficient gg4; is the “most likely” quantile of unit j of area d. That is, of
all the MQ2 linear models that vary by 0 < ¢ < 1, the model with ¢ = gg; would predict yg;

without error if 8,,(¢q) was known. Since the target variables yg4j, j = 1,...,n4, are observed
for all units in the sampled subsets s4, the unit-level MQ coefficients can be estimated in these
units. More specifically, an estimator of qq4;, j = 1,...,nq, is

= stution { 0yl Sy, V1) = wa b Qo vloa) = wyBua)

The idea is to use the unit-level MQ coefficients of each individual to then estimate the average
in each area and fit the MQ2 linear models to that ¢g-value. In LMMs we include random
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effects to capture the variability between areas and with the MQ approach to SAE we capture
this variability by fitting different MQ2 linear regression surfaces for each area.

The domain population and sample means of unit-level MQ coefficients are
A 1 A 1 &
0 = qa. quj’ ed:(jd.zizz]\d]ﬁ d=1,...,D,
d j=1 ndg a1

respectively. By definition, é\d is the area-level average of the estimated unit-level MQ co-
efficients of the units in the sample. Therefore, we expect that the MQ2 linear model with
q= éd will be the one that provides the best predictions in the domain d. Overall, if we are
predicting linear domain parameters, such as population means. That is to say, in order to
predict y4; in the unobserved part of domain d, we will choose the MQ2 linear model with
q= HAd. Thus, prediction in MQ2 linear models for SAE involves fitting D models, each one
with the most appropriate quantile g = é\d for the domain d it represents.

5.2.2 Robust predictors for two-fold M-quantile models

The MQ2 linear models are used to predict domain quantities including, but not only, pop-
ulation means. Specifically, we calculate predictors of addictive quantities G4 = g4(ya1, - - -, Yan,),
where g4 : RYe — R is a continuous function. Therefore, its applicability overlaps with the
EBP methodology based on NER models of Rao and Molina (2010). For example, we can
predict poverty rates and poverty gaps, but this research focuses on predicting linear domain-
dependent population values and, in particular, population means:

1 e
Yi=— g, d=1,...,D.
Nd;lyj

As the first option, a plug-in type predictor is calculated for the population means. Under
regularity assumptions, a Taylor series expansion of 3, (04) around 6, yields to

A~ 8ﬁ¢(‘]) ~
6,) ~ 8., (0 ‘ (0,—0y), d=1,...,D.
By (0a) ~ By (0a) + 24 q=9d( a— 04)
Let r4 = Uy — s4 be the non sampled subset of Uy, d = 1,...,D. If we assume that the sum

of the residuals ey, 4;(fq) in 74 is close to zero, then it holds that

Ny
Yo = Alfdzydj— {Zydg+2$d]ﬂ¢9d Z%d] Hd}

JESA JETY jETd

0
{Zydj+2xdtla¢9d} NE 'ﬂw

JES4 JETq jerd

(64 — 02)-

2

‘qfad

Typically, the second summand of the last expression is much smaller than the first one.
Therefore, we define the MQ predictor of Y, as

~mgq

Y, = d{ Z Yaj + 2 wdjﬁzp 9d)} (5.5)

jESd ]ETd
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Given that Qg,(ey q4j(04); 06,, Y|24) = 0, it follows that

M epqi(ba) ~0 i Gy (1/2—2,1/2 1),

JErg

for some small € > 0, but not otherwise. It is therefore desirable to know the sign of the bias
of (5.5) and reduce its magnitude, as the MQ predictor is expected to be a biased predictor
of the population mean. If 64 < 1/2 —¢, the event 3, ey q;j(04) > 0 will occur with greater
probability than the opposite event and the MQ predictor will tend to have negative bias. If
04 > 1/2 — €, however, the MQ predictor will tend to have positive bias.

We define the residuals and standardized residuals of the MQ2 linear models as
€v.ai(0a) = yaj = T By (0a),  Tyaj(¥a) =5 Cpg G =1, ma.

The previous calculations involve the estimation of both the Bw-coefﬁcients and the area-level

M-quantile coefficients éd. Provided

m Z djﬁw 9d N Z wd],3¢ )

JESq JeUd

the bias of (5.5) is estimated as

-~ mq

~ ~mgq ~ — 1 ~ ~
B(Yy )=E[Y, —Y4]= —*(1 - E) €y,dj(0a)-

Based on a robustification of a/,,dj(éd), the robust bias-corrected (BMQ) predictor of (5.5) is

~bmg ~mgq 1

Y, W—F%M—JZ%d%MM) (5.6)

n
d JESd

where ¢ is an influence function with robustness parameter ¢4 > 0. The last summand on the
right-hand side of (5.6) has the role of controlling the potential bias. The characterization of ¢
is worthy of comment. By setting the value of ¢y, it is possible to trade robustness for efficiency
in MQ2 linear models. If ¢4 = 0, the BMQ predictor reduces to the MQ predictor. As cg
increases, more weight is given to larger residuals, biased by the MQ predictor. Consequently,
larger values of ¢y lead to less bias, but also less robustness and more variability. It is safe to
say that it is crucial to propose optimality criteria for a proper selection of c,. For brevity,
this is presented in Section 5.4.4 for predictors derived from the TWMQ linear models but an
analogous argument is applied to the BMQ predictor derived from the MQ2 linear models.

5.3 Three-fold M-quantile linear regression for SAE

A review of the three-level MQ linear (MQ3) models (Marchetti et al., 2018) is necessary
to present the TWMQ linear models. Let U be a finite population of size N hierarchically
partitioned in domains Uy and subdomains Uy, of sizes Ny and Ny, respectively, d = 1,..., D,



5.3. THREE-FOLD M-QUANTILE LINEAR REGRESSION FOR SAE 107

t=1,...,T. Let s, s4 and sg be the corresponding sampled subsets of sizes n, ng and ngy,
respectively. Throughout the theoretical part, we assume that a vector of p > 1 unit-level
auxiliary variables a:iltj = (Tatj1, - - - Tdjp) is known for all individuals in Ug and the variable
of interest, 345, is observed for all individuals in s4.

For 0 < g < 1, the MQ3 linear model is

Yaij = T iBy(q) + eparj(q), d=1,....,D,t=1,....T,j=1,...,Ng, (5.7)

where B,,(q) = (By1(q); - -, Byp(q))" is the vector of model parameters and ey, 4¢j(q) are inde-
pendent model errors with unknown c.d.f. Fy(u) = P(ey q;(q) < ulxg;), u e R.

It is worth noting that B3,(q) only varies with the order of the quantile, 0 < ¢ < 1.
Indeed, models (5.7) can be expressed with two subscripts, d and 4, where 7 runs through all
combinations of values of the indexes t and j. However, the adopted notation is necessary
from Section 5.3.3 onwards, where the time component will be crucial.

For the MQ function, we assume that Qg(ey.d(q); 0, ¥|Tar;) = 0, 0 < ¢ < 1, and,
although no explicit parametric assumptions are being made, the homoscedasticity assumption
oq = var'2(ey ai(q)) = o4 (By(q)) is imposed. One of the advantages of models (5.7) over
LMDMs is that we have not specified a formal structure for the model errors, let alone required
them to follow a normal distribution.

In practice, Bw (q) and &, are estimated using the IRLS algorithm, which ensures conver-
gence to a unique solution (Bianchi and Salvati, 2015). This algorithm is explained step-by-
step in Appendix C for estimating the regression parameters of the TWMQ linear models,
and its adaptation to the MQ3 linear models is straightforward.

5.3.1 Three-fold M-quantile approach for inter-area variability

The MQ3 linear models have recently been used to model inter-area variability (Marchetti
et al., 2018). The script is parallel to the one in Section 5.2.1. To start with, we have to
introduce the new notation adapted to the structure of the subdomains.

For j =1,..., Ng, the unit-level MQ coefficients of models (5.7) are

Qdtj = S%lllqti?fl {Qq(ydtj5 o Y|Tarj) = ydtj}7 Qq(atj; 0, V| ®ar;) = By ()-

For each target variable 45, j = 1,..., Ng;, we calculate the quantile gg:; for which the model
error eqe;(qarj) would be equal to zero if the f-coefficients were known.

By definition, it holds that

ydtj = quij (ydtﬁ quj71/1’a7dtj) = wiitjﬁw(thj)a qutj = O’¢(,@w<thj)).

The unit-level MQ coefficient gg4;; is the “most likely” quantile of unit j of area ¢ and time
period t. That is, of all the MQ3 linear models that vary by 0 < ¢ < 1, the model with
q = qat; would predict yg¢; without error if B,(¢q) was known. Since the target variables
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Yatj, J = 1,...,ngs, are observed for all units in the sampled subsets s4;, the unit-level MQ
coeflicients can be estimated in these units.

More specifically, an estimator of qg:;, 7 = 1,...,ng, is

Qatj = S%1<11;5<icl>n {Qq(ydtj; Og Y| Tary) = ydtj}a Qq(Warj; Gg Y|war;) = g8, ()-

The idea is to use the unit-level MQ coefficients of each individual to then estimate the average
in each area and fit the MQ3 linear models to that g-value.

The domain population and sample means of unit-level MQ coefficients are

A Tth ~ A T nge
0 =qq.. 722(16#]1 9 = qq.. 722th]7 = a"'va (58)
di=1 =1 d =1 =1

respectively. By definition, §d is the area-level average of the estimated unit-level MQ co-
efficients of the units in the sample. Therefore, we expect that the MQ3 linear model with
q= éd will be the one that provides the best predictions in the domain d. Overall if we predict
linear domain parameters, such as population means. That is to say, in order to predict yg;
in the unobserved part of domain d we will choose the MQ3 linear model with ¢ = é\d- Thus,
prediction in MQ3 linear models for SAE involves fitting D models, each one with the most
appropriate quantile g = éd for the domain d it represents.

5.3.2 Robust predictors for three-fold M-quantile models

The MQ3 linear models are used to predict subdomain quantities including, but not
only, population means. Specifically, we calculate predictors of addictive quantities Gy =
9at(Ydt1, - - - YdtNy, ), Where gg RNat — R is a continuous function. Therefore, its applica-
bility overlaps with the EBP methodology based on NER models of Rao and Molina (2010).
For example, we can predict poverty rates and poverty gaps, but this research focuses on
predicting linear domain-dependent population values and, in particular, population means:

L Nay
Vi = 723/(@, ~1,...,D, t=1,....T.

As the first option, a plug-in type predictor is calculated for the population means. The
idea here comes from generalizing the developments described in Section 5.2.2. Let rg =
Ugs — sqr be the non sampled subset of Uy, d = 1,...,D, t = 1,...,T. If the sum of the
residuals ey 4j(04) in 74 is close to zero, then

Nai

Ya = N Zyd] = dt{ DT va + D) @By (0a) + . ey arj(0a) } (5.9)

JESat JETat JETat

0 R
th{ O3 vag + Y, @By (6a) } No >, T Bw >’ _ (04— 6a)-

q=04
JESat JETdt ]Erdt

2
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We define the residuals and standardized residuals of the MQ3 linear models as
epdtj(0a) = Yarj — Ty;B8p(0a),  Uyarj(0a) = 55_‘11%,(11&;‘, J=1... na.

The previous calculations involve the estimation of both the Bw—coefﬁcients and the area-level

M-quantile coefficients é\d.

We define the MQ predictor of Y4 as

~mq 1 ~ A~
Yo = ]Vd{ Z Ydtj + Z xéltjﬁw(gd)} (5.10)
P4 jesar JETat
and the robust BMQ predictor of (5.10) as
obmg  ~mg 1 Nt ~ ~ ~
Y, =Y —(1——) - (@), 5.11
dt dat T o Ny, Z %d(ﬁ(“w,dtj( d)) ( )

JESdt

where ¢ is an influence function with robustness parameter ¢, > 0. For the sake of brevity,
the optimality criterion for the data-driven selection of ¢, is only given in Section 5.4.4 for
predictors derived from the TWMQ linear models. Applying the developments to this case,
however, is straightforward.

5.3.3 Residual analysis and inter-period weights

In this section we introduce the necessary notation to define the TWMQ linear models.
The idea will be to capture underlying temporal dependencies in the MQ3 linear models,
incorporating this dependency structure into the new models proposed in Section 5.4.

Let us define the subdomain-level residuals as

1 N ~
det:a Z e’l,[),dtj(gd)a d=1,...,D, t=1,...,T,
t

JESat

and assume that there exists some unknown subdomain-level temporal dependency between
the target variables yg,j, and Ygt, o, t1,t2 = 1,...,T, j1 = 1,..., Ng,, jo = 1,..., Ngt,.
In such case, the subdomain-level temporal dependency will remain in the subdomain-level
residuals 7y, 4¢, and ry g, t1,t2 = 1,...,T.

As already pointed out, the MQ3 linear models are able to non-parametrically capture
area-level variability by fitting different regression surfaces

Qéd(ydtj;aqa¢|mdtj) = m:jt]/gw(ed)7 d = ]-7"'7D7 t= ]-a"'aT; ] = 1"'7tha

but they are not able to model temporal dependencies. Intuition motivates us to fit a sea-
sonal autoregressive AR(P)p model with period D and order 0 < P < T to {rya : d =
1,...,D, t = 1,...,T}. Here the domains play the role of seasons and P measures how
the auto-correlation decays over time (Bugallo et al., 2024¢). The extreme cases are P = 0,
where there is no autoregressive dependence structure, and P = T which includes all possible
lags. Our idea is to define inter-period weights wy,;, that measure the dependency between
Ty, and Ty g, t1,t2 = 1,...,T, based on the estimated coefficients of the fitted seasonal
autoregressive AR(P)p model. It is necessary to differentiate between two cases:
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(1) If 1 < t < P, there is past information from the first period up to time ¢, so the weights
will be distributed over {1,...,¢}. Accordingly, if ¢ = 1 there is no past information,
i.e., only data from the first period is available.

(2) If P <t < T, there is past information from the first period up to time ¢, but we only
assign positive weights to the last P delays, i.e. {t — P,...,t}.

Some information is included below. First, the equation of an AR(P)p process {z;}icz is

2i = ¢o + $12i—p + Pp2zi—op + -+ + dpzi—pp + ai,

where {a;};cz is a collection of i.i.d. normal variables, of zero mean and finite variance 02,
and ¢g, ¢1,...,¢p € R fulfil that ¢pp # 0 and 1 —p1u—gou?® —---—ppu’l # 0, YVue C, |u| <1
t

(stationarity condition). Let be Sy = Y] |¢p|, 1 <t < P, the sum of the first ¢ autoregressive
p=1

coefficients. The set of past time periods that produce a dependency in the distributions of
the target variables at time period ¢ are

~ ~ ~ 1 ifl1<t<P
To={L,....t}, T=1(tP)= _ ’
t— P ift> P,
so the vector of inter-period weights is w; = (w1, ..., wyr), where
Wy = |¢t?1| ift<i<t andwy=0ifi>tori<t, t=1,...,T. (5.12)
t
For each ¢t = 1,...,T, the population and samples sizes are N; = Zc?:l Ng and n; =

25):1 ngt, respectively, and the relevant subsets at time period ¢ and corresponding sizes, are

U saiy  Uq) = U Udi;  ng() = Z Ndis  Na@) = Z Nai,

€Tt €Tt €Tt €Tt

D D D D
S = U sa@rys Uy = U Uary; nay = Z nawy, N = Z Ngwy- (5.13)
d=1 d=1 d=1 d=1

Sa(t)

The heuristic of inter-period weights attribution given by equation (5.12) and the notation
just included in (5.13) will be quite relevant in Section 5.4. Indeed, the subsets 5(1) determine,
at time period ¢, the set of time-dependent observations that will be assigned positive weights,
according to (5.12), in the fitting algorithm of the new TWMQ linear models.

5.4 Time-Weighted M-quantile statistical methodology

LMDMs with time-dependent structures rely on strong distributional assumptions, and it is
also necessary to formally specify the dependence structure of the random effects. Therefore,
there is a need for time-dependent SAE models that are robust against atypical data and have
fewer parametric assumptions. To cover this gap, this section provides a detailed description of
the proposed Time-Weighted M-quantile (TWMQ) statistical methodology. It follows Bugallo
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et al. (2024e) as a reference point. First, the model formulation is presented. Section 5.4.1
derives two robust plug-in type predictors of small area means and time periods. Sections
5.4.2 and 5.4.3 focus on the estimation of the MSE and, directly related, Section 5.4.4 on that
of the robustness parameter for bias correction. Appendix C outlines the steps of the fitting
algorithm, an adaptation of the IRLS algorithm. Appendix D contains the mathematical
proofs of Theorems 1 and 2.

For0<g<1,t=1,...,T, the time-weighted MQ linear regression (TWMQ) models are
Yaij = T By(q, wi) + ey aij(qwy), d=1,...,D,i=1,....,T,j=1,...,Ng, (5.14)

where B, (q, wt) = (By1(q; we), - -, Byp(q,wy))" is the vector of time-varying model parame-
ters, wy = (wy1, ..., wer)’ is the vector of known non-negative inter-period weights measuring
the time dependency between observation of times ¢ and i, and ey 4;;(¢, w;) are indepen-
dent model errors with unknown c.d.f. Fy(u) = P(ey4ij(q, wt) < ulxgij), v € R. The new
models feature time-varying parameters Bw(q,wt), 0<qg<1,t=1,...,T, and allow for
non-parametric modelling of time dependence structures for each probability q.

It is satisfied by definition that

Qq(elﬁ,dij(Qa wt);o-qtaw|mdij) = Oa 0< q< 1a

and, although no explicit parametric assumptions are being made, the homoscedasticity as-
sumption og = Varl/Q(ewdij(q, wy)) = 0y (By (g, we)) is imposed.

Our choice is to set the vector of weights wy, t = 1,...,T, according to (5.12), so the time-
dependent subsets are defined in (5.13). As in the case of the MQ2 and MQ3 linear models,
we do not need to specify the distribution of the model errors. As an inherited property of MQ
models, our proposal avoids distributional assumptions and allows characterizing differences
between areas, as well as time dependencies, through data-driven estimation of the model
parameters. Therefore, not only do the new models have time-varying parameters, but they
are also distribution-free for both areas and time.

Here it is important to note the clear differences of the TWMQ linear models (5.14)
compared to the MQ Geographically Weighted Regression (Salvati et al., 2012), where the
weights are symmetric, i.e. where something like wy; = wy, ¢,t = 1,..., 7T, should be imposed.
For spatial dependencies, adding new locations does not necessarily imply that those already
considered lose relevance. In contrast, in the case of temporal dependencies, the first lags lose
relevance as more recent information becomes available. One of the great advantages of the
TWMQ linear models is that recent data can be easily incorporated into the fitting process.
In fact, it manages to attribute only positive weights to the closest temporal data through
the sets T;, t = 1,...,T. As a result, the computational cost of fitting the TWMQ linear
models is not scalable if we include more recent observations. That is, the model parameters
Bylg,w), 0 < g <1,t=1,...,T, vary over time, using only the nearest data to estimate
them. The relationship between the response variable and the covariates is characterized by
local rather than global parameters, where local is defined as time specific.

In light of the above, the TWMQ linear models allows us to define the fitted regression
surfaces

@q(ydththaMmdtj) = milt]/étp(cb wt)u d= 1)’ . '7-D7 t= 1)’ . '7T7 j = 17"‘7th7
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that uses information across quantiles 0 < g < 1 and over time.

5.4.1 Robust predictors for Time-Weighted M-quantile models

The TWMQ linear models are used to predict subdomain quantities including, but not
only, population means. In fact, they can be used to predict the same type of predictors
as the MQ3 linear models in Section 5.3.2, but with this new methodology we can capture
underlying time dependencies. For the purpose of using the TWMQ linear models in SAE, we
use B,,(04,w;), where the estimation of 64, d = 1,..., D, comes from the MQ3 linear models

(5.7). Indeed, it has been given in (5.8) so we finally estimate ﬁw(éd, w;). We follow a robust-
projective approach based on plug-in robust prediction, i.e. the optimal, but outlier-sensitive,
parameter estimates are replaced by outlier-robust versions.

In the following, we include some mathematical notation and developments to derive the
small area predictors. For the quantile ¢ = 6,4, we write

Togt = 0¢(B¢(9d,wt)), d=1,....,D, t=1,...,T,
and introduce a simplified notation for model errors and standardized errors, i.e.
ey dtj = Ydtj — w’dtjﬁlﬁ(ﬁd,wt), Uy dtj = U(J_d}eew,dtj(edawt% j=1,...,Ng. (5.15)
For j=1,...,ng,t=1,...,T, the model residuals are
€y.dij (¢, Wt) = Yaij — $fj¢j[§w(q7wt), 0<g<l

For j = 1,...,Ng, 0 < ¢ < 1, we define the pseudo-residuals and standardized pseudo-
residuals

q) = gy Ep.at(q);

epari(q) = a(By(g,we) — By(Oa,we)), Uyt
q) = 0g,:Ep.a5(q

eyaj(q) = wfztj (ﬁw(% wy) — ﬁw(adv wt)), Uy, dt;
Eyaj(q) = wiltj (@p(q’ wy) — :@p(édv wt)), U, dt;j
For j =1,..., Ny, the unit-level MQ coefficients of models (5.

)

)
). (5.16)

q) = 09 ,1.at5(4

—_ o~~~

4) are

ddtj = S%1<11;5<i(1)11 {Qq(ydtj§0qta¢|mdtj) = ydt]}» Qq(ydtj;aqtaw|xdtj) = w&tjﬁw(qth)a (5.17)

so it holds that
Yatj = m&tjl@w(thpwt)’ Oqar; = Jw(l@w(thj’wt))'
The interpretation of the unit-level MQ coefficients of models (5.14) is the same as for the

MQ2 and MQ3 linear models, but in this case the estimation of 3,(¢,w:) and By (qas;, wt)
allow for past time dependencies to be taken into account.

For the quantile ¢ = qq;;, the pseudo-residuals and standardized pseudo-residuals are
~ A~ ~ ~ 1~
€ dt; = ew,dtj(thj) = Ydtj — m&tjﬁi/z(eda 'wt), Ugp dtj = O’gd}f 6’¢,dtj(‘]dtj)7
A

a/},dtj = ap,dtj(qcltj) = Ydtj — xiltjﬁw(ed,wt% aw,dtj = Ue_digw,dtj (thj)a

. AL ~ - 1w
Epdty = Cp.dtj(Qat;) = Yatj — Ty By (0, wi), Uy arj = 09;5 €y.dtj(qatj).  (5.18)
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In future developments, such as the proof of Theorem 1, the previous notation will be useful.

As the first option, a plug-in type predictor is calculated for the population means. Under
regularity assumptions, a Taylor series expansion of 3, (04, wy) around 6, yields to

2B, (4. »
Byl@w)| o aN d=1,...D.

By (0a, wy) ~ By (0a, wy) + a4 'q:@d

If we assume that the sum of model errors ey, 4 is close to zero, we have

— 1 E
Yy = -Nd{ E Ydtj + E m&tj,@w(ed,wt) + ezj;,dtj}
t

JEsat JETat JETay
1 , ~ 1 , 55w(§d,wt) ~
R o dtj + Ty 8,04, w }-i— Tgi— (04— 04q).
Nl s X el o) |+ 3wl P
dt JETdt JETdt

Typically, the second summand of the last expression is much smaller than the first one.
Therefore, we define the TMQ predictor of Y 4 as

~tmq 1 PPN
Ydt = ]th{ 2 ydtj + Z wzltjﬁw (ed,wt) } (519)
JEsat JETat

Given that Qg, (e dtj: 0o ¢, ¥ |Tar;) = 0, it follows that Zjem epdaj ~ 0if 04 € (1/2—¢,1/2+¢)
for some small € > 0, but not otherwise. It is therefore desirable to know the sign of the bias
of (5.19) and reduce its magnitude, as the TMQ predictor is expected to be a biased predictor
of the population mean. If ; < 1/2 — ¢, the event Zjerdt ey,atj > 0 will occur with greater
probability than the opposite event and the TMQ predictor will tend to have negative bias.
If 04 > 1/2 — €, however, the TMQ predictor will tend to have positive bias. If

1 ~ A 1 PPN
" Z w,dtj’g¢(9d’wt) ~ Nidt Z m;ltjﬁz/}(edawt)a

n ! .
dt JESdt 7€U4+

the bias of (5.19) is estimated as

~tmq ~tmg _ 1 N
B(Vy )=E[Yy —Ya]= fn—dt(1 - %) T

Based on a robustification of €y 45, the robust bias-corrected (BTMQ) predictor of (5.19) is

~btmq  ~tmg 1 Ndt \ bt Sbt -~
Ydt = Ydt +— (1 N N7>Bdtmq’ Bdtmq = 2 Uedt¢(u¢7dtj) (5'20)
Nat dt I

where ¢ is an influence function with robustness parameter c4 > 0. For the first time in the
literature, in Section 5.4.4 we propose an optimality criterion for a proper selection of cy.

5.4.2 Mean squared error estimation for temporal M-quantile predictors

In this section we address the analytical estimation of the MSE of the TMQ predictor.
Let d=1,...,D,t=1,...,T. Let us assume that ¢ = 04 is known. We define the n(t) x 1
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vector indicating the units of s(¢) that belongs to domain d and time period ¢, i.e.

1 ifa=05b
— col (8,4c0l(6; col (1)) = col (col( col y Sy = ’
ar = g;@( gdi%%( ztlgggngi( ) ol D(i%%(l Sggngi(f:‘dt,_(m))), ab { 0 otherwice.

Then we write the TMQ predictor in the linear form

-1

~tmg 1 ~ ~
Y a = ]th{sldtys(t) + ( Z 9321@‘) (X;(t)Ws(t)<9d’wt)Xs(t)) X;(t)Ws(t)(gd,wt)ys(t)}

JETat
D Ngi
1, 1 g
= N CatYst) T o Z Z Z Qdt,gijYgijs
Na Na ;=5 7 3
/ / /
where a;, =€), + z;, = col (col( col (adt’gij))), Adt,gij = Edt,gij + Zdt,gij and

1<g<D “ieT; 1<j<ng;

zy = col (col( col (zgr4i))) = ( > m/dtj> (X;(t)Ws(t)(é\dywt)Xs(t))_IX;(t)Ws(t)(é\dawt)~

1<g<D €Ty 1<j<ng; ;
g €T 1Sisngi JETdt

We have written in TMQ predictor as a sum of the target variables multiplied by certain
weights, stored in the vector ag;. Let us define the N(t) x 1 vector indicating the units of

U(t) that belongs to domain d and time period t and the vectors 1z = ) co%v (1), yu =
<JSNat
1 i), 1, = col(l = col .
. <]cgth(ydtg), rat jggdt( )s Yry, jggdt(ydt])

~tmgq
The prediction error and MSE of Y, are, respectively,

~tmqg

1 / ! ]' ! /
Yo —Ya= m(adtys(t) - 1dtydt) = m(zdtyg(t) - 17'dtyrdt)

and ~tmgq o~tmg g ~tmqg  __ 9 ~tmgqg
MSE(Y g4 )= E[(Ydt —Ya) ] —var(Yy —Ya)+B (Vg ),
where
~tmq  __ 1 , , ~tmq 1 , ,
var(Yo, = Yar) = gvar(zas) = 1rgYra) BV ) = N L [Za¥st) = 1raYra )

dt

Following Chambers and Tzavidis (2006), we first derive a first-order approximation of

MSE (?ZTq) and then propose several estimators. In general, the procedure described below
could be applied when the quantity to be predicted can be expressed as a linear combination
of the values taken by the target variable in all units of the sample (Chambers et al., 2011).
These pseudo-linear MSE estimators assume that the weights ag4 are fixed quantities, and
thus ignore their contribution to the MSE, derived from the estimation of the 6, coefficients
using the MQ3 linear models. In practice, the latter should not be a major problem, as this
variability is expected to be rather small (Schirripa Spagnolo et al., 2021).
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Firstly, the variance is approximated as

~tmq o Ngi
var(Yg —Ya) =~ N (Z Z Z Zat i Var (Ygij) + Z Var(ydtj)> (5.21)
dt \ g=14eT; j=1 j€Ta:
Ngi
- (Z Z Z Zit,gi7 VAT (Ygij ) Z Z Z Erdt,gijVar ygw))
g=1ieTy j=1 g=14eT; j=1
where €4 = chong(%dcol(5ncol(JC;);(0),jg?{}i(l)))) = 1<C;<1D(z‘ce(%(lsjc‘gvgi(erdt’gij)))'

To estimate var(yg;;) and var(yq:;), we consider two approaches.

(1) Median approach: the variance estimators are based on the median model, and not on
the area quantile coefficient models. Accordingly, we use the median estimator var(yg;) =
(Ygis — T4i8(0.5, wy))? = e¢ 4ij(0.5,wy) for the variance of the sample observations in s(t)
and estimate the second summand in (5.21) using

Ngi
— Ndt AQ
IRCTTRED I IIE cargii T (05w,
JETat g=1ieT; j=1
. . itmq - .
Therefore, the median estimator of var (Ydt — Ydt) is
D Ngi
Dtmg _ ~2 2 Nat — nat -
Vi Jdt N2 2 Z Z Adt,gij €y, gzj(o 5,wt),  Adtgij = Zdt,gij T o —1 Edt,gij-
dt g=1ieT; j=1 a(t)

(2) Area quantile coefficient approach: the variance is estimated according to the representa-
tive quantile of the area g from which the observation is drawn. Consequently, we use the
area quantile coefficient estimator var(ygi;j) = (ygij — :Bg”ﬁd,(ﬂg, wy))? = ew gZJ(Gg, wy) for the
variance of the sample observations in s(¢) and estimate the second summand in (5.21) using

D Ngi
—Ndt 0
Z var ydt] Z Z Z dt,gzy 1 ed),gij( g:'wt)-
JETqt g=14€T; j=1
. . . itmq X5 .
Therefore, the area quantile coefficient estimator of var(Y g — Yg) is
Ngi

1?1;75 Z Z Z )\dt ,9L] é\w,gz] (997 wt)

dtg 14eT; j=1

The selection of robustness parameters from a minimum MSE is expected to give better
results (Bugallo et al., 2024e), so we also look for a variance estimate that allows us to

separate the terms derived from the bias correction from the terms common to the TMQ and
~tmgq
BTMQ predictors. By using a different formula for the prediction error of Y, , we give two

alternative estimators of the variance. For this sake, we define the scalars and vectors

_ 1 _ —/
Ysdt = g 2 Ydtjs Yrdt = th 2 Ydtj, Tprge = th 2 :Bdtj

JESat t jeras t jeras
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From equation (5.19), we write the TMQ predictor as

~tmgq 1 B B ~ ~
Yy = 7Nd {ndt?/sdt + (Naz — ndt)w;dt5¢ (Qd, wt)}
t

and the population mean as
— 1 _ _
Ya = Ni{ndtysdt + (Nat — ndt)yrdt}
dt
so the prediction error is

~tmgq

_ n P PN _
Yo —Ya= (1 - 7th ) {wiﬂdtﬂ¢ (64, wy) — yrdt}-
dt

An estimator of the prediction error variance is

P gtmq — nd 27 ~ nd 2/\ _
V&I‘(Ydt — Ydt) = (1 — N—di) Z 3 VaZrar + (1 — ]\T;) var(Jrdt) s (5.22)

where 17,3 = xﬁi\r(aw(éd, w;)). Based on the sandwich approach (Street et al., 1988) to estimate
the asymptotic variance of the vector of model parameters in MQ linear models (Bianchi and
Salvati, 2015), we derive an estimator of Vg to be plugged into (5.22). Under assumptions
(A1)-(A8) in Appendix D.1, an estimator of Vj is

D ~
n2g2 2 Z% 25 03 (Cugig (0, wi), 0,0) -1
~ = €504
Ve = O 2w g FR I 5 Z Z Z @y |, (5.23)
nNwy —P (D . R . e jems
(Z Z Z djédt(ew’gij(ed’wt)’Uedt)> g=11€Ty jesy

g=1 i€Ty je€sgy;
where 1/)@1 , is the partial derivative of @b@d , with respect to the first argument.

In order to estimate var (gjrdt) in (5.22), we use

D ~9
Dg=1 Zjesgt €i.gtj

(Ngs — nae)(n — D)'

Zjesdt é\?p:dt]
(Nat — nag) (ng@y — 1)

vary (Grat) = or  vara(Frat) = (5.24)

By substituting ‘A/ﬁ and var (Jra) or vara (¥rqt) in (5.22), we obtain the estimators V;lm "7 and

A~ ~tmq
VQth 1, respectively. Secondly, the bias B(Y 4 ) is estimated by

D
~ 1 a o~ a -
By = th<2 Z Z adt,gijwlgij'ad)(@g?wt) - Z wfitjfaw(ed’wt))’ (5.25)

g=11i€T jesgi 7€Uat

where the terms aq g;;’s are the components of a4 appearing in the definition of the prediction
~tm

~tmg ~tmgq
error of Y, . All in all, we have four estimators of MSE(Yy ). They are mse!"

11,dt —
i rtmg D2 tmq _ {rtmg H2 tmq _ {rtmg D2 tmq _ {rtmg D2
Vivae T B msej g = Vig gp + Bayp, msegy g = Vo gy + By, and mseqy g = Voo g + By, By
. . tmq tmq tmq
taking squared roots of the above estimators, we define TS gy TMSE g g1y TMSEY 4y and

tmq X . ~tmgq ~tmgq 1/2
rmseqy 4, respectively. They are estimators of RMSE(Y 4, ) = (MSE(Y 4 )"
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5.4.3 Mean squared error estimation for bias-corrected temporal M-quantile
predictors

In this section we address the analytical estimation of the MSE of the BTMQ predictor.
We focus on the prediction of the poplilation means Y 4, which have been defined in (5.9).
To start with, the BTMQ predictor of Y 4 can be written as

~btmg

-~ .
Yau = th{ Z Ydtj + Z mdt]ﬂw (Qd,wt)} - (1 _ Nilii)B t’mq7

JEsat JETat
where égimq has been defined in (5.20).

We derive a first-order approximation of the MSE of the BTMQ predictor based on a
decomposition of it to account for the variability arising from the estimation of qg:;, j =
L,...,ng, and B, (Qd, wt). To do so, we first define the following auxiliary notation in relation
to the BTMQ predictor:

—btmgq Nt btm
yhima ) ) 04, (1 - —)B a
th{ Yarg + azdtjﬁw( ¢ wt)} Ny Nt/ 4

JESdt JETat

£btmg 1 Ndt \ Sbtm
_ q
Y g - N { Z Yatj + Z xdtjﬁw(edet>} + (1 N >Bdt ’
dt Nat dt
JESdt JETdt
btmgq bmq ~
By = ) ooud(uyay), By > 00, (W aty),
JESat JESdt

where wuy g¢j and Uy g5, j = 1,...,ng:, have been defined in (5.15) and (5.18), respectively.
It holds that

~btmg ~btmq  __ ~btmq  __ ~btmg

2 —_
MSE(Y 4 ) =E[Ygy —Ya)]=var(Yy —Ya)+(E[Ysy -Ya])?
~btmg
Under the assumptions listed in Appendix D.1.1, the prediction error of Y,  is:
~btmq __ ~btmq ~btmgq ~btmg bt _ 3 1
Vi —Ya=0g Yy )+Ts -V )+ 0 -V, =79 +72+7%). (5.26)

To simplify the notation, we define the variance and the expected prediction difference of
7((1]?, for k =1,2,3, as Vd(tk), and Eg:), respectively.
Based on the decomposition in equation (5.26), we write:

~btmq  __ _ _ _ _ _ _
var(Yg —Va) = V4 V24 v 4ocov(VE VE)) + 2c0v (Y, VYY) + 200v (Y, TH),

EVa " ~Vu] = EP+ED +ED = B + o1).
The covariances are cov(YElt ,Ydt ) Erdt Y(Q)] cov(Y((it),Y(l)) E[Yﬁlt)YéP]—i-o(l)
and cov (Y((it), Y( ) EY rd?Y(l) + o(1). Under regularlty assumptions, the expectations of
the previous cross-products should be o(1). We define the set Gy = { J € Sat : ’uw’dtj’ < c¢}.

~btm
The following theorem summarizes the final approximation of M SE (Ydt )
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Theorem 1. Under assumptions (®1), (N1)-(N2), (Q1), (A1)-(A9), (B1)-(B ) Sn 1)-(C2),

(D1)-(D2), (E1)-(E3) in Appendix D.1.1, a first-order approximation of MSE(Ydt ) is

~btmg

MSE (Ydt ) - Vd(tl) + Vd(tQ) + Vd(tg) + Ec(li)Q +o(l) =
_ Nt i . , 2,
= Z ((1 th> Igdt( ) + Ngt I""dt (j)) (mdtjﬁw(ed, 'wt)> gdt

JEUat ndt
Nt 1 . 1 . / 2
o 3 (1§ o )+ )l (Butn w0z
JEUat
Nt 21 . 1 . / 2 (0
T T WA W
* ZU: << Nt n?zt H‘“(j) " N,?t rald) mdwvar(ﬁd}( ’ wt))xdw
JEUdt
ng \2( ¢ g ’
+ (1—N—dt> <n¢ Y, Elsenlepa)] + n?dt ) E[Rdtﬂ']> +ol(l).
dt dt e =G at Gy

Proof. The proof, by Bugallo et al. (2024e), is reported in Appendix D.1. O

~btmg
The estimator of MSE(Y 4 ) is given by

" 28 1
el = (-5 % i 3 o 8) " 3

n
« J€Ga 7€Gas
Nat — nat fjt 1 )
+ 77(72(% —9d ) Ee -
2 J ,dtj
e Nig A JEsdt JESat
Nt 1 ~
+ 2(1 — Ni) Z wdt]Vgaﬁdt] N2 Z wiitjv,ﬁwdtj
) gy dt j
J€Gat JETdt
2
Nndt 21 N 1 o
+ (1 th) n2<6¢ ZA sgn(6¢,dtj)+th Z €p.dtj | (5.27)
dt Je€sat—Yat 2 ieGy

where f/ﬁ is given in (5.23), @dt = {j € Sqt : |a¢7dt]~| < c¢}, expression card(B) denotes the
cardinal of a set B and égt estimates var(qq;), e.g. by

ggt = var(qay;) = ——— Z (Qatj — qar.)’, = T Z
JES

ng — 1 .
dt JESat

~bt ~bt
Finally, an estimator of RMSE (Ydtmq) = (MSE(Ydtmq))l/2 is rmsegtgzq = (msegtgzq) 12,

~btmg
Two alternative estimators of MSE(Y 4, ) could be also derived. It should be noted that,
from equation (5.16), we have Uy, g¢j — Uy atj = U;diaz’dtj(ﬁw(ﬂd, wy) — By (04, wi)) = Uy dtj (0a)-

A Taylor series expansion of ¢(Uy ¢+j) around ¢(ty ¢;) yields to

~ - t wl (/8 (é\dawt) - B (é\d,wt)) .
D(parj) ~ ¢(lpar) + Gl ar;) — v p_— v ,j=1.. ng.
d
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Let us define:

1 1 ~
T = > @y Ty = — O Thyjy rat = Urat — EpgeBy (0, we).
~ 7 sdt dt]’ rdt y’l‘dt rdt 'LZ) d» t
ot card(Gy) o Ndy o=

If ¢ is the Huber function, ﬁé(ﬁw,dtj) =1lifje gdt = {j € Sqt : ’ﬂw,dtj| < c¢} and qﬁ(ﬂﬁ,’dtj) =0,
otherwise. In a similar vein to the proposal by Chambers et al. (2014a), it holds that

B, we) — By (B, wy))

&

o Z O (y.atg) ~ oot Z Uy atj) + ijdt Z 15 (B (

"t jesar Mt jesa dt jeGas 094t
Ot o card(Gat) , A ~ A
 ng ; Ol at) + ngvdt (By(0a, wi) — By (04, wr))
JESdt
09,4t o _ ~ ~ o~
~ n:t Z (b(uw,dtj) + w;dt(ﬁw(9d7wt) - ,8¢(9d,wt))
JESdt

~btmg
The prediction error of Y;  is approximated as

~btmqg  __ 1 ~ A~ 1 Ndt \ Hbt
% -y - ’ 0 , _ . _— (1 _ ) potma
dt dt N ( E wdt]lng( d ’(,Ut) E ydt]) + ng Ny dt

JETdt JETdt

N, Ngr .
dt dt e

o
~

N, Ndt .
dt dt e

~btmq  _
An estimator of the variance V;ttmq =var(Yy —Yg)is

bt Nt \ 2| (00t \? ~ - - 5= - o~
V" = (1 — 7) {( 4 > Z O (Ayatj) + (Trar — Zsar) Vo (Zrar — Tsar) + Var(erdt)]a
Na ndat /7
JESdt
where the estimation of the variance matrix ‘75 is given in (5.23) and var(é,,,) is estimated

using var; (gjrdt) or varsp (gjrdt), given in (5.24). Depending on which formula we choose, we

obtain the estimators V;ff;f and Vzlg’r;tq of the variance dettmq, respectively.

Against this background, note that the bias correction in (5.20) is controlled by ¢4, which
can be either very large or close to zero. Consequently, it is not advisable to ignore the

presence of a potential bias, as it may (and perhaps should) still persist. Using the bias
~ btm.

~ ~ otmg obtmg
estimator By = B(Y 4, ), given in (5.25), two estimators of MSE(Y 4, ) are

2
btmq _ {rbtmgq D 1 Ndt \ pbtmg
msey g0 = V21,dt + (Bdt +—I\1—-—)By

Nat Na
and ) )
btmg rbtmg (’\ Ndt \ Hbtmg
mse =V + By +—(1——)B .
2,dt 22,dt t dt
’ ’ Uz Nay

dt
Nt 004t o ., ~ - NP i
(1 ) < Z ¢(u¢vdtj) + msdtﬂw(gcbwt) + ($7«dt — a:sdt) ﬂw(6d7wt) — Yrdt
(1

Nt ) <09dt Z ¢ (Uyp,atj) + (Trar — isdt)’(ﬂw(éd,wt) - ﬁ¢(§d, wy)) — erdt>.

)
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. . bt bt
By taking squared roots of the above estimators, we have rmse; Z;q and rmse,, Z;q, respec-

) . ~btmgqg ~btmgq 1/2
tively. They are estimators of RMSE(Yy )= (MSE(Y, ))'".

5.4.4 Selection of the robustness parameter

The robustness parameter is critical in determining the improvements of the BTMQ pre-
dictor over the TMQ predictor. However, the selection of an optimal robustness parameter
remains an open question for bias-corrected predictors (Chambers et al., 2014a; Dongmo-
Jiongo et al., 2013). In the context of MQ predictors, a common practice is to set c, = 3
(Salvati et al., 2012; Tzavidis et al., 2010). While this choice has yielded promising results, it
is ultimately subjective. An alternative to determine an appropriate value for the robustness
parameter could be to minimize an estimator of the MSE (Beaumont et al., 2013).

Thus, to strike a balance between bias and variance, we are looking for the values of ¢, > 0
~btmg
that minimize MSE(Y ; ). In practice, this means solving the minimization problems

Co,dt = argmin, msezl;mq(cqg), d=1,....D, t=1,...,T, (5.28)

c$=0

~btmg
where mse’? is an estimation of MSE(Y 4, ). Considering that the solutions are adaptive
robustness parameters for each area and time period, calculable e.g. by using grid search
methods, we call them area-time specific robustness parameters.

The following theorem states the existence and uniqueness of solutions of the minimization
problems (5.28) for mse’y™ € {mse?? mseb™9} (Bugallo et al., 2024e).

Theorem 2. Let ¢ be the Huber function, defined in (5.3). Letd =1,...,D,t =1,...,T. For

btmg btmg btmqy - . . . ~ e . .
msey, € {mseLdt ; MSEy gy }, it exists an unique solution ¢4 4 of the minimization problem

(5.28) belonging to the interval [0, max|ty 4;]] and its explicit expression is calculable.
JESdt

Proof. The proof is reported in Appendix D.2. O

5.5 Model-based simulations

The experimental design is inspired by Chambers et al. (2014a) and Bugallo et al. (2024e),
but here we have also included a time reference to all observations. The outline of the
simulations is described below, including the scenarios for the incorporation of unit-level
and area-level outliers, the cases for the time dependency random effects and the number of
iterations, S = 500. Population data are generated for D = 40 areas and T = 10 time periods.
From each population, the sample data have been selected by simple random sampling without
replacement within each intersection between areas and time periods. Population and sample
sizes are fixed at Ny = 100 and ng = 5, respectively. Both the MQ3 and TWMQ linear
models are fitted using the IRLS algorithm. In addition, the projective influence function
is the Huber function with tuning constant ¢, = 1.345, the same as the function ¢ of the
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robust bias-corrected MQ predictors BMQ and BTMQ, but their tuning constant has been
~(s)
c

selected area-time specific. So as to calculate s = L. ,S, we use a fine grid from
0 to 10, with evenly spaced breaks of 0.001 width. For the fitting of the MQ models, the
prediction of small area linear indicators, the estimation of the MSE and the selection of the
robustness parameters, we have used a code developed by the authors. Finally, the LMMs
are fitted using REML. The R library nlme (Pinheiro and Bates, 2023, 2000) has been used
for this purpose and, in particular, the 1me function.

Simulations 1 and 2 have the following steps:

1. Define ;1 = 100 and 3 = 5. Vary ¢ on a fine grid G < [0, 1].
— Choose Scenario [0,0], [e,0] or [e,u], where
[0,0] — absence of outliers, u; g «~~ N(0,3) and eg; «~ N(0,6);

[e,0] — only individual level outliers, u1 4 «» N(0,3) and eq; «~ 0N (0,6)+(1—0)N (20, 150),
where § is an independently generated BE random variable with P(0 = 1) = 0.97;

[e,u] — outliers affect both area and individual effects, u; 4 «~ N (0, 3) for areas 1 < d < 36,
u1,q v N(9,20) for areas 37 < d < 40, and egq; « IN(0,6) + (1 — 6)N(20, 150).

— Choose Case 1.1, 1.2 or 2, where

Case 1. ug = colT(ug,t) « N7 (0,%,), ¥, = 02Q7(p), and the correlation matrix is
1 P -1
1 T2
o)== | o e Mrer, pe(-11). (5.29)
pT=1 T2 5 4

Case 1.1: 0, =1, p=0.2; and Case 1.2: 0, =1, p=0.8.

Case 2. Each ug; is independently generated according to a stationary AR(3) model
with coefficients ¢; = 0.4, ¢o = 0.3, ¢35 = 0.25 and white noise variance o = 1.

2. Repeat S = 500 times (s =1,...,5):

(a) Ford=1...,D,t=1...,T, j € Uy, generate :UEIZ « LogN(1,0.5), uﬁ)i and 81(12-

depending on the chosen scenario, and ugsz depending on the chosen case; and

)

Nat
S S S S S 7(8) ]‘ S
= s ) T = LY
j=1

. . . . (s) (s)
(b) Fit the MQ3 linear models using the population data. Calculate gy, y and then 0",
d=1...,D,t=1...,T, j € Ug. Use the IRLS algorithm.

(¢) Randomly generating ng; different positions between 1 and Ny, draw a sample s&i)

of size ngs;, d=1...,D,t=1...,T. In what follows, only sample data are used.
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Calculate the Hajek estimator with equal weights, i.e. the arithmetic mean:

?hajek 1 Rdt
a = Z Yatj-
Nat =1

Using REML, fit the area-level LMM; model

2 2

2 2
Yaj = P1 + TarjBe + ui g + eqj, u,ga -~ N(0,0y,), ea; ~ N(0,07), oy,,0:

s Yuq >07

and the area-level and time-level LMMy model
Yarj = B1 + Tari P + i + uzy + eqrj, ur,a ~ N(0,02), usy -~ N(0,02,),

y Yug

2y 2 2 2
edatj ~ N(0,07), 0y,,04,,0: >0,

where 81 and 2 are the corresponding model parameters; u; 4 are the area-level
random intercepts of LMMj; uy 4 and ua; are the area-level and time-level random
intercepts of LMMy, respectively; and eq;; are the corresponding model errors.

~eblupy ~eblups

Calculate the predictors Y andY, ,d=1,...,D,t=1,...,T, given by

~eblupy 1 ~ ~ R

Yo = m{ D vay + Y, (B4 may P+ Ul,d)}:
P N

~eblupa 1 ~ ~ R R

Yu = Nidt{ Z Ydtj + Z (B1 + xqij P2 + Uz g + U2,t>}7
jesg; jerg)

where ré‘? =Ugy — 551? is the non sampled subset of Ug; U 4 is the EBLUP of the

random intercept u; 4 for LMM;; and 11 ¢ and s are the EBLUPs of the random
intercepts uy ¢ and ug; for LMM,, respectively.

Fit the MQ3 linear model, i.e. estimate [’;SZ) (¢) and 8&5) = 8¢([§$) (¢)), with ¢ € G.
Ford=1...,D,t=1...,T,j€ sé‘?, estimate 51\552 and then é\gs).

~bm

~mg q
Calculate the predictors Y, and Y, ,d=1,...,D,t=1,...,T.
(s) (s)

Calculate the inter-period weights wgs) = (wy ,...,wyp), t=1,...,T.
Fort=1,...,T,d=1,...,D, fit the TWMQ linear models with ¢ = é\és).
~tmg ~btmg

Calculate the predictors Y and Y, ,d=1,...,D,t=1,...,T.
For the TMQ predictor, calculate

tmq tmq tmq tmq tmq
rmsey, = € {rmsenydt, TMSE 4y, TMSC) gys TTNSCgy gy
and for the BTMQ predictor, calculate

btmg btmg btmg btmg
rmseg, € {rmsey 4", rmse, 4", rmsey 5,7},
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~hajek ~eblupy ~eblups ~mq ~bmq ~tmq ~btmgq
3. For Ydte{Ydt Y Yu Yy Yy Y Yy } calculate

S 13 S) s) 1/2
BIAS, 4 = Z vo v, RMSELdt:< M (Y ) . (5.30)

s:l

For rmseg; € {rmsefg”q, rmsegimq}, d=1,...,D,t=1,...,T, calculate

1/2
BIAS, 4 = rmsedt RMSE1 4), RMSEZdt:( rmsedt RMSELdt)Z) ,

HMO:
HMOJ

~tmq ~btmgqg

where RMSE 4 is taken from (5.30) for Ydt e{Yyq ,Yg }

Consistent with the later notation, write
RMSE; 4 € {RMSE}"!, RMSE}},
d=1,....,D,t=1,...,T, and

1DT

RMSE; = —Z Y RMSE; 4 € {RMSE"™?, RMSE""™7}.
T=E
4. Ford=1,...,D,t=1,...,T, calculate the relative performance measures
100 - BIAS; g 100 - RMSE; ¢t -
100 - BIASs 4 100 - RMSE, 4
RBIASs 4t = ————=——"—, RRMSE; g4 = ——F——
24~ TRMSE; 4 24~ T RMSE g

and the average relative performance measures

D T D T
1 1
ARBIAS, = o7 Z Z IRBIAS; 4|, RRMSE,; = o7 Z 2 RRMSE, 4, | = 1,2.
d= d=1t=1

Finally, to measure overestimates (underestimates) of the several methods of MSE esti-
mation, we define the proportion of subdomains in which the proposed estimates are higher
(lower) than the empirical values. In line with the above, let be

D D
P, = Di Z Z I(BIASy 4 > 0), P- Di Z Z I(BIASy 4 < 0) = DT — P;.

5.5.1 Simulation 1

In this section we assess the performance of the TMQ and BTMQ predictors from the
TWMQ linear models in estimating the domain means and compare them with others taken
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from the literature. We also show how the selection of area-time-specific robustness param-
eters could be employed as a diagnostic tool for outlier detection. Table 5.1 presents the
performance measures for Case 1.1, Case 1.2 and Case 2, and the simulation scenarios and
predictors mentioned above. Top performers are highlighted in bold.

0,0 140 e,0] 140 o] 140

ARBIAS RRMSE | ARBIAS RRMSE | ARBIAS RRMSE
Case 1.1 ug «~ Np(0,3,): X, =02Qr(p), ou=1, p=02
v 0.117  3.223 0.133  3.549 0.132  3.523
o 0.030  0.833 0.047  0.992 0.067  0.999
Yo, 0.041 0.956 0.416 1.105 0.400 1.093
o 0.036  0.794 0410  0.964 0.406  0.973
vo 0.027 0655 | 0.042 0940 | 0.064  0.947
o 0023  0.701 0415  0.864 0.398  0.884
v 0.019  0.553 0409  0.752 0.396  0.795
Case 1.2 uy -~ N7(0,3,): X, =02Q7r(p), ou=1, p=08
v 0.117  3.223 0.132  3.548 0.132  3.523
v 0.030  0.954 0.046  1.096 0.066  1.101
Yo 0.041 1.066 0.414 1.200 0.399 1.191
o 0.035  0.897 0.407 1.051 0.403 1.053
vo 0.027 0682 | 0.042 0995 | 0.063  1.001
o 0.025  0.693 0413  0.878 0.397  0.897
o 0.020  0.539 0.407  0.760 0.396  0.800
Case 2 ugy v AR(3): ¢1 =04, ¢2=0.3, ¢3=025 o=1
v 0.115  3.238 0.122 3571 0.121 3.545
v 0.021 0.838 0.031 1.001 0.064 1.007
Yo 0.027  0.962 0.414 1.114 0.396 1.101
o 0.022  0.800 0.408  0.971 0402 0.979
v 0.018 0652 | 0.030 0945 | 0.062  0.951
o 0.022  0.698 0416  0.874 0.394  0.892
o 0.017  0.548 0409  0.758 0.394  0.800

Table 5.1: Assessment of the absolute performance of the predictors of small area population
means by calculating average measures. ARBIAS and RRMSE values (in %).

First, if time effects are normal, as defined in Case 1, the improvement of the TWMQ
linear models is, as expected, subject to the definition of the covariance matrix. These models
do not aim to capture random effects over time, but rather well-founded relationships of time
dependency. Provided that the normality assumptions are met and there are no outliers, the
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values of p and o2 are crucial. If the variance is large enough, the LMMS, provides acceptable
ARBIAS and RRMSE values. If the correlation is higher and/or the variance is lower, the
latter is not achieved, and the best options are the TWMQ linear models. The same is true
for the presence of outliers. It should be mentioned, however, that the LMMj is not the model
that generates the target variables as it does not take into account the correlation structure of
the time-level random intercepts. As far as we are aware, the available correlation structures
in R refer to the model errors eg;;, and not to the random effects us ;. In addition, if the time
effects follow an autoregressive model, as defined in Case 2, the TWMQ linear models are
better in terms of RRMSE, although not in terms of ARBIAS if there are area-level outliers.
In fact, they are expected to be robust in the presence of atypical data, inheriting the well-
known robustness properties of the M(Q regression. In that case, the ARBIAS of the EBLUP,
is smaller and the main source of contribution to its RRMSE comes from the variance.

Regarding the TMQ and BTMQ predictors, a proper selection of ¢4 ensures that the latter
is much better than the former, correcting for bias but also mitigating variability. The same
applies to the comparison of predictors MQ and BMQ. However, the flexibility of the TWMQ
linear models leads to less bias correction without severely affecting the variance. Rather than
merely accepting a default value as adequate, area-time specific values of ¢4 are far preferable
and very promising, being able to outperform the EBLUP, based on the LMM,. Moreover,
an unexpected advantage is that the set {Ecb,dt cd=1,...,.D, t =1,... ,T} can be used
as a diagnostic tool for outlier detection (see below) and, not least important, computational
effort and execution times are not affected either if we use optimum values of c¢,. The BTMQ
predictor is, indeed, a plug-in type predictor, so it is easy to program and fast to calculate.

Moving on to our second contribution, we will illustrate how the area-time-specific robust-
ness parameters for bias correction is used for outlier detection. The discussion focuses on
Case 1.1, although the conclusions are similar for the remaining two cases. Let us define the

_ S
average value, across simulations, of ¢y 4, given by ¢y 4 = % >, Ef;?it.
s=1 "’

First of all, some basic descriptive measures are calculated. For Scenario [0,0], é(j),dt ranges
from 0.380 to 0.624, with a median value of 0.491. Something similar happens for Scenario
[e,0], where € 4 ranges from 0.365 to 0.594, and the median is 0.474. For Scenario [e,u] and
the non-atypical areas 1 < d < 36, é¢7dt ranges from 0.338 to 0.492, and the median is 0.433,
but ranges from 1.736 to 2.075, with a median of 1.887, for the atypical areas 37 < d < 40.
Bearing all of the above in mind, é¢7dt is unaffected by the presence of unit-level outliers but
a very different picture emerges with the presence of area-level outliers. The latter can be
observed in Figure 5.1, where the peaks corresponding to areas 37 < d < 40 are quite revealing.
Compared to Scenario [0,0], the presence of individual-level outliers stops the improvement
in bias earlier, to avoid overfitting. If outliers are also at the area level, as in Scenario [e,u],
it is possible to give more strength to the bias correction without an increase of the variance.

After reviewing the literature, the results are supported by statistical tests adapted to
our problem. First, Friedman’s test (Friedman, 1937) is used for one-way repeated measures
analysis of variance under different experimental conditions. The repeated measures are the
values of E\qﬁ,dt selected for an area d, d = 1,..., D, over all time periods, ¢t = 1,...,T (which
are the experimental conditions). It is assumed that each é¢7dt is equally distributed except
at most in terms of location, which may vary according to the experimental condition and
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Figure 5.1: Assessment of the area-time specific robustness parameters for the detection of
atypical domains. Scartterplot of ¢4 4 sorted by area and time period for Case 1.1.

area. We write
Copdt = C+ 01¢ + 02,4 + €eqr,

where c is the global mean, independent of both area and time; 6 is the average effect of
time period ¢, t = 1,...,T; 02 4 measures the average effect of the d-th area, d = 1,...,D;
and each ey i.i.d. follows an unknown zero-mean distribution F'. The objective is to test

H()Z(SQJ = .- 2527[) vs Hi: 3 dl,dge{l,...,D}, dy # da, 52,d17¢52,d2-

In a second step, we apply an Honestly Significant Difference test, or Tukey’s multiple range
test (Tukey, 1949), to detect which groups of areas shift in scale. If appropriate, both tests
can be applied to time periods, which leads us to write

Hy : (5171 == 51,t vs Hy:31t,t1 € {1, .. ,T}, t1 # to, 51’151 #* 51,152,
where the repeated measures are the values of ab,dt selected for a time period ¢, t =1,...,T,
over all areas, d = 1,..., D (which are the experimental conditions).

Our approach for outlier detection reports the following promising results. In Scenario
[e,u], the mean of é¢7dt differs between areas (p-value ~ 0) but not between time periods (p-
value 0.356). As expected, the area-level outliers detected by Tukey’s test are exactly those
with index 37 < d < 40. The same test applied to time periods detects only a single group,
formed by all of them. Having said that, note that we have used the averaged values of
é¢,dt to assess the performance of the proposed approach in future applications to real data.
As S = 500, this is done to avoid randomness in the data generation process. For the sake
of completeness, we have also applied Friedman’s test to each set of selections {Ef;?it d =
1,....D,t=1,... ,T}, s=1,...,S. With a significance level of 1%, the equality of provincial
means is correctly rejected in 100% of the samples; and the equality of temporal means is
incorrectly rejected (i) at 1% significance in 0.8% of the samples, (ii) at 5% significance in 6%
of the samples. The sensitivity and power of the results are more than acceptable.



5.5. MODEL-BASED SIMULATIONS 127

From the perspective of LMMSs, the detection of atypical data using the methodology
described in Zewotir and Galpin (2007) does not report conclusive results because it is per-
formed at unit-level. In particular, unit-level outliers have been found to have more impact
than area-level outliers on the results of the test proposed by these authors. In our research,
the generation of unit-level outliers has been random, i.e. as additional noise, making the
above-mentioned test useless. In addition, it can be seen in Table 5.1 how LMMs overfit the
atypical data, reducing the bias but excessively increasing the variance, so it is not accurate at
all in analyzing the predicted random effects. In this sense, outliers severely affect non-robust
models in the context of SAE. Indeed, it is straightforward that an atypical value that desta-
bilizes a population estimate based on a large sample survey will greatly affect the results
obtained from a small collection of data (Chambers and Tzavidis, 2006; Koenker, 2005).

5.5.2 Simulation 2

In this section we investigate the performance of several methods of MSE estimation for
the TMQ and BTMQ predictors. First and foremost, Table 5.2 presents the performance
measures for Case 1.1, Case 1.2 and Case 2, and the different scenarios for the generation of
atypical data. We have included a third column with the proportion of subdomains in which
the bias is positive and, therefore, the RMSE is overestimated.

As a first general comment, estimating RMSEs is much more difficult than estimating
small area linear indicators, such as population means. Therefore, the magnitude of the
results in Table 5.2 should be assessed with caution. Although it is suggested that the RMSE
estimators for the TMQ predictors offer the most balanced performance in terms of ARBIAS
and RRMSE, the empirical RMSEs of the BTMQ predictors are smaller. As for the sign of the
RBIAS of the RMSE estimators, there are overestimates in Scenario [0,0] and underestimates
in the other two scenarios, being plotting a more intuitive tool. In addition, the difference
between cases for the generation of time effects is of little importance. Having said that, Figure
5.2 shows boxplots of RBIAS and RRMSE, both %, for the RMSE estimators performance
in Case 1.1 and the three scenarios already considered. First, the RBIAS of the RMSE
estimators of the TMQ predictors is more positive (or less negative, as appropriate) than the
corresponding one for the BTMQ predictors. It can be seen how the values of column P, in
Table 5.2 are in line with the boxplots for the bias in Figure 5.2. In terms of RRMSE, the
presence of area-level outliers greatly worsens the results in these subdomains, and thus the
average values in Table 5.2.

In general terms, although rmsegtgiq is calculated from a first-order unbiased approxi-

mation, we feel that the numerical instability problems involved in the estimation stage are
responsible for its “slightly worse” performance. As discussed in Section D.1.6, the theoretical
advantage of this estimator is largely overshadowed by the highly unstable estimation of one
of its variance terms. Taking into account the latter, in the application to real data in Section
5.7 we will use rmsegfgzq to present error measures about the BTMQ predictor. It should be

q

noted that the results for rmsell’tgz are almost the same but slightly worse. Finally, as far as

. . . tmq
the TMQ predictor is concerned, we propose using rmseq 4 -
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(0,0] 1-40 | [e,0] 1-40 | [eu]  1-40
ARBIAS RRMSE P, |ARBIAS RRMSE P, |ARBIAS RRMSE P.
Case 1.1 uy v Np(0,%,): X, =02Qr(p), ou=1, p=02
RMSE™4 0.811 1.002 1.040

rmsej, | 6.624 57506 0.97| 8.448  47.668 0.00| 18.120 64.743 0.21
rmse’f;fgt 5281  57.301 0.89| 9.714  47.928 0.00| 19.499 64.362 0.13
rmseg’}f‘jlt 6.977 55923 0.98| 8.036  46.331 0.00| 18.064 64.639 0.25
rmseg’;fgt 7.006  55.881 0.98| 7.745  45.820 0.00| 17.870  64.224 0.27
RMSE"m4 0.638 0.871 0.933
rmse‘;fg;q 4.119  54.558 0.70| 18.203  44.658 0.00| 35.200 68.035 0.10
rmsegfg;q 4.145  54.462 0.72| 17.465 43.312 0.00| 34.504 66.770 0.10
rmsegfg;q 6.467  59.178 0.14| 15.335 61.613 0.00| 22.095 91.702 0.10
Case 1.2 uy «~ Np(0,8,): Xy =02Qr(p), ou=1, p=038
RMSE!"™4 0.800 1.017 1.056
rmseﬁ’ﬁgt 6.007  57.181 0.97| 10.660  46.763 0.00| 19.548  63.270 0.12
rmsejys, | 4.648  57.016 0.92| 11.825 47.067 0.00| 20.994 63.044 0.11
rmseg’}fgt 6.406  55.626 0.98| 10.254 45.521 0.00| 19.383  63.263 0.14
rmseg’;f‘jlt 6.438  55.579 0.98| 9.950  44.980 0.00| 19.128 62.821 0.14
RMSE™4 0.620 0.880 0.940
rmse*;fg;q 3.862  54.707 0.72| 19.912  44.300 0.00| 36.336 67.695 0.10
rmsegfg;q 3.892  54.599 0.73| 19.161 42.918 0.00| 35.631  66.408 0.10
rmseym? | 5620 68.705 0.17| 16.238  60.570 0.00| 24.483 91.384 0.10
Case 2 ugt v~ AR(3): 1 =04, ¢2=03, ¢3=025 o=1
RMSE!™4 0.802 1.012 1.049
rmsetl’}fgt 7.335 58195 0.97| 9.572  46.851 0.00| 19.109 64.197 0.18
rmse’;’;gt 5982  57.982 0.94| 10.782 47.142 0.00| 20.474 63.888 0.11
rmse;’}f‘jlt 7.696  56.635 0.97| 9.170  45.454 0.00| 18.993 63.946 0.21
rmseg’;fgt 7726 56.592 0.97| 8.867  44.918 0.00| 18.786  63.510 0.22
RMSE"m4 0.630 0.878 0.938
rmse’;fggq 4.668  55.316 0.80| 18.947  44.205 0.00| 35.512  67.396 0.10
rmsegfg;q 4715 55216 0.81| 18.185  42.809 0.00| 34.795  66.093 0.10
rmsef;jg;q 6.213  69.447 0.15| 15.769 58.991 0.00| 22.402 72.775 0.10

Table 5.2: Performance evaluation of several methods of RMSE estimation for the TMQ and
BTMQ predictors. Empirical RMSE and ARBIAS and RRMSE (in %).
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Figure 5.2: Boxplots of RBIAS and RRMSE in (%) for the several RMSE estimators for the
TMQ and BTMQ predictors in Case 1.1.

5.6 Description of the 2013-2022 SLCS data

The proposed methodology is applied to assess changes in the average level of income
in 23 provinces of Empty Spain (Pazos-Vidal, 2022; Pinilla and Saez, 2017), which refers
to those provinces that have lost inhabitants between 1950 and 2019 and that also have a
population density below the national average. The target population is made up of people
with permanent residence in Spain and whose province, in the year of the interview, is classified
as Empty Spain (see Table 5.3). In total there are D = 23 areas, covering 296,718 square
kilometres —58% of the national territory— but they only represent the 17.2% of the Spanish
population. From a socio-economic point of view, we have decided to focus on these areas
because Spain has experienced a socio-economic revolution in recent decades, linked to large-
scale migration movements from rural areas to large cities (Gobierno de Espana, 2019a,b).
This leads to increasing differences between metropolis and urban and rural areas over time
(Hepburn, 2016), so it could be interesting to estimate how the level of income in depopulated
regions has been changing over the last few years.

Survey data are from the 2013-2022 Spanish Living Conditions Survey (7' = 10 years) while
the auxiliary variables come from the census files provided by the Spanish National Statistical
Office (INE). The SLCS is designed to obtain reliable direct estimators in NUTS 2 regions,
but sample sizes are quite small in NUTS 3 territories. Indeed, they range from 36 (Soria
in 2014) to 1762 (Zaragoza in 2022), with a median value of 293. Unit-level data, measured
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NUTS3 code 2 5 6 9 10 13 14 16
Province Albacete  Avila Badajoz Burgos Céceres Ciudad Real Cérdoba Cuenca
NUTS3 code 19 22 23 24 26 27 32 34
Province Guadalajara Huesca Jaén Ledén La Rioja Lugo Orense Palencia
NUTS3 code 37 40 42 44 47 49 50

Province Salamanca Segovia Soria Teruel Valladolid Zamora Zaragoza

Table 5.3: List and codification in the NUTS system of the provinces of Empty Spain.

in consecutive time periods, are hierarchically structured in provinces. Each individual (level
1: population level) is indexed according to their province (level 2: province level) and the
year of the survey (time reference). The target population U is hierarchically structured in
domains Uy, d = 1,..., D, and subdomains or periods of time Uy, t = 1,...,T. The response
variable is the equivalized disposable income, per person and unit of consumption, measured
in thousands of euros. It is obtained by dividing the household’s net income by the number of
equivalent consumption units, according to the modified OECD scale (Hagenaars et al., 1994)
to account for economies of scale in household consumption. For each individual j € Uy, the
equivalized disposable income is denoted by y4j, d =1,...,D, t=1,...,T.

Auxiliary data is key to increase the effectiveness of the small area predictions. As we are
dealing with unit-level data, only the following auxiliary variables are available: sex (sexI:
men, sex2: women) and age group (agel: less than 25 years; age2: between 26 and 45 years;
age3: between 46 and 64 years; age4: 65 years or older).

5.7 Application to the 2013-2022 SLCS data

5.7.1 Model fitting and validation

This section applies the developed methodology to the 2013-2022 SLCS data. We first
fit the TWMQ linear models (5.14) to the target data, with sex and the four age groups
(defined in Section 5.6) as auxiliary variables and sexl:agej-1 as the reference category. The
projective influence function 1 is the Huber function with tuning constant c, = 1.345. The
model parameters vary over time and province, which amounts to a total of 5-23-10 = 1150
model parameters.

In terms of model specification, Figure 5.3 shows that the assumption of identical regres-
sion coefficients over time is not reasonable. The Student’s t-test confirms that the mean of
{01,...,0p} is different from 0.5 at 5% (p-value 0.034), where the normality hypothesis is
verified according to the Shapiro-Wilk test (p-value 0.212). It is therefore essential to model
the provincial heterogeneity through the use of 64, d = 1,...,D. To have more confidence
about the fitted model as a true generating model, its validation is addressed below.

As the reader may be aware, residual analysis is widely used to assess the adequacy of a
model by examining the differences between observed and predicted values. Let d =1...,D,
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Figure 5.3: Boxplot of the model parameters of the TWMQ linear models by year for the
2013-2022 SLCS data.

t=1,...,7. For j=1,...,ng and q = 5d, the model residuals are

~ A ~
Cpdtj = Ydtj — TagjBy(0d, we).

We define the subdomain sample means of model residuals as éw,dt. = i j‘“l €y.dtj, the

aggregated raw residuals (ARR) as ézp,dt. - a,w, where a,w = ﬁ 25)21 Zt:1 ey.dt., and the
aggregated standardized residuals (ASR) by dividing by the standard deviation, i.e.

~ - 1 & & ¢ 1/2
(ew,dt. - €¢,,,)V ,  where v = <ﬁ Z Z €y dt. — €¢, ) ]
d=1t=1

Figure 5.4 includes boxplots of the ASRs by province (left) and year (right). As a re-
sult, most of them oscillate around y = 0 and lie in the interval (—3,3). Not surprisingly,
the provincial variability is greater than the annual one, but neither province seems to be
particularly poorly modelled. Outlier detection, based on the selection of area-time specific
robustness parameters, is presented in Section 5.7.3.
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Figure 5.4: Boxplot of the ASRs of the TWMQ linear models by province (left) and year
(center); and boxplots of model-based predictions and direct estimates by year (right). Data
from the 2013-2022 SLCS.
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5.7.2 Prediction, error measures and maps

In the following, the prediction is performed and the error measurements are calculated.
As pointed out in Section 5.4.1, the TMQ predictor may introduce nonnegligible prediction
biases, but the BTMQ predictor can unbalance the bias-variance trade-off of the MSE. To set
the value of the robustness parameter cy4, we use the selection criterion proposed in Section

5.4.4. To provide more information about the robustness parameters {Cp4:: d =1,...,D,t =
1,...,T}, some relevant quantiles are calculated: ¢4 = Cg0.01 = Cp,0.05 = 0, Cg0.25 = 0.290,

/C\¢70,5 = 0.644, /C\¢70,75 = 1.016, /C\¢,0,95 = 1.772, /C\¢70,99 = 2.853 and /C\¢,1 = 3.345. In addition,
in 33 subdomains (14%) ¢y 4 = 0, i.e. no bias correction is needed. An important spin-off is
that the variability of these subdomains is not unnecessarily increased because of an improper
bias correction. Figure 5.4 (right) plots Hajek estimates and model-based predictions for the
TMQ and BTMQ predictors. The BTMQ estimator seems to smoothen the estimates better,
as expected, employing a bias correction term.

Regarding the variability of the estimates, we focus on the MSE of the BTMQ predictor.
Table 5.4 contains the deciles of the sample sizes ng;, of the standard deviations of the Hajek
estimator (see Morales et al. (2021), Chap. 3) and of the BTMQ predictor. Looking at the
results in Table 5.4, the reduction in variability is evident, especially when the sample sizes
are small, which supports the benefits of our proposal.

do do.1 qo0.2 4o0.3 qo0.4 q0.5 4o.6 qo.7 4o.8 q0.9 q1
Nt 36 118 146 182 239 294 346 450 568 900 1762
Hajek | 0.245 0.361 0.407 0.455 0.511 0.561 0.648 0.727 0.859 1.118 2.393
BTMQ | 0.032 0.040 0.088 0.126 0.160 0.184 0.213 0.251 0.307 0.397 1.023

Table 5.4: Sample sizes and standard deviations of Hajek estimator and BTMQ predictor.

Lastly, and quite incidentally, the proposed estimation procedure offers the opportunity
to analytically read the evolution and differences between the provinces of Empty Spain
over time. Consequently, it provides valuable information for decision-making, the study of
socio-economic trends and the implementation of measures related to the equitable and fair
distribution of wealth. Figure 5.5 maps the equivalized disposable income for 2013 (left), 2018
(centre) and 2022 (right) obtained with the BTMQ predictor. We report these maps for the
BTMQ predictor because its preference over the TMQ predictor is justified both in simulation
studies and in the application to real data.

Figure 5.5 points out that there are clear differences between the northern provinces, his-
torically richer and more developed, and those in the centre-south, where agriculture and
construction predominate and the industrial sector is less promoted. The richest provinces
in north-central Spain correspond to four of the atypical areas mentioned in Section 5.7.3.
Finally, it is worth noting the increasing, or at least non-decreasing, trend during the study
period. Figure 5.6 shows maps of the RRMSE estimates using the rmsegtgzq estimator pro-
posed in Section 5.4.3. It follows that the relative margins of error are accurate enough for a
SAE problem, with RRMSE estimates lower than 9% in most domains, only exceeding it in
2 of the 23 provinces for the 3 years mapped.
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Figure 5.5: Equivalized disposable income for Empty Spain in 2013 (left), 2018 (center) and
2022 (right). The provinces in grey are those that do not belong to Empty Spain. Results for
the BTMQ predictor and the 2013-2022 SLCS data.
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Figure 5.6: RRMSE of the equivalized disposable income for Empty Spain in 2013 (left), 2018
(center) and 2022 (right). The provinces in grey are those that do not belong to Empty Spain.
Results for the BTMQ predictor and the 2013-2022 SLCS data.

5.7.3 Detection of outliers

Last but not least, in this section we use the robustness parameters to detect the outlying
subdomains (cf. Section 5.5). As a starting point, outlier detection methods based on LMMs,
such as that of Zewotir and Galpin (2007), cannot be used in the application to real data
because they involve inverting matrices of order n x n, where n = 89971 for the provinces
of Empty Spain in the SLCS2013-2022. Moreover, if we fit a LMM with random effects
in provinces and years, Cook’s distances do not detect deviations. This is probably due to
the strong time dependencies —and also the presence of unit-level outliers— which cloud the
provincial variability of the random effects. Against this background, we propose using the
set of values {azﬁ,dt cd=1,...,D, t = 1,...,T}.

For a preliminary idea, Table 5.5 shows the average value of ¢4 4 by province, éaﬁ,d. =
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T ~ = D ~ = D T A~
%thl Codt, and year, Cy ¢ = % Y d—1 Csdt, and the global mean, ¢4 = ﬁ Dide1 2it—q Codt-
It could be noted that the provincial distribution is highly variable and the annual one more
uniform, which suggests potential differences between provinces.

d 1 2 3 4 ) 6 7 8 9 10 11 12
Cpd. | 0.195 0.132 0.894 1.751 0.765 0.707 0.810 0.413 0.994 1.182 0.731 1.069
d 13 14 15 16 17 18 19 20 21 22 23 écb,--

Coa. | 1.340 0.207 0.123 0.446 0.674 0.475 1.077 0.171 1.077 0.207 1.408|0.732

t 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 éqgw
Co.+ | 0.727 0.816 0.637 0.746 0.637 0.803 0.782 0.593 0.892 0.693 | 0.732

Table 5.5: Average value of the robustness parameters ¢y 4 by province (top) and year (bot-
tom), compared to ¢, . Results for the 2013-2022 SLCS data.

To test whether there are domains that show persistent atypical behaviour over time we
employ the Friedman’s test (Friedman, 1937) (as in Section 5.5). Significant evidence is found
for the selection of ¢4 4 between provinces (p-value =~ 0), but not between years (p-value
0.358). To detect which groups of provinces shift in scale, we apply a Tukey (1949) multiple
range test. It is found that Burgos (d = 4), Huesca (d = 10), La Rioja (d = 13), Guadalajara
(d =19) and Zaragoza (d = 23) are atypicals over time, with higher values than the average.
For the rest of Empty Spain’s provinces, no significant differences are detected. In socio-
economic terms, our findings are reasonable. Burgos, Huesca, La Rioja and Zaragoza —all
four in the centre-north of Spain— are traditionally prosperous provinces and Guadalajara is
very close to Madrid, serving as a “commuter province” for many workers from the capital.
In short, all these regions deviate from the patterns that characterise Empty Spain.



Chapter 6

Conclusions

The aim of this chapter is to outline and assess the achievements and improvements made
by the contributions described in this thesis, as well as to present the lines of future research.

6.1 Summary and discussion

It is widely acknowledged that conquering poverty and reducing social inequalities are
challenges for the near future. We need to think globally and act locally. Estimates of finite
population parameters for subgroups, such as geographic areas or socio-economic groups, are
increasingly required for better planning and evaluation of government programs. In addition,
global warming and land use are changing fire dynamics worldwide, increasing fire activity
and its impact on ecosystems, livelihoods and urban settlements. The first step is to have
accurate information on which to act, and thus to promote statistical research. Indeed, the
lack of attention to sample sizes, and often their smallness, could lead to inaccurate results.
SAE techniques help to meet the growing demand for reliable disaggregated statistics by
fitting statistical models to unit-level or area-level data. In this respect, their increasing
importance cannot be denied. Until recently, the contributions have been many, but the
ongoing globalisation and climate change pose many challenges in this field as well. To leave
no one behind, accurate information must be available to identify small communities in need
and to address their problems accurately and effectively.

In the context of SAE, the contributions proposed in this thesis include the study of
area-level zero-inflated mixed models in Chapter 2, the derivation of plug-in and EBP-type
predictors and the estimation of MSEs. To start with, the applicability of the area-level zero-
inflated mixed models has been demonstrated both for the estimation of socio-demographic
indicators, such as the proportion of single-person households in small areas, and for tackling
the problem of predicting the number and size of forest fires in Spain. It stands to reason
that there is a need for research into tools to raise awareness of extreme fire events. In this
sense, the use of zero-inflated structures has been found to be successful in modelling these
data, due to the natural cause of the excess of zeros that can occur in forest fire research.

Still in the area-level modelling research, and knowing that there are no published studies
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dealing with the estimation of segregation indexes in small areas, Chapter 3 contributes to this
field. In particular, it fits an three-fold Fay-Herriot (FH3) model, then derives model-based
predictors of Duncan Segregation Indexes (DSI) and estimates MSEs, and finally analyses
the poor performance of direct estimators. Moreover, our simulation studies have shown
that it is not necessary to fit measurement error models when the explanatory variables are
estimated using considerably more data than those used to calculate direct estimates of the
target variables. It is our belief (and hope) that the latter is a valuable starting point for the
promotion of SAE in sociological studies of current interest.

Under a unit-level model-based approach, Chapter 4 studies the small area prediction of
the proportions of employed, unemployed and inactive people, and of unemployment rates.
In the population units (people residing in Spain aged 16 and over), the target variables are
dichotomous and indicate whether they belong to the three employment status categories or
not. Since these dummy variables sum up to one, they are modelled vectorially using a unit-
level multinomial logit mixed model. Thus, it is assumed that the above model generates the
values of the vector of target variables in all units of the population. That is, we have accepted
the paradigm that the only source of randomness comes from the superpopulation model and
the sample is a fixed subset. The extension of the theory to a more general probabilistic
setting, where the model and sampling distributions are considered together, has not been
addressed. This problem is complex and deserves further specific research.

In a general view, SAE unit-level models are powerful tools for describing target variables if
the model fits the data properly. When a supporting census file is available, model-based plug-
in and EBP-type predictors are expected to have a high predictive capability. Unfortunately,
this is not usually the case, and the methodology loses strength when it is restricted to
ANOVA-type models. The latter weakness can be partially addressed by using contextual
models, i.e. fitting unit-level models with area-level auxiliary variables. Having said that, it
is appealing to have statistical methods that do not have to rely on less informative aggregated
data. In this sense, it is not intended to replace procedures based on area-level models, to
which great contributions have been made. It is therefore up to the statistical teams to choose
the methodology to be used in each case, as there is no universally better one.

The suitability of unit-level models, but also the need to avoid some strong distributional
assumptions that the use of mixed models entails, brings the discussion to the next topic: the
contributions to MQ regression made in Chapter 5. First and foremost, the effective use of past
information and the modeling of temporal dependencies is an appealing method for borrowing
strength in SAE. At this regard, MQ models that capture time-dependent relationships are
proposed to avoid the strong distributional assumptions of unit-level independence and the
formal specification of the hierarchical structure of the random effects. To achieved this,
the MQ models have been adapted to temporal data by including weights in the fitting
process and defining semiparametric temporal distance criteria. As an inherent property of
MQ models, our approach avoids distributional assumptions and allows for characterizing
differences between areas, as well as time dependencies, through data-driven estimation of
the regression coefficients. Consequently, the new models feature time-varying parameters
and remain distribution-free for both areas and time.

As final remarks, the model-based simulations illustrate the adequacy and, where appli-
cable, the superiority of the new techniques. In addition, indirect estimators are often biased,
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and even more so when derived from robust models, but their variance is lower than that of
direct (design-based unbiased) estimators. As for the latter, and according to our simulation
results, we have been able to correct for bias without increasing the variability in plug-in
type predictors derived from general MQ models. Comparing the Time-Weighted M-quantile
(TWMQ) models with area-time linear mixed models, the latter are successful as long as their
hypotheses are correct. Namely, the strong distributional assumptions imposed on the tem-
poral structure and the absence of outliers. Our research shows that, in a more general setup,
no other predictor improve the performance measures achieved with the robust bias-corrected
temporal MQ (BTMQ) predictor, with area-time-specific robustness parameters.

6.2 Further research

With all that has been investigated so far, there are many opportunities for future re-
search. First and foremost, the inclusion of new auxiliary variables to improve the predictive
performance of our models would be beneficial for future investigations of forest fire data.
This could include the availability of information on the arrival of fire-fighting resources at
forest fires, land use and socio-economic variables describing the demographic trends of the
inhabitants of each region. Based on the statistical results presented here, the aim could be
to refine the prediction of extreme, highly damaging and dangerous events. We expect to
present results for the region of Galicia (northwest Spain) in the near future with improved
models using this information.

Regarding the prediction of non-linear indicators that has been done in this thesis, it
remains to be investigated the estimation of Duncan Segregation Indexes (DSI) derived from
bivariate FH models. In that case, one component would represent the men group and the
other component, the women group. As far as the multinomial logit mixed model is concerned,
we are working on the inclusion of correlated random effects. The computational cost of this
more complex model needs to be assessed in order to decide whether it is worthwhile to
account for such correlations in academia or in the production of public statistics. Again, the
methodology would be useful for estimating labour indicators, such as unemployment rates.
The above two investigations will allow us to compare the methods used and, if appropriate,
to improve the results reported in this thesis.

In addition, a typical modelling approach for target variables with zero inflation is based
on parametric models, mixing degenerate distributions at zero and appropriate parametric
distributions to model the remaining part of the distribution of the target variable (see Chap-
ter 2 for further details). However, although classical quantile regression has recently been
adapted to zero-inflated data (Ling et al., 2022), not only has it never been applied to SAE,
but also zero-inflated MQ models have never been investigated. As of today, we are working
on the extension of the MQ regression, which has numerous advantages over quantile re-
gression, to zero-inflated data and the modelling of hierarchical dependency structures. The
future contribution will include the proposal of zero-inflated MQs and MQ models, the study
of asymptotic properties, the derivation of robust predictors, their optimal bias correction
and the analytical calculation of MSEs. The methodology will be evaluated by means of
model-based simulations, investigating the potential gain that the new proposal could bring
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in the presence of only a few atypical data.

Another alternative to enrich the literature could be to extend the TWMQ statistical
methodology to spatio-temporal data. Indeed, the derivation of small area estimators that
account for both temporal and spatial correlations may yield better results. This will be
treated elsewhere. We also believe that there is room for improvement in the selection of
robustness parameters for bias correction and their implications for the calculation of robust
predictors. Added to this, the reader should be aware that the prediction of non-linear
quantities, and even more so the estimation of the MSE, requires further research and could
be investigated elsewhere. Finally, the current approach is valid only for continuous outcome
variables. Future work will extend the generalized MQ regression models to time-dependent
data to derive small area predictors for discrete response variables.

To conclude, it would be interesting to work on open source development in the near
future. As the reader may be aware, the focus here was not on the code, although the later
would be quite useful for the success of this work.

6.3 Conclusions in Spanish

Las contribuciones de esta tesis incluyen el estudio de modelos mixtos inflados en el cero
a nivel de drea en el Capitulo 2, el cdlculo de predictores plug-in y EBP y la estimacion de
errores cuadraticos medios. En la préactica su aplicabilidad ha sido demostrada tanto para la
estimacién de indicadores sociodemograficos, como la proporcién de hogares unipersonales en
areas pequenas, como para abordar el problema de la predicciéon de incendios forestales en
Espafia. Continuando con el enfoque de area, el Capitulo 3 consiste en un estudio pionero
sobre la estimacién de indices de segregacion en areas pequenas. En particular, se ajusta un
modelo Fay-Herriot de tres niveles (FH3) para predecir Indices de Segregacion de Duncan
(DSI) y se llevan a cabo estudios de simulacién. Segin nuestros resultados, no es necesario
ajustar modelos de error de medida cuando las variables explicativas se estiman empleando
muchos mas datos que los utilizados para calcular las estimaciones directas de las variables
objetivo. Creemos (y esperamos) que esto tltimo promueva la estimacién en areas pequenas
(SAE) en estudios socioldgicos de interés actual.

Bajo un enfoque basado en modelos a nivel de unidad, el Capitulo 4 estudia la prediccién
en areas pequenas de las proporciones de ocupados, parados e inactivos, y de las tasas de
paro. En las unidades de la poblacién, las variables objetivo son dicotémicas e indican si
pertenecen o no a las tres categorias de situacion laboral. Dado que estas variables ficticias
suman uno, se modelizan vectorialmente mediante un modelo mixto logit multinomial. Asi,
se supone que el modelo anterior genera los valores del vector de variables objetivo en todas
las unidades de la poblacién. Es decir, hemos aceptado el paradigma de que la tnica fuente
de aleatoriedad procede del modelo de superpoblaciéon y la muestra es un subconjunto fijo.
No se ha abordado la extensién de la teoria a un entorno probabilistico mas general, en el
que el modelo y las distribuciones muestrales se consideran conjuntamente. Este problema es
complejo y merece una investigacién mas especifica.

En general, los modelos a nivel de unidad son herramientas potentes para describir vari-
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ables objetivo si se ajustan bien a los datos. Cuando se dispone de un archivo censal de
apoyo, se espera que los predictores plug-in y EBP tengan una gran capacidad predictiva.
Por desgracia, esto dltimo no es habitual y la metodologia pierde fuerza al limitarse a mode-
los ANOVA. Dicho esto, resulta atractivo disponer de métodos estadisticos que no tengan que
basarse en datos agregados menos informativos. En este sentido, no se pretende sustituir a
los procedimientos basados en modelos a nivel de area, sobre los que se han realizado grandes
aportaciones. Por lo tanto, corresponde a los equipos estadisticos elegir la metodologia que
se utilizard en cada caso, ya que no existe una que sea universalmente mejor.

La idoneidad de los modelos a nivel de unidad, pero también la necesidad de evitar ciertas
restricciones paramétricas vinculadas al uso de modelos mixtos, lleva la discusién a la dltima
aportacién: las contribuciones a la regresién M-cuantil (MQ) del Capitulo 5. En primer lugar,
se proponen modelos MQ que capturan dependencias temporales para relajar la hipotesis de
independencia de los errores y la especificacion formal de los efectos aleatorios. Para lograrlo,
los modelos MQ se han adaptado a datos temporales mediante la inclusién de ponderaciones en
el proceso de ajuste y la definicién de criterios semiparamétricos de distancia temporal. Nues-
tras simulaciones ilustran la idoneidad y, en su caso, la superioridad de las nuevas técnicas.
Por otra parte, hemos conseguido corregir el sesgo sin aumentar la variabilidad de los pre-
dictores plug-in derivados de modelos MQ. Nuestra investigaciéon muestra que, en escenarios
generales, ningtin otro predictor puede mejorar las medidas de rendimiento conseguidas con el
predictor robusto MQ temporal con correccién de sesgo (BTMQ), con pardmetros de robustez
especificos del drea y del tiempo.






Appendix A

The maximum likelihood Laplace
algorithm for fitting the zero-inflated
GLMMs in Chapter 2

This appendix describes the Laplace algorithm for the model log-likelihood. For more
details on the ML-Laplace algorithm, see e.g., Demidenko (2013) and Kristensen et al. (2016).
In this thesis, the ML-Laplace algorithm is used to calculate ML estimators of the model
parameters and modal predictors of the random effects of the area-level zero-inflated mixed
models! detailed in Chapter 2. Note that in all cases the proposed methodology is based on
a mixture model with a BE distribution and a PO, NB or GA distribution, as appropiate.
Although for a mixture-type model it seems to be more natural to apply an expectation-
maximization algorithm, it is not recommended in our research. The reason for this is that
an expectation-maximization algorithm does not provide modal predictions of the random
effects (Wu, 1983), which are key to calculate plug-in type predictors of area-level small area
quantities. The function glmmTMB of the R (R Development Core Team, 2024) package glmmTMB
(Brooks et al., 2017) implements the ML-Laplace algorithm.

Let us start with the Laplace approximation of a multiple integral of a general function
exp(h(x)), where h : R™ +— R is a twice continuously differentiable function with a global

- dh
maximum at the column vector xy. This is to say, let us assume that h(xg) = — =0
L=Tg
- d*h . . . : :
and h(xzg) = T2 is negative definite. A Taylor series expansion of h(x) around x
T lx—x

yields to ’

. 1 .

h(z) = h(zo) + I (zo)(x — o) + 5(33 —xo) h(zo)(x — xo) + 0(||:L' — iC()”z)
1 .
~ h(zo) + 5 (x — xo) h(z0)(z — o).

2

!The ML-Laplace algorithm has also been described in Chapter 4 to maximize the log-likelihood of a unit-
level multinomial logit mixed model. Nevertheless, this is a self-contained chapter and the log-likelihood of a
multinomial logit mixed model differs greatly from that of the zero-inflated models discussed here.
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Using this expansion, the multivariate Laplace approximation of the integral of exp (h(x)) is

f HE) g A J eh(To) exp{ — %(w — xo)/( — }'L(ago))(ac — :co)} dx
= @n)™] — o)),

where we use that the integral of the multivariate normal p.d.f. f(x) is one.

Below are the explicit expressions of the likelihood and log-likelihood functions of the zero-
inflated mixed models proposed in this thesis: the area-level zero-inflated PO (aZIP13), the
area-level zero-inflated NB (aZINB11) and the area-level zero-inflated GA (aZIG22) mixed
models in Chapter 2. An analytical approximation of the corresponding log-likelihood func-
tions is also included for its use in future steps.

1. The likelihood of the aZIP13 mixed model is

Puo)= | PGl | e by o) du (A1)

REQ+1J)

where
K

h(u;y,0)

HM~

kl i=1j5=1

The log-likelihood of the aZIP13 mixed model is approximated by
log P(y:6,) ~ IJlog 27 + h(u®) — %log| C i) 2 g(0:y, u).
2. The likelihood of the aZINB11 mixed model is
Puo)= [ POluOn@du= | op{buwy0}d (32

where

I J K
h(u;y,8) = > > log P(yijnlue: 0) —

1k=1 j=1k=1

—
<.
Il

1=

The log-likelihood of the aZINB11 mixed model is approximated by
log P(y;6,) ~ 2JK log 21 + h(u®) — %log| — h(u®)| 2 9(0;y,u’).
3. The likelihood of the aZIG22 mixed model is
Pui0)= | Plwo)fiwu= [ e {huy.0)}du (43

where

I J K 2J 1 J K
h u y7 Z Z Z OgP yljk|u]k'7 ) log 2T — 5 Z Z ul Jk + u2 gk
i=1j=1k=1 j=1k=1

The log-likelihood of the aZIG22 mixed model is approximated by

1 .
logP(y;B,)%2JK10g27r+h(uo)—§log\—h( )]é 9(0;y,u’).

J K
Z Z OgP yljk’u’tjkae) WIOgQW - 1 Z (ulk + Z Z Ug z]k)‘

10g2ﬂ'**22 +u1k+u2j+u2k’)‘
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To apply the Laplace algorithm to the integrals in (A.1), (A.2) or (A.3), we have to
maximize h(u;y,0) in u, given y and 0. For simplicity, we write h(u). We can carry out
the maximization by applying a R function of optimization. Alternatively, we implement a
Newton-Raphson algorithm after calculating the first and second partial derivatives of h with
respect to the vector of random effects u, given y and 6. Let h and h denote the vector and
the matrix of first and second order partial derivatives of h(u) with respect to u, respectively.

The Newton-Raphson updating equation is

wT ) = 4™ — {0 fy(u). (A.4)

Let us denote by u° the argument of maxima of the function h(w). It holds h(u®) = 0 and
the matrix h(u®) is negative definite. The following step is to maximize ¢(8;y,u°) in 6 € ©.
For simplicity, we write g(€). We can carry out the maximization by applying a R function of
optimization. Alternatively, a successful option is to apply again a Newton-Raphson algorithm
after calculating the first and second partial derivatives of g with respect to the components of
6, given y and u°. Let us define the size of the parameter space as M = dim(0) = ¢; + ¢ + 2.
Let g and g denote the M x 1 vector and the M x M matrix of first and second order partial
derivatives of g(0), respectively.

The Newton-Raphson updating equation is

gr+1) — g(r) _ g*l(g(T))g(g(T))‘ (A.5)

The final ML-Laplace algorithm, used for both estimating 6 and predicting w, combines
the two Newton-Raphson algorithms and is summarised by the following steps:

1. Set the initial values r = 0, &1 > 0, €9 > 0, g3 > 0, 4 > 0, 8, 91 = 90 4 1,
u® =0, u=Y = 1, where 0 and 1 are column vectors of zeros and ones, respectively.

2. Until [ — 0TV |y < &1, [ul) —ulD|; < &9, do

(a) Apply the Newton-Raphson updating equation (A.4) with seeds ("), convergence
tolerance e5 and 6 = 6(") fixed. Output: w(+1).

(b) Apply the Newton-Raphson updating equation (A.5) with seeds 0, convergence
tolerance ¢4 and uw = w1 fixed. Output: 87D,

(c) re—r+1.

3. Output: 8 = 0" and & = u(.

As output from the ML-Laplace algorithm, and apart from the ML estimators of the model
parameters, we obtain modal predictors, @, of random effects and the maximized marginal
log-likelihood. Given that ML estimators are consistent and asymptotically normal when the
number of domains tends to infinity (see e.g. Section 3.7.2 in Jiang (2007)), the algorithm
can also be used to approximate the asymptotic covariance matrix (inverse of the Fisher’s
information matrix) which allows the calculation of Wald statistics to test hypotheses about
the model parameters. In practice, we use the sign-shifted Hessian matrix (second derivatives
of the log-likelihood function changed in sign) as an approximation of the Fisher’s information
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matrix. In other words, the asymptotic variance matrix of @, Q(0), is approximated by
Q(0) ~ —§1(0). Further, the asymptotic distribution of 6 is Ny (0, Q(0)). Therefore, an
asymptotic CI at the level 1 — « for a component 6y of 0 is

é\g + Zlfa/QQ(}g/zu e = 17 7M7

where 6 = 0", Q(0") = (qab)ap=1,. .M, K is the last iteration of the ML-Laplace algorithm
and z, is the a-quantile of the N(0,1) distribution. For each By, a = 1,2, £ = 1,...,qq, We
calculate asymptotic p-values to test significance. If 314 = B, the p-value to test Hy : B1y =0
vs Hy: Py #0is

p-value = 2PH0(§15 > |Bo|) = 2P(N(0,1) > |Bol/A/aee), £=1,....q1.

To test Hy: Bop =0 vs Hy: oy # 0, we use qq,+¢4,+¢ instead of gy.
The Akaike Information Criterion, commonly used to compare nested models according to
the size M and its goodness-of-fit, is calculated as

where 6 and 4 are taken from the output of the ML-Laplace algorithm.



Appendix B

K-means algorithm

This appendix describes the K-means algorithm (Hartigan and Wong, 1979), the cluster-
ing method used in Section 2.4. First, a brief explanation of clustering methods is provided.
Pattern Recognition deals with the construction of mechanisms capable of extracting relevant
information and key patterns from sample observations. That is, the identification of regu-
larities in the data, in order to impose a set of identity (classification, clustering, association,
etc.) or dependence (regression) relationships. Cluster analysis, or simply clustering, is the
task of grouping a set of observations in such a way that observations in the same group
(cluster) are more similar (in some sense) to each other than to those in other groups. The
aim of these techniques is to form groups in order to detect patterns or structures within the
population. Clustering itself is not a specific algorithm, but the general problem to be solved.

The K-means algorithm finds k € Z>! clusters (fixed value), around a given set of centres

{mgl), e mg)} which define the initial clusters SF), ey S,gl), by iterating the following steps:

1. Assign each observation X'}, to a single cluster, being the one with the closest mean:

s =2, sl —mPD B <X —mi) B =1k, =1k

It is required that X'}, is assigned to exactly one cluster Sér), although it could be in
two or more.

2. For each cluster, calculate the means that will be used as centres of the new clusters:

. 1
m{ Y = S X €=1,.k

3. Update r < r + 1.

The algorithm converges when the assignments no longer change. However, the iterative
refinement process ends when the maximum number of iterations allowed is reached.
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Appendix C

The Iterative Re-weighted Least Squares
algorithm for fitting the Time-Weighted
M-quantile models in Chapter 5

This appendix describes an adaptation of the iterative re-weighted least squares (IRLS)
algorithm used to fit the TWMQ linear models (Bugallo et al., 2024¢) in Section 5.4. The
reason we chose to use MQ regression models —rather than other alternative robust methods—
has much to do with the advantages of the fitting process. On the one hand, standard quantile
regression fitting algorithms are based on linear programming methods and do not necessarily
guarantee convergence to a unique solution (Koenker and Machado, 1999). In such cases, it is
typical to use the simplex method (primal, dual or primal-dual). In contrast, the simple IRLS
algorithm used to fit a MQ regression model (Holland and Welsch, 1977; Street et al., 1988)
guarantees convergence to a unique solution for a continuous monotone influence function
(Bianchi and Salvati, 2015). The IRLS is used to fit all MQ models formulated in Chapter 5
(MQ2 linear models, MQ3 linear models and TWMQ linear models), but here we will focus
on the particular case of the models proposed in this thesis: the TWMQ linear models. Even
so, the template is common to all of them.

As far as the model fitting for the simulations (see Section 5.5) and the application to real
data (see Section 5.7) are concerned, we have used a code developed by the authors in the
programming language R. Nevertheless, a section for R codes is not included because they are
not yet available in any online repository.

Let us start by recalling that the TWMQ linear models are defined around equation (5.14).
For 0 <gq<1,t=1,...,T, the model parameters 3,(q,w;) are estimated as

D ndi

~

ﬁy;(% wi) = _argmin Z Z Wi Z Pq (ydij - mijijﬁd;(‘]a wy), 3qt)7
B, (e W)eRP d=1icT;  j=1

or as the solution of the system of p estimating equations

Nds

D
2 Z W Z ¢q (ydlj - xélijﬁq/;(Qawt)va_qt)xdijk = Oa k= 17 Ry 2 (Cl)

d=11€T; j=1
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where p, and 1), are defined in (5.1) and (5.2), respectively, 9 is the Huber function (5.3) and

Gqr = var'*(ep,aij (4, wr)) = 34(By(q, wr)) = mady,n(q, wy)/0.6745
is a robust estimator of o4, for B,(q, wt) known, and mady, (¢, w;) is the median absolute
deviation (MAD) of ey 4i;(q, w¢) = Yaij — :nih.j,@w(q, wy), i.e.
mady (¢, w;) = median{|e¢,dij(q,wt) —medyn(q,wy)|:d=1,....,D,i=1,...,T,j=1,... ,ndi},
medy (¢, wy) = median{ey gij(q,wy) :d=1,...,D,i=1,...,T,j =1,...,n4}.
As By (q, wy) is unknown, ey 4;;(g, w;) cannot be calculated and therefore, neither G4, 0 <

qg<1l,t=1,...,T. Consequently, we have implemented an iterative procedure to solve the
system (C.1) of p non-linear equations.

We define the weights wyq;ij(q, wi) = Vg(€y.dij (¢, W), Oqt)/€y.dij (¢, W), and the t-relevant

= 3 1 = / ..
vectors Yy = 1<Cc?<lp(ice%(1<§21ndi(yd”))) and matrices X 1<C(?<1D(i%%(lgggadi(wd”))) and

Wy (g, wy) = diag (diag( diag (wtiwwij(q,wt)))). We write equations (C.1) as
1<d<D €Ty 1<j<ng;

Nd;

Z Z Wt Z wwdz] q, wt) (ydzj a:dzjﬁw(% wt))xdz]k = O k= 17 Ry (C2)
d=114€Ts j=1

or in the matrix form X;(t)WS(t)(q, wt)ys(t) — X;(t)Ws(t)(q, wy) Xy By (g, wi) = 0.

If Xg(t)WS(t)(q,wt)Xs(t) is invertible, we write (C.2) in explicit form, i.e.

-1
Byla,wi) = (XgnWary (@ we) Xow) Xy W) (@ we)ys)

nd; -1 D Ndi
<Z Z Z Wi Wydis (4 wt)inzgiL'dU) Z Z Z Wi Wydij (4, Wi ) TdijYdij-

d=11i€T: j=1 d=11i€T: j=1

This yields to the following IRLS algorithm to calculate Bw(q, wy).

~(0
1. Set the initial values B( )(q, wy) using e.g. the weighted least squares estimator

~ nd;i -1 D ngi
Bff) q,’LUt = < Z Z W4 Z wdzjxd”) Z Z Wy Z TdijYdisj- (C3)

. ‘ d=1ieT;  j=1 d=1i€T;  j=1
2. For each iteration [ =1,2,..., do

l— ~(1-1) N ~ (-1)
2.1. Calculate egdil}(q,wt):ydw wdwﬁw (g, wy), éft Y %(ﬁw (

-1 (1-1
wfpdij)(q7wt) ¢q(€¢d”)(q7'wt)a Ogt )/€¢dzj(q7wt)

q,w)) and

(1-1) W=D
w ,we) = d d d i , W
s(t) (q t) 1éfia%gD( i?ﬁg(lgy‘ﬁ%m(wt elig (q t)))>

2.2. Update the estimator of 3,,(q, wy). i.e.

-1 D
qu q, wt ( Z Z Z wtlwwdz] Q7 wt)mdz]mdzj> Z Z wtlwd,dm Q7 wt)$d1]ydzj

d=11ieT; j=1 d=1i€Ts j
3. Repeat Step 2 until convergence.



Appendix D

Proof of Theorems 1 and 2 in Section 5.4

This appendix provides technical specifications and step-by-step proofs of Theorems 1
and 2 in Section 5.4. In Section D.1, Theorem 1 derives a first-order approximation of the
MSE of the robust bias-corrected temporal MQ (BTMQ) predictor (5.20) derived from the
TWMAQ linear models (5.14) and proposes an analytical estimator. In Section D.2, Theorem 2
presents an optimal criterion for the selection of the robustness parameter for bias correction
and proves the existence and uniqueness of the solution.

D.1 First-order approximation of the mean squared error of
the bias-corrected temporal M-quantile predictor

Let d = 1,...,D an area and t = 1,...,T a time period. Section 5.4 focuses on the
prediction of the population means Y 4, which have been defined in (5.9). To start with, the
BTMQ predictor of Y4 can be written as

~btmg 1 ~ A 1 Ngr \ Sbi
Y, = — - 1 B (0a, —(1——)3 ma
dt th{ Z ydt] + Z wdtj’Bl/’( d wt)} + th dt

JESdt JETat Tt
bt ~
By = ) o0ud(lpag)-
JEsat
~btmg
The idea of the proof is to decompose the predictor Y,  to take into account the vari-
ability derived from the estimation of qgj, j = 1,...,n4;, and By, (Hd, wt). To do so, we first

define the following auxiliary notation in relation to the BTMQ predictor:

—bt 1 1 ng b
Ydtmq _ N{ Z ydtj + Z letjﬁw(ed,wt)} + T(l — Nidtt)Bdimq’

dt JESat JETdt dt
~btmg 1 ~ 1 n ~
I dt btmg
Ydt = 7]\]’ { Z ydtj + Z mdtjﬁw(ed, wt)} + 7(1 — 7N )Bdt y
dt \ ;2 ; Ndt dt
JESdt JETdt
By™ = Ouaj), By = O (1)
dt = 00,4t P\Urp,dtj ) a = 06,4t P\Usp,dtj )
JESdt JESdt
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where wy, g¢j and Uy g5, § = 1,...,ng, have been defined in (5.15) and (5.18), respectively.

The approximation of MSE (?Zimq) that we propose below accounts for the randomness
of the unit-level MQ coefficients qq5, j = 1,..., Ng, coming from the TWMQ linear models,
but assumes that 6; and é\d are known. In fact, these values and their estimates are derived
from the MQ3 linear models (5.7). Not least, the standard deviations oy, are assumed to be
known. The randomness arising from the estimation of 64 and og,; is of minor importance
(Chambers and Tzavidis, 2006) and omitting it is a common practice when estimating the
MSE of predictors derived from MQ models (Chambers et al., 2011).

Appendix D.1.1 introduces the probabilistic framework and necessary assumptions to ob-
tain a first-order asymptotic approximation of the MSE of the BTMQ predictor. Generally,
all assumptions are reasonable and can be found in the literature.

D.1.1 Assumptions

This section presents a set of assumptions necessary to obtain a first-order approximation
~btmgq
of MSE(Y ;5 ). These are all reasonable practical requirements and are met under general
conditions. Many have been previously proposed in the literature (Bianchi and Salvati, 2015)

or are direct adaptations of assumptions required for mixed models to MQ regression.

For the influence function ¢(u), we assume that
(®1) ¢ is differentiable at u = 0, with ¢(0) = 0 and ¢(0) = 1. If |u| > cp, O(u) = cg sgn(u),

where sgn(u) = 1 if uw > 0; sgn(u) = —1 if u < 0 and sgn(u) = 0 if u = 0.
This assumption is quite common for influence functions in the field of robust statistics (Huber,
1981). From assumption( ®1), the non-atypical data subsets are Gz = {j € Sgt - ’uw’dtj‘ < c¢},

g}t = {j € Sqt : |ﬂ¢7dt]~| < c¢} and th = {j € Sgt - |a¢,dtj| < c¢}, and the intersection subsets

are ﬁdt = Ggr N Jdt, Hat = Gar 0 Gar and Gge N Gar N Gap = 7‘~ldt N ’}-Aldt. These subsets will be
useful in the calculation of expected values and variances.

From assumption (®1), we simplify the notation and write

b

By = > ogudlugai) t o Y, sen(epar),
J€Gar jesat—Gdt

o N .

By = Y 00ud(lipa) +co Y. sen(Cyay),
§€Gas j€sar—Gar

By = ) ooudlliya) +cp Y, sen(Cpay).
J'EgAdt jESdt*gAdt

Below we include additional notation for model errors and pseudo-residuals that will
be necessary for the calculation of expected values and variances. Related to the variables
sgn(ey dt;), we define the probabilities

7Tdtj = P(Sgn(€¢7dtj) = —1), 1-— 7Tdtj = P(sgn(e¢7dtj) = 1), j = 1, . ,th,
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so that
Elsgn(eyatj)] =1 —2ma;, var(sgn(ey,atj)) = 4mar; — 47r62ltj.

Related to the variables sgn(€y 4tj) — sgn(eqy,atj), we define the probabilities

Tadtj = P(sgn(gwdtj) — sgn(ey.dj) = a), a=-2,0,2, j=1,...,Ng,
so that E[sgn(€y q1;) — sgn(ey.dr;)] = 2(72,dtj — T—2,4tj) and

var (sgn(Cy,at;) — sgn(ep.ars)) = 4(Faatj + T-2at) — HFo.arj — F-2,0t5)*.
Related to the variables sgn(ey 4:j) — sgn(€y q4t;), we define the probabilities

Ta,dtj = P(sgn(éw,dtj) — sgn(€y,atj) = a), a=-2,0,2, j=1,..., Ny,
so that E[sgn(ey qtj) — sgn(€y.dtj)] = 2(To,atj — T—2,4¢) and

var(sgn(€y,aij) — sen(Cypar;)) = 4(Foarj + T2,dt5) — H(Faary — T2.415)°

The asymptotic theory will be developed under the following assumptions.
For the sample sizes, we assume

(N1) There exist 0 < mg; < 1 such that Zé):l Zthl mgy = 1 and "2 — g as n — o0.
(N2) There exist 0 < fg < 1 such that K,—Ztt — fg as n — 0.

The asymptotic assumption (N1) avoid the possibility of domains with zero sample size.
Assumption (N2) states that sample sizes and population sizes converge to the sampling
fractions reasonably far from the extremes values 0 and 1.

For the unit-level MQ coefficients, we assume
(Q1) ForieT;, j € sqi, qai; are independent variables with common variance {C%t = var(qa;j)-

The unit-level MQ coefficients gg;;, defined in (5.17), play a similar role to that of random
intercepts in LMMs. In such models, it is common to assume that the random effects have
constant variance. Because of the parallelism that can be established between methodologies
based on MQ models and mixed models, we include assumption (Q1). Thus, it is just a bridge
between the MQ methodology and mixed models.

For the estimator of the vector of regression parameters ,[Aiw(q, wy), 0 < g < 1, we adapt

the conditions proposed in Bianchi and Salvati (2015) and write

(A1) By(q, w;) € © c RP is a twice-differentiable continuous function in its first component,
q, where O is a compact subset of RP.

(A2) ¢ is continuous, bounded and with bounded derivative, except at a finite number of
points.

(AS) For i e 7;, j € Sy, E[|a:dij|4] < o0 and E[|€dij|4] < 0.
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(A4) For i€ Ty, j € Sqi, E[mdijm&iﬂ.}(e%dij (¢, w¢),0q)] is uniformly non singular, where @Z.th
is the partial derivative of v, with respect to the first argument.

(A5) The preliminary estimator pro)(q, wy) of B,,(q,w;), defined in (C.3), is such that

~(0)

\/ﬁ(ﬁw (g, wy) — ﬁw(q, wy)) = Op(l)-

(A6) 36, > 0/Ve € (—61,061) FE,(medy (g, w;) + €) and is continuous and positive at e = 0.
Fy is the first order derivative of Fy, which is the c.d.f. of ey 4ij(q, w¢), i € Ty, j € Sa;.

(A7) 362 > 0/Ve € (—d2,82) IF(medy, . (q, ws) + 0.67450,; + €) and is continuous at e = 0.

(A8) 383 > 0/Ve € (gt — 3,04t + 03) Hth(medzp,n(q,wt) +e)+ th(medwyn(q,wt) —e) > 0.

Assumption (A1) is necessary to calculate Taylor polynomials. Assumption (A2) holds for
the Huber function. Assumption (A3) is a technical moment condition required for the appli-
cation of the Uniform Law of Large Numbers and the asymptotic representation. Assumption
(A4) is an identifiability condition. Assumptions (A5)-(A8) are needed for the Bahadur repre-
sentation of the median absolute deviation (MAD) estimator (see Welsh (1986)). In the case
of the Huber influence function (5.3), assumptions (A1) and (A2) are satisfied. To guarantee
assumption (A4), one may require that for any 8,(¢,w:) € © and ¢ > 0,

P(og [yaij — TiiBy(q, wi)| < ¢ @aij) > € >0, i €Ty, j€ Sas-

In practice, this is verified if most of the residuals belong to the strictly convex region of .
Under assumptions (A1)-(A8), it holds that B, (04, wi) — By (04, wi) = O,(n~%?). Finally, to
complete the assumptions associated with the vector of regression parameters, we include

(A9) 364 > 0/Y0 € (64 — 04,04 + 0a), By (0, ws) — By (04, ws) = Op(n~Y2).

Assumption (A9) is needed to maintain the asymptotic plausibility of assumption (A8) in a
neighborhood of 64, as in practice 64 is substituted by 6.

For the MSE of the BTMQ predictor, we assume three groups of assumptions. The first
group of assumptions concerns the model errors (5.15) of the TWMQ linear models (5.14):

(BY) w; Zjevy, Bled ] = O(1),

(B2) Nldt Yjevy, Mg = O(1) and gz Siseys, mgyy = O(1).
(B3) 5y Dijesa Elev.as] = m Zjewt Eley,at;] + o(1).
(B4)

02 w
B4) 365 > 0: VO e (9,1 — 05,04 + (55), th ZjEUdt (w&tj%

q:(,)Z - 0(1).

Assumption (B1) states that the second order moment of the model errors is bounded in
average. Assumption (B2) is fulfilled as mg4;’s are the probabilities that the model errors
are negative. Assumption (B3) states that the sample average of the expected model errors
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behaves similarly in the sample and the non-sample subsets. Assumption (B4) is a tech-
nical condition required for the application of the Uniform Law of Large Numbers and the
asymptotic representation.

The second group of assumptions concerns the pseudo-residuals (5.18) of the TWMQ
linear models (5.14). The assumptions are

(C1) = Yjevy, Bl(Cpatj — eparj)*] = o(1).
1 ~ 1 ~
(C2) 3 Xjev,, Taary = o(1) and §= X icry, T s = 0(1), a = —2,2.
(DY) 3= e, El@paty — Cparg)*] = o(1).
1 ~b 1 ~y _
(D2) 5 2jevy, Taar; = 0(1) and x> .y @o ;= o(1), a = —2,2.

Assumptions (C1) and (D1) state that the fourth order moment of the differences between
pseudo-residuals and model errors is bounded in average. Assumptions (C2) and (D2) are
fulfilled as 7q 4¢;’s and 7g 4:;’s are the probabilities that the pseudo-residuals are negative.
The third group of assumptions concerns the independence of the model errors and pseudo-
residuals of the TWMQ linear models (5.14). The assumptions are

(E1) For j € Uy, €y,qt; are independent random variables.

(E2) For j € Uy, €y,4i; are independent random variables.
or j € Uy, €y qr; are independent random variables.

E3) For j € Ug, €yt ind dent rand iabl

It is common in mixed models and MQ models to include independence assumptions such as
(E1), (E2) and (E3) for the model errors and the residuals and pseudo-residuals.

D.1.2 Part I: Dealing with the differences ?Zimq —Yau

In this section, we calculate the expected value and variance of the prediction differences

Yo Y, d=1,....,D, t=1,...,T.

The reasoning is based on the calculation of first-order Taylor approximations and the subse-
quent computation of expected values and variances.

First, a Taylor series expansion of B,,(qatj, w:) around 64 yields to

aﬁ <Q7wt) .
By (qatj, wi) = By (0a, wi) + 71#8(1 ’q , (qatj — 0a) + ry.atj(0a), j=1,...,Ng, (D.1)
=04
A .
where 7y 4t (0a) = Tar; = (Tagjis - - - ragp) and rage = Op((gar; — 04)?), k = 1,...,p, with
azﬁw(Q7wt)

02 ,
‘2 < )IBTZ](unt) , |0;lkt_j_0d’ < |thj_9d’-

an ‘q—@jtj

1
Il = 5 (aars —00)°)

0q> ’q—@jtj 2

We introduce the notation

aﬂ¢k (q7 wt)

Ck=1,...,p.

K (0a, wi) = (Ky1 (04, we), . . -vﬁwp(9d7wt))/; Kok (0, wi) =
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From the Taylor series expansion (D.1), the model errors defined in (5.15) is written as

epdty = Ydtj — TarjBy(0a, wi) = T4 (By (qars, wi) — By (0a, wy))
= @Ky (00, wi)(qar; — Oa) + g Tary, J=1,..., Nas.
From assumption (Q1), var(qat; — 04) = var(qa:;) = §§t, j=1,...,Ng, and

2 2
var(ey,dt;) = (Tl by (0d, we)) €+l var(ra ) Tar; + (@ 6y (0a, we)) “cov (qarj, a3;) - (D-2)

Assumption (B4) implies that

1
— Z a:iitjvar(rdtj)a:dtj = 2 {wdt]/% thj,wt)&¢(0dtj,wt)wdtj}Var(thj)
Nt JESdt
2
< 2 wdt]h"d) gdtywt)) 20(1)7
E
1 2 2 3
o 2 (zijkp (05, we)) E[qgtj]’ < nth Z (i jbop (05, we)) " | Elgas]|” = O(1),
JESdt Sdt
1 2 2
o 2 (m/dtj"w(@;tjawt)) E[thj]’ S — Z wdt]""l/)(edtywt ) ‘E[thj]’ =0(1).
dt Ndt
JESdt JESat
Collecting these results, we obtain that
1 2
nidt Z var €’¢, dt] ni Z mdtjlﬁ'/¢ ed,wt)) fﬁt + O(].) (D3)
JESat J€s

The corresponding standardized model errors, defined in (5.15), can be written as
u%dtj = 0'0_;f mfﬁjnw(éd, wt)(thj - Qd) + O-G_d%f w:ithdtj, ] = 1, SN ,th.
As ¢(0) = 0 and ¢(0) = 1, a Taylor series expansion of & (uy dt5) around v = 0 yields to

Sy at) = (0) + G(0)uy atj + Rarj = gt + Rary, =1, Nat, (D.4)
where Rg;; = 1/) dtjr 0 < |, gri| < |wyar;| and var(Ra;) < var(uy,ar;)-
From assumption (B1), we have

— Z [Rarj] = O(1), — 2 var(Rgij) = O(1). (D.5)

n
dt JEGar Tt JEGat
From the Taylor series expansion (D.4), we have

Z 094D (W drj) + ¢4 Z Sgn(ew,dtj)

J€Gar J€Sar—Gat

Z Ey.dtj T 00t Z Rdtj + Cy Z sgn(ew,dtj).

J€Gat J€Gar J€sar—Gat

btmg
B dt
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The prediction difference ?&P = Yzmq — Y is
—(1 1 Nat 1 b 1
Vi = N( D vag + ), xéltj'gib(ed’wt)) - <1 a T)FBdimq "~ Nu 25 @By (g wi)
dt JESat JETat di 7 Thdt dtjEUdt
nat\ 1 btm 1 /
- (1-24)—p ‘1+< @B (8, w1) — By (daty w )
(1= o) Bl 5 X wa(Byl00 w0 = Bs{ans w0)
nge\ 1 . 1 )
= <<1 - Nf)*fgdt () — N%J])) €4,dtj
€U dt/ Nd dt
n C Ny, g
+ (1 — Nfdt>f¢ Z sgn(ey,atj) + (1 — N—t) at Z Rt (D.6)
dt/ Ndt jesp—G dt’/ Ndt G
dt—Ydt JE€Ydt

From assumptions (E1) and (B2), we obtain that

L > Elsgn(epay)] = i(Cal“d(schs—th)—2 > wdtj>=0(1),

Ndt J€sat—Gat Ndt J€sat—Gat
1 4

- >, var(sgn(egay)) = - > marg(1—mary) = O(1). (D.7)
dt J€sat—Gat dt J€sat—Gat

From (D.3), (D.6), (D.5), (D.7) and assumptions (B4) and (E1), the variance of ?&1) is

. n 1 . 1 A\ 2
Vd(tl) = Var(YE;)) = ZU: ((1 - ﬁ)@lgdt (J) — MITdt(J)) var (€qy,dt; )
JEUd

+

2 2
ng: \2 € Nt \ 200,
1——)— E var(sgn(eqy dti +(1——) E var(Rg
( th 2 ( ( 1#7 t])) th 2 ( t])

n . n .
dt J€sar—Gat dt J€Gat

Ny 21 . 1 . 2 —
2 (1= 35) - Tou ) + b () (@l (O, we) €y + on ™).
€U e’ My dt

From (D.6), (D.5), (D.7) and assumptions (B2) and (B3), we have that

— 1 ) 1 )
Ez(hlt) = E[Y&?] = Z ((1 - %) 719’@(]) - mITdt(j>>E[ew,dtj]

. ndt
JeUay
Ndt \ Co Nat \ 094t
+ (1 — —)— 2 E[sgn(epa;)] + <1 — —)— Z E[Raj) =
th Mat J€sar—Gat th Mat J€Gas
Ndt \ Co Nat \ 094t
= (1 - —) — Z E[sgn(ey.a;)] + <1 — —) 2 E[Rg;] + o(1).
th flae J€sat—Gat th s J€Gas
From (D.5) and (D.7), it holds that E\) = O(1).
. . . o~ btmg <5>btmgqg
D.1.3 Part II: Dealing with the differences Y, —-Y

In this section, we calculate the expected value and variance of the prediction differences

?dt _Ydt 5 d:].,...,_D,t:].,...,T.
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The reasoning is based on the calculation of first-order Taylor approximations and the subse-

quent computation of expected values and variances.

As ¢(0) = 0 and qb(O) = 1, a Taylor series expansion of ¢(Uy ¢:;) around u = 0 yields to

S (Uypars) = D(0) + (0) Uy ar + Ratj = Uparj + Raj, 5 =1,-.., Nay,
where Ry = %ﬁ;‘fdtj, 0 < |y, ;1 < [Wy,ae] and var(Raij) < var(dy,azj)-

From assumption (C1), we have

1 > 1 ~
"t Z E[Raj — Raij] = o(1), o Z var ((Rgij — Rai;)?) = o(1).
Jegdt JEth

From the Taylor series expansion (D.8), we have

BE™ = > opud(lpay) +co Y. sen(Bpa),
jegdt jESdt—gdt
= > Pyaj+ oo Y, Raj+cs D, sen(Epar)-
§€Gas 7€Gar j€sas—Gas

(D.8)

(D.9)

~ - ~ 2 1 .
AS ew,dtj — ew,dtj = w:itj (Bw(gd')wt) — ,6¢(9d, wt)) = ew,dtj(gd)7 then Bét) = Bgimq — Bgimq 1S

2 ~ ~ ~
BY = Y Cyajtoon Y, Bujtcy Y, sen(pay)
7€Gas 7€Gas j€sar—Gar
— D) epaj— 0o ), Ray—cs Y, sen(epay)
J€Gat J€Gat Jj€sat—Gat
= > B+ Y Ppai— Y, epd
j€7'~ldt jeQth—’}-Nldt jegdt—ﬁdt
+ UBdt( 2 (Edtj—Rdtj)Jr 2 ﬁidtj - Z Rdtj)
jeHa 7€Gar—Har §€Gar—Har
+ C¢>( D, (sen(@pars) — sen(epars))
jesar—Har
+ > sgn(€y,dtj) — > Sgn(ew,dtj))-
j€sat—(Gar—Ha) j€sat—(Gar—Har)

_ ~btmg
The prediction difference Y((;) =Y, - Ydimq is

—(2) 1 ~ nat\ 1 xpm
Ydt = N( Z ydtj + Z wiit],aw(ed,’lUt)> + (1 — m) 7Bdt q

dt JESat JETat Mt
_ M gy + ) @By (0a, we) _(1_@>L3btmq
Na / degmp e Nai/ ngy dt

JESdt JETat

ngt\ 1 @2 1 ~
= 1— —) —B, - — E (0,).
< th Ndgt dt th . ewdt] ( d)
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(2)

By substituting B df , we obtain

(2 nge\ 1 ~ ~
Vi = (1 - *th ) { >, Ga0)+ Y, Epai— ), evay
t ~

Nat

JEH at 3€Gar—Har 7€Gar—Har
+ O'th< Z (Ratj — Rarj) + Z Raij — Z Rdtj)
jeHa 7€Gar—Har 7€Gar—Har
+oe( Y GenCuag) —senlepa) - Y, sen(ay)
jesar—Har j€sar—(Gar—Har)
1 ~
- > Sgn(ew,dtj))} — 2 Eparj(0a)-
N Nag
J€sar—(Gar—Har) JETat

We write ?g) in the form

-2 ng\ 1 .. 1 s
Yo = Z ((1 - Nidt> @IHdt (J) — mfrdt (J))ew,dty(ed)
J€Uat
ng 1 ~ ~
+ (1 — th)nd{aadt Z {Ratj — Ratj} + co Z (sen(Ey,aty) — Sgn(e%dtﬂ'))}
t t ~ ~
JEMat JEsat—Hat
ng 1 ~ ~
+ (1 - th>nd{ DU Cpai— Y, epai+ >, Raj— D) Rdt]}
! ! j€Gar—Har 7€Gar—Har 7€Gar—Har 7€Gar—Har
Ny, C ~
+ (1 - N;)nj{ 2 sgn(€y,dtj) — Z Sgn(ew,dtj)}'
! : j€sar—(Gar—Har) j€sar—(Gar—Har)

Assumption (E2) implies that

Z Elsgn(€yaj)] = 2 Z (To,dtj — T—2.dtj)

jesar—(Gar—Haz) Jj€sat—Gat
~ ~ ~ ~ ~ 2
Y varlsenCay) = 4 Y (Reay T R-2ay) —4 ), (Faay — Toay)’
jesar—(Gar—Har) J€Sat—Yadt J€sat—Yat

From assumption (C2), we obtain that

1 N 1 ~
-~ > Elsgn(€y,ar;)] = o(1), p— > var(sgn(eyp,at;)) = o(1). (D.10)
! j€sar—(Gar—Har) j€sar—(Gar—Har)
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From (D.9), (D.10) and assumption (E2), the variance of 72) is

_ 1 . 1 A\ 2 ~
Vd(tQ) - Var(Yl(ﬁ)) — Z ((1 — %) 7Iﬁdt(‘7) — mlrdt(])> var(%,dtj(tgd))

€U Nat/ nat
Nt 20(3@ ~
+ (]. - Ni) D) Z Var(Rdt]‘ - Rdtj)
e/ Mgy =
JEH ar
Nt \ 2 Cé ~ -1
+ (1 — N—(ﬁ) n—?lt ZN Var(sgn(e%dtj) — sgn(ewvdtj)) +o(n™ )
JESat—Hat
Nat 21 . 1 . ~ 1
= ((1 - —) — Ly () + —=1Ir (j))V&r(e%dt'(Qd)) +o(n™),
where var(gw,dtj(Gd)) = :B’dtjvar(@w(ﬁd,wt)):cdtj, j=1,...,Ng.
From assumption (A9), it holds that
~ Z [€y.,at(04)] = Ty BBy (0a, we) — Bw(Qd, wy)| = 0(n~"?), (D.11)

]eUdt

where we have defined the population mean of the vector of explanatory variables as

Ty, = Z xdtj

]EUdt
From (D.11), (D.9) and (D.10), the expected prediction difference is

_ 1 . 1 ) ~
Eg) = E[Y((i?] = Z ((1 - %) — I, (4) — ]\Tltfmt (]))E[ew,dtj(ed)]

JeUat et
n 1 ~ ~
+(1- ﬁ) ndt{aadt >, E[Raj = Rajl + ey 3, Elsen(Cpay) - Sgn(%dtﬁ]} = o(l)-

J€Hat JESat—Hat

~ btmg ~ btmg
D.1.4 Part III: Dealing with the differences Y, —-Y
In this section, we calculate the expected value and variance of the prediction differences

~btmg ~btmg
Ydt _Ydt dzl,...7D,t:1,...7T.

9

The reasoning is based on the calculation of first-order Taylor approximations and the subse-
quent computation of expected values and variances.

As ¢(0) = 0 and qb(O) = 1, a Taylor series expansion of ¢(uUy ;) around u = 0 yields to
S(Ty,arj) = H(0) + G(0)ay,atj + Rty = Upar + Ryarj, 5 =1,..., Na, (D.12)

where Ry; = 54 :Z;dt]’ 0 < |y, g1 < [Uy,ats] and var(Rdt]) var (Uy,dtj)-
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From assumption (D1), we have

1 =~ ~ 1 ~ ~
- Z E[Raj — Raj] = o(1), _— Z var ((Rat; — Ratj)?) = o(1). (D.13)
tjEQAdt ! 7€Gat

From the Taylor series expansion (D.12), we have

By™ > ooud(lpar) +co . sen(Cyay),

J€Gat J€sat—YGat

= Z é\zﬂ,dtj + o9t Z Rdtj + Cy 2 Sgn(é\w,dtj)'

J€Gat J€Gat J€Sar—Gat

~ ~ o 3 /A ~ 3 Kb b .
AS ew,dtj — ew,dtj = w:jtj (ﬁw(gd, wt) — ,6¢(9d, wt)) = ew,dtj(ﬁd), then Bz(it) = Bdimq — Bdimq 1S

3 ~ ~ ~
BY = D Cpari + 00 Y. Raj+co Y, sen(@yay)
j€Gas j€Gas je€sar—Gar
— > Epa+ oo ), Raj+cy Y, sen(Cyay)
j€Ca j€Cas j€sai—Ga
= ) a0+ DY, fpa— Y, pay
jeHar 7€Gar—Har j€Gar—Ha
+ UBdt( Z (Ratj — Rayj) + Z Ry — Z Rdtj)
jeHar 3€Gar—Har 3€Gar—Har
s (@) — sen(@ay))
jesar—Har
+ > sgn(€y,atj) — > Sgn(aw,dtj))-
jesai—(Gar—Har) jesai—(Gar—Har)

—(3) ~btmq  ~btmg
The prediction difference Y, =Y, —Y,;  is

—(3) 1 5 (3 ndt\ 1 spem
Ydt = N( Z ydtj + Z wiit],aw(ed,’lUt)> + (1 — m) 7Bdt q

dt JESdt JETat Mt
_ N g+ D 2 By (02, w¢) +(1_@>L§btmq
Na i dtg P v T Nat/ ng 4

JESdt JETat

ngt\ 1 i3 1 ~
= 1— —) —B - — E (0,).
< th Ndgt dt th . ewdt] ( d)
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3)

By substituting B d‘z , we obtain

=3 ngt\ 1 ~ ~ ~
e () T awar T a3t

Nt | A A
JEH at J€Gas—Hat J€Gas—Haz

+ O'th< Z (Ratj — Rarj) + Z Raij — Z ﬁbdtj)

jeHar 7€Gar—Har 7€Gar—Har
+oe( Y ey —sen@ra) - Y, sen(ay)

jesa—Ha jesar—(Gar—Har)
~ 1 ~

- > Sgn(ew,dtj))} — 2 Eparj(0a)-

- Nt .

Jesar—(Gar—Har) JETat

We write Yd(tg) in the form

3) (( ndt) 1 . 1 .>A
vy@ - 1- DY p () — =1 (0
dt Z th Nt Har (.]) th Tdt (]) ewvdt] ( d)
J€Uq¢
ng 1 ~ ~ ~ ~
+ (1 - N;t)%{aadt Z {Ratj — Ratj} + co Z (sgn(ep,atj) — Sgn(%,dtj))}
jeHar j€sar—Har
ng 1 ~ ~ ~
+ (1 - JVu;)?”Ldt{ Z Ey,dtj — Z €ydtj + Z Rarj — Z Rdt]}
7€Gar—Ha 3€Gar—Har 3€Gar—Har 7€Gar—Har
Nat 1 ~ ~
+ <1 - N—d) ndt{% Z sgn(€y.dtj) — Cop Z sgn(ewdtj)}.
jesar—(Gar—Har) j€sar—(Gar—Har)

Assumption (E3) implies that

Z Elsgn(eyaj)] = 2 Z (To,dtj — T—2.dtj)

j€sar—(Gar—Haz) Jj€sat—Gat
~ ~ ~ ~ ~ 2
Y varlsgn@ay) = 4 Y (Roay +R-2ay) —4 ), (Faay — Toay)’
jesar—(Gar—Har) J€Sat—Yadt J€sat—Yat

From assumption (D2), we obtain that

1 N 1 ~
-~ > Elsgn(€yar;)] = o(1), p— > var(sgn(eyp,at;)) = o(1). (D.14)
jesar—(Gar—Har) jesar—(Gar—Har)
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From (D.13), (D.14) and assumption (E3), the variance of ?((i?;) is

. 1 . 1 A\ 2 ~
V;t3) — Var(Yg?) — Z ((1_%)7171475(‘7)_]\[7(#]7”“(])) var(ew,dtj(ed))

jeUas Nat/ na
Nnqt 1 ~
+ (1- —) (Ratj — Bayj
N/ n? 9 edt Z Var dij — Tldig )
]EHdt
ngt\2 1 ~ ~ -
+ (1 — N—t> —205) Z var(sgn(ew’dtj) — sgn(e%dt]’)) +o(n 1)
e’ Mgy = . 5
Jj€sar—Hat
ndt 1 . 1 . ~ _
- ) ((1 - W) — 15, 0) + 57 Tra (J))Var(ew,dtj(%)) +o(n™1),
jeUqgs Mgt dt
where Var(éwdtj(ﬁd)) = a:’dtjvar(,@w(éd,wt))a:dtj, j=1,...,Ng.

From assumption (A9), it holds that

— Z (66,0t (00)] = B B[ By (00, wi) — By (Ba, wy)] = O(n~Y?). (D.15)
JEUdt
From (D.15), (D.13) and (D.14), the expected prediction difference is
1

(3) nge\ 1 : , ~
£ =B = 3 (1 ) ng e — a9 Bl 0]
dt

(1 _ @> 1{09dt Y, ElRay — Rayl+co Y, Elsen@pay) — Sgn(%,dtj)]} = o(1).

Nair/ ngs

J€Hat Jj€sat—Hat

D.1.5 Final expression of the mean squared error

Under the necessary assumptions set out in Section D.1.1, this section collects the analyt-

ical results from Sections D.1.2, D.1.3 and D.1.4 to finally derive a first-order approximation
~btmg
of the MSE of the BTMQ predictor Y 4

First of all, it holds that

~btmg ~btmq  __ ~btmg

~bt A _ _
MSE(Yy ) =E[(Vg V)] =var(Yy —Ya)+E[Yqg —Ya))
Based on the decomposition

~btmqg  __ ~btmq  ~btmg ~btmg bt _ 3 —(2 —(1
Yo —Ya= (Ydt Y ) + (Ydt - Ydtmq) (Ydtmq Ydt) Y( ) + Yglt) + YElt)7

we write
~btmq __ _ . _ _ _
var (Ydt - Ydt) = Vd(tl) + Vd(f) + Vd(f’) + 2cov (Y((f;), Y((ﬁ)) + 2cov (Y((i?;), Yé?) + 2cov (Yg),

~btmq  __
BV —Ya] = By +Ey +Ey =By +o().

Y

(1)
dt

);
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The covariances are cov (Yét ,Ydt ) Erdt Y(Q)] , COV (Y((it), Y(l)) E[Yﬁlt)YéP]—i-o(l)
and cov (Y((it ,Y ) E r (1) o(1). Under regularlty assumptions, the expectations of
the previous cross-products should be o(1).

~btmgq

Therefore, an approximation of M SE (Ydt ) is

~btmgq
MSE(Yy )=V +vP v g2 4 o).
The following theorem (Bugallo et al., 2024¢) summarizes the final MSE approximation.

Theorem 1. Under assumptions (®1), (N1)-(N2), (Q1), (A1)-(A9), (B1)-(B ) ( 1)-(C2),
(D1)-(D2), (E1)-(E3) in Appendix D.1.1, a first-order approximation of MSE(Ydt q) is

~btmg

= ngt \2 1 . 1 . 2
MsEWVy ) = 3 ((1-hk) v Lon0) + g D)) (@i Basw) ) €
jeUqs dt dt dt
Ndt 2 ]- . ]- . / S
+ Z <<1_m) n%tjﬁdt(.])—i_]Vit[’/‘dz(j)>wdtjva‘r(ﬁ1/)(9dawt))xdtj
JEUas
ngt \2 1 . 1 . / 2 (0
+ ZU: ((1 — N7dt) %Iﬁdt(‘j) + ]\@Irdt(j>>wdtjvar(ﬁw(9d,Wt))a:dtj
J€Vat
n 2/ c o ?
+ (1-1%) <n¢’ > Elsen(epa)] + 2 Y E[Rdtj]> +o(1).
dt dt J€sat—Yat dt J€Gat

D.1.6 Estimation of the final expression of the mean squared error

~btmg

In this section we propose an estimator of the MSE of the BTMQ predictor Y,  for the
first-order approximation formulated in Theorem 1. We use the simplified notation

~btmgq
MSE(Ydt ) =851 +85+ 853+ 54+ 0(1).

btmgq
The first summand of MSE (Ydt ) is

ngt \2 1 . 1 . 2
Si = Su+Sn=) <<1 - th> nTIgdt(J) + met (J)) (wfitj'%(%wt)> &
jEUdt dt dt dt
Nt
= (1 N ) 2 Z (%tg’%(@da wt)) fdt N2 Z (mdtﬁw(edawt)> fdt
dt dt jeGy dt jerg,
Provided g4 — 04 # 0, j = ., Ngt, we obtain from the definition of the TWMQ linear

models (5.14) and the Taylor series expansion (D.1) that

Koy (0, wi) = (qar; — 0a) " (By (qars we) — By (0g, wi) — ragj),
iy by (O, we) = (qary — 0a) " (Yarj — Ty iBy (O we) — Ty 7ar;)

= (thj - 9d)71(€w,dtj - wfztjrdtj)-
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If a:éltjrdtj ~ 0, the first term of 57 is estimated by

9 £2
5 ndt \2 § 1
Sll,O = <]. - 7?5) 2dt 76% dtj»

2
Nat/ ng, icBas (Qat; — 0a)?

where @dt is an estimator of var(qq;), i.e.

= V&I‘(th]’) = Z (thj - th.) y o qdt. = nf ;

Mt — 1 JESdt
The second term of S; is estimated as

Nat — nay i 1 22

S12,0 = 5 Gt
)

2 ~
nae Ny o= (Garg — 0

Therefore, we estimate Vd(tl) by §1 0= §11 0+ §12 0- Nevertheless, the differences gy:; — gd
are expected to be close to zero, leading to instability problems due to multiplication by
(Qatj — Gd) ,J=1,...,n4, both in the estimation of 5110 and Si20. For this reason, we do
not recommend using them. Potential solutions include proposing the following estimators

1

Su— (YR (Y i) Y R

n
dt Card(gdt) J€Gat J€Gat
a Nat — ngy Sdt
S = S (L Y = 00) Y
dt JESat JESat

such that we finally write §1 = §11 + §12. Clearly, this new estimation of S largely avoids
the problems of numerical instability, but it may also bias the final estimation. All things
considered, we strongly recommend this second approach, which provides more stable results.

On the other hand, we use estimators of Sy and S35 to estimate the variance terms Vd(f)

and Vd(t3 ), respectively. An estimator for both Sy and S3 is obtained as follows

~ (9 ~(3 ndt 2 ]. . ]- . >
Vd(t) _ Vd(t) _ 2 ((1_ m) Tfédt(j) + ]\@Irdtw))a:éltjvﬁwdtj

. n
JEU4t

Nt 1 Y
1-— —) g x, Viz E T VEL a5,
( th nd dtj B8 dt] N2 dty Bldty

7€Ga dt jerqs

where 175 is an estimator of Vg = var (,@¢(§d, wy)), as the one given in (5.23).

~btmg

The last element Sy of MSE (Ydt ) corresponds to the bias term E[(iip. First, we propose

M Elsgn(epay)] = D sen(Epay).

J€sar—Gat je€sar—Car
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From the Taylor expansion (D.4), Rg; = %u;‘ﬁdtj, 0< |u3}1,dtj| <|ugpatjl, 5 =1,..., Na, so
N 1 I
>, ElRay] = 257 2u Ciat:
7€Gar Bat jeg\dt
~btmg
We derive the following estimator of MSE (Ydt ):
)
btmg ngt \ 2 gdt 1 ~ n\2 -1 ~2
mses g = <1 - ]\T) T(iA 2 (Gnj —6a) ) 2 G+
’ dat’/ n d Py P '
! di - cat <gdt) J€Gas J€Gas
Nyt — nas € (1 ~ ~ o\ ! ~
+ S (Y Q= 00°) Y
dt dt dt JESdt JESdt
N4t 21 Eo 1 N
da’ Mg = dt jery
J€Gat t
2
+ <1 — —) — (c sgn(ey qrj) + —— e . . (D.16
Ny n(zit o] ‘ EEA b, J) 2‘70dt pa W, dtj ( )
Jj€sat—Yat j€Gq

~bt ~bt
Finally, an estimator of RMSE (Ydtmq) = (M:S'E(Ydl:nq))l/2 is rmsegfzzq = (msegfzq) 12,

The first-order approximation of the MSE given in Theorem 1 leads to an MSE estimator
in (D.16), but the study of its theoretical properties, such as the first-order bias, is left for
future research. To the best of our knowledge, the latter has never been done for a predictor
derived from an MQ model. We believe that this is an issue that should be addressed for the
simplest models, i.e. those proposed by Chambers and Tzavidis (2006).

D.2 Selection of area-time specific robustness parameters

In this section we provide the proof of Theorem 2, which was formulated in Section 5.4.

Theorem 2. Let ¢ be the Huber function, defined in (5.3). For mseflimq € {mse?tzq, msegt;ntq},
it exists an unique solution ¢y 4 of the minimization problem

~ . btmgq
Codqt = argmin, msey, '(cy), d=1,...,D, t=1,...,T,
cy=0

belonging to the interval [0, max|@y 4|| and its explicit expression is calculable.
JESat

Theorem 2 provides a local, area-time specific approach, that calculates the robustness
parameter that best bounds the outlier observations in each subdomain to reduce the pre-
dictive bias, without detriment to the MSE. Therefore, it allows us to intuit the relationship
between the sign of the bias and the number of large positive and negative residuals. Finally,
and quite incidentally, selecting the value of ¢4 4 not only avoids subjective choices, but also
reveals the atypical condition of a subdomain (Bugallo et al., 2024e).
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. btmg btmg btmg
Proof. First, we calculate the cg-dependent part of msey, € {mseLdt , MSey g }. To do so,

we define Ag(cy) and write it as a function of ¢y, i.e.

(o) = (1 B ]T\Z;Z>2<%>2 Z ¢2(aw7dtj) + (édt + (1 — %) Tg4t Z ¢(ﬁw,dtj)>2'

n . n .
dt JESdt dt JESdt

Technical definitions required for the proof are given below. Let U = {[Uy. atj| (1) - - - » [T dtjl (ng) }
be the ordered version of the set U = {|tiy 1], - - -, [Uyp, ding |}, 50 that |y gty = min|uy, g5l
JESdt
and |a¢,dtj|(ndt) = %?X’a%dtj‘. We define ‘aw’dtﬂ(o) =0 and
dt
Agre ={je{l,....na} : [Gyars] < |Gpaejlesn )
where card(Agi¢) = nar — Nare, Nare = n;rtz +ny,eN, £=0,...,n49 — 1, and

g o = card { |y ar| € U = [Ty, arj| > Uy arjl(er1), parj > 0 €N,

Mg e = card { |y ae| € U = [Ty atj| > [Ty atjles1), Uparj <0} € N.

The c4-dependent terms of Ag(cy) are continuous in ¢, € [0,00), piecewise quadratic
in cy € Iy = [|tyatjlie), |Uy,atjle+1)), € = 0,...,ng — 1, and constant in cy € In, =
[Ty dtjl(ng,)> ). Therefore, we have

3 Nt \ 064t _ . 2
Aa(cg) = (Bdt + (1 — m) n; (C(;s(n:{t’e — ”dt,e) + Z uw,dtj>)
! ! J€Aat e
2
Mgt \2009,¢ .
" <1 - J\T) > (%m,z + 2 “idtj)v cp €1y, £=0,...,ng — 1,
dt’ Ty JEAat e
A Ndt \ O0at O ~ 2 N 20, o ~
Adt(&b) = (Bdt + <1 — N7> n Z Uiﬁ,dtj) + <1 — N7> 2 Z Uy, dtj> Co > |u1/17dtj|(ndt)'
di U jesq, dt dt jesg

Let us now prove the existence and uniqueness of solution and calculate its explicit expression.

FExistence. Since Ag(cy) is a constant function in I,,,,, the search for extreme values is
reduced to the compact (closed and bounded) interval [0, [Ty atj|(n,,) |- Further, Ag(cy) is a
piecewise function in [O, |y, dt] (n dt)] but, as an inherited property of function ¢(u), Ag(cgy)
is continuous in [0,0). By virtue of the Weierstrass Theorem, Ag(cy) reaches its absolute
maximum and minimum values in [0, |2y, dt5] (n dt)]. If the minimum is reached at ¢4 = 0, no
bias correction is needed. If the minimum is reached at cg = |ty ar;]( is also reached in

[Ty dtjl(ng,)> ), and the bias correction is maximal.

nae)?

Uniqueness. By definition, A4 (cg) is an infinitely differentiable function in ¢y € [0, 00) —U.
The elements of the set U are the avoidable discontinuities of Ag(cy). The first and second
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order derivatives of Ag(cg) in cy € Iy — {|Uy,atjl0)}, £ =0,...,n4 — 1, are
8Adt C ~ uy; (ox] _ ~
7( ¢) = 2<Bdt + (1 — —t> at (c¢(n;t£ — Ny Z) + 2 ud,,dtj)
acd) Nai/ nar ’ ’ J€Nat,e
Nat \ 00+ _ N \2 (094t ?
1——) L (nt , —n + 2c (1——)( d)ndtg,
( Nat/ na ( dtt dt’é) ? Nat Nt ’
0? Agi(cg) Nag \2 (00,2 Nt \2 (00,12
e, = 2 wr) (5) a2 ) (T) mane
0%y N Ngy (Rt = are) Na Ny b
Nt \2 (0ot 2 — \2
a1 Y (%) ()
Ny Tt (gy0 = Nz ) :
52Adt(c¢)

For ¢y € Iy — {|Uy,atjle)}, € = 0,...,ng — 1, it follows that o, 0 if and only if

Ndt
nage > 0, s0 Agi(cy) is strictly convex in | J (Ig — {|@y,arjle)}) = [0 [ty atjl(ng)] —U. Given
=0

that a strictly convex continuous function in an open set is strictly convex at its closure,
Agi(cg) is strictly convex in the compact interval [0, [ty dtj](n,,)]- Therefore, the uniqueness
of the global minimum of Ag(cg) in [0, [ty dtj|(n,,)] is guaranteed.

Explicit expression of ¢4 4. We have already proved the existence and uniqueness of
solutions, so it is now appropriate to have an explicit expression. We distinguish two cases.

Case 1 is the extreme solution Cy 4t = [Uy dtjl(n,,)- Case 2 is a solution ¢y 4 € Iy for some
e {0,...,ng — 1}, so either 6¢,dt = |a¢7dt]~|(£), or 6¢,dt fulfills that Mg%(%) R =0, i.e.

5 Ndt \ 064t (A — ~ _
(Bdt + (1 - @) . <C¢7dt(n;—t,€ - ”dt,e) + Z “wdtj)) (nit,e - ndt,£>

n )
dt J€Aat e
~ Nt \ (O04t 5 Ndr \ 06,4t ~ + —
+ Cqﬁ,dt(l — 7N ) ( )ndt,é =0< | By + <1 — 7N > —_— Z Uep, dtj (ndté — Ny é)
dt’/ \ Nt dt/ Tt e ' '

Ngt \ g t + — \2 ~
+ 1—) d ((n —n ) +ndtg)c at = 0.
< th Nt dt,fl dt.fl ) ?,

Solving for ¢4 g+ from this equation, we obtain

5 g0 ;¢ ~ — +
<Bdt +(1- ) Y “wdtj) (Mge.0 = Mg 0)

~ J€Aate
Co,dt = (

(D.17)

g9 _
N 17\%1) n:: ((njirt,e —Nge)? + ndt,£>
Since g4t € (|Uy,atjl(e) [Uy,dtsl(e+1))s Cpde > 0 and the numerator of (D.17) is strictly positive.

N LR + — 5 n g0t ~ .
Further, there are two possibilities: (i) ng, , <ng , and Ba + (1 - ﬁ) e %} Uy atj > 0;
JE€Ndte

.. + _ 3 Ndr Uadt ~ ) . .

(ii) ng p > ng, , and Ba+ (1 — th) e Y. Uyatj < 0. Therefore, if the number of negative
JeNat e

outliers, n, ,, is greater than the number of positive outliers, n;{t 4, then the bias is positive.

If not, the other way round. O
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