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Resumo

Confundimento espacial é o nome dado para o confundimento entre efeitos fixos e aleatorios
espaciais em modelos lineares generalizados mistos (MLGMs). O confundimento espacial
vem sendo amplamente estudado e vem ganhando atengao na literatura nos tultimos anos
visto que esta limitacao pode gerar resultados inesperados na modelagem. As abordagens
baseadas em projecao, conhecidas por modelos restritos, aparecem como uma boa alter-
nativa para contornar as limitacoes do confundimento espacial em MLGMs. Entretanto,
quando o suporte dos efeitos fixos difere do suporte do efeito espacial ou entdo quando
diversos efeitos espaciais estao presentes na analise, os modelos baseados em projecao nao
sao diretamente aplicaveis. Neste trabalho sao introduzidas solugoes para amenizar o con-
fundimento espacial em duas familias de modelos estatisticos. Em modelos de componente
compartilhado, diversas variaveis resposta de contagem sao observadas em cada regiao
em estudo e muitas vezes apresentam padroes espaciais similares. Desta forma, os efeitos
espaciais podem ser compartilhados entre as respostas além da possivel presenca de efeitos
espaciais especificos. Neste contexto, nossa proposta se baseia no uso de estruturas espaciais
modificadas para cada um dos componentes compartilhados e também dos efeitos espaciais
especificos. J& modelos de fragilidade espacial permitem incorporar efeitos espacialmente
estruturados através de um termo de fragilidade. Além disso, é comum observar-se mais
de um individuo por regiao o que implica que o niimero de observac¢oes é maior que o
numero de regides em estudo. Neste contexto propomos um modelo de proje¢ao reduzindo
a dimensionalidade dos dados. Como um produto deste trabalho, foi criado um pacote em
R chamado RASCO: An R package to Alleviate Spatial Confounding que fornece a
comunidade uma ferramenta para alivar o confundimento espacial em MLGMs, modelos
de componente compartilhado e modelos de fragilidade espacial. Para uma inferéncia
Bayesiana a um custo computacional baixo, a metodologia INLA foi utilizada. Casos
de cancér de pulméao e bréonquios na California foram estudados em ambos os modelos

mostrando a eficiéncia dos métodos propostos.

Key-words: analise de sobrevivéncia. mapa de doencas. efeitos latentes. multicolinearidade.
SPOCK. projecao.



Abstract

Spatial confounding is the name given to the confounding between fixed and spatial random
effects in generalized linear mixed models (GLMMSs). It has been widely studied and it
gained attention in the past years in the spatial statistics literature, as it may generate
unexpected results in modeling. The projection-based approach, also known as restricted
models, appears like a good way to overcome the spatial confounding in this kind of models.
However, when the support of fixed effects is different from the spatial effect one or when
multiple spatial effects are present in the modeling, this approach can no longer be applied
directly. In this work, we introduce solutions to alleviate the spatial confounding for two
families of statistical models. In shared component models, multiple count responses are
recorded at each spatial location, which may exhibit similar spatial patterns. Therefore,
the spatial effect terms may be shared between the outcomes in addition to specific spatial
patterns. In this case, our proposal relies on the use of modified spatial structures for each
shared component and specific effects. Spatial frailty models can incorporate spatially
structured effects and it is common to observe more than one sample unit per area which
means that the support of fixed and spatial effects differ. In this case, we introduce a
projection-based approach reducing the dimensionality of the data. As a product of this
work an R package named RASCO: An R package to Alleviate Spatial Confounding
is provided and it allows the community to alleviate the spatial confounding in GLMMs,
shared component models and spatial frailty models. To provide a fast inference for the
parameters, we used the INLA methodology. Lung and bronchus cancer in the California
state is investigated under both methodologies and the results prove the efficiency of the

proposed models.

Key-words: survival analysis. disease mapping. latent effects. multicollinearity. SPOCK.

projection.
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Chapter 1.2. Spatial models 29

The SVIF is defined as:

Var (5] )str

SVIF(Bi|r,1.) = Var(3

(1.2.9)

where Var(f5;)s, is the variance of the coefficient for the spatial linear regression and

Var(f;)ir is the variance for the linear regression.

Because under a GLMM it is not possible to derive a closed form for Var(g;), the
solution is to approximate it by the Fisher information. The same occurs for frailty models
and shared component models and in those cases one may use the Fisher information or

the empirical variance obtained in a posterior sample. Thus one can calculate the SVIF as

~ Var(B;)sm

SVIF(%) = 4 5 (1.2.10)

where Var(f5;)sm is the sample variance of the coefficient for the spatial model and

Var(B;)m is the sample variance for the model without the spatial component.

With the SVIF(;), one can compare two models and investigate if the variance
is inflated after the latent effect inclusion. However, we are interested in evaluating the
effectiveness of the restricted model. An equivalent way to measure the variance’s impact

is by using the variance retraction factor defined as:

SVRF(3,) = VOB = Var(5;). (1.2.11)

Var(B;)

where Var(3;), is the variance of the coefficient for the unrestricted model and Var(3;),

is the variance for the restricted model.

This measure is zero if Var(8;), = Var(B;),, greater than zero if Var(5;), >
Var(B;), and less than zero otherwise. A SV RF(f;) = 0.4 can be interpreted as a 40%
retraction in the coefficient variance under the restricted model in comparison with the

unrestricted one.
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Table 3 — Summary statistics of SEER covariates. For categorical variables the sample size and
the percentage. For continuous variables median and quantiles 25% and 75%.

Variable N = 72612
Time until death 10.0 [4.00; 25.0]
Status

0 31013 (42.7%)

| 41599 (57.3%)
Gender

Female 34625 (47.7%)

Male 37987 (52.3%)
Race

Non-black 66723 (91.9%)

Black 5889 (8.11%)
Cancer stage

In situ 519 (0.71%)

Localized 15870 (21.9%)

Regional 16792 (23.1%)

Distant 39431 (54.3%)
Age at diagnosis  69.0 [62.0; 77.0]
% Smokers 0.14 [0.12; 0.15]

Also, our sample has more cases of lung and bronchus cancer for men than for

women as expected. For simplicity, we considered just black and non-black people.

In situ refers to abnormal cells that are present but have not spread to nearby.
Located corresponds to the stage where the cancer is limited to where it started and has
not spread. In the regional phase, cancer has spread to nearby lymph nodes or organs. The
last and more severe phase is the distant stage. In the distant stage, cancer has spread to
distant parts of the body. Therefore, we expect an increase in the risk of death following
this order. Finally, the median age is 69, which corresponds to an elderly population. The

county-level percentage of smokers is around 14%.

The next part will introduce our first contribution providing a methodology to
alleviate the spatial confounding in shared component models. Therefore, we provide the

method, a simulation study, and one application.
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Spatial confounding in shared component

models
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in the case of two diseases. To get estimates of ¢ it is possible to access the marginal

transformation, § = /7, easily using a marginal transformation (inla.tmarginal function

in R-INLA package for example).















