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RESUMO

Estudos relacionados a caracteristicas de fenomenos/experimentos no tempo, como estudos lon-
gitudinais ou do tempo até a ocorréncia de um evento de interesse, se fazem cada vez mais pre-
sentes em diversas dreas. Estes dois fendmenos podem ser tratados, respectivamente, por meio
dos modelos lineares mistos e modelos de sobrevivéncia. No entanto, podem existir situa¢des
em que se objetiva investigar a relacio entre uma ou mais respostas longitudinais e um evento de
interesse, que pode ser realizada com o auxilio da modelagem conjunta de dados longitudinais e
de sobrevivéncia. Porém, esses modelos podem apresentar problemas de convergéncia e serem
computacionalmente exigentes, tornando invidvel a utilizacdo dos mesmos em muitos casos.
Neste sentido, esta tese, foi separada em dois estdgios, o primeiro compreende o objetivo de
propor uso da medida da probabilidade de cobertura cruzada, como instrumento de diagnostico
da conexao dos modelos longitudinal e sobrevivéncia, para auxiliar na estimac¢ido de um modelo
conjunto que envolva ambos os processos. O primeiro objetivo foi alcancado por meio de um
estudo de simulacdo Monte Carlo, realizando uma compara¢do entre modelos longitudinais e
de sobrevivéncia, em funcao de diferentes porcentagens de censura e estrutura de covariancia
das medidas repetidas. No segundo estdgio aplicou-se a metodologia apresentada do modelo
conjunto de dados longitudinais e de sobrevivéncia para compreender a influéncia do tipo de
irrigacdo no tempo até a o aparecimento da mancha de phoma no café. Os resultados dessa
tese mostraram que o procedimento utilizado para estimar probabilidades de cobertura cruzada,
como instrumento de diagnostico da conexao dos modelos longitudinal e sobrevivéncia, se mos-
trou adequado, ao considerar o modelo Weibull. O aumento do percentual de censura ocasionou
um impacto negativo em relacdo a convergéncia numérica para a obtencdo das estimativas de
méxima verossimilhanga dos modelos conjuntos para dados longitudinais e de sobrevivéncia.
Os resultados da aplicag@o proporcionaram uma analise ampla sobre a relagdo entre as varidveis

e como o tempo estd relacionado aos riscos de incidéncia da mancha de phoma em cafeeiro.

Palavras-chave: andlise de sobrevivéncia; censura; modelos lineares mistos; simulagdo.



ABSTRACT

Studies related to the characteristics of phenomena or experiments over time, such as longi-
tudinal studies or investigations into the time until the occurrence of an event of interest, are
increasingly prevalent in various fields. These two phenomena can be addressed, respectively,
through linear mixed models and survival models. However, there may be situations where the
objective is to investigate the relationship between one or more longitudinal responses and an
event of interest, which can be achieved with the aid of joint modeling of longitudinal and survi-
val data. Nevertheless, these models may encounter convergence issues and be computationally
demanding, making their use impractical in many cases. In this regard, this thesis was divided
into two stages. The first stage aims to propose the use of the cross-coverage probability mea-
sure as a diagnostic tool for assessing the connection between longitudinal and survival models
to aid in the estimation of a joint model involving both processes. This objective was achieved
through a Monte Carlo simulation study, comparing longitudinal and survival models based on
different censoring percentages and the covariance structure of repeated measures. In the se-
cond stage, the methodology presented for the joint model of longitudinal and survival data was
applied to understand the influence of irrigation type on the time until the appearance of phoma
leaf spot on coffee plants. The results of this thesis demonstrated that the procedure used to
estimate cross-coverage probabilities, as a diagnostic tool for assessing the connection between
longitudinal and survival models, proved to be adequate when considering the Weibull model.
An increase in the censoring percentage resulted in a negative impact on numerical convergence
for obtaining maximum likelihood estimates of joint models for longitudinal and survival data.
The application results provided a comprehensive analysis of the relationship between the va-

riables and how time is associated with the risks of phoma leaf spot incidence in coffee plants.

Keywords: survival analysis; censoring; linear mixed models; simulation.



INDICADORES DE IMPACTO

O estudo demonstra um potencial para impactar a sociedade e o setor cafeeiro, tanto no dmbito
tecnolégico quanto econdomico. Neste, destaca-se a necessidade do aperfeicoamento de modelos
conjuntos, pois sua complexidade os torna invidveis, apresentando problemas de convergéncia.
Ao propor uso da medida da probabilidade de cobertura cruzada, o qual pode ser utilizado como
instrumento de diagnéstico da conexao dos modelos longitudinal e sobrevivéncia, o estudo au-
xilia pesquisadores a proceder com a estima¢ao de um modelo conjunto que envolva ambos 0s
processos, buscando a minimizac¢do de problemas de convergéncia que, supostamente, pode-
rdo ocorrer em sua utilizacdo. A aplicagdo da metodologia de modelagem conjunta de dados
longitudinais e de sobrevivéncia permitiu uma andlise mais robusta sobre a influéncia dos sis-
temas de irrigagdo no tempo até o surgimento da mancha de phoma no café, uma doenga que
pode comprometer seriamente a producdo cafeeira. Socialmente, pode favorecer as préticas
agricolas, contribuindo para o desenvolvimento de técnicas de manejo mais eficazes, o que esta
diretamente relacionado ao desenvolvimento econdmico. Portanto, o estudo tem o potencial
de contribuir significativamente para o avanco e melhoria do setor cafeeiro, abrindo também a
possibilidade da utilizacdo dos modelos conjuntos em aplica¢des de outras doencgas e cultivos,
favorecendo o desenvolvimento e inovagdo no setor. Os impactos do presente estudo podem ser

classificados dentro da tematica Tecnologia e Produgdo da Politica Nacional de extensdo.
IMPACT INDICATORS

The study demonstrates the potential to impact society and the coffee sector, particularly in te-
chnological and economic aspects. It highlights the need for improving joint models, as their
complexity often leads to infeasibility and convergence issues. By proposing using the cross-
coverage probability measure, which can serve as a diagnostic tool for the connection between
longitudinal and survival models, the study aids researchers in estimating a joint model that
integrates both processes, aiming to minimize convergence problems that may arise during its
application. Implementing this joint modeling methodology for longitudinal and survival data
allowed for a more robust analysis of the influence of irrigation systems on the time until the
appearance of Phoma leaf spot in coffee plants, a disease that can seriously jeopardize coffee
production. Socially, the study may enhance agricultural practices by contributing to the de-
velopment of more effective management techniques, which are directly linked to economic
development. Therefore, the study has the potential to significantly contribute to the advance-

ment and improvement of the coffee sector, while also opening the possibility of using joint



models for other diseases and crops, fostering development and innovation in the agricultural
sector. The impacts of the present study can be classified under the Technology and Production

theme of the National Extension Policy.
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1 INTRODUCAO

Muitos dados, atualmente, sdo coletadas ao longo do tempo. Estes sdo denominadas
por dados longitudinais, tendo em vista que sdo obtidas nos mesmos elementos amostrais no
decorrer de um periodo de tempo.

Os dados longitudinais equivalem a observagdes repetidas de uma varidvel aleatoria de
interesse, realizada em diferentes instantes de tempo para um mesmo individuo ou objeto (Hu;
Szymczak, 2023). Na estatistica, hd diversas metodologias que podem ser aplicadas para a
andlise desses dados. Dentre as técnicas utilizadas para essas andlises, destacam-se os modelos
lineares de efeitos mistos e os modelos de sobrevivéncia, que sdo utilizados quando existe a
presenca de censura (observacao incompleta da varidvel resposta).

Os modelos lineares de efeitos mistos sdo definidos como modelos que possuem efeitos
fixos e efeitos aleatérios. Modelos de efeitos mistos sd@o usados, principalmente, para descrever
o relacionamento entre uma variavel resposta e covaridveis em dados que sdo agrupados de
acordo com um ou mais fatores de classificagdo (Pinheiro; Bates, 2000).

Os modelos lineares de efeitos mistos possibilitam predizer como as trajetdrias de res-
postas individuais mudam ao longo do tempo, além da estimagao dos parametros que descrevem
como a resposta média muda na populacio de interesse. Estes modelos sdo capazes acomo-
dar qualquer grau de desequilibrio nos dados, ou seja, ndo é necessdrio 0 mesmo nimero de
medi¢des em cada individuo ou objeto. Tem-se ainda o fato de que os efeitos aleatérios s@ao
responsdveis pela correlacdo entre as medidas repetidas de forma relativamente parcimoniosa
(Verbeke; Molenberghs, 1997).

Segundo Pinheiro e Bates (2006), quando os dados estdo estruturados de maneira hierar-
quica em diversos niveis de efeitos aleatdrios, estes sao chamados de modelos de efeitos mistos
multiniveis.

De acordo com Do Ha e Lee (2005), modelos lineares mistos tém sido propostos para
a andlise de dados de sobrevivéncia, nos quais os efeitos aleatérios atuam de forma linear no
tempo de sobrevivéncia do individuo ou objeto.

Os modelos de sobrevivéncia sdo definidos para situacdes em que se objetiva avaliar
o tempo decorrido até a ocorréncia de um ou mais eventos de interesse. Este evento também
pode ser denominado como falha. Porém, nem sempre o instante de ocorréncia do evento de
interesse tem seu tempo exato conhecido, ou até mesmo o evento de interesse nao € observado,

o que leva a definicdo de censura no modelo de sobrevivéncia. As observacdes censuradas
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podem ser entendidas como aquelas observagdes parciais ou incompletas da varidvel resposta
(Colosimo; Giolo, 2006).

Desse modo, os modelos de sobrevivéncia destacam-se justamente por considerarem es-
sas observacdes incompletas (censuradas) na andlise, permitindo que a andlise estatistica resulte
em conclusdes fidedignas, pois carregam informacdes sobre o tempo até a ocorréncia do evento
de interesse do elemento amostral em estudo.

Existe ainda a possibilidade de investigar a relacdo entre uma ou mais respostas longitu-
dinais e um evento de interesse, com o auxilio dos modelos conjuntos. Estes modelos surgiram
como uma ferramenta para a andlise de dados com estas caracteristicas, consequentemente sem
a necessidade de serem separados. Entretanto, em muitos casos, a complexidade destes modelos
podem torné-los invidveis, pois a inclusdo dos efeitos aleatérios torna-se computacionalmente
exigente a medida que sua dimensionalidade aumenta (Murray; Philipson, 2022). Ademais,
mesmo que existam na literatura abordagens para contornar os problemas de convergéncia, es-
tas ainda sdo relativamente exigentes sendo a principal razdo dos modelos conjuntos nao serem
uma opgao direta para esse tipo de andlise.

Dados os problemas de convergéncia na utilizacdo dos modelos conjuntos, € de interesse
avaliar uma possivel conexdo entre os modelos lineares mistos e os modelos de sobrevivéncia,
para verificar a possibilidade da sua utilizacdo na andlise de dados com respostas longitudinais
e evento de interesse. E, com isso constatar qual o efeito e influéncia de diferentes porcentagens
de censura sobre a anélise.

Com esta perspectiva, justifica-se a contribuicao deste estudo, no uso de uma metodo-
logia que propde a obtencdo das probabilidades de cobertura cruzadas, no sentido de que, as
estimativas dos parametros, referente ao modelo longitudinal foram computadas com base no
intervalo de confianga dos parametros do modelo de sobrevivéncia. Da mesma forma, gerou-se
as probabilidades de cobertura para o modelo de sobrevivéncia, de tal forma que as estimativas
dos parametros, referente a este modelo, foram obtidas com base no intervalo de confianca dos
parametros do modelo longitudinal.

Em virtude do que foi mencionado, o objetivo deste trabalho € propor uso da medida
da probabilidade de cobertura cruzada, como instrumento de diagndstico da conexdo dos mo-
delos longitudinal e sobrevivéncia, de modo que, possa auxiliar o pesquisador a proceder com
a estimacdo de um modelo conjunto que envolva ambos 0s processos € minimizar problemas

numéricos de convergéncia que poderdao supostamente ocorrer.
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E, por fim, aplicar a metodologia apresentada do modelo conjunto de dados longitudinais
e de sobrevivéncia em um estudo para compreender a influéncia do tipo de irrigacao no tempo
até a o aparecimento da mancha de phoma no café. Dentre as principais doencas observadas
nos cafeeiros, a mancha de phoma se destaca, pois a sua ocorréncia pode causar a queda de
folhas e a seca e morte de ramos produtivos, resultando em perdas significativas na produgdo a
ponto de inviabilizar a sua continuidade, representando um risco para o setor e sérios prejuizos
financeiros. Portanto, objetiva-se avaliar qual sistema de irriga¢do faz com que o tempo até o
aparecimento da mancha de phoma no café seja maior possivel, visando a melhoria da qualidade

e impulsionar o crescimento econdmico do setor cafeeiro.
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2 REFERENCIAL TEORICO

Nesta secao é apresentada a fundamentacao tedrica deste trabalho, abrangendo modelos

para dados longitudinais, modelos de sobrevivéncia e os modelos conjuntos.

2.1 Estudos longitudinais

Estudos longitudinais podem ser caracterizados por aqueles que fornecem informagdes
sobre individuos/objetos ao longo do tempo, contendo medidas repetidas para cada unidade de
andlise (Diggle et al., 2002).

Os estudos longitudinais apresentam diversas vantagens em relacdo aos estudos trans-
versais. Entre estas, destacam-se a capacidade de avaliar o comportamento da resposta ao longo
do tempo e a variacdo intra-individuo. Uma caracteristica crucial dos estudos longitudinais
¢ a possibilidade de utilizar cada individuo como seu préprio controle, proporcionando uma
vantagem significativa na compreensao das mudancas ao longo do tempo (Hedeker; Gibbons,
2006).

De acordo com Singer e Andrade (1986), a principal desvantagem dos estudos longitu-
dinais refere-se ao custo. Pois para a obtencdo dos dados longitudinais existe um esfor¢o para
garantir a observagao das unidades amostrais em diferentes instantes de tempo, e este periodo
de observagao pode ser longo. Uma outra desvantagem pode ser apontada em relagdo a andlise
dos dados, a qual exige mais cuidado que os estudos de dados transversais.

Para a andlise de dados longitudinais, diversas metodologias podem ser adotadas, tais
como a utilizacdo de modelos de sobrevivéncia e modelos lineares mistos, os quais serdo apre-
sentados nas Secoes 2.2 e 2.3. Existe, também, a possibilidade de considerar a dependéncia e
associacdo entre dados longitudinais e dados de tempo até o evento de interesse, através dos

modelos conjuntos, o qual serd apresentado na Secdo 2.4.

2.2 Analise de sobrevivéncia

De acordo com Liu (2012), a pratica da andlise de sobrevivéncia se refere ao ato de
descrever, medir e analisar caracteristicas de eventos para fazer previsdes sobre processos de
tempo até determinado evento de interesse, ou seja, o periodo de tempo até a ocorréncia de um
evento de interesse. Estudos em andlise de sobrevivéncia envolvem fazer comparagdes entre
grupos ou categorias de uma populagdo, ou examinar as varidveis que poderdo influenciar na

sobrevivéncia de um individuo/objeto.
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Segundo Moore (2016), andlise de sobrevivéncia é o estudo dos tempos de sobrevivén-
cia e dos fatores que os influenciam. Os estudos envolvendo andlise de sobrevivéncia podem ser
aplicados em diversas dreas, sendo comumente utilizados nas areas médicas. No ambito aca-
démico, a andlise de sobrevivéncia ¢ amplamente aplicada, devido a disponibilidade de dados
longitudinais que registram histdrias de vérios processos de sobrevivéncia e as ocorréncias de
eventos diversos.

O conceito de sobrevivéncia aos poucos foi deixando de se referir somente a um evento
médico e comegou a se expandir para um escopo muito mais amplo de fendmenos caracteriza-
dos por processos de tempo até o evento de interesse (Liu, 2012).

Segundo Machin et al. (2006), a varidvel resposta dos dados de sobrevivéncia € ndo
negativa e representa o tempo desde uma origem bem definida até um evento bem definido,
quando este evento de interesse ocorre, tem-se o tempo de falha. Quando os eventos iniciais ou
finais ndo sdo observados com precisdo, diz-se que o tempo observado é censurado. Estas ob-
servagdes censuradas, mesmo que sejam incompletas, irdo carregar informagdes sobre o tempo
de sobrevida em estudo e que se excluidos podem levar a conclusdes equivocadas.

Existem algumas categorizacdes das censuras, as quais podem ser ditas censura a direita,
a esquerda e intervalar. A censura a direita pode ser entendida como a observagdo em que o
tempo de ocorréncia do evento de interesse estd a direita do tempo registrado. A censura a
esquerda pode ser observada quando o tempo registrado é maior que o tempo de falha. Na
censura intervalar, o evento de interesse s6 € conhecido por ocorrer entre dois determinados
pontos no tempo (Hosmer; Lemeshow, 1999).

Para exemplificar os tipos de censura, suponhamos que haja um monitoramento de vérias
plantas de café para determinar quanto tempo leva até que apareca a mancha de phoma. Caso
algumas plantas ainda nao desenvolveram a mancha de phoma até o final do periodo de estudo,
esses tempos de observacdo sdo censurados a direita.

No caso em que, no momento inicial do estudo, algumas plantas ja apresentavam a
doenca, porém ndo sabe-se exatamente quando comecou a se desenvolver, entdo o tempo desde
o inicio do desenvolvimento da mancha de phoma até o inicio do estudo € censurado a esquerda.

Considerando que a mancha de phoma apareceu em algumas plantas entre duas datas
de observacdo, mas ndo se sabe exatamente o momento especifico a doenca comegou a se
manifestar, entdo o tempo exato até o aparecimento da mancha de phoma para essas plantas

serd censurado intervalarmente.
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O tipo de censura mais conhecido € censura a direita, a qual pode ser entendida através
dos mecanismos de censura apresentados na Figura 2.1, em que o tempo de ocorréncia do evento
de interesse estd a direita do tempo registrado, ou seja, o tempo de falha € maior que o tempo
observado.

Figura 2.1 — Ilustracdo de alguns mecanismos de censura em que o representa a falha e o repre-
senta a censura.
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Fonte: Colosimo e Giolo (2006)

Na Figura 2.1 (a), sdo apresentados os dados completos, ou seja, todos os individuos
ou objetos passaram pelo evento de interesse antes do término do estudo. Ja na Figura 2.1
(b), observa-se que alguns individuos ou objetos ndo vivenciaram o evento de interesse até o
final do estudo, caracterizando dados com censura do tipo I. A Figura 2.1 (c) exibe dados com
censura do tipo II, onde o estudo foi concluido apds atingir um nimero previamente definido de
falhas. Por fim, na Figura 2.1 (d), tem-se a ilustra¢do dos dados com censura aleatéria, em que
o acompanhamento de certos individuos ou objetos foi interrompido por algum motivo, sendo
que alguns deles ndo passaram pelo evento até o término do estudo.

Segundo Rizopoulos (2012), a funcdo bdsica em anélise de sobrevivéncia € a utilizada
para descrever a distribuicao de 7, variavel aleatéria dos tempos de falha em estudo, sendo a

func¢ao de sobrevivéncia, a qual € dada por:

S(t) = P(T* > 1) = /t " F(s)ds, 2.1)

assumindo a varidvel aleatéria T* continua e positiva, e f(-) é a fungdo densidade de probabili-

dade correspondente.
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Outra funcdo importante determinada em andlise de sobrevivéncia € a funcdo de risco,
a qual ird retornar o risco instantdneo para um evento no intervalo de tempo [¢,7 + At) desde a

sobrevivéncia até ¢, e pode ser expressa por:

Pt <T*<t+MN|T*>1)

h(t)=li 2.2
(©) A0 At ’ 22)
considerando ¢ > 0 ou, também,
f@)
h(t) === 23
em que S(¢) é a funcdo de sobrevivéncia. Pode-se obter a seguinte relacdo:
d
h(t) = 7 [log S(1)]. 2.4)
4
O desenvolvimento das expressdes 2.3 e 2.4 € apresentado no Apéndice A.
A func@o de risco acumulada € definida por:
t
H@:/m@m. 2.5)
0

Pode-se observar uma relagdo importante entre a fungdo de risco instantaneo e a funcao

de sobrevivéncia determinada a seguir:

mgzﬂmmwz—mgm, 2.6)

ou seja,
S(t) =exp{—FH(t)}. 2.7

2.2.1 Tipos de modelos para dados de sobrevivéncia

Segundo Rossello e Gonzdlez-del-Hoyo (2022), trés abordagens bdsicas da andlise de
sobrevivéncia sao: métodos ndo paramétricos, métodos paramétricos e métodos semiparamétri-

COS.
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Em relagdo ao método ndo paramétrico, para encontrar uma estimativa para a fungao de
sobrevivéncia pode-se utilizar o estimador ndo paramétrico de Kaplan e Meier (1958). Este é
um estimador muito conhecido e utilizado na anélise de sobrevivéncia.

Métodos ndo paramétricos, como os de Kaplan-Meier, sdo relativamente simples e nao
fazem suposicdes sobre a distribui¢do dos tempos de sobrevivéncia. Eles sao excelentes para
andlises univariadas, mas ndo sao suficientes para lidar com problemas mais complexos (Ros-
sello; Gonzélez-del-Hoyo, 2022).

Kleinbaum e Klein (2010) denotam o estimador de Kaplan-Meier para a funcio de so-

brevivéncia da seguinte forma:

~ —d;
Skm(®) = 1 ("’n—]’) : (2.8)

j:l‘j<l‘
ondezj, j=1,---,rsdo os r tempos distintos e ordenados de falha, d; € o nimero de falhas em
tj, j=1,---,r,en; € onimero de individuos sob risco em 7;.

De acordo com Atlan ef al. (2021) quando um modelo € semi-paramétrico, apesar dos
parametros de regressdo serem conhecidos, a distribuicdo do tempo de sobrevivéncia ainda
¢ desconhecida. Desse modo, ndo € totalmente paramétrico ou totalmente ndo paramétrico.
Alguns métodos semiparamétricos sao o modelo de Cox (Cox, 1972) e CoxBoost (Binder;

Schumacher, 2008).

2.2.1.1 Modelo de riscos proporcionais de Cox

O modelo de riscos proporcionais de Cox tornou-se, de maneira significativa, o proce-
dimento predominante para modelar a dados de sobrevivéncia (Therneau; Grambsch, 2000).

Segundo Rizopoulos (2012), em razdo da popularidade do modelo de Cox (Cox, 1972),
os modelos de riscos proporcionais prevaleceram até os estudos mais modernos. Estes modelos

podem ser descritos da seguinte forma:

Pt <T* <t+At|T* >t,w;)

hi(tlw;) = lim
i(twi) At—0 At
T
= ho(t)exp (Y wi), (2.9)
em que wl-T = (wi1,--,wip) é o vetor de covaridveis, as quais supdem-se estarem associadas ao

risco de cada individuos e ¥ corresponde ao vetor de coeficientes de regressao. Na Expressao

(2.9), ho(t) é a fun¢do denominada de risco basal, relacionada a fungdo de risco associada a
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¥"w; = 0. Os modelos de riscos proporcionais de Cox assumem que as covaridveis tém um
efeito multiplicativo sobre o risco de um evento.
Ainda de acordo com Rizopoulos (2012), a razdo de riscos para um individuo i com

vetor de covaridveis w; em comparagdo ao individuo k com vetor de covaridveis wy, é:

hi(t|wi)

— 1w, —
i)~ exp{'y (w; wk)}, (2.10)

que nao depende de ¢.

A estimagao dos parametros no Modelo de Riscos Proporcionais de Cox €, geralmente,
realizada por meio do método de maxima verossimilhanca parcial (Partial Likelihood Estima-
tion) (Cox, 1972).

A verossimilhanga parcial pode ser expressa da seguinte forma:

n

pl(y)=Y & |y wi—logS ¥ exp(y'w)) |, (2.11)
i=1 tj >t

em que ¥ é o vetor de coeficientes a serem estimados e §; € o indicador de falha ou censura,

definido por

1, se t; € um tempo de falha
5= (2.12)

0, se t; ¢ um tempo censurado.

Segundo Rizopoulos (2012), ndo é exigido a especificagdo de &,(-). Dessa forma, o
modelo de risco proporcional com uma fungdo de risco base nao especificada € um modelo
semiparamétrico que ndo faz suposi¢des sobre a distribui¢do dos tempos de evento, mas pre-
sume que as covaridveis atuam multiplicativamente na taxa de risco. Os estimadores de maxima
verossimilhanga parcial sdo encontrados ao resolver as equacdes de escore associadas a veros-

similhanga parcial:

aplly) & Y, s wiexp(y'w;)
—- V' ,— = =0. 2.13
'Z v Zl‘jzti eXp(YTWj) ( )
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2.2.1.2 Modelos paramétricos de sobrevivéncia

Segundo Maiorano (2018) na abordagem paramétrica assume-se que a fungdo de sobre-
vivéncia tenha uma forma paramétrica especifica, ou seja, que S(¢) seja modelada por alguma
distribui¢do de probabilidade conhecida, tal como: Weibull, Exponencial, log-normal e Gama,
dentre outras distribuicdes.

Segundo Rizopoulos (2012) a estimativa dos parametros da funcdo de sobrevivéncia,
quando esta assume a forma paramétrica, €, frequentemente, realizada por meio do método de
maxima verossimilhanga.

De acordo com Cox e Oakes (1984), a fun¢do de verossimilhanca, considerando as

informacdes das observagdes ndo censuradas e censuradas, pode ser representada por:

ocn (:0)]%[S(5:0)]' 7%, (2.14)

em que 0 é o vetor de pardmetros, #; é o tempo observado do i-ésimo individuo com o seu
respectivo indicador de falha ou censura, §;, definido na Expresséo (2.12).

Desse modo, o logaritmo da funcao de verossimilhanca pode ser obtido por:
n
1(8) =1log(L(6)) = ) {ilog[f(1::0)] + (1 - &)[S(1:;0)]} +C, (2.15)
i=1

em que C é uma constante real que ndo depende de 0 (o desenvolvimento da Expressao (2.15)
¢ apresentado no Apéndice A).

Como os estimadores de maxima verossimilhanga dos parametros nem sempre possuem
solucdo analitica, é frequentemente necessario recorrer a métodos numéricos, como o método

de Newton-Raphson, para obté-los. (Verbeke; Cools, 1995).

2.2.1.2.1 Distribuicao Weibull

A distribui¢do Weibull € uma das principais distribuicdes utilizadas na andlise de sobre-
vivéncia, principalmente devido a sua notdvel flexibilidade em modelar diferentes padroes de
falha e sua robustez em relacdo a censura a direita. A distribuicdo Weibull permite ajustar desde
cendrios com taxa de falha constante, quando o parametro de forma (o = 1), até situagdes com
taxa de falha crescente (o > 1) ou decrescente (0 < 1), oferecendo grande versatilidade para

representar comportamentos de risco variados ao longo do tempo (Lai; Murthy; Xie, 2006).
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Além disso, o modelo Weibull se mostra robusto ao lidar com dados censurados a direita,
uma caracteristica comum em estudos de sobrevivéncia, garantindo estimativas consistentes e
eficientes dos pardmetros mesmo quando o evento de interesse ndo € observado para todos os
individuos ou sistemas até o final do estudo. Essas propriedades fazem da distribuicdo Weibull
uma escolha adequada na presencga de observagdes censuradas (Lai; Murthy; Xie, 2006).

A funcdo densidade de probabilidade da distribuicao Weibull para a varidvel aleatéria T

¢ dada por:

f(t;0,B) = %tﬁlexp{— (L)B}, (2.16)

o

em que t > 0, o > 0 é o parAmetro de escala e f > 0 é o pardmetro de forma (Cox; Oakes,
1984). Tem-se, também, que a esperanca e a variancia da varidvel aleatéria T sdo dadas, res-

pectivamente por:

E[T] :ar(1+%) 2.17)

(15)-(r(+5))

em que I'(r) é a fungdo gama, definida por I'(r) = [;"x"~'e dx. Determina-se a fungdo de

Var[T] = o , (2.18)

sobrevivéncia S(¢) para a distribuicdo Weibull conforme a Expressio (2.19):

S(1) :exp{— (é)ﬁ} 2.19)

A partir da funcao de sobrevivéncia, pode-se definir a fungdo de risco para a distribuicao
Weibull da seguinte forma:
B

h(t) aﬁt ,t>0. (2.20)

Com a finalidade de encontrar os estimadores dos parametros, considera-se uma amostra
aleatdria 1, - - , 1, de uma variavel aleatéria T com distribuicao Weibull, em que 0 € o vetor de
pardmetros, ¢; € o tempo observado com o seu respectivo indicador de falha ou censura, 0;,

i=1,---,n. Desse modo, a fun¢do de verossimilhanc¢a pode ser escrita da seguinte forma:

L(O;t)xﬂ[%tiﬁ—lri [exp{— (é)ﬁ}] 2.21)
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Tomando o logaritmo de L(8), tem-se:

1(0) =kl[log(B)] — kB [log(a)]+ B Z o;ilog(t) Z Silog(r)) —a P Zn:t,ﬁ +C.  (222)

=1 i=1

em que k é o nimero de falhas, ! | 0; = k, e C é uma constante real que ndo depende de 6.

Derivando-se a Expressdo (2.22) em relagdo a ambos os parimetros ¢ e 3 tem-se:

J6) _B <_k+a—[3 f#ﬁ) (2.23)

do i=1

)

W:g k[log(ct +Z§10gtl)+a B llog(a) Zﬁ aﬁZz,ﬁlogz,) (2.24)

desse modo, igualando ambas as expressoes (2.23) e (2.24) a zero, obtém-se:

n B
&= <’=Tlt’> (2.25)

=)=

L Pl Ealsts) 2
B = k

O desenvolvimento das expressoes 2.21, 2.22,2.23, 2.25 e 2.26 € apresentado no Apén-
dice A. Observa-se que os estimadores de maxima verossimilhan¢a ndo possuem solu¢do ana-
litica, logo a utilizagao de métodos numéricos, como o de Newton-Rapshon, se faz necessario
para encontrar tais solucdes. Para a obtencao das solugdes o método de Newton-Raphson utiliza
a matriz de derivadas segundas da funcao de log-verossimilhanca.

Seja U(0) a fungdo escore dada pela derivagdo da log-verossimilhanca em 6, como

apresentado a seguir:
21(0)

U(e) = TR (2.27)

Para encontrar a estimativa de méxima verossimilhanca basta igualar a funcao escore a

0 e isolar o 8. Portanto, para o estimador de maxima verossimilhanca 0, tem-se:

U(8) =0, (2.28)
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expandindo U (5) em série de Taylor em torno de um 6y, tem-se que:
0=U(8) = U(80)+(8 — 0)H(80). (2.29)

ou

0=00—H(0,) 'U(y). (2.30)

em que H(0) é a matriz Hessiana, isto é, matriz de derivadas parciais de segunda ordem nega-
tivas de /(0). O processo iterativo de Newton-Raphson pode ser obtido da Expresséo (2.30),
sendo representado por:

0;,1=6,—H(6,)'U@6). (2.31)

em que € iniciado com o valor O e entdo um novo valor de 8 € obtido a partir da Expressao
(2.31) e assim consecutivamente, até que o processo se estabilize.

A matriz Hessiana é definida por:

92 92
Hi(a.p) - | 9 *P) 7! )
shral(@.B)  Znl(a,B)

Considerando a distribuicdo Weibull, temos que os elementos (i, j) da matriz Hessiana
sdo dados por:

82 n
2 @) =R gty

02 92 % Lo\ P i
5035 (% B) = gpag! (@B =~ + é;( ) +§§<IE> oz ()

Os elementos da matriz U foram apresentados nas expressoes (2.23) e (2.24) conside-

rando a distribui¢cdo Weibull. A matriz U € dada por:

Uij(a, B) =

De acordo com Bolfarine e Sandoval (2010), o estimador de mdxima verossimilhanga é
obtido quando | 61 — 0 |< €, em que € € o erro na estimagdo, ou seja, quando a diferenca

entre as iteracdes € menor que um erro €.
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2.3 Modelos lineares mistos

De acordo com Oliveira et al. (2021), os modelos lineares cldssicos sofreram adaptacdes
ao longo dos anos, passando a tratar, além dos efeitos fixos, também dos efeitos aleatdrios, se
tornando a classe de modelos lineares mistos, ou modelos lineares de efeitos mistos. Estes
modelos sdo muito utilizados na andlise de dados longitudinais.

A andlise de dados longitudinais baseia-se no fato de que cada individuo da populacao
tem seu préprio perfil de resposta médio especifico ao longo do tempo. Formalmente, o modelo

linear de efeitos mistos pode ser expresso da seguinte forma (Laird; Ware, 1982):

yi=XiA+Zbi+¢,
bi ~N(0,D), (2.32)
& ~N(0,6°I,),

em que y; representa a resposta ou varidvel dependente para a i-ésima observagdo, i =1,--- ,n.
X, e Z; sao matrizes de delineamento conhecidas, para os coeficientes regressdo de efeitos
fixos A, e os coeficientes de regressdo de efeitos aleatérios b;, respectivamente, e I,,, denota
a matriz de identidade n;—dimensional, n; € o nimero de observacdes para a i-ésima unidade
(Rizopoulos, 2012). Os efeitos aleatorios sdo assumidos como normalmente distribuidos com
média zero e D a matriz de varidncia-covariancia, e sdo assumidos independentemente dos
termos de erro &;, ou seja, cov(a;, &) = 0.

Segundo Pinheiro e Bates (2006), para realizar a estimag¢ao dos parametros do modelo
linear misto, pode-se utilizar os principios do método da maxima verossimilhanga. A inferéncia
relacionada a esses modelos € baseada na densidade marginal da varidvel resposta y;, dada pela

expressao:

p(yi) = /p(yi|bi>p(bi)dbi~ (2.33)

Esta fundamentacao se da pelo fato de que o comportamento probabilistico dos efeitos
aleatorios do modelo linear misto ndo é conhecido (Costa, 2010). Supondo que a distribui¢dao
condicional das respostas longitudinais, os efeitos aleatérios {y;|b;} e a distribui¢do dos efeitos
aleatérios a; sdo normais, a Expressdo (2.33) tem uma solucdo fechada, tem-se que {y;|b;} ~

N(X;A,V;),sendo V; = Z,~DZ,~T +02I n; @ matriz de variancia-covariancia.
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A funcdo log-verossimilhanca do modelo linear misto, admitindo-se a independéncia

entre os sujeitos, pode ser dada por:
n

1(0)= Zlog/p(y,-|b,-;7t,Gz)p(bi;eb)dbi, (2.34)
i=1

emque ' = (a',02,0,), sendo 8, = vech(D). Segundo Jinadasa (1988), para uma matriz
X, vec(X) é definido como o vetor coluna obtido empilhando suas colunas, e vech(X) é ob-
tido de vec(X) eliminando todos os elementos acima da diagonal de X (o desenvolvimento da
Expressado (2.34) € apresentado no Apéndice A).

Supondo que V; é conhecido, tem-se que o estimador de maxima verossimilhanga do

vetor de efeitos fixos A, pode ser obtido do seguinte modo:

10) = —5 Y (Vi VI XA - AX]V] i+ AX] VXA ). (2.35)

n

| =

~

Derivando-se a Expressdo (2.35) em relagdo a A tem-se:

% = i (X;er._ly,- —ix,Tv;le-) : (2.36)
i=1

Igualando a zero e realizando o desenvolvimento necessario, obtém-se:

~1
A= (iX,TVi_lXi) ix?v;‘y,-. (2.37)
i=1 i=1

A apresentacdo do desenvolvimento das expressdes 2.35, 2.36 e 2.37 € apresentado no
Apéndice A.

Ao maximizar a Expressdo (2.34) condicional aos parametros em V;, A tem uma forma
fechada e corresponde ao estimador de minimos quadrados generalizado.

A estimativa de A também pode ser obtida quando V; é desconhecido, neste caso utiliza-
se a estimativa V; na Expressdo (2.37). A obtencdo da estimativa para V também pode ser a
partir do método da maxima verossimilhanga, considerando um dado valor de A. Porém, o
estimador de maxima verossimilhanca para os pardmetros em V; nem sempre podem ser escritos

de forma fechada. Deste modo, também, se faz necessdrio a utilizacdo de métodos numéricos.
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2.4 Modelagem conjunta de dados longitudinais e de sobrevivéncia

Em muitos casos é possivel identificar a presenca de dados longitudinais juntamente
com o tempo até o evento de interesse. Segundo Wulfsohn e Tsiatis (1997), modelos cléssicos,
como o modelo linear misto para dados longitudinais e 0 modelo de riscos proporcionais de
Cox para dados de tempo até o evento de interesse, ndo consideram dependéncias entre esses
dois tipos de dados diferentes.

Um método que leva em consideracdo a dependéncia e associagcdo entre dados longitu-
dinais e dados de tempo até o evento de interesse sdo os modelos conjuntos para dados lon-
gitudinais e de sobrevivéncia (Rizopoulos, 2012). Estes sdo modelos que retinem esses dois
tipos de dados simultaneamente em um tnico modelo para que se possa inferir a dependéncia
e associacdo entre o biomarcador longitudinal e o tempo até o evento de interesse para melhor
avaliar o efeito de um tratamento.

Para apresentar a estrutura destes modelos, denota-se por 7;* o tempo verdadeiro do
evento para o i-ésimo sujeito, 7; o tempo do evento observado, definido como o minimo do
tempo potencial de censura C; e 7" e 6; = I(T;* < C;) o indicador de falha ou censura. Para
a covaridvel dependente do tempo, considera-se y;(¢) o seu valor observado no tempo ¢ para o
i-ésimo objeto. Nota-se que ndo se observa y;(t) para qualquer tempo 7, mas apenas em ocasides
muito especificas #;; em que medidas foram tomadas. Assim, os dados longitudinais observados
consistem na medigoes y;; = {yi(#ij),j = 1,--- ,n;} (Rizopoulos, 2012).

Como o objetivo é medir a associac@o entre o nivel do marcador longitudinal e o risco
de um evento, introduz-se o termo m;(t) que denota o verdadeiro valor do resultado longitudinal
no tempo ¢. Para quantificar a associa¢@o entre m;(¢) e o risco de um evento, o modelo de risco

relativo pode ser expresso da seguinte forma:

Pritr<T* T* > . .
il V(1) wi) = Tim U S T <1+ dT 2 6 M(0), wi}
dt—0 dt

= ho(t) exp{y " wi+ om;(r)}, (2.38)

em que r > 0, M;(z) = {m;(s),0 < s <t} denota a trajetéria das varidveis longitudinais até o
ponto de tempo ¢, hy denota a fungdo de risco basal, e w; vetor de covaridveis fixas do i-ésimo
individuo, relacionadas ao processo de sobrevivéncia, ¥ € o vetor de coeficientes de regres-
sdo associados a w; e @ é um parametro desconhecido que quantifica o impacto do processo

longitudinal na observacao do evento.
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Em particular, exp(7y;) denota a razdo de riscos para uma mudanga de unidade em w;;
em um tempo qualquer ¢, enquanto exp(¢) denota o aumento do risco relativo de um evento no
tempo ¢ que resulta de uma unidade aumento em m;(¢) no mesmo ponto de tempo.

Segundo Rizopoulos (2012), utilizando a relagdo conhecida entre a funcio de sobrevi-

véncia e a funcdo de risco, obtém-se que:

Si(t|M;(2),w;) = Pr(T;* > t|M;(2),w;)

= exp (— /Ot ho(s)exp{ Y w;+ (pmi(s)}ds) . (2.39)

Segundo Hsieh er al. (2006), a escolha de hg(-) deve ser realizada de maneira diferente a
considerada na andlise de sobrevivéncia padrdo, onde ndo se especifica h(-), porém no caso da
modelagem conjunta de dados longitudinais e de sobrevivéncia, essa escolha pode levar a uma
subestimacao dos erros padrao das estimativas dos parametros.

As propostas encontradas na literatura para modelar de forma flexivel a fungdo de risco
basal podem ser vistas nos trabalhos de Herndon e Jr (1990), Rosenberg (1995) e Whittemore e
Keller (1986).

Com a finalidade de quantificar o efeito da covaridvel longitudinal para o risco de um
evento, é necessdrio estimar m;(t) e reconstruir a trajetéria das varidveis longitudinais M;(t)
para cada objeto. Deve-se considerar um modelo de efeitos mistos adequado para descrever a
evolugdo do tempo especifico do objeto. Inicialmente, considera-se os resultados longitudinais

normalmente distribuidos e um modelo misto linear, do seguinte modo:

yi(t) = mi(t) +&(t)
mi(t) =x (DA +2] ()b, (240)
bl‘ NN(O,D,’), Si(t) NN(O, 62>,

em que x;(t) é o vetor de varidveis explicativas associadas aos efeitos fixos para a i-ésima
unidade no tempo 7, A é o vetor de coeficientes de regressio e z;(¢) é o vetor de varidveis expli-
cativas associadas aos efeitos aleatorios b;, e o termo de erro € (t). b; seguem uma distribuicdo
normal multivariada com média zero e variancia-covariancia D;. Assume-se que o erro seja mu-
tuamente independentes, independentes dos efeitos aleatérios e normalmente distribuido com

média zero e variancia o2
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2.4.1 Estimacao dos parametros do modelo conjunto

Para se ajustar uma distribui¢do a um conjunto de dados € necessdria a estimacao dos
seus parametros. Segundo Wulfsohn e Tsiatis (1997), um método de estimagao apropriado para
modelos conjuntos € o da mdxima verossimilhanca.

Para o entendimento do método da maxima verossimilhanca, considera-se que o ve-
tor de efeitos aleatérios b; é subjacente aos processos longitudinal e de sobrevivéncia, e que,

condicional a b; estes processos sdo independentes. Formalmente, tem-se que:
p(T;,8,,y:|bi; 0) = p(T;, 5|bi; 0) p(y;|bis0) e p(yi|bi;0) =[] plyi(tij)|bi; 0}, (2.41)
J

em que [ = 1,---,n, sendo n o numero total de individuos, e j = 1,---,n;, sendo n; o nu-
mero de observaces para a i-6sima unidade. 6 = (0, OyT, 6, )" denota o vetor de parAmetros
completo, dividido em trés subvetores que contém os parametros especificos para o respectivo
componente do modelo: 9: representa os parametros associados ao processo de sobrevivéncia
(tempo de sobrevivéncia); OyT refere-se aos parametros associados ao processo longitudinal;
0; corresponde aos parametros associados aos efeitos aleatérios b;, esses parametros estdo re-
lacionados a variabilidade entre as unidades experimentais no contexto tanto do processo de
sobrevivéncia quanto do processo longitudinal. y; € o vetor de dimensao n; X 1 relacionado as
observagdes para as respostas longitudinais do i-ésimo sujeito e p(-) uma fungdo de densidade
de probabilidade apropriada.

A contribui¢do do i-ésimo sujeito para a log-verossimilhanga conjunta pode ser expressa

da seguinte forma:

log p(T;,,3:(6) = log [ p(T;.6..y,,b(8)db

= 10g/P<Ti7 5i|b;;0,,4) [HP{yz'(lij) |b;; 9y}] p(bi|0,)db;, (2.42)
J
com a densidade condicional para a parte de sobrevivéncia p(T;, 6|b;; 0;, A ) assumindo a forma:

p(T;, 8|bi; 0,,A) = hi(TiIM(T;); 0;, A)%S:(T;| M(T;); 6, A) (2.43)

_ [ho(Ti)exp{'}'TWi—i- om;(T;)}

< exp (— [ hots)exptyTwi+ «pm,-<T,->}ds) ,
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em que hg(-) pode ser qualquer fungdo positiva do tempo e a fungio de sobrevivéncia S; é dada
pela Expressdo (2.39). A densidade conjunta para as respostas longitudinais juntamente com os

efeitos aleatdrios é dada por:

P(y;|bi:0)p(bi: 0) = [ [ p{vi(ti))|bi: 05} p(bis ) (2.44)
J

= (216%) " exp{— || y;— XiB — Zib; || /267}
x (27r)~9/2 det(D;) "'/ *exp(b; D; 'b;/2),

em que g, denota a dimensionalidade do vetor de efeitos aleatdrios e || x ||= {Zixiz}l/ *éa
norma euclidiana do vetor x.

A maximizagdo do logaritimo da verossimilhanca ¢(0) = Y ;log p(T;, 6;,y,|0) em rela-
cdo a 0 pode ser realizada utilizando algoritmos como o de Expectation-Maximization ou de
Newton-Raphson (Rizopoulos, 2012).

De acordo com Mazzoleni (2020), com a finalidade de maximizar a fun¢do de verossi-

milhanga, o vetor escore associado a log-verossimilhanca € dado por:

8(8) =X [ A(6.b)p(bilT:, 5.y 6)db (2.45)

em que A(-) denota o vetor escore completo dos dados (o desenvolvimento desta expressdo é

apresentado no Apéndice A), descrito por:

d
A(0,b;) = T [log p(T;, 6|bi; @) +log p(y,|bi; 0) +log p(b;; 0)] (2.46)

Comumente, ao ajustar modelos conjuntos para dados longitudinais e de sobrevivéncia,
as integrais existentes na especificacdo do vetor escore nao possuem uma solucdo analitica,
ou seja, ndo apresentam forma fechada. Uma alternativa a ser utilizada é a a quadratura de
Gauss-Hermite (Rizopoulos, 2012).

Segundo Murray e Philipson (2022), em muitos casos, a complexidade destes modelos
podem tornar sua utilizac@o invidvel, principalmente na implementacao de muitas abordagens
cléssicas, pois a inclusdo dos efeitos aleatorios os tornam computacionalmente exigente. Tam-

bém podem ser encontrados problemas de convergéncia, e, embora existam na literatura abor-
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dagens utilizadas para a solucdo de tal problema, ainda s@o a principal razdo destes modelos

conjuntos ndo serem uma opg¢ao direta para esse tipo de andlise.

2.4.2 Predicao da probabilidade de sobrevivéncia

Além do modelo conjunto utilizar uma estrutura capaz de ligar os submodelos longitu-
dinais e de sobrevivéncia, ele permite realizar previsdes especificas de cada individuo, repre-
sentando uma melhoria em relacdo aos modelos de sobrevivéncia tradicionais (Papageorgiou et
al., 2019).

Conforme descrito por Rizopoulos (2012), considerando um modelo conjunto ajustado
para uma amostra aleatéria D, = {T;, §;,y;}, em que i = 1,...,n, tem-se o interesse em realizar
predi¢cdes das probabilidades de sobrevivéncia para um novo sujeito #, o qual possui um conjunto
de medidas longitudinais Y;(¢) = {yi(s);0 < s <t} e possui um vetor de covaridveis fixas w;.

Considerando a probabilidade condicional de sobreviver ao tempo u > ¢ dado a sobrevi-

véncia até ¢, tem-se:

i(ult) = Pr(Ty" > ulT > 1,Y;(1), wi, D 07), (2.47)

em que ¢ > 0 e 0" representa os verdadeiros valores dos pardmetros.

Esta probabilidade condicional pode ser reescrita como:

. S,-{u|M,-(u,b,-,6);6}
N Si{t|3v[,-(t,b,-,6);0}

Pr(T;* > u|T" >1,Y:(t);0) p(bi|T; > t,Y(1);0)db;, (2.48)

em que S;(-) é a fung¢do de sobrevivéncia, M;(-) representa o historico longitudinal e 6 =
(BtT , OyT , 6;) € o vetor de parametros do modelo conjunto (o desenvolvimento desta expressao
€ apresentado no Apéndice A).

A partir deste resultado, Rizopoulos (2012) propds o estimador de primeira ordem de

m;(u|t), utilizando a estimativa Bayesiana empirica para b;, da seguinte forma:

) ;9} +0([mi(0)] ), (2.49)
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em que 6 representa as estimativas de maxima verossimilhanga, El@ amoda da distribui¢do con-
dicional log p(bi|T* > t,Y;(1); 6), e n;(t) é o ndmero de respostas longitudinais para o sujeito i
até o tempo ¢.

Com a finalidade de produzir erros padrao vélidos, Rizopoulos (2011) e Proust-Lima e

Taylor (2009) propuseram a utilizagdo de esquemas de simulacdo Monte Carlo.
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Abstract

Studies concerning the characteristics of phenomena/experiments over time, such as longitudinal studies or those
focused on the time until an event of interest occurs, are increasingly essential in various fields. There may be instances
where the investigation of the relationship between one or more longitudinal responses and an event of interest is
warranted, a task achievable through the joint model of longitudinal and survival data. However, these models may have
convergence problems and be computationally demanding, making their use unfeasible in many cases. In consideration
of these factors, the objective of this study is to conduct a Monte Carlo simulation study involving various censoring
percentages and correlation structures. The proposed cross-coverage probability will be employed as a diagnostic tool
to identify circumstances conducive to numerical convergence, aiming to obtain maximum likelihood estimates for
joint models applied to longitudinal and survival data. The results indicated similarity in terms of inference among the
models, accounting for the impact of both the correlation structure and the censoring percentage. It was determined
that the cross-coverage probability contributes to diagnosing the favorable behavior of the data, thereby facilitating the
implementation of joint modeling.

Keywords: Censorship; longitudinal data; mixed linear models; simulation; survival analysis

Resumo

Estudos relacionados a caracteristicas de fendmenos/experimentos no tempo, como estudos longitudinais ou do tempo
até a ocorréncia de um evento de interesse, se fazem cada vez mais necessarios em diversas dreas. Podem existir situagoes
em que se objetiva investigar a relacao entre uma ou mais respostas longitudinais e um evento de interesse, que pode ser
realizada com o auxilio da modelagem conjunta de dados longitudinais e de sobrevivéncia. Entretanto, esses modelos
podem apresentar problemas de convergéncia e serem computacionalmente exigentes, tornando inviavel a utilizagdo
dos mesmos em muitos casos. Tendo em vista esses fatores, o objetivo deste trabalho é realizar um estudo de simulagao
de Monte Carlo envolvendo diversas percentagens de censura e estruturas de correlagdo. A probabilidade de cobertura
cruzada proposta sera utilizada como ferramenta de diagnéstico para identificar circunstancias favoraveis a convergéncia
numérica, visando a obtencdo de estimativas de maxima verossimilhanga para modelos conjuntos aplicados a dados
longitudinais e de sobrevivéncia. Como resultados, verificou-se a existéncia similaridade em termos de inferéncia entre
os modelos, com efeito da estrutura de correlagdo e do percentual de censura. Constatou-se que a probabilidade de
cobertura cruzada contribui com um diagndstico sobre o bom comportamento dos dados, auxiliando para realizagdo da
modelagem conjunta.

Palavras-Chave: Censura; dados longitudinais; modelos lineares de efeitos mistos; simulagao; andlise de sobrevivéncia

1 Introduction sample elements over an extended period. Longitudinal

data represent repeated observations of a random variable
Many pieces of information are currently collected over ~ Of interest, collected at different time points for the same
time, known as longitudinal data, obtained from the same  individual or object Hu and Szymczak (2023).
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In statistics, numerous methodologies are available for
analyzing such data. Among these techniques, mixed-
effects linear and survival models stand out, with the latter
being particularly useful when dealing with censored data
(incomplete observations of the response variable).

Mixed-effects linear models are defined as models that
include both fixed effects and random effects. They are
primarily used to describe the relationship between a
response variable and covariates in data grouped according
to one or more classification factors Pinheiro and Bates
(2006).

These models enable the prediction of how individual
response trajectories change over time and the estimation
of parameters describing how the mean response changes
in the population of interest. They can accommodate
any degree of imbalance in the data, meaning that the
number of measurements does not need to be the same
for each individual or object. Additionally, random effects
account for the correlation between repeated measures in
a relatively efficient manner Verbeke et al. (1997).

Survival models are designed for situations where
the goal is to evaluate the time until the occurrence
of one or more events of interest, often referred to as
failures. However, the exact time of occurrence of the
event of interest is not always known, or the event may
not be observed at all, leading to censoring in survival
models. Censored observations are partial or incomplete
observations of the response variable Colosimo and Giolo
(2006).

Thus, survival models are distinguished by their
capacity to accommodate these incomplete (censored)
observations in analysis, thereby enabling robust
statistical conclusions by incorporating information about
the time until the occurrence of the event of interest for
the sampled elements.

There is also the possibility to investigate the
relationship between one or more longitudinal responses
and an event of interest. The statistical treatment of
responses repeated over a period of time and observed in
the same experimental unit can be applied in different
situations involving specific models. In view of the above
and given a longitudinal study considering n individuals,
the use of a joint model (Viviani et al., 2014) allows the
time until the occurrence of an event of interest to be
modeled, including covariates that vary over time. In this
case, Wu and Carroll (1988) suggest joint modeling using
survival analysis techniques with random effects models.

The relationship between the mixed linear models
with analysis of survival data such that random effects
act linearly on the survival time of the individual or
experimental unit is mentioned by Do Ha and Lee (2005).
Rizopoulos (2012) includes random effects in survival data,
allowing for the prediction of dynamic individual response
trajectories over the observed period.

A joint model that simultaneously contemplates the
longitudinal responses in the presence of censoring has
been proposed. Zhang et al. (2014) recommend applying
this in situations represented by survival models with
measurement errors, missing data with time-dependent
covariates and longitudinal models. However, in many
cases, the numerical complexity of fitting these models
can make them unfeasible since including random

effects becomes computationally demanding as their
dimensionality increases (Murray and Philipson, 2022).

Notably, the longitudinal process and the survival
process are associated with latent variables. In this
context, Rizopoulos and Lesaffre (2014) highlight that
models with latent variables are defined based on the
assumption of conditional independence. In practice,
these models are difficult to implement since the specified
integral with respect to the latent variable does not have a
form. Therefore, numerical integration is needed, making
these models very computationally demanding.

Another important issue is mentioned by Rizopoulos
(2010): considering the accelerated time to failure, the
specification of the joint model requires a complete
longitudinal history for calculating the survival function
and the risk function; in many applications, individuals
and/or units may exhibit highly nonlinear longitudinal
trajectories.

Given the previous description and considering the
convergence problems that may occur, the use of latent
variables and their implications in solving the integral
with required computational demand, preliminarily
evaluating the behavior of the data through individual
process modeling of survival and longitudinal is worth
investigating since similar parameter estimation results
may otherwise occur. Therefore, the performance of ajoint
model can be better analyzed than that of other models.

This perspective justifies the contributions of this
study, which presents a methodology that obtains the
cross coverage probability. In the proposed methodology,
the estimates of the longitudinal model parameters
are computed based on the confidence interval of the
parameters of the survival model. Thus, the coverage
probabilities for the survival model are generated by
inverting the intervals.

The main contribution of this work is the introduction
and application of cross-coverage probability as a
diagnostic tool. This tool is employed to identify
circumstances conducive to numerical convergence in
obtaining maximum likelihood estimates for joint models
applied to longitudinal and survival data. This diagnostic
significantly aids in overcoming convergence issues
and the computational demands often associated with
these models, thereby enhancing applicability in studies
involving such data types and yielding more precise
results while leveraging the advantages these models
offer.

In view of the above, this study proposes using
the measure of the probability of cross-coverage as a
diagnostic tool for connecting longitudinal and survival
models. This can help the researcher estimate a joint
model that involves both processes and minimize possible
numerical convergence problems.

2 Materials and methods

For a better compression of the construction of the panel of
data with repeated measures in the absence and presence
of censure, as well as the notation used in the subsequent
sections, the layout described in Table 1 is followed.

The longitudinal process and simulated survival,
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Table 1: Panel data layout with repeated

measures (m =1, --- , M), within each
group (g =1,-- -, G) censored (§).

Longitudinal Process Survival Process
Y §g X w 5
ya 1 X1 Wi o1
ya 1 X21 Wa1 21
Y 1 Xm1 Wmi Sm1
Ve G Xig Wig b1
Vs G Xag Wag d2g
yme G Xmg Wmg dmg

including the categorical covariates based on this structure
are described below in sections 2.1 — Monte Carlo
simulation of the multilevel model for the longitudinal
process; 2.2 — Monte Carlo simulation of the Weibull model
for the survival process; 2.3 — Definition of the simulation
scenarios and parametric values; and 2.4 — Adjustment
of the models for the survival and longitudinal processes
with inclusion of categorical covariates and estimation of
the probabilities of cross coverage.

2.1 Monte Carlo simulation of the multilevel
model for the longitudinal process

Y was assumed to be the dependent variable in the fit of the
multilevel model with the distribution Y; ~ Np (E; g Ea) s
forj = 1,---,M- G, where g = 1,---,G such that the
dependence relationship with the regressor variable X was
maintained by the Eq. (1) (Silva and Cirillo, 2018) and

Hig = Po (m]- - 1) + B1Xjq, (1)

in which Xjg ~ U(0,1)andBo = 1 = 0.5, fixed arbitrarily.

The autoregressive correlation structure of order 1,
AR(1), was considered for the definition of the covariance
matrix ¥q, where a = 1. Its estimated correlations
were given as a function of the « parameters used in the
generalized estimation equations approach (Liang and
Zeger, 1986) (2)

CORR (Y(gyj),y(gyjﬂ)) =of where t=1,---,T. (2)

For Y ,(a = 2), we proceeded by including the
interchangeable correlation structure, according to the
Eq.(3).

1, ifj=j
CORR (Yg, Ygp ) = { ’ ifj' ;,j-, : (€}

@,

The inclusion of the degree of correlation p in the
estimates of « in Eq. (2) and Eq. (3) was performed using
the method for obtaining the limiting estimates of the
covariance matrix proposed by Silva and Cirillo (2018).
This method was applied to the GEE 2 models according
to Eq. (4) and Eq. (5).

ao(1=ao)™? {“ﬁi‘at)} ~t-1n2=0, ()
(1) 2

where —-1/(t —1) < p <1,and

- t—(1-pa-p)
ao—lﬂ{m}, (5)

where -1 < p<1.

The restriction presented in Eq. (4) is performed
assuming that the exchangeable correlation matrix is
true when considering it as a working correlation matrix;
analogously, applying the restriction presented in Eq. (5)
assumes the AR(1) structure to be true (Sutradhar and Das,
2000).

2.2 Monte Carlo simulation of the survival model

The survival process was simulated so that the percentage
of censorship was controlled in the generated sample. To
do so, the procedure used in Giarola et al. (2018) assumed
two auxiliary random variables, W; ~ Weibull(a4, 1) and
W>, ~ Weibull(a, 35). In this way Z = W, — W, was defined
with the condition that oy = o = ac. Substituting this into
F;, we obtained in Eq. (6)

F(z) = /:c W;!c_l —exp {— (%)aé - (%)ac} dw,

1

S S (©)
)

1 1
“C(W*@Tﬂ

Therefore,

Br¢

Fz= ——4.
z ﬂ?c +/ﬁ§c

@)

Thus, given that W, considered the censoring time
associated with the i-th observation and W; considered
the failure time, the definition of the censoring percentage
P was determined by Eq. (8)

Qe
p-_

= & a where ¢g=1,---,G, (8)
Bag * Bag

g0 =g (*57) ©
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Following these specifications, the censoring
assignment was given by generating F ~ Weibull(ag, 1),
where g = 1,---,G represents the time elapsed until
failure, and C ~ Weibull(ag, 534) represents the censoring
time. Therefore, W = min(F, C) and ¢ is the censorship
indicator, where ¢ = 1if F < Cand ¢ = 0 otherwise.

2.3 Definition of simulation scenarios and
parametric values

With the variables simulated in both processes as
described in the previous sections, scenarios were used in
the Monte Carlo simulation under the factor combinations
described in Table 2.

The Monte Carlo simulation procedure is justified
for simulating samples, which computationally control
different scenarios (Table 2). These scenarios serve as
instruments for investigating the performance of the
joint model, generating empirical distributions of the
parameters. From these distributions, it becomes possible
to estimate coverage probabilities, providing a more
robust and detailed view of the model’s behavior under
various scenarios.

Table 2: Scenarios considered for the
simulation of data with different
percentages of censorship (P), number
of groups (Ng) and number of
measurements (Nmed).
Scenario P Structure Ng Nmed

1 15 AR(1) 20 30

2 15 AR(1) 20 60
3 15 AR(1) 20 100
4 15  Uniform 20 30
5 15 Uniform 20 60
6 15  Uniform 20 100
7 15 AR(1) 50 30
8 15 AR(1) 50 60
9 15 AR(1) 50 100
10 15  Uniform 50 30
1 15  Uniform 50 60
12 15  Uniform 50 100
13 50 AR(1) 20 30
14 50 AR(1) 20 60
15 50 AR(1) 20 100
16 50 Uniform 20 30
17 50 Uniform 20 60
18 50 Uniform 20 100
19 50 AR(1) 50 30
20 50 AR(1) 50 60
21 50 AR(1) 50 100
22 50 Uniform 50 30
23 50 Uniform 50 60
24 50 Uniform 50 100

The values of the parameters of the Weibull model were
defined arbitrarily, o = 12 and 8 = 4. The correlation
between repeated measures in the longitudinal process
was determined to be p = 0.5.

2.4 Fit of the models for the survival and
longitudinal processes with inclusion of
categorical covariates and estimation of the
probabilities of cross-coverage

Given the longitudinal process, the multilevel model was
fitted with a random intercept (o) and four categorical
covariates (6y, - - -, 6,) whose systematic components were
defined by the linear predictor Eq. (10).

e =0-X+e, (10)

in which @ = (6o, 01,02,03,0,),k = 1,--- ,M-Gand e ~
N(0,1).

For the survival process, the Weibull model was
considered.

S(t) = exp {— <£>6} , (11)

where a = (a1, a2, 03,04).

Once the estimates § and & were obtained, the
asymptotic confidence intervals were computed with
the nominal level v = 0.95 considering the averages of
the estimates of the parameters of the longitudinal and
survival models, adjusted in 1000 Monte Carlo realizations
Eq. (12).

IC (6v,~) = 0y +1.96+/ Var(dy), (12)

IC (aw, 7) = v +1.961/ Var(av), (13)

in whichv = 1,---,4. v is the number of categorical
variables.

As a function of the intervals, the estimate of the
cross-coverage probability was denoted by CCP;, (é,-) as
the frequency of the number of estimates &; obtained
with the fit of the survival model, which is contained in
the interval IC(6;,~). Similarly, CCP;, (&) was estimated
through the frequency of estimates §; obtained with the fit
of the multilevel model, which is contained in the interval
IC((XI‘, "f)~

Following the recommendations of Bradley (1978) and
Algina et al. (2005) and maintaining the nominal 95%
confidence level, the confidence interval of this probability
is [0.925;0.975].

To obtain the results, a script was prepared in R
software, version 4.0.4, for each scenario (Table 2) (R Core
Team, 2022).
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3 Results and discussion

Before discussing the simulated results, it should be noted
that the first parameter of the survival model «; can
be confused with the intercept (¢) of the longitudinal
model. For didactic purposes and better clarification, let us
assume the relative risk of the joint model, defined below:

h; (£l M;(£), w;) = ho exp {Jwi + ¢mi(t)} L W)

Specifying ho by the distribution Weibull («, 3) results
in the following expression.

8

oF

hy (M), wy) = 517 exp {’YTwi + wmi(t)}

- 8 ¢6-1
exp {Blog(a)}

= ptPtexp {—ﬁlog(a) +yTw; + ¢mi(t)} .

(15)

€xp {"/Twi + Wmi(t)}

Therefore, the term —3log(a) is conflated with the
intercept effect of the linear predictor of the longitudinal
model.

Given this understanding, although no inferences
were made about relative risk, the results described in
Table 3 correspond to the estimates of the cross-coverage
probabilities. These are computed by the estimates of
the first parameter of the survival model &; based on the
confidence interval for the intercept of the longitudinal
model.

Table 3: Probability of cross-coverage of

the parameter «; of the survival model in

relation to the intercept interval estimates
0o specified in the longitudinal model.

Structure  CCP,4, (éo)

Scenario P

1 AR1 0.9586
4 15%  Uniform 0.9513
9 AR1 0.9435
12 Uniform 0.9477
13 AR1 0.9660
16 50%  Uniform 0.9639
21 AR1 0.9568
24 Uniform 0.9439

The results described in Table 3 demonstrate that
regardless of the correlation structure or whether the
censorship percentage is specified as 15% or 50%, the
estimates of the coverage probabilities approximately
relate to the nominal confidence level defined in 95%.

The other scenarios involve the results of the other
parameters of the Weibull and multilevel model in relation
to the estimates of the cross-coverage probabilities. The
extreme case, ie., fewer groups (Ng=20) and fewer
measurements (Nmed=30), follows the graphs illustrated
inFig. 1.

The results described in Fig. 1 demonstrate that, in
general, the correlation structure to which the data are
correlated has an impact. In this context, the estimates of
the cross-coverage probabilities in both models showed
discrepancies in at least one of the parameters in under the
95% nominal confidence level, with greater discrepancies
when the percentage of censoring was high (50%).

This result did not occur under the uniform correlation
structure, as shown in Figure 1(b)-1(d); that is, in both
models, the longitudinal and survival processes were
connected. In comparison with the results obtained by
Villegas et al. (2013) and in relation to other survival
models, the effect of correlation and percentages of
censoring, different multiple failure approaches applying
the Cox proportional hazards model are considered in
different simulation scenarios.

Thus, assuming sample sizes fixed in n =
(50,100,200,400); percentages of censorship p =
0%, 15%, 30% and 50%; number of recurring events
K = (3, 6,9,12);and the levels of correlation between the
adjacent recurrence times fixed in p = (0, 0.10, 0.45, 0.80),
and without specifying the correlation structure, the
authors concluded that the different approaches are
stable against censorship and share a bias as the values
increase For K recurrence levels, resulting in asymptotic
confidence intervals that are imprecise relative to the
specified nominal confidence level.

Fig. 2 illustrates the results of increasing the number
of groups (Ng=50) and number of measurements
(Nmeg=100). These results show that, given the
correlation structure AR(1) (Fig. 2(a)-(c)) and for low
censoring proportions, the estimates were reduced. This
primarily caused an estimate in one of the parameters to
be lower than the specification limit defined at 0.92 for
the nominal confidence level. Thus, it has a limited ability
to propose any recommendation regarding the existence
of some connection between the longitudinal process and
the survival process.

Under the uniform correlation, increasing the
number of measurements resulted in reduced coverage
probabilities in the presence of a high percentage of
censorship (50), creating an estimate that is incoherent at
the nominal confidence level in at least one of the model
parameters of survival.

Stajduhar and Dalbelo-Basi¢ (2010) adapted the
learning algorithms of Bayesian networks using a
censorship weighting procedure proposed by Zupan et al.
(2000), assuming nine different percentages of censoring
P = 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70% and
80% and comparing the estimates of the Cox regression
model. In this context, they concluded that the weighting
procedure should be used with Bayesian networks only
with intermediate data censorship (from 40% to 60%).
If data censorship is light (up to 30%), the original
algorithms should be used.

Lin et al. (2013) performed a simulation study
comparing the performance of several maximum
likelihood estimation (ML) methods, the log-probit
regression method and the nonparametric Kaplan—Meier
method (KM). Thus, samples were generated from
the following distributions: log-normal, gamma, a
mixture of two log-normals and log-normal with 30%
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Figure 1: Estimates of the probabilities of cross-coverage, fixing the AR(1) and uniform correlation structures and
censoring percentages of 0.15 and 0.50: (a) and (b), parameters of the longitudinal model in relation to the confidence
interval of the parameters of the (c) and (d) parameters of the survival model in relation to the confidence interval of the

parameters of the longitudinal model.

of observations at zero for different sample sizes. For
each distribution evaluated, the percentage of censored
observations was randomly generated from a uniform
distribution ranging from 20% to 80%.

With these specifications, the results showed that
the sample size had little impact on the accuracy of
the estimates; however, the percentage of censored
samples had the greatest impact, which is comparable
to the results obtained by Antweiler and Taylor
(2008) in the comparison of the maximum likelihood
estimation methods, regression statistics by order and
nonparameters for the analysis of left censored data; they
concluded that with high percentages of censored data,
the interval estimates were imprecise in relation to the
nominal confidence level.

4 Conclusions

The proposed procedure used to estimate cross-coverage
probabilities as a diagnostic tool for the connection of
the longitudinal and survival models, was adequate when
considering the Weibull model. Therefore, it can help
researchers estimate a joint model that involves both
processes and minimize possible numerical convergence
problems.

In the context of scenario 13, which includes smaller
numbers of groups and measurements involving the AR1
correlation structure, the estimates of the cross-coverage
probabilities in both models showed discrepancies in at
least one of the parameters when the percentage rate
of censorship was 50%, given a specified 95% nominal
confidence level. Thus, this rate of censorship presents
more harmful results than other rates. Under the same
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Figure 2: Estimates of the probabilities of cross-coverage, fixing the AR(1) and uniform correlation structures and
censoring percentages of 0.15 and 0.50: (a) and (b), parameters of the longitudinal model in relation to the confidence
interval of the parameters of the (c) and (d) parameters of the survival model in relation to the confidence interval of the

parameters of the longitudinal model.

context but with a uniform correlation structure, as in
scenarios 4 and 16, it is noted that a favorable condition
exists for numerical convergence in obtaining maximum
likelihood estimates for joint models of longitudinal and
survival data.

Given the AR(1) correlation structure, increasing the
number of groups and measurements and considering
low censoring proportions leads to an estimate below
the specification limit, which is defined as 0.92 for the
nominal confidence level. This finding limits the ability to
recommend the utilization of joint models for longitudinal
and survival data.

For both correlation structures, increasing the number
of measurements resulted in a reduction in the coverage
probabilities in the presence of a high percentage of
censorship, causing an estimate that was incoherent
at the nominal confidence level in at least one of the

parameters of the survival model. Thus, increasing
the percentage of censorship negatively impacted the
numerical convergence for obtaining maximum likelihood
estimates of joint models for longitudinal and survival
data.

The proposed methodology represents a significant
advancement by offering a way to identify circumstances
conducive to numerical convergence, which is essential
for achieving results in joint modeling. The use
of Monte Carlo simulation involving various levels
of censoring and correlation structures provides a
robust and comprehensive analysis, allowing for the
evaluation of different scenarios and validation of the
proposed methodology. Ultimately, this approach helps
minimize computational challenges and convergence
issues associated with joint models, thereby expanding
their applicability across various fields.
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In future studies, we aim to expand the methodology
by considering additional parametric models. This could
provide a broader view of scenarios where convergence
issues may arise and evaluate the effectiveness of cross-
coverage probability in these contexts. The findings of
this study may contribute to the future development
of computational tools incorporating the proposed
methodology, assisting researchers in facilitating the
estimation of joint models.
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The coffee crop is prominent in Brazilian agriculture, making the country a global power in this
area. One of the main concerns in the coffee sector is disease, which can affect coffee productivity
and quality. Thus, it is important to evaluate the factors that may affect coffee quality and thus
enhance the development of strategies to reduce coffee losses and costs and optimize production.
This study evaluated the influence of the type of irrigation (self-propelled, drip and center pivot) on
the time until the occurrence of phoma leaf spot on Arabica coffee plants, considering the intensity
of the disease. Additionally, the association between longitudinal incidence and the time until an
event of interest was assessed, such as to investigate the optimal level of control, based on the joint
modeling of longitudinal and survival data. The results of this study identify the effectiveness of
drip irrigation system compared to other systems; the use of such systems was associated with an
approximately 46.5% reduction in the risk of leaf spot disease compared to the use of self-propelled
irrigation system. The use of a center pivot system increased the risk of disease progression
compared to self-propelled. An association between the longitudinal and survival processes was
also observed. An increase in the incidence of this disease is associated with a reduced risk of
disease progression over time. These findings may contribute to establishing more efficient
agricultural practices for coffee cultivation.

Keywords: Survival analysis. Coffee. Censorship. Failure. Incidence of diseases. Joint Model.

1. INTRODUCTION

Brazil is considered the main producer and exporter of coffee globally. According
to data from the Instituto Brasileiro de Geografia e Estatistica®, coffee production in Brazil
for the two species Arabica and Canephora reached 3.6 million tons in February 2024,
representing an increase of 0.4% compared to that in the previous month and of 4.2%
compared to that in the same period in 2023. The state of Minas Gerais is the main
Brazilian producer of Arabica coffee, accounting for 70.3% of the country’s total
production estimated for 2024, indicating that the crop is promising this year. Minas Gerais
production is projected to reach 1.7 million tons, representing an increase of 0.8%
compared to that in the previous year.?

Coffee production in Brazil involves the creation of jobs, the generation of

resources and the socioeconomic development of the country, comprising a complex
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production chain that extends from rural producers to workers involved in various stages of
processing, transport and marketing. Thus, it plays an important role in the economy of
producing regions, also making a notable contribution to social sustainability.?

In addition, coffee plantations span diverse edaphoclimatic conditions,
distinguished by their regional particularities. Notably, Brazil is characterized by its varied
climates and soils, enabling the cultivation of coffees with unique characteristics and
origins, including specific 'terroirs’. The country offers an extensive variety of coffee
flavors and aromas that stand out among consumers worldwide.?

The microregions that specialize in the production of Arabica coffee are
concentrated in the states of Minas Gerais and Bahia.® The state of Minas Gerais has the
largest number of microregions specializing in the cultivation of Arabica coffee,
representing 60% of all Arabica regions and contributing to 75.4% of the total coffee
production in the state. These data highlight the fundamental role of Minas Gerais in the
Brazilian coffee economy, which is driven by the extensive use of irrigation,
mechanization, favorable landscapes and modern and highly efficient production methods
in these territories.*

Due to the mountainous topography, the southern region of Minas Gerais depends
heavily on manual labor, resulting in the constant presence of migrants during the months
of May to August, the harvest period. In this scenario, thousands of workers from northern
Minas Gerais and the state of Bahia move to procure income and employment on farms.®
However, with the advent of mechanization in recent years, this is no longer the current
reality. Minas Gerais now boasts a modern and highly productive coffee industry,
characterized by favorable landscapes and extensive use of irrigation and mechanization.*
It is worth noting that in economically disadvantaged communities, where access to
advanced technology remains limited, conventional irrigation methods continue to be
employed. Consequently, preventive studies on the effects of irrigation on coffee
production are highly regarded and of significant value.

One of the main concerns in the coffee sector due the effect on coffee productivity
and quality is the incidence of diseases, as they have the potential to cause significant
financial losses.® © Among the main diseases observed in coffee plants, phoma leaf spot
(Phoma tarda) is common because it can cause leaf drop, drought and the death of
productive branches, resulting in significant losses in production.®

Symptoms of this disease occur from the stage of seedling cultivation in nurseries
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to the production stage of the crop, which places it among the most relevant fungal
diseases affecting coffee.® ° In general, the fungus indiscriminately infects the leaves, fruits
and branches of coffee plants, regardless of the species.'® This infestation results in direct
damage to final production, as it interferes with physiological processes, leading to the
death of flower buds, inadequate development of new shoots, fruit drop and poor fruit
formation.*! This can lead to a considerable reduction in crop productivity.*?

The intensity of the disease is directly related to the environment and the resistance
of the cultivated variety."® In Brazil, in the entire area planted with Coffea arabica, the
cultivars are susceptible to the phoma leaf spot. Among the environmental conditions, the
temperature and hours of leaf wetness or the duration of water on the leaf are most
important.® Therefore, the choice of irrigation system is highly important. Thus, the
monitoring and analysis of coffee diseases can improve management practices, irrigation
system choices and other measures, leading to reduced economic losses and production
optimization.™

Therefore, understanding the influence of irrigation systems on the incidence of
phoma leaf spot in coffee is necessary in view of the challenges faced in the sector.
Notably, it is necessary to develop efficient management strategies to control the incidence
of this disease, and irrigation systems play a key role by directly influencing environmental
conditions favorable for disease progression. Variability in irrigation systems can result in
different levels of leaf moisture, a factor responsible for increasing the infection of the
pathogen, which causes phoma spot.

Thus, understanding how different irrigation systems affect the time until the
appearance of phoma enables the targeting and implementation of management practices,
positively impacting both production costs and environmental issues through the
optimization of fungicide use. The influence of the irrigation system on disease incidence
may lead to improvements in coffee quality, thereby enhancing competitiveness in the
international market.

Some methods are used to analyze the factors that influence coffee productivity, as
well as the impact of irrigation systems on coffee cultivation, especially regarding the
progression of diseases such as rust. In this context, planning procedures and experimental
designs, based on the technique of analysis of variance and linear mixed models, were used
in studies on coffee plant productivity and disease incidence. *>*%"18 |n addition to these

methodologies, decision trees were also utilized to analyze the coffee rust epidemic. '
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Although there are several methods available to monitor the incidence of phoma in
coffee, some elements, such as the management methodology, fertilization, spraying, and
pruning, in addition to the resistance and lifetime of coffee trees to particular pests or
specific treatments, are still beyond the scope of analysis. These factors influence the
profitability of the coffee industry.

Once the factors influencing survival are identified, survival analysis can be
employed to investigate both the longevity of coffee plants and the development of specific
diseases in the plants. However, survival models are rarely used as instruments for the
analysis and management of issues involving these variables, especially plant diseases.

Studies related to the lifetime of individuals/objects, represented in this work by
each plant, stand out in the literature because they consider data related to the time of
occurrence of a particular event of interest, referred to as the time to failure. However, the
exact time of occurrence of the event of interest is not always known, or the event may not
be observed at all, leading to the concept of censorship in survival models. Censored
observations can be understood as partial or incomplete observations of the response
variable.?’

Therefore, it is of interest to evaluate the influence of the type of irrigation system
used on the time until the designed control level is reached or an epidemic, such as phoma
leaf spot in coffee trees, occurs. The observations are censored because they provide
information about the time until the occurrence of the event of interest. Additionally, it is
necessary to evaluate the incidence of the disease over time, which provides valuable
information about various trends, which is particularly important in the agricultural sector.

The joint modeling of longitudinal and survival data is appropriate when one wants
to predict the time to an event with covariates measured longitudinally and related to the
event.?! This approach is based on a structure capable of linking the longitudinal and
survival submodels and supports predictions specific to each individual, representing an
improvement over traditional survival models.?? Moreover, the predictions of joint models
are often more accurate than those of individual models. These predictions can be used to
characterize the progression of a disease, thus supporting decision-making, such as the
most appropriate time to perform interventions.

Thus, in this study, the influence of the type of irrigation on the time until the
appearance of phoma leaf spot on coffee plants is evaluated. Specifically, the objective is

to determine which irrigation system delays the onset of phoma leaf spot, promoting
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improvements in productivity and quality and boosting economic growth in the coffee
sector.

2. METHODOLOGY
2.1 Data

A sample of 1750 records of the incidence of this disease in coffee plants was used
to evaluate the influence of the type of irrigation on the time until the appearance of phoma
spot. Data were collected in three coffee-growing areas located in Carmo do Rio Claro,
Minas Gerais, Brazil, from August 2012 to December 2014.*

The coffee grown in the study region is of the species Coffea arabica L., variety
Acaié 474/19, and is watered with different irrigation systems, such as self-propelled, drip
and center pivot systems. Weeds were controlled by mowing. The control of leaf miner and
berry borer were performed with chemical methods.’* Regarding fertilization, the
managers of coffee plantations adhere to the relevant recommendations for soil fertility
management.?

The sampling points were georeferenced using the GPS TRIMBLE 4600 LS® and
the Total Station TC600®. In each of the areas irrigated with the self-propelled, drip and
center pivot systems, 50 sampling points were established, with a total of 150 observations
of the incidence of phoma in the coffee samples collected on each evaluation date. The
analysis involved the evaluation of five plants per sampling point. The distance between
the sampling points in the irrigated areas varied between 30 and 40 meters, accounting for
the slope and shape of the terrain. Observations were recorded on days 0, 66, 104, 171,
245, 297, 374, 428, 475, 544, 598 and 658 after the start of follow-up. In the area irrigated
in the self-propelled system, no observations were performed on day 658.**

An evaluation of the incidence of the disease, expressed as a percentage, was
conducted by sampling 12 leaves from each plant using a nondestructive method. Leaves
were selected from the middle third of the canopy from the third and fourth randomly

chosen branches (Figure 1).2
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Figure 1 - Schematic representation of the division of the coffee plants used for sampling. Source: Adapted

In summary, 60 leaves were evaluated per sampling point, or observation point, in
each non-destructively disease assessment. These previously georeferenced plants were
consistently used in all subsequent samplings, which were performed bimonthly
throughout the period from August 2012 to December 2014.

Disease incidence was expressed as the percentage of diseased leaves in relation to
the total sampled, as defined by Equation 1.%

1(%) = (NFD/NFT)- 100, 1)

where | (%) indicates the percentage of disease incidence, NFD is the number of diseased
leaves and NFT is the total number of leaves. In other words, at each sampling point, the
number of diseased leaves among the 60 collected was recorded.

2.2 Statistical analysis

In the data analysis, a joint model was used to evaluate the time until disease onset.
The longitudinal model was used to evaluate the progression of phoma leaf spot incidence,
considering an explained linear trend over time, and in the survival model, which
considered information on the irrigation system, a variable response time was assumed for
the onset of disease detection for the plants studied. Self-propelled, drip and center pivot
irrigation systems were considered covariates.

Regarding the survival model, the data used were characterized by the presence of
censorship, where failure was represented by 1 and 0 represented censorship (absence of
phoma disease).
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At each sampling point, the time to development of Phoma leaf spot on coffee
plants was recorded. If the disease was detected, it was classified as a failure. Conversely,
if the disease had not manifested by the end of the study at a given sampling point, the

observation was considered censored.

2.2.1 Joint model for longitudinal and survival data

A joint model is capable of considering the dependence and association between
longitudinal data and time-to-event data.”’”

The joint model in this study comprises two submodels, namely, a mixed-effects
model for longitudinal data and a model related to the time until the occurrence of an
event, referring to the survival data.

A longitudinal data analysis was performed because each individual in the
population has a specific mean response profile over time. The linear mixed-effects model
can be expressed as follows:

Vi =Xi)'+Zibi+gii (2)
bi~N(0P D);
&~N(0,0%1I,,),

in whichy; represents the response or dependent variable for the i-th observation. X; and
Z; are known design matrices; for the fixed-effects regression coefficient« and the
random-effects regression coefficient b;, I,, denotes the n;,—dimensional identity matrix,
and n; is the number of observations for the i-th unit.?® The random effects are assumed to
be normally distributed with a mean of zero and covariance matrix D;, and are assumed
independent of the error terms ¢;, that is, cov(b;, &) = 0.

Regarding the time-to-event submodel, the basic function from survival analysis is
used to describe the distribution of T*, the random variable associated with the studied

failure times, and is called the survival function, represented by:

S =P(T* > 1) = f " (s)ds, ©)
t

assuming that the random variable T* is continuous and f(-) is the corresponding
probability density function.?®

The structure of the joint models is represented by Tj;, the true time of the event for
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the ith individual/object. In other words, T; is the time of the observed event, defined as the
minimum between the potential censoring time C; and T;, and §; = I(T;" < C;), where §; is
the failure or censor function. Regarding the time-dependent covariate, y;(t) is the
observed value over time t for the ith individual/object.?® Importantly, there is not a y;(t)
for all times ¢, and ¢;; is only available at times when measurements were obtained.
Therefore, the observed longitudinal data consisted of measurements y;; = y;(t;;), where
j= 1:"':”1‘-28

m;(t) denotes the true value of the longitudinal result at time t. To quantify the
association between m;(t) and the risk of an event, the relative risk model can be
expressed as follows:

h; ([ M5 (1), wy) — lim (Prit = Ty < t+dt|Ty = t M;(),wi}) (4)
dt-0 dt

= hp exp{y’ w; + om;(t)},

where t > 0; M;(t) = {m;(s),0 < s < t} denotes the trajectories of the longitudinal
variables at time point t; h is the baseline risk function; w; is a vector of fixed covariates
for the ith individual related to the survival process; y is the vector of regression
coefficients associated with w;; and ¢ is an unknown parameter used to quantify the
impact of the longitudinal process on the observation of an event.

In particular, exp(y;) denotes the hazard ratio per unit change in wy;;, at any time t,
and exp(¢) denotes the increase in the relative risk of an event over time t resulting from a
unit increase in m;(t) at the same point in time.

Using the known relationship between the survival function and the risk function,

one can obtain the following expression:2®

SEMOw) = Pr(Ty > t1M(0),w) (5)
t
= exp (— jo ho(s) exp{ (¥ w; + my(s)) } ds>.

To quantify the effect of the longitudinal covariate on the risk of an event, it is
necessary to estimate m;(t) and reconstruct the trajectory of the longitudinal variables
M;(t) for each object. An adequate mixed-effects model should be used to describe the
evolution of an object over time. Initially, longitudinal normally distributed results and a
linear mixed model are considered as follows:
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yi=m() +g (6)
m;(t) = x{(t)l + z!(t)b;
b;~N(0,D;), & (t)~N(0,0%),

where x;(t)is the vector of explanatory variables associated with the fixed effects for the
ith unit at timet, A is the vector of regression coefficients, z;(t) is the vector of
explanatory variables associated with random effects b;, and the error is given by &;(t). b;
follows a multivariate normal distribution with a mean of zero and covariance matrix D;.
The error is assumed to be mutually independent, independent of random effects and

normally distributed with a mean of zero and variance 2.
2.2.2 Estimation of the parameters of the joint model

One estimation method appropriate for joint models is the maximum likelihood
estimation method. The maximum likelihood estimates are derived as the modes of the log-
likelihood function corresponding to the joint distribution of the observed
results {T;, 8;, y;}.*°

In the maximum likelihood method, it is assumed that the vector of parameters
associated with random effects b; underlies the longitudinal and survival processes.

Formally, defined:%®
p(T;, 6, yilb;; 8) = p(T;, 6;|b; 0) p(¥ilbi; 8) e p(¥ilbi; 0) = [1;p{yi(ti)|b;; 6},

in which @ = (6}, 6}, 9},)T denotes the complete parameter vector, divided into three
subvectors that contain the specific parameters for the respective model components: 8}
represents the parameters associated with the survival process (survival time); 8}, denotes
the parameters associated with the longitudinal process; @}, corresponds to the parameters
associated with random effects b;; and y; is the vector of the longitudinal responses of
objecti. The parameters presented in @ are related to the variability among the
experimental units in the context of both the survival process and the longitudinal process.

The log-likelihood contribution for the i-th subject can be formulated as follows:
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log p(T;, 8;,yi| 8) = log [ p(T;, 8; [b;; 0, B) [ [T p{yi(tij)|bi; 6,3 [p(bi; 8p)db; . (7)

Algorithms such as expectation maximization (EM) are used to maximize £(0) =
Yilog p(T;, 8, y:10) in relation to 0. The optimization algorithm starts with EM
iterations, and if convergence is not reached, quasi-Newton iterations are used.

To maximize the likelihood function, the score vector associated with the log

likelihood is given by:*!
5(9) = Ei f A(9,b,) p(bl | Ti, 81, yi; 9) db1
in which A(+) denotes the complete score vector for the data, described by:

d
o7 108P(Ti.8i | bi; 8) +logp(yi|bi; 8) +logp(bs; )]
For the statistical analyses, R software, version 4.0.4, was used,* with the aid of the

JM package.

3. RESULTS AND DISCUSSION
The first descriptive measure observed was an average of 1.47% incidence of
phoma spot on coffee leaves, ranging from 0 to 25%. The first evaluation of the plants was
performed, and from then on, follow-up measurements were obtained until the disease
occurred, with the last evaluation performed 658 days after the first evaluation.
Regarding the systems, plants irrigated by center pivot systems showed, on
average, the highest incidence of phoma leaf spot, and these plants also had the highest
incidence at 25% (Table 1 and Figure 2).

Table 1 - Incidence of phoma for drip, self-propelled and center pivot irrigation systems
Minimum Median Mean Maximum

drip 0.00 0.00 0.53 13.33
self-propelled 0.00 0.00 1.31 11.67
center pivot 0.00 1.67 2.57 25.00

Figure 2 shows the observed trajectories and survival curves for each irrigation
system. Initially, the objective was to examine the influence of irrigation on the incidence

of phoma disease in Arabica coffee leaves.
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Figure 2 - Individual trajectories observed for each irrigation system: self-propelled, drip and center pivot
systems.

When considering the time until the disease occurred, it was necessary to describe
the process with censored observations. For the drip irrigation system, 44 of the 50
observations represented failure times, while six were censored. In the case of the self-
propelled irrigation system, 47 observations were failures, and three were censored.
Notably, 12% of the observations for the drip irrigation system and 6% for the self-
propelled irrigation system were censored, as plants irrigated with these methods had not
developed disease symptoms by the end of the study. In contrast, the center-pivot irrigation
system had no censored data, indicating that Phoma leaf spot was present at all 50
sampling points.

For data with the presence of censoring, Kaplan-Meier estimates can be evaluated
considering the different irrigation systems. These estimates include the median time until
the occurrence of Phoma spots, along with the corresponding confidence intervals for each
system (Table 2). This approach allows for a descriptive assessment of the time-to-event
data while accounting for censored observations.

Table 2 - Kaplan-Meier estimates of time (days) until the occurrence of phoma spots in drip, self-propelled,
and center pivot irrigation systems

time n.risk n.event survival std.err lower 95% Cl  upper 95% CI

66 50 1 0.98  0.0198 0.9420 1.000
104 49 3 092  0.0384 0.8478 0.998
self-propelled 171 46 8 0.76  0.0604 0.6504 0.888
245 38 25 0.26  0.0620 0.1629 0.415
297 13 3 0.20  0.0566 0.1149 0.348
374 10 6 0.08  0.0384 0.0313 0.205
544 4 1 0.06  0.0336 0.0200 0.180
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104
171
drip 245
297
428
598

66
104
center pivot 171
245
297
374

50
49
48
31
11

50
38
34
26

17
20

12

18

0.98
0.96
0.62
0.22
0.16
0.12

0.76
0.68
0.52
0.16
0.04
0.00

0.0198
0.0277
0.0686
0.0586
0.0518
0.0460

0.0604
0.0660
0.0707
0.0518
0.0277

0.9420
0.9072
0.4991
0.1305
0.0848
0.0566

0.6504
0.5623
0.3984
0.0848
0.0103

1.000
1.000
0.770
0.371
0.302
0.254

0.888
0.822
0.679
0.302
0.156

Based on the survival curves (Figure 3), the plants irrigated by center pivot

systems displayed unfavorable results compared to those irrigated with the other systems,

with a shorter time until the occurrence of the disease. On the other hand, the drip

irrigation system notably delayed the development of the disease compared to the other

systems.

75%
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Figure 3 - Kaplan—Meier-estimated survival curves for self-propelled, drip and center pivot irrigation systems

+

600

To comprehensively assess the influence of the irrigation system on the time until

the occurrence of the disease and on the incidence of the disease over time, we chose to use

a joint model.

The baseline Weibull risk function was specified in the joint model to avoid

underestimation of the standard errors of the model.

After fitting the submodels with longitudinal data and survival data, the following

results were obtained (Table 3).
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Table 3 - Estimates of maximum likelihood, standard errors and p values for the joint model with the
Weibull risk function

Estimates  Standard errors  p-values

Longitudinal process

(Intercept) 1.3497 0.0979 <0.0001
Time 0.0114 0.0046 0.0126
Survival process

(Intercept) -16.5022  2.8908 <0.0001
Drip_lIrrigation -0.6248 0.2217 0.0048
CentralPivot_lIrrigation  0.8952 0.2199 <0.0001
Assoct (@) -0.3605  0.1804 0.0457
log(shape) 1.1438 0.2078 <0.0001

For all processes involved in the joint model, an evaluation of the goodness of fit
was performed, and in both cases, the results were confirmed be adequate.

According to the longitudinal results, each month, the incidence of phoma spot
increased by an average of 0.01%. There was a significant difference in the risk of disease
progression between the drip irrigation system and the center pivot irrigation system in
relation to the self-propelled irrigation system. That is, for drip irrigation, the risk of
disease occurrence was 46.5% lower than that for self-propelled irrigation. In other words,
the use of drip irrigation is associated with an approximately 46.5% reduction in the risk of
developing the disease compared to the use of self-propelled irrigation.

The drip or localized irrigation system provides a shorter duration of leaf wetness.
In this way, a smaller number of spores germinate and the Phoma spp germ tube grows
less, with a smaller number of infections or diseased leaves.’

In the area irrigated with the center pivot method, the risk of disease occurrence
was approximately 2.448 times greater than that in the area irrigated with a self-propelled
system.

The ¢ parameter was significant (Table 3); thus, there was an association between
the longitudinal and survival processes. That is, changes in longitudinal variables over time
are related to the risk of phoma occurrence.

A unit increase in the incidence of phoma spot was associated with a hazard ratio
of 0.697. Therefore, an increase in the incidence of this disease is associated with a
reduction in the risk of disease progression over time. That is, after peak or maximum
disease occurrence is reached, the chance of the epidemic returning to an endemic process
or the probability of incidence decreases is high.

A possible interpretation of this phenomenon is that the incidence of the disease
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occurs only under certain weather conditions, namely, temperatures of 15 to 20°C and
more than 4 hours of leaf wetness;®® these conditions are common in winter. The water the
pools on leaves may be provided by self-propelled and center pivot irrigation systems. As a
result, after this period, there may fewer infections with the onset of autumn/summer,
leading to a reduction in the risk of disease over time.

According to the predicted curves of survival probabilities and longitudinal
trajectories, for three numbers of sampling points, namely, 50, 100 and 150, drip-irrigated
Arabica coffee plants presented a higher probability of survival in relation to the

progression of leaf spot than did plants irrigated with other systems.
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Figure 4 — Estimated survival probabilities for 50, 100 and 150 sampling points. The vertical dotted lines
represent the time point of the last measurement of phoma incidence. To the left of this line is the adjusted
longitudinal trajectory, and to the right, the curve represents the estimator of the probability of survival, with
the respective 95% confidence intervals.

A comparison of the three curves (Figure 4) reveals that at 300 days, the estimated
survival in cases with drip irrigation is approximately 50%,; thus, half of the plants showed
symptoms of the disease at that time. However, when considering self-propelled and center
pivot irrigation systems, these estimated probabilities decrease to 30 and 10%,
respectively. This implies that in 300 days, approximately 70% of the plants irrigated by
self-propelled plants and 90% of the plants irrigated by center pivots will be infected.
These results highlight not only the difference in the time to infection among irrigation
systems but also the influence of these systems on plant health and disease resistance.

Figure 4 shows an increasing trend in the incidence of phoma spotting over time.
This result highlights the importance of monitoring plants and implementing effective
control measures, thus smoothing or flattening the progress curve and reducing the
incidence of the disease and its harmful effects.

Based on analyses of three other georeferenced sampling points, with identification
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numbers 2, 75 and 121, with drip and center pivot irrigation systems, it was evident that the
predicted curves of the probabilities of survival and of the longitudinal trajectories (Figure

5) were similar to those shown above (Figure 4).
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Figure 5 — Estimated survival probabilities for the plants at sampling points 2, 75 and 121. The vertical dotted
line represents the time of the last measurement of phoma incidence. To the left of this line is the adjusted
longitudinal trajectory, and to the right, the curve represents the probability of survival, with the respective
95% confidence intervals.

In addition, the advantage of the drip irrigation system is highlighted, as it shows
more favorable results in relation to the time until the progress of the phoma stain in
Arabica coffee plants than do the other irrigation methods.

Brazilian coffee producers are increasingly committed to meeting the ever-changing
preferences of consumers by pursuing certifications, environmental preservation,
geographical distinctions, and quality seals for their products.® The joint modeling of
longitudinal and survival data offers several advantages and provides more comprehensive
results, aiding producers in their decision-making processes.

When investigating the influence of drip irrigation management on the incidence of
phoma leaf spot in coffee plants, it was concluded that plants subjected to greater water
stress become more susceptible to infection. Identifying the relationships between the
irrigation system and disease incidence can reduce the impact of the disease and lead to

improved outcomes.*®
4. CONCLUSIONS
The results of this study provide information on the incidence of phoma leaf spot

in Arabica coffee plants, highlighting the influence of irrigation systems. There is a
significant increase in the incidence of phoma over time.
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There was also a significant difference among the irrigation systems in the time

until disease progression in the Arabica coffee plantation, indicating that plants subjected

to different irrigation systems experience changes in the time to infection. Drip irrigation

stood out for providing a slower rate of disease progression, indicating its effectiveness in

creating a less favorable environment for infection compared to self-propelled and center

pivot systems. This result highlights the drip irrigation system's ability to reduce disease

incidence, contributing to the overall health of the coffee plants.
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3 CONSIDERACOES FINAIS

O principal ponto deste trabalho foi abordar modelos conjuntos de dados longitudinais e
de sobrevivéncia, identificando algumas limitacdes e utilizando o mesmo para a andlise de um
conjunto de dados reais. O desenvolvimento do trabalho foi realizado em duas partes.

No primeiro momento, foi proposto uso da medida da probabilidade de cobertura cru-
zada, como instrumento de diagnético da conexdo dos modelos longitudinal e sobrevivéncia,
auxiliando com a estimacao de um modelo conjunto que envolva ambos os processos, podendo
minimizar problemas numéricos de convergéncia que poderdao supostamente ocorrer.

Na segunda parte, utilizou-se o modelo conjunto de dados longitudinais e de sobrevi-
véncia para compreender a influéncia do tipo de irrigacdo no tempo até a o aparecimento da
mancha de phoma do cafeeiro. Com a finalidade de avaliar qual sistema de irrigacdo aumenta
ou proporciona maior tempo até o aparecimento da mancha de phoma do cafeeiro, podendo
promover a melhoria na produtividade e na qualidade da bebida, ajudar produtores de café de

maneira pratica, contribuir para melhorar as praticas agricolas na lavoura cafeeira.
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APENDICE A - Desenvolvimento das expressoes algébricas

Neste apéndice, apresentamos o desenvolvimento matemaético das expressoes utilizadas
no corpo da tese. O objetivo é fornecer uma explicacdo detalhada, auxiliando assim na compre-

ensao do trabalho.

Expressao 2.3
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Expressao 2.22
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Expressao 2.25

Expressao 2.26
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Expressao 2.34
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Expressao 2.36
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Expressao 2.45

J
$(8) = Z—Tlog / p(T;, 8|bi; 0) p(y; by 0)p(bi; )b

i

)
REC 5 o )aeT/ p(T;,&i|bi: 8)p(y|bi: 8)p(bi: 8)db;
_Z p(T; 5 yi /aeT {p(T;, 5i|bi: ) p(v;|bi: 0)p(bi; )} db;

—Z/{

(Th 6l|bl7e) (yl|bl7 e)p(bl’ 6)

=log {p(T;, &i|bi; 0)p(y;|bi;0)p(bi;0)}

db;

p(T;,6;,y::0)

=X [ 4050

Equacao 2.48

Pr(T;* > u|T" >1,Y:();

bi|T;,5;,y;;0)db;.

/PrT*>u|T*>ry()b 8) x p(bi|T* > 1,Y:(1); 0)db;

[Pe(Ty = Ty > 1.bi:0)p(BilTy > 1,4,(1):8)db,

Si{u|M;(u,b;,0);0}
8i{t|M;(z,b;,0);0}

p(bl|Tl* > l‘,yi(l); O)dbl

74



75

APENDICE B - Cédigos

Neste apéndice, estdo apresentados os codigos em R utilizados neste trabalho. Estes sdo

apenas um exemplo, portanto, os parametros e configuragdes podem ser alterados.

## Pacotes necessarios
require (MASS)

require (geepack)

library (geesmv)

library (gee)

library (Matrix)

library (JM)

library (xlsx)

require (mvtnorm)

## gerando censura e falha (pela weibull)

con_cens=function(n,ng,alfa,gama,p)

{ est = 0
auxdados=matrix (0,1, 3)

for (i in 1:ngq)

est=est+1

st=as.matrix (rep(est,n[i]))
cens=as.matrix(rep(0,n[i]))

falhas <- rweib(n[i],gama[i],alfali])

censuras <- rweib(n[i],gamalil, ((alfal[i])* (((1-p)/p))"(1/gama[i])))

# compara os valores e assume o menor; tempos de falha #
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Y <- pmin(falhas, censuras)
for (j in 1:length(Y))
{
if (Y[j]l==falhas[j]) cens[j,1]=1

dados=cbind (Y, cens, i)
auxdados=rbind (auxdados, dados)
# #### estimativas do pardmetro de cada estrato ###### #

}

return (auxdados)

## gerando a resposta weibull

rweib <- function(n,gama=1,alfa=1)
{
return((-(alfa”“gama) * (log (runif (n,min=0,max=1)))) " (1/gama))
}
# calular o alpha a partir de rho uniforme
Alpha <- function(t, rho, xx)
{
##### Para estrutura uniforme #### #
for(i in 1:t)
{ ### Para estrutura Exchangeable (-1 < rho < 1) ####
alpha_exc <- round(2*rho*(t - (1 - rho”t)/(1- rho))/(t*(t-1)*(1-rho)),4)
xx <- alpha_exc

}

# calular o alpha a partir de rho ARI

Alpha <- function(t, rho, xx)
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{(##### Para estrutura ARl (-1/(t-1) < rho < 1) #### #
for(i in 1:t)

{

fx <= (xx/ (L - xx))*(t - ((I - xx"t)/(1 - xx))) - t*(t-1)*rho/2

fx1_1 <= (1/((1-xx)"2)) * (t - ((1 - xx"t)/ (Ll -xx)))

fx1_2 <= (xx/(1 = xx))*(((tr(xx"(t-1))* (1 - xx)) - (1L - xx"t))/
((1 - xx)"2))

fxl <- (fx1_1 + fx1 2)
razao <- fx/fxl
alpha.ar <- xx - razao

xx <- alpha.ar

## Simulando os dados

Simula <- function(rho, n, t, nsim, sh, sc)

{ for (1 in l:nsim)

Sigma <- cormax.exch(t, rho)

Alp <- Alpha(t, rho, 0.2) ##calcula os valores de alpha dado rho
tl <= 1:t

#x <— matrix(rbinom(t,1, 0.5), ncol=1)

tt <= tl-1

X <- matrix(runif (t*2), ncol=2)

xl <- as.matrix(data.frame(tt,x))

aux=c (5, 5)

mu <- x1[,2:3] %*% aux

grupo <- rmvnorm(n, mean=mu, sigma=Sigma) #indiv sdo as linhas
X <- matrix(rweibull (n*t, shape = sh, scale = sc), ncol=1l)

trat <- matrix(round(runif(n*t,1,4)),n*t,1)



y <- matrix(as.vector (t (grupo)), ncol=l)

ind <- rep(l:n, each=t)

tempo <- rep(tt,n)

resp <- data.frame (y,tempo, X,trat,ind)

#respl <- resp[order (respStempo, decreasing = FALSE),

dados <- data.frame (resp)

colnames (dados) <- c("res", "T", "X1","as.factor(trat)","ind")
}

return (list (dados=dados))

## Gerando o painel

gera_painel <- function(n,ng,alfa,gama,p,rho,Grupo,med_rep,nsim, sh, sc)

{
## Simula dados de sobrevivéncia
X = con_cens(n,ng,alfa, gama,p)

amos <- X[2:nrow(X),]

## Simula dados Longitudinais
ch_simula <- Simula (rho,Grupo,med_rep,nsim,sh, sc)
dadosGEE <- as.matrix(ch_simulaSdados)
aux <-cbind(dadosGEE, amos)
colnames (aux) <- c("cov_dep","T","cov_obs","as.factor (trat)",

"Grupo_long", "Ywei", "cens", "Grupo_cens")

## Geracdo do Painel
painel <- as.data.frame (aux)
colnames (painel) <- c("cov_dep","T","cov_obs","trat","Grupo_long",

"Ywei", "cens", "Grupo_cens")

]
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painel.ind <- painel[!duplicated(painel$Grupo_cens), ]

return (list (dados=painel, ind=painel.ind))

## valores parametricos a serem alterados

ng=>50 ## Numero de individuos

sh=4 ## Modelo Weibull - sh : shape

sc=12 ## Modelo Weibull - sc : escala
p=0.00 ## porcentagem de censura

rho=0.5 ## correlacdo entre medidas repetidas
nsim=1000 ## numero de simulacdes

# _________________________________________________

## processo de sobrevivéncia

alfa= rep(sc,ng) ## alfa (Weibull) para cada individuo

gama=rep (sh,ng) ## gama (Weibull) para cada individuo

nmed <- 100 ## Numero de Medicbes por individuo

## processo longitudinal

Grupo <- ng ## Numero de individuos

med_rep <- nmed ## Medidas repetidas por individuo

n=rep (nmed, ng) ## tamanho amostral

## Definicbées gerar o painel

mests <- matrix(0,1,4) ## Estimativas - sobrevivéncia
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mestl <- matrix(0,1,5) ## Estimativas — longitudinal

SOB <- matrix(0,1,4) ## Distribuicdo das estimativas — sobre.

colnames (SOB) <- c("Trlsob","Tr2sob","Tr3sob", "Trdsob")

LONG <- matrix(0,1,5) ## Distribuicdo das estimativas - long.

colnames (LONG) <- c("inter","Trllong","Tr2long","Tr3long","Tr4long")

14

## Inicio do procedimento para gerar resultados

cont=1 ## Inicio da contagem

while (cont <= nsim)
{ ch_painel <- gera_painel (n,ng,alfa,gama,p,rho,Grupo,med_rep,
nsim, sh, sc)
painel <- ch_painelS$dados

painel.ind <- ch_painelSind

## Modelo longitudinal
fitlme <- lme(cov_dep ~ as.factor(trat):cov_obs, random = ~ 1
| Grupo_long, data=painel)
mestl <- (summary (fitlme)) ScoefficientsS$Sfixed

mestl <- t(as.matrix(mestl))

## Modelo de Sobrevivéncia

chute <~ c(mestl[1l,1],mestl[1,3],mestl[1,4],mestl[1l,5])
fitsurv <- survreg(Surv(Ywei, cens==0) ~ -1 + as.factor(trat),
init=chute, control=controle,dist="weibull",

data=painel.ind)



mests <- (summary (fitsurv))Scoefficients

mests <- t(as.matrix(mests))

LONG = rbind (LONG,mestl)

SOB <- rbind(SOB,mests)

cont=cont + 1

## Fim do procedimento para geracdo de resultados

LONG

SOB
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Artigo 2

# Pacotes necessarios
library (1lme4)
library(survival)

library (JM)

# dados de cafeeiro

# longitudinais (incidéncia de phoma ao longo do tempo)
dadosLong <- read.table("Phomalongitudinal.txt",h=T, dec = ", ")
# sobrevivencia (tempo até desenvolver a mancha de phoma)

dadosSobre <- read.table("PhomaSobrevivencia.txt",h=T, dec = ", ")

## Modelagem conjunta

# Submodelo longitudinal
ModeloLme <- lme(Incidencia ~ meses, dadosLong, random = ~ 1 | id)
# Submodelo de Cox
ModeloCox <- coxph(Surv(dias,censura) ~ Tratamento, data = dadosSobre,
x = TRUE)
# Modelo conjunto
jmfit <- jointModel (ModeloLme, ModeloCox, timeVar = "meses",
method = "weibull-PH-GH")
summary (jmfit)

plot (Jmfit)

# Produzindo previsdes de probabilidades de sobrevivéncia
# considerando as unidades amostrais com identificacées:

# 50, 100 e 150

dataID50 <- dadosLong[dadosLong$id == 50, ]
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len_id <- nrow(dataID50)

dataID100 <- dadosLong[dadosLong$id == 100, ]

len_id <- nrow(dataID100)

dataID150 <- dadosLong[dadosLong$id == 150, ]

len_id <- nrow(dataID150)

# Plotando as informacgdes

sfitl <- survfitJdM(jmfit, newdata = dataID50)

sfit2 <- survfitJdM(jmfit, newdata = dataID100)

sfit3 <- survfitIM(jmfit, newdata = dataID150)

par (mfrow=c (1, 3))

plotfitl <- plot(sfitl, estimator="mean", include.y = TRUE, conf.int=0.95,
fill.area=TRUE, col.area="lightblue", main="Id 50")

plotfit2 <- plot(sfit2, estimator="mean", include.y = TRUE, conf.int=0.95,
fill.area=TRUE, col.area="lightblue", main="Id 100")

plotfit3 <- plot(sfit3, estimator="mean", include.y = TRUE, conf.int=0.95,

fill.area=TRUE, col.area="lightblue", main="Id 150")

# Produzindo previsdes de probabilidades de sobrevivéncia
# considerando as unidades amostrais com identificagées:

# 2, 75 e 121

dataID2 <- dadosLong[dadosLong$id == 2, ]

len_id <- nrow(dataID50)

dataID75 <- dadosLong[dadosLong$id == 75, ]

len_id <- nrow(dataID100)

dataID121 <- dadosLong[dadosLong$id == 121, ]

len_id <- nrow(dataID150)
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# Plotando as informacdes

sfitl <- survfitJM(jmfit, newdata = datalD2)

sfit2 <- survfitJdM(jmfit, newdata = dataID75)

sfit3 <- survfitJIM(jmfit, newdata dataID121)

par (mfrow=c(1,3))

plotfitl <- plot(sfitl, estimator="mean", include.y = TRUE, conf.int=0.95,
fill.area=TRUE, col.area="lightblue", main="Id 2")

plotfit2 <- plot(sfit2, estimator="mean", include.y = TRUE, conf.int=0.95,
fill.area=TRUE, col.area="lightblue", main="Id 75")

plotfit3 <- plot(sfit3, estimator="mean", include.y = TRUE, conf.int=0.95,

fill.area=TRUE, col.area="lightblue", main="Id 121")
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