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RESUMO

HENRIQUES, M. J. Modelagens estatisticas como auxilio a pesquisa académica e controle
das doencas greening e cancro citrico na cultura da laranja. 2024. 114 p. Tese (Doutorado em
Estatistica — Programa Interinstitucional de P6s-Graduag@o em Estatistica) — Instituto de Ciéncias
Matematicas e de Computagdo, Universidade de Sao Paulo, Sdo Carlos — SP, 2024.

Esta tese apresenta solugdes estatisticas para alguns problemas relacionados a agricultura. Um
deles propde uma plataforma que gera planos amostrais fundamentados na estatistica tedrica,
utilizando computagdo e considerando conhecimentos das ciéncias agrérias. A plataforma foi
desenvolvida para gerar planos amostrais automaticos, visando agilizar a detec¢io da propor¢ao
da doenca greening em lavouras de laranja. Isso porque, no Brasil, é exigido que se fagca senso
para se detectar tais propor¢des. Para esse primeiro caso, a modelagem foi estruturada por
meio de técnicas de amostragem, através de hierarquias envolvendo distribui¢cdes de contagem
e propor¢ao, especificamente a Beta-Binomial e a FlexShape-Binomial. O segundo problema
abordado nesta tese consiste no seguinte: ha alguns anos, muitas revistas cientificas da drea
de ciéncias agrarias passaram a exigir a realizacdo de dois ensaios idénticos, em diferentes
épocas, para a possibilidade de submissdo as revistas. Ou seja, somente com os resultados dos
dois ensaios, seria possivel submeter o artigo para tais periédicos. Assim, com dois bancos de
dados que quase atendem a essa exigéncia (ou seja, experimentos realizados de forma quase
idénticas), foi proposta uma abordagem estatistica para demonstrar a equivaléncia entre os
dois experimentos, utilizando modelagens bayesianas para se comparar prioris informativas e
posteriores. As diferencas entre os dois bancos de dados ocorreram durante a coleta dos dados.
Para este segundo momento da tese, os dados s@o provenientes de experimentos planejados
para detectar variedades de laranja resistentes a doenca do cancro citrico. Para solucioné-lo, a
proposta consiste em apresentar um modelo de regressdo nio-linear baseado na distribuicao de
probabilidade Gamma, associada as curvas de crescimento Logistica, Gompertz, Weibull e Hill.
No terceiro problema, a tese busca analisar um conjunto de dados experimentais, cujo objetivo foi
identificar as melhores combinagdes de porta-enxertos de variedades de laranja que conferissem
resisténcia a doenca do cancro citrico as novas plantas. Nesta etapa, a modelagem foi realizada
através da distribuicao de probabilidade Beta Inflacionada de Zeros Bayesiana Longitudinal. Os
trés problemas principais da tese foram solucionados, e, além disso, direta ou indiretamente,
outros problemas e resultados agrondmicos como a descoberta de novas variedades resistentes a

doenca do cancro citrico foram detectadas.

Palavras-chave: FlexShape-Binomial, Beta-Binomial, Gamma, Beta Inflacionada, Modelo

Logistico, Gompertz, Weibull, Hill, Inferéncia Bayesiana, Dados Longitudinais.






ABSTRACT

HENRIQUES, M. J. Statistical modeling as an aid to academic research and control of citrus
greening and citrus canker diseases in orange cultivation. 2024. 114 p. Tese (Doutorado em
Estatistica — Programa Interinstitucional de P6s-Graduag@o em Estatistica) — Instituto de Ciéncias
Matematicas e de Computagdo, Universidade de Sao Paulo, Sdo Carlos — SP, 2024.

This thesis presents statistical solutions to several problems related to agriculture. One of
them proposes a platform that generates sampling plans based on theoretical statistics, utilizing
computation and considering knowledge from agricultural sciences. The platform was developed
to generate automatic sampling plans, aiming to expedite the detection of the proportion of the
greening disease in orange groves. This is because, in Brazil, it is required to conduct a census
to detect such proportions. For this first case, the modeling was structured through sampling
techniques, using hierarchies involving count and proportion distributions, specifically the Beta-
Binomial and the FlexShape-Binomial. The second problem addressed in this thesis consists of
the following: for some years, many scientific journals in the field of agricultural sciences have
required two identical trials, conducted at different times, to allow submission to these journals.
In other words, only with the results of both trials would it be possible to submit an article to
such journals. Thus, using two datasets that almost meet this requirement (i.e., experiments
conducted in nearly identical ways), a statistical approach was proposed to demonstrate the
equivalence between the two experiments, utilizing Bayesian modeling to compare informative
priors and posteriors. The differences between the two datasets occurred during data collection.
For this second part of the thesis, the data are derived from experiments designed to detect orange
varieties resistant to citrus canker disease. To address this, the proposal consists of presenting
a non-linear regression model based on the Gamma probability distribution, associated with
growth curves such as Logistic, Gompertz, Weibull, and Hill. In the third problem, the thesis
seeks to analyze a set of experimental data, aiming to identify the best combinations of rootstocks
for orange varieties that confer resistance to citrus canker disease in new plants. At this stage,
the modeling was conducted using the Bayesian Longitudinal Zero-Inflated Beta probability
distribution. The three main problems of the thesis were solved, and, in addition, directly or
indirectly, other problems and agronomic results, such as the discovery of new varieties resistant

to citrus canker disease, were achieved.

Keywords: FlexShape-Binomial, Beta-Binomial, Gamma, Inflated Beta, Logistic Model, Gom-
pertz, Weibull, Hill, Bayesian Inference, Longitudinal Data.
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CHAPTER

INTRODUCTION

The use of statistics has been addressing the most diverse problems in society, espe-
cially those that require theoretical knowledge to support data analyses. Statistical theories are
numerous, and through their applications, questions that demand data analysis are, in the vast
majority of cases, answered. These applications range from healthcare and agricultural sciences
to maritime studies, artificial intelligence, and even studies of the universe, among others. In other
words, statistics universally serves as an essential support for decision-making in various fields
of knowledge (MARTIN, 2001; TUFFERY, 2011; SENRA, 2011; CRESPO, 2020; SOBJERG
et al.,2021; LECOUTERE; CHU, 2024).

Currently, statistics is deeply integrated into research, development, and innovation,
permeating all fields of knowledge. It plays crucial roles across various sectors of society,
ranging from the most advanced theoretical and/or applied scientific research to industries,
solving the most complex and varied problems, and influencing financial sectors. In other words,
statistics is involved in virtually all problems requiring data analysis for their solutions. This
is because statistical analysis guides decisions in diverse contexts, from resource allocation
to the most detailed decision-making processes (SNEE, 1983; CLEARY, 2008; TAUFINA et
al., 2019; DURAN; WIVES, 2018; RAMOS, 2016; SARAIVA et al., 2012; BIEDERMANN;
KOTSOGLOU, 2024).

All scientific and technological advancements in statistics are the result of centuries
of study and are often related to applications in various fields of knowledge that required
data analysis for their solutions. One of the first fields to benefit massively from the use of
statistics was agricultural sciences, specifically agronomy, through the discoveries and scientific
developments primarily achieved by Ronald Fisher (FISHER, 1935; SALSBURG, 2009). Since
then, the field of agricultural sciences has been increasingly shaped by statistics. These fields are
so closely connected that many researchers in agronomy often refer to the area as agricultural
experimentation (FISHER, 1935; BOX; HUNTER; G, 2005; MONTGOMERY, 2008; BRIEN;
DEMETRIO, 2009; SERMARINI er al., 2020; SANTOS et al., 2024). Some researchers have
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even created specific terminology for this field. Many, for instance, refer to "plots" instead of

"replicates" when discussing experimental units, as a pure statistician would denominate.

Going further, one can find several synonymous terms between agricultural sciences and
statistics, where some researchers standardize values and terminology based on data from their
studies (VERONESI et al., 1995; SCAPIM; CARVALHO; CRUZ, 1995). Thus, continuing in
this direction and leveraging numerous advancements in statistics and the expertise of many
researchers, this thesis will address three problems in agriculture. In the following paragraphs of

this introduction, these problems will be briefly presented.

In one of the proposals (the first), this thesis will present a proprietary platform that
generates sampling plans backed by statistics, utilizing computational tools. The platform will
be extremely useful to accelerate the detection of the proportion of plants with the greening
disease in orange orchards (a highly relevant proposal for this area, since, by law, a census of
agricultural fields is required, among other aggravating factors that make the work very costly).
To solve this first problem, a platform (that develops sampling plans) will be built, capable of
identifying the proportion of greening infection in orange orchards. The modeling will consist of
hierarchies involving count and proportion distributions, such as the beta-binomial distribution.
The FlexShape-binomial case will also be addressed. In other words, for this stage, an application
was developed so that researchers, agronomists, farmers, and other professionals in the field can

practically apply the results of this study.

Dumelle et al. (2022), working on comparisons between design-based and model-based
approaches for spatial sampling and inference in finite populations, arrived at several conclusions.
Design-based approaches rely on random sampling for inference, while model-based approaches
depend on distributional assumptions. These authors compared these methods in a spatial context
for finite populations using simulated and real data. They also found that model-based inference
tends to outperform design-based inference, even for asymmetric data where the distributional

assumptions of the model-based approach are violated.

Braswell et al. (2020), working in laboratories with citrus root samples, observed early
and improved detection of Candidatus Liberibacter asiaticus in citrus, the vector insect of the
bacteria causing greening disease. These authors worked with simple random sampling and, at
times, divided orange plantations into clusters. The detection was not automatic but performed
through laboratory analyses, which increases both time and costs. These authors employed
DNA-based detection strategies using central vein leaf samples. On other occasions, these same
authors worked with similar or identical methodologies in an attempt to capture the vector insect
and subsequently conducted laboratory investigations to determine whether these insects had
been contaminated. Based on these results, they aimed to predict the proportion of greening

disease infection.

Although Brazilian law mandates a census in orange plantations, basic sampling tech-

niques are often used (for verification purposes due to a lack of inspection agents). It is worth
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noting that the entire process is still conducted manually, without any specialized software for
this type of task. Even contrary to Brazilian law, the best that has been done so far in terms of
sampling is cluster sampling conducted by the Fundo de Defesa da Citricultura - FUNDECITRUS
(Science and Sustainability for Citriculture) (BASSANEZI et al., 2024).

The second problem addressed by this thesis is the fact that many scientific journals in
agricultural sciences/agronomy have, for many years, required two identical trials conducted at
different times before submission (ADVANCES.. ., 2024; SEMINA. .., 2024; CROP.. ., 2024).
This often leads to experimental differences. Thus, with two datasets from experiments conducted
by the thesis team, a statistical approach was proposed to demonstrate equivalence between
the two experiments (a highly relevant proposal for agronomy/agricultural sciences, given the
requirements of these journals). The differences between these datasets occurred during data
collection. Hence, a statistical approach was proposed to demonstrate equivalence between the
two experiments, using Bayesian modeling to compare informative priors and posteriors. With
this type of result, it is possible to challenge such requirements of certain scientific journals. The
priors and posteriors were obtained through the development of a nonlinear regression model
based on Gamma probability distributions, associated with the Hill, Logistic, Gompertz, and
Weibull growth curves. In other words, two identical modelings were carried out; however, for
the second analysis, the results of the first were used as informative priors. It is worth noting that,
generally in the agronomic field, analyses of this type of data are conducted separately using
Analysis of Variance (ANOVA), as initially analyzed by the authors who conducted the trials
that generated these data (GONCALVES-ZULIANI, 2014a).

In the third problem, the thesis seeks to analyze an experimental dataset whose objective
was to identify the best rootstock combinations of orange varieties that confer resistance to citrus
canker disease in new plants. At this stage, the modeling was conducted using the Bayesian
Longitudinal Zero-Inflated Beta distribution.

In summary, in addition to the three agronomic solutions presented, the thesis also offers
agronomic results that contribute to improving outcomes related to the two agricultural diseases
discussed earlier, including the identification of orange genotypes resistant to citrus canker
disease. Since most farmers worldwide no longer practice agriculture that "imitates nature"
(which would require a radical lifestyle change for the nearly 8 billion inhabitants of Earth),
for now, in addition to the various genetic improvement methods known to science, the best
approach is to find plants inherently resistant to possible diseases or to prevent these diseases

from reaching the crops.

The next section of this thesis will present the Literature Review.
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1.1 Literature Review

Hierarchical models can involve multiple levels of hierarchy. Even when consolidated
into a single model, they allow for the inclusion of random effects at each hierarchical level.
These effects correspond to the random errors that arise from variations between the units at
each level (GOLDSTEIN, 1999).

From a theoretical perspective, the levels of a hierarchical model are composed of a
random sample of the units under consideration. Thus, hierarchical models can analyze these data
structures, allowing for individual specifications at each level, which are subsequently integrated
into a unified model (RAUDENBUSH; BRYK, 2002).

The hierarchical model outlined by Casella and Berger (2010) is an example that ad-
dresses conditional probability results to form such a hierarchy. In their work, these authors
illustrated the concept of the Binomial-Poisson hierarchy, presenting some specific observations

in the given context.

An insect lays a large number of eggs, each with a probability of survival
p- On average, how many eggs will survive? The "large number" of eggs
laid is a random variable, usually assumed to be PO(A). Furthermore,
if we assume that the survival of each egg is independent, we have
Bernoulli trials. Thus, if we let X be the number of survivors and Y the
number of eggs laid, we have,

X|Y ~BI(Y,p),
Y ~ PO(A),

a hierarchical model. Note that, for simplification, the notation X |Y ~
BI(Y, p) was used, meaning that the conditional distribution of X given
Y =yis Bl(y,p) (CASELLA; BERGER, 2010).

Some authors have already worked with this Binomial-Poisson hierarchy. Working with
data related to the efficacy of antidepressant compounds, Shkedy ez al. (2005) were able to
develop a proposal identical to the example presented by Casella and Berger (2010). In the
study in question, the examined data consisted of binary outcomes obtained from a crossover
experimental design. These data had previously been analyzed by Shkedy et al. (2005), who
proposed techniques to estimate treatment effects using both generalized linear mixed models
(GLMM) and generalized estimating equations (GEE) for binary data with clustering. In this case,
it was assumed that the number of responses within each binomial observation remained constant,
an assumption that may not be suitable for behavioral experiments like this one (DRL-72). In
this context, the attempts recorded in each binomial observation may be influenced by the level
of the administered dose. Therefore, Shkedy et al. (2005) refined the approach initially proposed
by Shkedy et al. (2005) and introduced a Bayesian hierarchical model that combines binomial
and Poisson elements. This model considers the number of responses as a random variable that

follows a Poisson distribution. The conclusions drawn from the GLMM and binomial-Poisson
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models show similarities, but the latter offers an additional advantage by allowing the estimation

of the relationship between the successes achieved and the attempts made.

Through hierarchies, investigating HIV and teratology data, Comulada and Weiss (2007),
while working with models for binomial data with random numbers of attempts, proposed
Bayesian multivariate Poisson models for bivariate responses, correlated through random effects.
Additionally, they extended the models for the analysis of longitudinal binomial outcomes and

longitudinal multivariate data.

Beta-binomial models are widely used for overdispersed binomial data, with the proba-
bility of success being modeled according to a beta distribution. The number of binary trials in
each binomial is assumed to be non-random and unrelated to the probability of success. However,
in many behavioral studies, the binomial observations demonstrate more complex structures.
Thus, a general beta-binomial-Poisson mixture model was proposed to allow a relationship
between the number of trials and the probability of success for overdispersed binomial data
(ZHU; EICKHOFF; KAISER, 2003).

Griffiths (1973), when working with data on the common cold and influenza, encountered
the need to model using the beta-binomial distribution. The data consisted of information on
infections from both diseases in urban households. Since the database comprised households

with no cases of the diseases, the author worked to adjust a truncated beta-binomial model.

Analyzing Parkinson’s data at two points in time, Lora and Singer (2008) and Lora and
Singer (2011) modeled the data using beta-binomial/Poisson and beta-binomial/gamma-Poisson
compositions, respectively. In the first study, the beta-binomial/Poisson regression models
were used to model repeated bivariate counts. During this initial phase, the authors employed
these models to capture repeated bivariate measures with covariates, utilizing multivariate
Poisson distributions. They used maximum likelihood methods to fit the data from a study
involving patients with Parkinson’s disease and concluded that training sessions are beneficial
for improving both agility and the ability to perform specified finger movements. The proposed
model assumes that the covariances among total attempts are equal. In the second study, these
same authors worked with beta-binomial/gamma-Poisson regression models for repeated counts
with random parameters. As mentioned, they initially used beta-binomial/Poisson models, which
were widely utilized by several authors at the time for modeling multivariate count data. Lora
and Singer (2008) extended these models to accommodate repeated multivariate count data
with overdispersion in the binomial component. To overcome some limitations of this model,
Lora and Singer (2011) considered a beta-binomial/gamma-Poisson alternative that allows for
both overdispersion and different covariances among the Poisson counts. In the 2011 study,
they considered maximum likelihood estimates for the parameters using a Newton—Raphson

algorithm and compared both models in a practical example.

The authors Shkedy ef al. (2005) worked with the hierarchical binomial-Poisson model.

That is, these authors utilized a hierarchical binomial-Poisson model for analyzing a crossover
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design for correlated binary data when the number of trials depends on the dose. The analyzed
data pertain to an antidepressant compound, with collected information stemming from binary
results of a crossover design derived from experiments. The experiment was conducted in
this manner and for the following purpose: the differential reinforcement of a 72-second low-
rate (DRL-72) schedule is a standard behavioral testing procedure for screening a potential
antidepressant compound. The data analyzed in the article are binary results from a crossover
design for this experiment. Shkedy et al. (2004) proposed estimating the treatment effects
using generalized linear mixed models (GLMM) or generalized estimating equations (GEE) for
clustered binary data. The models proposed by Shkedy ef al. (2004) assumed that the number of
responses in each binomial observation would be fixed. This may be an unrealistic assumption
for a behavioral experiment, as the number of responses (the number of trials in each binomial
observation) is expected to be influenced by the level of dose administered. Thus, in the second
article Shkedy et al. (2005), these authors extended the model proposed by Shkedy ez al. (2004)
and suggested a Bayesian hierarchical binomial-Poisson model, which assumes that the number
of responses is a Poisson random variable. The results obtained from the GLMM and binomial-
Poisson models are comparable. However, the latter model allows for estimating the correlation

between the number of successes and the number of trials.

Other authors have also worked with hierarchical models, but with a different focus.
Fabio, Paula and Castro (2012), working with a Poisson model, managed to incorporate a variable
intercept, where it was assumed that the random effect would have a generalized log-gamma
(GLG) distribution. This random effect was designed to handle the overdispersion of count data,
capturing correlations between groups. To achieve their initial objectives, they obtained the
marginal models through numerical integration methods and derived the multivariate negative

binomial model using a specific parameter configuration of the hierarchical model.

There are many works in the literature that present models of proportion rates using the
Beta distribution (CHOI, 2023; NAWA; NADARAJAH, 2023; BAREIKIS; MANSTAVICIUS,
2024; NAWA; NADARAJAH, 2024; SHARMIN; ZULKAFLI; ALI, 2024), and even analyses of
datasets involving proportions with zero inflation, modeled with the Inflated Beta distribution
(OSPINA; FERRARI, 2012b; PENG; LI; LIU, 2016; PEREIRA; BOTTER; SANDOVAL, 2012;
MARTINEZ, 2008; ABDEL-KARIM, 2017).

Regarding Inflated Beta regression models, some authors have developed their research
through this type of modeling. (MARTINEZ, 2008; OSPINA; FERRARI, 2012b), observing
the potential of the beta regression model and the scientific research conducted up to that point,
recognized the need to develop a model that could handle proportions while capturing excess
zeros (or ones), which is very common in datasets of this nature. Thus, these authors proposed "a
combination of a beta distribution and a Bernoulli distribution, which are used to represent data
situated in the intervals [0, 1],[0,1) and (0, 1], focusing on degenerate values at zero and one."

Several validation studies of this proposal have been conducted, allowing the development of
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diagnostic techniques for the inflated beta regression model, and ultimately, this new theory was

illustrated through a dataset.

Vila et al. (2024), Working with a model for rates and bimodal proportions (beta model),
they noticed that the beta distribution is not suitable for modeling bimodal data within the unit
interval. In an effort to obtain a distribution capable of capturing this bimodality, they proposed a
bimodal beta distribution constructed using an approach based on the alpha-skew-normal model.
These authors discussed various properties of this distribution, such as bimodality, real moments,
entropies, and identifiability. Furthermore, they proposed a new regression model based on the

proposed distribution and discussed the residuals.

Amid studies involving proportion modeling, (PEREIRA; BOTTER; SANDOVAL, 2012)
introduced a truncated inflated beta distribution (TBEINF). These authors state that both the
beta distribution and the inflated beta distribution are excellent options to start modeling and
analyzing datasets of proportions. However, they assert that there are cases where they do not fit
well to variables that do not take values in the open interval (0,¢), 0 < ¢ < 1. Thus, what they
present is a mixture of the trinomial distribution with the beta distribution, constrained to the
open interval (c, 1). The properties are studied through Monte Carlo (MC) simulation, and this
methodology was illustrated with data from the National Social Security Institute (INSS).

Peng, Li and Liu (2016), analyzing metagenomic data, achieved good results through zero-
inflated beta regression. Current technological advances have propelled scientific research across
various fields. As a result, metagenomic data have expanded far beyond previous expectations,
thanks to tools that enable large-scale DNA sequencing (NGS). This has promoted significant

advancements in areas involving genetic data, including clinical sectors.

In addition to sample size limitations (small samples) and dimensional complexity,
metagenomic data are characterized by proportions with a high number of zeros and sparse
nature. These researchers were able to validate something in the literature with this data analysis.
By analyzing human metagenomic data, they confirmed and identified biologically important taxa.
This aligns with the ultimate goal of science: to provide results that can trigger advancements

and improvements in society.

Abdel-Karim (2017), in their studies, introduced the "Extended Zero-One Inflated Beta"
model and three-part regression models adjusted for proportion data analysis. These models are
designed for proportional response data that exhibit distinct probabilities of zero, allowing the
response variable to take values of zero and one. The proposed models are specifically developed
to address the peculiarities of asymmetry and heteroscedasticity present in fractional datasets,
aiming to estimate unknown parameters accurately. Through extensive Monte Carlo simulations,
the performance of both approaches was evaluated in terms of bias and root mean squared error.

Additionally, practical applications of these models were illustrated with a real dataset.

Throughout this thesis, we will also work with the Beta-Binomial hierarchy. Many
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authors have worked with this probability model (CHEN; LI; ZHU, 2023; NAJERA-ZULOAGA
et al., 2023; ZHOU: LIN, 2023; CMIEL er al., 2023; AGHAYERASHTI; SAMANI; GANJALL,
2023).

One of the most recent studies involving this hierarchy discusses modeling the weekly
number of cities reporting new cases of cryptosporidiosis (CHEN; LI; ZHU, 2023). The authors
propose a GARCH model involving the beta-binomial model. In practice, the model incorporates
covariates and utilizes a logit transformation to capture time series characteristics. They demon-
strated the existence of a stationary and ergodic solution by introducing a contraction condition

to the conditional mean process and a Markov structure to the covariate process.

Najera-Zuloaga et al. (2023) proposed modeling involving clinical data through beta-
binomial regression. The data consisted of Patient-Reported Outcomes (PROs), which are
frequently used as primary outcomes in clinical research studies. This information is typically
measured on ordinal scales and tends to exhibit overdispersion. Researchers in this field often
analyze these dimensions separately. Thus, the authors propose a multidimensional model,
including several PROs in a joint analysis. Their proposal was evaluated and compared to
independent analysis through a simulation study and an application to real data from patients
with respiratory diseases. The results showed advantages over conventional analyses in terms of

significance and interpretation of parameters.

Using hierarchical models, (CMIEL er al., 2023) proposed a statistical tool based on
beta-binomial distributions that can construct a robust gene co-regulation network (CoRegNet)
among tens of thousands of experiments. These authors demonstrated that their analysis and
proposal brought new insights to the literature in this field. Previously, it was known that genes
were generally co-regulated linearly; however, they discovered an interesting set of genes that
are co-regulated non-linearly. That is, half the time they change in the same direction, and the
other half they change in the opposite direction. Moreover, these researchers uncovered a set
of gene pairs that follow Simpson’s paradox. They worked with public data, as millions of
RNA sequencing samples have been deposited in public databases, providing a rich resource
for biological research. These datasets encompass tens of thousands of experiments and offer
comprehensive information about human cellular regulation. However, a significant challenge is
how to integrate experiments conducted under different conditions. These researchers further
state that by utilizing such data, CoRegNet offers a powerful approach to identify functionally

related gene pairs, potentially revealing new biological insights.

Other authors Aghayerashti, Samani and Ganjali (2023) also achieved good results
through modeling illustrated by the Beta-Binomial model. The study involved a Bayesian
modeling of latent variables for correlated mixed classification responses and beta-binomial with
missing data for an international statistical literacy project poster competition. The data come
from a real dataset from the International Statistical Literacy Project (ISLP), during a poster

competition held in 2020-2021 for undergraduate students in Iran.
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Tripathi, Gupta and Gurland (1994) worked on parameter estimates for the beta-binomial
model. Their proposal consisted of suggesting alternative methods for estimating parameters
in both beta-binomial and truncated beta-binomial models. Some of these methods are advan-
tageous because they produce estimators based on linear equations. This, in a way, facilitates
the construction of confidence intervals and hypothesis tests regarding the parameters. For the
beta-binomial distribution, a simple estimator based on moments or factorial moment ratios has
high asymptotic relative efficiency for most parameters and is an attractive and viable alternative
for calculating the maximum likelihood estimator. It is also simpler to compute than an estimator
based on the mean and zeros, proposed by (CHATFIELD; GOODHARDT, 1970).

Yamamoto and Yanagimoto (1992) worked on moment estimators for the beta-binomial
distribution. That is, they proposed a new moment estimator for the dispersion parameter of the
beta-binomial distribution. This estimator performs better than the usual moment estimators, as

well as better than the moment estimator proposed by Tamura and Young (1987).

On the other hand, Negrao, Aquino and Bearzoti (2001) focused on a different aspect
concerning hierarchical models. These authors concentrated on evaluating estimation methods
for the parameters of the beta-binomial distribution via Monte Carlo simulation. Specifically,
they aimed to assess the methods of moments, maximum likelihood, means and zeros, and
analysis of variance in estimating the parameters of the beta-binomial distribution via Monte
Carlo simulation. For this, they calculated evaluating statistics for estimators: bias, mean squared
error, simple consistency, and standard deviation. The PROC UNIVARIATE procedure was also
applied to the sequences of estimates to verify the asymptotic normality of the distribution of
the estimators. It was concluded that the estimators from analysis of variance and maximum
likelihood exhibited the best properties together. The moment estimator was consistent starting
from a sample size of twenty, while the others were consistent for any sample value greater than

five.

An adjusted sample size algorithm for clusters was developed using a beta-binomial
model (FOSGATE, 2007). The authors aimed to design a computer algorithm to calculate
sample sizes for estimating proportions while incorporating clustered sampling units using a
beta-binomial model when information about intraclass correlation was unavailable. To achieve
this, a computer algorithm was written in FORTRAN and evaluated for a hypothetical sample
size situation. It is essential to incorporate clustering adjustment in sample size calculations
when designing epidemiological studies (for example) to estimate disease burdens and other
population proportions in the presence of correlated data. Beta-binomial models can be employed
to account for clustering, and design effects can be estimated by generating beta distributions

that encompass the correlation within the cluster.

The beta-binomial distribution used to estimate the number of false rejections in gene
expression studies from microarray data was examined by Hunt, Cheng and Pounds (2009). In the

analysis of differential gene expression in microarray data, it is common to assume independence
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among null hypotheses, which implies independence in gene expression levels. This assumption
of independence leads to the binomial distribution for the number of false rejections and results
in an empirically derived false positive discovery rate estimator. The number of false rejections
is then modeled using the beta-binomial distribution, and an estimator of the false positive
discovery rate from the beta-binomial distribution is derived. This approach considers how the
correlation among non-differentially expressed genes affects the distribution of false rejections.
As an illustration, the authors use this method to compare the gene expression of soft tissue

sarcoma samples with normal tissue samples.

However, several authors have already studied hierarchical models, and many others
continue to explore this area, such as (SMITH, 1983), for instance, who worked on the Maximum
Likelihood estimation of parameters for the Beta-Binomial distribution. Meanwhile, Navarro and
Perfors (2012) wrote a manuscript that provides a detailed discussion of the Beta-Binomial model.
One of the main objectives of this manuscript is to provide a more comprehensive resource to
facilitate understanding and address some of the interesting technical issues that may arise when

attempting to construct our own hierarchical models based on practical contexts.

With different focuses and distinct formats, many researchers have worked with Gamma
probability distributions (RAMOS et al., 2024; RAMOS et al., 2021; RAMOS et al., 2019;
MOALA; RAMOS; ACHCAR, 2013; TOMAZELLA; LOUZADA-NETO; SILVA, 2006; MOLEN-
BERGHS et al., 2015; CORDEIRO et al., 2014; ORTEGA; RIZZATO; DEMETRIO, 2009).

Além disso, ha muitos trabalhos na literatura que trazem modelagens envolvendo curvas
de crescimento (SUNWASIYA; CHANDOLIA; UTTAM, 2024; KIMANI, 2024; JABBAR;
AL-SAEDI, 2024; SANGIN et al., 2024; WAIZ; GAUTAM; WAIZ, 2019; BROWN; MAYER,
1988; CHEN; HOOVER, 2003; CHEN, 2007).

Dagogo et al. (2023) revisit the idea that traditional statistical methods for nonlinear
models require a starting point (initial parameters or estimated values) to initiate the optimization
process. The expression of the nonlinear model must be defined, parameters declared, and initial
values specified, after which the parameters are estimated through some iterative method. In
their work, these authors utilized a computer program to estimate three growth models: Weibull,
Richards, and Gompertz, employing a modified version of the Levenberg-Marquardt method to
solve a nonlinear regression model. The growth models were decomposed in terms of additive
and multiplicative errors, assisting in identifying the most suitable model for growth studies.
Consequently, the issue of initial parameters was addressed through second-order regression
techniques before an iterative approach was conducted. The result includes the final parameter
estimates, standard errors, p values, and model fit criteria, used to determine the most appropriate
values for the growth model. This study successfully identified the Weibull growth model with
additive error terms as the optimal growth model. These findings recommend the Weibull growth

model for future studies involving growth curves.

McKellar and Lu (2003), in the second chapter of their book, through practical and
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theoretical explanations, as well as applied methods, provide examples and discussions on
growth curves: Hill, Logistic, Weibull, Gompertz, among others. Additionally, examples using
the Gamma distribution are also presented. For these authors, the concept of the primary model
is fundamental for areas such as predictive microbiology, biological sciences, and related fields.
Models like these, for microbial growth, aim to describe the growth process with the fewest
possible parameters while accurately defining the different phases of the curve. When the increase
in population density is plotted against time, the resulting curve typically has four phases, referred
to as the lag phase, exponential phase, stationary phase, and death or decline phase. As they
point out, these are empirical applications of logistic and Gompertz functions, for instance. In
recent decades, new generations of bacterial growth curve models have been developed, such as

the Baranyi, Hills, Buchanan models, and heterogeneous population models, among others.

Buchwald (2007), researching better (or even different) ways to work with growth curves,
discovered something new to describe bilinear data. In their research, they propose a completely
generalized version of a linearized biexponential model (LinBiExp), to allow smooth and fully
parameterizable transitions between two linear segments while maintaining a clear connection
with linear models. This proposal is appropriate since linear models are widely used due to their
unparalleled simplicity but cannot be applied to data that exhibit a turning point or rate change,
even if the data shows good linearity sufficiently far from that point. In their work, Buchwald
presents applications and brief conclusions. Various profiles of biological and medical interest are
shown, including growth profiles, such as human height, agricultural crops, fruits, multicellular
tumor spheroids, single-fission yeast cells, or even labor productivity, and decline profiles, such
as age effects on cognition in patients developing dementia and lactation yields in dairy cattle.
In all these cases, quantitative model selection criteria, such as Akaike information criteria and
Bayesian Schwartz criteria, indicated the superiority of the bilinear model compared to less
parameterized suitable alternatives, such as linear, parabolic, exponential, or classical growth
models (e.g., logistic, Gompertz, Weibull, and Richards). The LinBiExp provides a versatile and
useful bilinear functional form with five parameters that is convenient to implement, suitable for
complete optimization, and utilizes intuitive and easily interpretable parameters. Thus, the author
concludes that the LinBiExp allows the fitting of general bilinear-type data in a single nonlinear
regression step, and the MSC can be used to judge its adequacy compared to other possible
models. Being considered a natural extension of linear models, its parameters are intuitive and

easily interpretable, enabling convenient applications in various fields.

Working with comparisons of nonlinear models to describe the growth curves of broiler
chickens fed different levels of corn bran, Masoudi and Azarfar (2017) were able to monitor the
growth of birds in the poultry industry. The study utilized the logistic, Gompertz, Lopez, and
Richards models. The researchers concluded that the Gompertz growth model was the best for
describing the body weight growth curves of broiler chickens. In general, the results showed
that the Gompertz model better described the biological curves of chickens fed corn bran than

other models. Furthermore, the growth parameters were affected by the corn bran. The study
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involved planned experiments on the theme previously presented. Supporting research utilizing
growth curves, Yang, Kozak and Smith (1978) had already noted the advantages of using the
Weibull model for modeling them many years ago. These authors observed that the potential
of Weibull-type functions as growth curves is quite flexible. They developed a new growth
function that possesses sufficient flexibility in its form to encompass most patterns of biological
growth. This function is created by including an expansion factor in the Weibull distribution
function. Many biologically increasing phenomena can be effectively modeled by this function,
allowing for variation in the numerical values of the scale, shape, and upper asymptote parameters.
These researchers demonstrated the applicability of this function, showcasing height-age and
volume-age curves for individual trees, as well as two volume-age curves for polymorphic sets

of trees.

Zeide (1993), working with analyses of growth equations and analyzing forestry data,
provides important observations about the data field that can assist us in interpreting biological
data (i.e., how to explain it practically from the perspective of data science). In their work, this
author notes that plant growth results from two opposing factors: the intrinsic tendency for
unlimited growth (biotic potential) and the constraints imposed by environmental resistance
and aging. The tendency for expansion prevails in the early life of a tree, while growth decline
becomes prominent toward the end. Existing growth equations can be transformed (by differen-
tiation, decomposition into division components, and application of logarithms) such that the
components corresponding to these two factors are exposed. This transformation reveals two
basic intrinsic forms in most analyzed equations. Their common characteristic is that growth
expansion is proportional to the current size of the tree. The decline in growth of individual
trees appears to be more variable and can be represented with equal precision by a variety of
expressions. This may reflect that a greater number of factors hinder growth: resource scarcity,
competition, reproduction, diseases, herbivory, disturbances, etc. Consequently, the growth path

is inherently imprecise and can be viewed as a broad valley rather than a single line.

However, consulting various journal portals and researching the literature for the Gamma
probability distribution (and some others) associated with the logistic, Gompertz, Weibull,
and Hill growth curves reveals very few works, which have purposes quite distinct from the
proposals of this thesis (NADARAJAH; AFUECHETA, 2017; MAZUCHELI; EMANUELLI,
2019; TIgRVE, 2003; TSOULARIS, 2001; SANGIN et al., 2024; UDOUMOH; EBONG; IWOK,
2017; CHAN; AFUECHETA, 2016).

1.2 Motivations

There are three major motivations that triggered the development of this thesis.
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1.2.1 Motivation 1

This motivation is related to the greening disease and aims to solve a sampling problem.
Essentially, the challenge is to propose an online platform that allows end-users working in this

agricultural sector to handle sampling automatically.

Like every agricultural crop, citriculture requires various management practices to
achieve good production results in terms of both quantity and quality. However, one of the
biggest challenges is diseases (AMORIM; REZENDE; CAMARGO, 1997). Among these, huan-
glongbing (currently better known as greening) stands out. For any infected plants in orange
groves, it is necessary to remove them, eradicate them entirely (100%), and plant new, healthy
saplings in their place. In other words, since greening disease has no phytosanitary control,
eradicating the orange tree is the only way to eliminate the infection. Thus, any citrus tree
infected with this disease must be immediately removed from the grove and destroyed (JUNIOR
et al., 2017). This is essential to prevent epidemics of this disease, which could render large
areas unsuitable for citrus production within a few years (ALVES'; BELOTI! e al., 2014).

The first report of huanglongbing (greening) infection occurred in China in 1919, where
it received its name Reinking et al. (1919). Later, in 1937, the disease was detected in South
Africa and named greening (MERWE, 1937). The first report in Brazil was in 2006 (TEIXEIRA
et al., 2005; TEXEIRA et al., 2005), and currently, only Europe remains free of the disease
(JUNIOR, ). The disease is transmitted by vector insects. For example, orange groves infected by
greening in Florida (USA), which had virtually no infected plants around 2010, reached over
70% infected plants within five years, with 30% of fruits lost in the 2014 harvest (VIAGEM,
2014; GERALDELLO et al., 2015). The disease is present in all Brazilian states. In the citrus
belt of Sdo Paulo and the Triangulo/Southwest of Minas Gerais, for instance, the infection rate
by 2014 was 14%, while in Parand it was between 2% and 4% (VIAGEM, 2014). By 2021, the
infection rate in orange groves of these same regions (Sdo Paulo and Minas Gerais) had risen to
around 22.37% (CITRICULTURA, 2021). Orange groves in the agricultural region of Paranavai,
Paran4, currently have an infection rate of 10%. An alert from monitoring coordinators indicates
strong evidence of underreporting in data related to the current greening infection rate in these
groves, which increases concerns (MARQUES, 2023).

In the mid-2010s, entire farms in California, USA, became unable to produce any citrus
species due to underestimating the risk posed by the disease. When infected, young plants fail
to produce, mature plants experience significant fruit drop, and eventually die. This disease is
transmitted by the psyllid insect (Diaphorina citri). Therefore, the measures to minimize the
appearance of the disease in groves include the use of healthy saplings, eradication of diseased
plants, and control of the vector insect (AMORIM; REZENDE; CAMARGO, 1997). Due to the
severity of the disease, Brazilian law imposes limits and fines on violators. Instruction Normative
No. 53, issued by the Ministry of Agriculture in October 2008, states that fines can reach nearly

90,000 reais for farmers who fail to eradicate diseased plants or completely eradicate groves
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when infection exceeds 28% (STEPHANES, 2008).

Furthermore, inspections of these groves are conducted by the agricultural defense
agency of each state. However, as the law requires a CENSUS during these inspections, it has
become impossible for technical agents to perform inspections due to the enormous workload.
Evaluation forms were thus distributed to farmers, who committed to conducting evaluations,
eradicating infected plants, and reporting their findings to sanitary defense agencies. Over time,
it was observed that most farmers either withheld information or struggled to detect infected
plants (which requires studies, training, and technical expertise). This could potentially render

Brazil incapable of producing citrus in the near future.

Looking at other countries, despite spending over $2 billion combating the disease in
recent years, the US has seen its orange production drop from approximately 7 million tons in
the 2007 /2008 harvest to around 1.65 million tons in the last harvest. Florida, once the world’s
largest citrus-growing region, produced approximately 650,000 tons. In this state alone, annual
losses exceed $1 billion (BASSANEZI, 2023). The incidence of greening in Brazilian citriculture
reached 24.42% in 2022. In 2018, this rate was around 18%. This record has concerned the
sector since 2023, according to a study by Cepea/Esalg-USP (BOTEON, 2023).

Given the economic significance of this citrus disease and the lack of phytosanitary
control, this thesis proposes a platform that generates sampling plans with georeferenced data
(from orange groves). Thus, agronomists, farmers, technicians, and other professionals involved
can estimate the percentage/proportion of infection by this disease in groves using sampling

techniques as end-users of this platform.

1.2.2 Motivation 2

Motivation 2 is related to citrus canker disease. It involves modeling two datasets to
propose a viable solution that meets a strong requirement of most agricultural science journals,
as shown in Table 1: conducting two identical trials at different times for submission to the
journal. For decades, many scientific journals in agronomy/agricultural sciences have required
researchers to duplicate their experiments across different seasons (BARRERO; (VICE), 2023).

* When the experiment is conducted in controlled environments (laboratories, greenhouses,
etc.), a repetition over time is required (conducting two trials at different moments. Exam-
ple: one in January and another in March of the same year). In this case, the justification

for the repetition is to increase the reliability of the results.

* For field experiments, it is requested that at least the repetitions be conducted in different
growing seasons. Example: one experiment during the 2021/2022 season (from October
to March) and the other during the 2022/2023 season (from October to March). For
field experiments, this request is justified to allow the results to be compared, enabling
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Table 1 — Journals in the fields of agronomy and agricultural sciences that require the duplication of trials
conducted at different times

Journal Electronic Address
Advances in Weed Science https://awsjournal.org/
Semina Ciéncias Agrarias https://ojs.uel.br/revistas/uel/index.php/semagrarias
Acta Scientiarum Agronomy https://periodicos.uem.br/ojs/index.php/ActaSciAgron
Bragantia https://www.scielo.br/j/brag/
Scientia Agricola https://www.scielo.br/j/sa/
Pesquisa Agropecudria Brasileira https://seer.sct.embrapa.br/index.php/pab
Ciéncia Rural https://www.scielo.br/j/cr/
Ciéncia e Agrotecnologia https://www.scielo.br/j/cagro/
Weed Science https://www.scielo.br/j/aws/
Weed Technology https://www.cambridge.org/core/journals/weed-technology
Bioscience Journal https://seer.ufu.br/index.php/biosciencejournal
Crop Protection https://www.sciencedirect.com/journal/crop-protection
Crop Science https://onlinelibrary.wiley.com/journal/1439037X
Agriculture https://www.mdpi.com/journal/agriculture

Fonte: The authors

verification of whether the results remain consistent across different agricultural years.

Moreover, in a way, it would also be possible to increase/verify the reliability of the results.

In this sense, the trials may not always be conducted identically, either due to random
errors, variations in management, or even the execution of the experiments. Discrepancies may
arise in experimental designs, data collection, and the occurrence of measurement errors. Such
inconsistencies may also occur due to trials being conducted by different individuals or other
factors leading to variations in execution. Additionally, the classic "measurement error" may
occur during data collection, not to mention the various confounding factors that may affect data

analysis.

As aresult, when two experiments are conducted with some discrepancies (not caused
by chance), many researchers are required to conduct at least a third experiment to ensure, at
the very least, the submission of the work to certain scientific journals. This can lead to several
issues: additional costs, extended time to complete the research, frequent changes in research
teams impacting activities such as undergraduate research, master’s, doctoral, and post-doctoral
studies. These challenges are further exacerbated by the expiration of research grants (which

have fixed durations) and budgetary limitations for a new trial.

In this context, equipped with two datasets fitting this exact problem, the team responsible
for this thesis proposed an approach enabling researchers to evaluate whether there are significant
differences between the results of the two conducted experiments. For this motivation 2, the

difference between the two conducted trials lies in the method of data collection.
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In theory, this approach could save time, financial resources, and effort, potentially

facilitating the publication of the study in a scientific journal in the field of agricultural sciences.

Thus, motivation 2 involved modeling two datasets. Specifically, the results achieved by
modeling the first dataset (where data were collected differently than agreed upon) will be used
as informative priors in the modeling of the second dataset (second experiment, where the data
were collected as agreed upon in our meetings), which will form the solution for motivation 2.
Besides providing something essential for a Bayesian approach: informative priors, the modeling
of the first dataset will also deliver novel results for the agronomic field: identifying orange crop
genotypes resistant to citrus canker. Although in the first trial the data were collected incorrectly,
over time, the trends in the data within the generated graphs yield positive and valuable results

for agronomy.

The idea is to compare the posterior distributions of the two modelings. If they do
not show significant differences/distances, we can conclude that the experimental results are

statistically equivalent at a given significance level.

1.2.3 Motivation 3

Motivation 3 is related to the citrus canker disease and consists of finding rootstock

combinations of orange varieties that are resistant to this disease.

The first recorded reports of this disease date back to 1827 to 1831 in India (FAWCETT;
JENKINS, 1933). This disease is caused by the bacterium Xanthomonas citri subsp. citri
(SCHAAD et al., 2006) and causes significant damage to citrus production worldwide, resulting
in losses for rural producers as well as industries (GOTTWALD et al., 2002; VILORIA et al.,
2004). Surrounded by a yellow halo, in addition to the fruit itself, citrus canker affects branches,
stems, and leaves of citrus trees. The disease begins with necrosis, which can cause cracks in
the fruit, providing an entry point for other diseases and pests, potentially leading to fruit drop
(PADMANABHAM; VIDHYASEKARAN; RAJAGOPALAN, 1973).

There are several ways for the bacterium that causes citrus canker to develop in orange
plants. These include attacks by pests that spread the disease (such as the citrus leaf miner
(Phyllocnistis citrella) GOTTWALD, GRAHAM and SCHUBERT (1997)), as well as wind
BEHLAU et al. (2008), contaminated agricultural machinery, tools, and materials used in crop
management, among others. So far, the most effective means of controlling the disease is the use
of agricultural pesticides (GOTTWALD et al., 2002; BOCK; PARKER; GOTTWALD, 2005).
Among these, the most effective pesticides are copper-based formulations that protect the tissue
of young leaves and reduce the bacterial load on plants (BEHLAU er al., 2010). However,
copper is a toxic element that accumulates in the environment, contaminating soils, rivers, and
potentially reaching groundwater (DEWDNEY; GRAHAM, 2018).

The most sustainable and efficient method that agriculture has developed for controlling
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plant diseases across various crops and their associated diseases is the development of genetically
resistant plants. Plant breeding programs, combined with plant pathology programs, have been
conducting tireless research in this direction (POMPEU; BLUMER, 2006). This would be
the best solution for controlling citrus canker, given the type of agriculture encouraged today
(VILORIA et al., 2004).

In this context, and knowing that orange varieties have different resistances and behaviors
against citrus canker, and that their combinations can even generate stronger descendants, this
third challenge consists of analyzing experimental data from agronomic trials aimed at identifying
rootstock combinations resistant to citrus canker. There is something particular about this dataset

that makes modeling more challenging: it contains a large number of zeros.

1.2.4 The Orange Crop

Given that the three main motivations of this thesis involve a single agricultural crop, it
is important to emphasize it: the orange crop. Brazil is the largest producer of oranges in the
world, as well as the world’s largest exporter of orange juice Netto and Regina (2023), annually
exporting approximately 80% of the orange juice traded globally. In the 2020/2021 harvest,
Brazil accounted for approximately 33% of the global production of this commodity and nearly
two-thirds of the total juice volume produced worldwide (VIDAL, 2021). Just from the export of
orange juice produced in Brazil, nearly US$ 1.5 billion is exported annually. It is forecasted that
orange production will increase from 16.4 million tons in the 2022 /2023 harvest to 17.2 million
tons in 2031/32. Production is expected to grow annually by approximately 0.5% over the next
decade. However, compared to past decades, there has been a decline in both production and
cultivated area. The state of Sdo Paulo is Brazil’s largest producer, leading the ranking with 75%
of the national production. Furthermore, in the last harvest, the state produced an average of 31
tons per hectare cultivated, while the national average was 26.7 tons per hectare (GASQUES et
al., 2022).

The orange belongs to the genus Citrus, the family Rutaceae, and the species Citrus
sinensis (RIBEIRO, 2010). There is strong evidence that the orange fruit originated in antiquity
through a cross between pomelo and mandarin. Historically, there are records and indications
that citrus fruits originated in India, the Himalayas, and East Asia, and were later taken from
there to Africa, Europe, and consequently the rest of the world. In the Americas, they arrived in
1500 with the Portuguese (CRIS()STOMO; NAUMOV, 2009).

This plant is one of the variations within the citrus crop. Within citrus cultivation, there
are lemons, limes, mandarins, oranges, and other variations. In Brazil, among citrus fruits,
the orange crop holds the greatest economic importance. What most concerns the various
sectors working with this fruit are citrus diseases, as they are the main factors affecting its
production. Citrus plants, in general, can be affected by bacterial, fungal, and viral diseases.

Thus, investments and scientific developments that support its advancement are indispensable.
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The citrus diseases causing the most significant damage are: Greening (caused by the bacterium
Candidatus Liberibacter spp), Citrus Canker (caused by the bacterium Xanthomonas citri),
Blossom End Rot (caused by the fungus Colletotrichum spp), and Citrus Leprosis (caused by the
Citrus leprosis virus) (AMORIM; REZENDE; CAMARGO, 1997). Among these four, the two
most dangerous are those caused by bacteria (Greening and Citrus Canker) (ALVES'; BELOTI!
etal.,2014).

Thus, proposing solutions for the problems and losses caused by these two diseases is

crucial for the production chain of this agricultural crop.



37

CHAPTER

DEVELOPMENT OF AN AUTOMATIC
PLATFORM FOR SAMPLING PLANS IN THE
DETECTION OF GREENING IN ORANGE
ORCHARDS: A HIERARCHICAL APPROACH
WITH BETA-BINOMIAL AND
FLEXSHAPE-BINOMIAL MODELS.

2.1 Methodology

From meetings among the research team members, an understanding of the areas of
knowledge involved was developed to initiate the construction of sampling plans. Based on
the disease proportion, how it arises and spreads in the orchards, among other questions raised,
studies on statistical theories were undertaken, along with the development of sampling plans.
In other words, given the problem, theoretical studies and the implementation of the practical
part of this work were carried out. For this purpose, some probability distributions were used:
Bernoulli, Binomial, Beta, FlexShape, Beta-Binomial, and FlexShape-Binomial. After all studies
and analyses, the implementation phase resulted in an online platform capable of generating

sampling plans that detect the proportion of greening disease infection in orange orchards.

With this knowledge in hand, the construction of maps for the orange farms began.
Initially, the Agéncia de Defesa Agropecudria do Parand (ADAPAR) provided the central
coordinates of one of the farms. Using Google Earth, its location was identified to begin
the map construction. Geographic coordinates were collected, and a grid was overlaid using
R software, based on desirable assumptions that met criteria established in meetings (with

theoretical statistical and agronomic foundations). Among the assumptions was the construction
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of the first sampling plan for a population of 1,000 orange trees. The farm was divided into
plots of 1,000 plants each. Consequently, it was decided to divide each area, containing 1,000
plants, into four clusters of 250 plants each. The objective, then, was to determine the number
of individuals to be observed in each cluster containing 250 plants. Assuming that the disease
dispersion follows a Beta-Binomial distribution, the sample sizes to be randomly drawn and
collected within each cluster were calculated. The same procedure was then performed using the

FlexShape-Binomial probability distribution.

2.1.1 Beta-Binomial Distribution

As we are dealing with modeling bacterial diseases in orange trees (large, medium, or
small), when we look at just one individual, we may want to model the occurrence or absence of
the respective disease in that plant. When we are trying to model a set of them, the aggregation
of the situation mentioned earlier culminates in models composed of the methodology used in

the situation referred to at the beginning of this paragraph.

In this sense, since the visual inspection of the evaluated plant is categorical—confirming
the presence or absence of the disease—each individual inspection can be treated as a random
variable X that represents the outcome of a Bernoulli trial. That is, we say that X =1 if the

presence of the disease is confirmed, and X = 0 otherwise.

Defining that the probability of the disease being confirmed is equal to a parameter p €
(0,1), and that the probability of non-confirmation is equal to its complement, i.e., | —p € (0, 1),

the model is established.
X |pe{0,1},

2.1
O<p<l. @

X | p ~ Bernoulli(p) with

The Bernoulli Model has a probability function defined by
x=0 ou x=1,

Pr(X = =p(1-p)'* ith
(X =x|p)=p(1-p) wi 0<p<l.

The expected value and variance of a Bernoulli random variable are expressed as follows:

EX|p)=p and Var(X | p) = p(1—p) with 0<p<l.

If a quantity equal to n € N of plants is collected in a given planting area, the set of
conclusions obtained from each individually collected plant constitutes a model that can represent
the total number of positive or negative confirmations of the random variable X | p. This new

quantity (of positive confirmations)
Yip=Xi|p+X|[p++X:|p,

can be statistically defined as the realization of a binomial random variable. That is, the number
of positive confirmations Y | p in a known group of n plants is defined by the model,
Y €{0,1,2,...,n},

2.2
neN and O0<p<I. 2.2)

Y | p ~ Binomial(p,n) with
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The Binomial Model has a probability function defined by

y=0,1,2,...,n,

n
Pr(Y = - Y(1—p)*Y ith
r(Y =y|p) (y)p( p) Wi neN and 0<p<l.

The expected value and variance of a random variable ¥ with a Binomial distribution are

expressed as follows,

neN,

E(Y|p)=np and Var(Y|p)=np(l1—p) with 0<p<l.

In a practical experiment, it is common for infections not to be distributed uniformly
across a planting area; that is, in many cases, diseases exhibit focal aggregation because the
infection starts from a central point. Consequently, thinking of individuals throughout a planting
area as an idealized statistical population under the assumption of the existence of clusters (for
reasons of sampling adequacy, practicality, or even convenience) must take into account that the
proportions of infected plants in a group of regions do not remain constant across them. That
is, statistically, it is equivalent to considering a proportion that is randomly distributed over the

planted area.

A suitable model for rates and proportions, such as the proportion P, is the beta model,

denoted by,

O<P<I,

P ~ Bet ith
eta(a. f) e o>0 and B >0.

(2.3)

The Beta Model has a probability density function expressed by

F(“"’B) a—1

O<p<l,
f(p)= T(aT(B)”

1—p)p-1 ith
(1=p) e a>0 and B>0.

The expected value and variance of a random variable P with a Beta distribution are
given by,

o o>0
B with =Y,

and Narl) = o (o B+ 1) B>0.

(01

a+p

If a researcher is interested in understanding a set of the previous ideas, a suitable model
for a random variable that combines the binomial and beta models is the Beta-Binomial model.
The Beta-Binomial distribution, being a composition resulting from the binomial and beta
distributions, is a natural extension of a binomial model in situations where it is assumed that
the frequency of the parameter has a beta distribution. Therefore, a random variable Y|P, that is,
Y conditionally independent of the random variable P, describes the total number of plants for
which the disease confirmation is positive, considering that the proportion P of diseased plants is

not constant.
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To obtain the probability function for Y|P, it is necessary to determine the marginal
probability of ¥ based on the joint probability density function of the random vector (Y, P). This

function is expressed by,

y=0,1,...,n, 0< p <1,

frp(y,p) =Pr(Y =y|p)f(p) with neN, a>0,>0.

where Pr(Y =y | p) and f(p) are the probability and probability density functions of the Binomial

and Beta models, respectively. The result of this product is given by,

frr(np)= (Z) %” Tl pyr Bl it

y=0,1,...,n0< p <1,
neNa>0,8>0.

The marginal probability function for Y is determined by integrating fy p(y, p) over the
entire parameter space of p, that is, the interval (0, 1), thus,

Pr(Y =y) = /0 1fY,P(y~P)]E’

CM\T@HB) ety g
-/ (y)r(a'>r‘(ﬁ>py+ (1=p

(M T@+B) [t a1y ayrpe
‘(y>r<a>r<ﬁ>/o”y U U

_ (n) MNo+pB) T'a+y)T'(B+n—y)
y)T(r(B) T(e+B+n)

and defines the model,

y=0,1,...,n,

Y ~ Beta-Binomial (e, 3,n), with neN.a>0.p>0.

Using the properties of conditional expectation and variance, the expectation and variance

of a random variable with a Beta-Binomial distribution are obtained. Note that,

no

E(Y) =E[E(Y|P)] = E[nP] = = B

with neN,a>0,8>0.
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and that,
Var(Y) = E[Var(Y|P)] + Var[E(Y |P)]

=E[nP(1 —P)]+ Var[nP]
=n{ E(P) —E(P?)+nVar(P) }

= n{ E(P) — Var(P) — [E(P)]* +nVar(P) }

B o al} o 2 naﬁ
"B (@+BP(atp+1) [a+ﬁ] MGy CEY e

_ naf(a+p+n) .
NCE O ECETES) with neN,a>0,8>0.

Thus, the expected value and variance of a random variable Y with a Beta-Binomial

distribution with parameters « and 3, given a known n, are given by,

nof(a+p+n)
(a+B)*(a+B+1)

with neNa>0,8>0.

E(Y) =

ocnfﬁ and Var(Y) =

Observe in Figure 4 the general shape of the probability function for a random variable
with a Beta-Binomial distribution with parameters @ = 0.5;1;2;5 and 8 = 0.5;1;2;5, and n = 30.
In general, these shapes are also assumed by the beta distribution, such as the bathtub shapes
when 0 < o < 1 and 0 < 8 < 1; J or inverted J shapes with varying intensity when o > 8 and
O0<B<lorB>aand0< p < 1,respectively; constant when oo = B = 1; linearly increasing
or linearly decreasing when « is a multiple of 8 or 8 is a multiple of «, respectively; symmetric
bell when a = 3 > 1 and asymmetric bell to the left or right when @ > =1or > a > 1,

respectively.

In an experimental context, the parameters o and f3 of the Beta-Binomial distribution
do not have a direct practical meaning. Some authors, such as Hughes, Madden & Munkvold
Hughes, Madden and Munkvold (1996), suggest a parameterization that considers the parameters

p and p, expressed by,

o d 1
—= an = .
a+p P a+p+1

P

As a consequence of this choice, the expected value and variance of the random variable

can be rewritten as,
E(Y)=np and  Var(Y)=np(l—p)[1+(n—1)p],

In other words, now the parameter p, when multiplied by n, directly represents the expected
value of Y. On the other hand, note that the variance of Y is equal to the product of the variance

of the binomial by a number that is always positive and dependent on the parameter p. That is,
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Figure 1 — Illustration of the behavior of the probability function of a Beta-Binomial distribution for
different values of the parameters o = 0.5;1;2;5 and B = 0.5;1;2;5 and n = 30.

the parameter p now indicates a factor of inflation for the binomial variance, or a measure for

the degree of aggregation of the proportion of infected plants.

An interesting characteristic of the parameter p is that when p — 0, the variance of
Y tends to the binomial variance. In the limit, this means that there is no aggregation in the
infections (HUGHES; MADDEN; MUNKVOLD, 1996; ENNIS; BI, 1998). Figure 2 illustrates

this approximation well.

2.1.2 FlexShape-Binomial Distribution

Instead of considering the Beta distribution for the random variable P in the hierarchy
Y|P, it is possible to consider any other unit distribution of interest. Nascimento et al. (2023)
proposed the FlexShape probability distribution and illustrated it through analyses of proportion
data. Such data were treated from a quality control perspective. The data modeled with this
distribution belong to the area of water particle monitoring (for rainfall monitoring) from a

station in the Atacama Desert - Chile, known as the driest desert in the world.

It is said that P has a FlexShape distribution with parameters y and o, denoted by
P ~FS(u, o), if the probability density function of P has the form,

30

=5 o loWp —ap+ ) 1] [n@p—)+1]p(1—p)  with 0<p<L.

f(p)

com—1<u<landoc >0.
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Figure 2 — Comparison between the behaviors of the binomial probability functions (in red) and Beta-
Binomial (in black) for different values of the parameters p = 0.1;0.15;0.2;0.3;0.5 and p =

0.01;0.025;0.05;0.1;0.25.

These authors Nascimento et al. (2023) claim that they have developed a new probability

distribution, which, so far, according to the literature in the field, is a new unit distribution (0, 1)

that can accommodate asymmetry and, to the best of their knowledge, also asserts that it is the

first distribution of this nature capable of accommodating bimodality. Figure 3 presents some

illustrations of the behavior of this distribution.

The r-th moment E[P] is given by,

1 < :
E[Pr]:§Z(r_)E[}/J], com r=1,23,...,
j=0 \J

(7430)(35+70 —3u*c —7u?)

where . .
o— 1]
E[y2h—1] — _
] 25+0) |2h 11 2h+3 2h+5}’
and 1 {
o — 1]
E[y*"] = —
7] 2(5+0) [2h+1+2h+3 2h+5]’
withh=1,2.3,...
It has mean and variance
Bu+7)c+7u+35
E(P) = d Var(P) =
(P) 70+ 140 and - Var(P)

with —1 < u < 1and 6 > 0.

196(5+ 0)? ’
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Figure 3 — Behavior of the FlexShape distribution for different combinations of the skewness parameter
(—0.9 < u <0.9) and the bimodality parameter (0.1 < ¢ < 10).

To obtain the probability

necessary to determine the marginal
probability of ¥ based on the joint probability density function of the random vector (Y, P). This

function is expressed as,

y=0,1,....n,0< p <1,

Frp,p) =Pr(Y =y | p)£(p) with neN,a>0,8>0.

where Pr(Y =y | p) and fy p(y, p) are the probability and probability density functions of the

Binomial and FlexShape models, respectively. The result of this product is given by,

frp(y,p) = (Z) 51—06[6(4192—41)—# D+1][u@p—1)+1]p (1 —p)yn o+,

withy=0,1,....n,0<p<l,neN,—-l<u<land o >0.

The marginal probability function for Y is determined by integrating fy p(y, p) over the
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entire parameter space of p, that is, the interval (0, 1), thus,

Pr(Y =y) = /0 1fy,fr(y,p)p

:/01 (z)%[6(4p2_4p+1)+1] [u(zp_1)+1]py+1(1_p)n_y+lp

:(g)si_oc/ol[o(4pz_4p+1)+1}[u(zp_l)ﬂ]pyﬂ(l_p)n_yHP

_ () 300 I(n—y+2)I'(y+2)
_(y>5+c —I'(7+n) {(“—1>n3+[(4—6u)y+3u—7}n2+

{(uu —4)y* + (24 —6p)y+ 14p — 10] n—8uy’ —24y* — 281y —24 }

and defines the model,

y=0,1,...,n,

Y ~ FlexShape-Bi ial(u, o ith
exShape-Binomial(u, o,n), wi neEN—1<i<1.0>0.

Using the properties of conditional expectation and variance, one can obtain the expecta-

tion and variance of a random variable with a Beta-Binomial distribution. Note that,

n|(Bu+7)0+7u+35 , neN
E(Y)=E[E(Y|P)] =E[nP] = [ 70+ 140 ] with —-l<u<l,o>0.

and that,

Var(Y) = E[Var(Y|P)] + Var[E(Y |P)]
= E[nP(1—P)]+ Var[nP]
=n{ E(P) — E(P*) +nVar(P) }

= n{ E(P) — Var(P) — [E(P)]* + nVar(P) }

. Bu+7)o+7u+35 (7+30)(35+70 —3u’c—Tu*)
B 70+ 140 196(5+ 0)?2

(Bu+7)0+7u+35]> N n(7+30)(35+70 —3u’c —7u?)
70+ 140 196(5+ 0)?

9 {28(c+7)(54+0)/9—(6+7/3) [(u*>—7/3) 6 +7(u*—35)/3] n}
B 196 (5+ 0)? ’
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withneN, -1 <u<land o >0.

Observe in Figure 4 the general shape of the probability function for a random variable
with FlexShape-Binomial distribution with parameters u = —0.9; —0.45;0;0.45;0.9 and 0 =
0.1;2.5;5.0;7.5;10.0. In a manner analogous to the Beta-Binomial case, these are also the shapes

assumed by the FlexShape distribution.
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Figure 4 — Illustration of the behavior of the probability function of a FlexShape-Binomial distribution for
different values of the parameters u = —0.9; —0.45;0;0.45;0.9 and 0 = 0.1;2.5;5.0;7.5;10.0
and n = 20.

Again, in an experimental context, the parameters (t and ¢ of the FlexShape-Binomial
distribution do not have a direct practical meaning. In this sense, a parametrization is also

suggested that considers the parameters p and p, expressed as,

7+30) (3ulc+7u2—70 —35
p:(3u+7)o+7u+35 amd  pe (7+30) (3u*c +7u*—70 —35)

70+ 140 (Buo+7u+70+35)(3uc+7u—"70 —35)’

As a consequence of this definition, the expected value and variance of the random

variable can also be rewritten as,
E(Y)=np and  Var(Y)=np(l—p)[1+(n—1)p],

that is, now the parameter p when multiplied by n directly represents the expected value of Y. On
the other hand, note that the variance of Y is equal to the product of the binomial variance by a
number that is always positive and dependent on the parameter p. In other words, the parameter
p now indicates a factor of inflation for the binomial variance, or even a measure of the degree

of aggregation of the proportion of infected plants.
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Figure 5 — Comparison of the behaviors of the Binomial probability functions (in red) and FlexShape-
Binomial (in black) for different values of the parameters p = 0.1;0.15;0.2;0.3;0.5 and p =
0.01;0.025;0.05;0.1;0.25.

2.1.3 Determination of sample size

Considering the central context of this study, which deals with obtaining sampling plans,
it is necessary to consider analytical expressions for the estimators of p and p. In this sense, if
a random sample of size nN is considered, consisting of N independent clusters of size n, the
number of occurrences Y; in the j-th cluster, where j =1,...,N, is computed. Thus, a set of
independent observations (y;,n),j=1,...,N is organized, which constitutes a random sample
of size N of realizations of a random variable with Beta-Binomial (or FlexShape-Binomial)

distribution with parameters (p,p), assuming n is known.

The first sample moment, denoted by Y, and the second sample central moment, denoted

by $2, are computed as follows:

YZ

2I”<

N N
Z and Z
and then are equated to the theoretical first moment and the theoretical second central moment,
respectively. Therefore, the estimators p and p for p and p, determined based on the method of

moments, are the solutions to the following system of equations,

B(Y) =71, or even o= T,
Var(Y) = §? np(l1—p)[1+(n—1p] = S
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From the first equation, it follows that
- 1 N N
”ﬁ:Y:ﬁZYi — p=—)Y Y.
i=1

Substituting this result into the second equation, it follows that,

SZ
I+(n—1)p =— —
(=18 np(l—p)
SZ
n—1)p=— -1
(n=1)p np(1—p)
S —np(1-p)
n—1)p=
O

Therefore, the solution of the system that determines the moment-based estimators for p

and p has the following form

N
p=—7)Y and p=

In the work of Hughes, Madden, and Munkvold Hughes, Madden and Munkvold (1996),
an approach is described to obtain the sample size based on certain reliability criteria, specifically,
criteria are defined that take into account the coefficient of variation and the length of the
confidence interval. In any case, it is necessary to have in mind an expression for the standard

error (se) of the mean proportion estimator p.

Keeping in mind the expression for p, the variance of this estimator is determined as

follows,
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_ ﬁan(l—p)[l-l-(”—l)P]

_p(1=p)[1+(n—1)p]
nN '

Now, the standard error of the estimator p is defined as the square root of its variance,
thus,

ep(p) =[PP+ =T
nN ’
With a well-defined expression for the standard error of p, one can establish the most
interesting criterion to determine an adequate sample size, whether based on the Coefficient of

Variation, the length of the Confidence Interval, or the Effect of Experimental Design.

2.1.3.1 Calculation Based on the Coefficient of Variation

If the criterion to be used is defined by the coefficient of variation, denoted by C, the
relationship that provides the basis for determining the sample size is expressed by,

o)

4

From this relationship, given an arbitrary coefficient of variation Cy, the following is

obtained,

Co= 1 \/p(l ) [i; (n—1)p]

1 p(1=p)[1+(n—1)p]

Co* = p? nN
WSS IR
=)+ -1 e

n pCo2
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2.1.3.2 Calculation Based on the Length of the Confidence Interval

If the criterion to be used is defined via confidence interval, then based on the central

limit theorem, a confidence interval for p is written as,

pA:tZOC/Zep(pA)7

where z4/; is the upper quantile of the standardized normal distribution that accumulates a
probability equal to o/2. Essentially, there are two ways to use the length of the confidence

interval as a basis for determining the sample size.

1) If it is desired to define half of the length of the confidence interval as a fixed proportion

H of the mean proportion p, one can simply consider the equation,

Za/2€P(P) = Hp.

From this expression, one obtains,
Hp = zq/26p(P)

Hp = 22D =D

p2< H )2 p(1—p)[1+(n—1)p]

- nN

N =

(1=p)[1+(n—1)p] (Za/’z)z' (2.5)

np H

2) On the other hand, if half the length of the confidence interval is defined as a fixed measure
h, one simply needs to consider the equation,

Z(x/ZGP(ﬁ) =h.
from which one obtains,

h= Za/zep(ﬁ)

gy P2 T

<L>2 p(1—p)[1+(n—1)p]

2o /2 nN
_p(1=p)[1+(n—1)p] /2a/2\?
N= > ( ; ) . (2.6)
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If it is possible to determine initial estimates for the parameters p and p, one can estimate
the appropriate number of clusters to be sampled as suggested by the resulting expressions in
(2.4), (2.5), or (2.6). Otherwise, it is also possible to carry out an initial estimation procedure
and determine the sample size based on the ideas of Fosgate (FOSGATE, 2007).

2.1.3.3 Calculation Based on the Design Effect

This procedure for calculating a sample size takes into account a rudimentary estimate
for the expected average and maximum proportion. These estimates are used to deduce the
degree of correlation between the clusters and the effect caused by the design (DE). This method
considers an effective sample size and updates it based on the assumptions of the beta-binomial

model. The method consists of following these steps:

The researcher in the area of interest is asked about the average proportion, p, that they

believe to be the true value in the study population;

* If the reported proportion is less than or equal to 0.5, the researcher must indicate the per-
centile they believe accumulates 95% of the probability distribution, that is, the researcher

should state the maximum proportion, p,.y, that they expect to find in reality;

* If the reported proportion is greater than 0.5, the researcher must indicate the percentile
they believe accumulates 5% of the probability distribution, that is, the researcher should

state the minimum proportion, p,i,, that they expect to find in reality.

These percentiles reflect the researcher’s opinion about the expected variation in the
proportion among the studied clusters, and the difference between these percentiles indicates the

precision expected by the researcher, which corresponds to the measure 4, and is defined by,

h = Pmax — P or h = p— Pmin-
A rudimentary estimate for the correlation among the clusters can be requested from the
researcher (in this case, the number of clusters can be obtained directly from expressions like

(2.6)). On the other hand, if this is not feasible, it is possible to determine an initial estimate as

follows:

* The precision provided by the researcher corresponds to half of the confidence interval,
which is equal to the product of the standard error and the confidence coefficient. The
standard deviation of the chosen distribution for the proportion (Beta or FlexShape) will
replace the standard error in the formula for the confidence interval. The standard deviation

of a random variable X with a beta and flex-shape distribution with parameters p and p is

v Var(X) = +/p(1-p)p,

expressed by,
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where
o 1

= and =
a+p P=a+ B+1
for the Beta distribution and

P

_ 3uc+7u+70+435 nd o — (7+30) (3u?c +7u*—70 —35)
T 145+0) P = Buc+7u+70+35) (3u0 + T — 70 —35)’

for the Flex-Shape distribution.

Now, the standard deviation can be replaced by the provided precision and rewritten so

that the equation can be solved for p, thus,

b= (h/ Zoa/z)2
p(1-p)
The determination of an estimate for p indicates an approximation for the correlation

between the clusters, and with it, it is possible to determine the inflation factor of the variance,
DE=1+(n—1)p,

Considering an effective sample size ng that represents the number of sample units assuming a
non-clustered population, which contains statistical information equivalent to that which will be
provided by the data from a clustered population. This quantity can be calculated as,

nN

Note that with this expression, it is possible to determine what is most interesting for
the researcher, either the appropriate number of clusters (if the size of each cluster is fixed and
known) or the number of individuals to be sampled in each cluster (in the situation where all
clusters are sampled).

"EDE =N, or "EDE = n.
n N

Having an adequate number of clusters to be sampled, it is necessary to analyze the
study area and establish the criteria that will highlight the existing clusters. This choice was
made taking into account the considerations of the researchers who requested the outline of
an appropriate sampling plan. After several meetings, a consensus was reached on how the
sampling plans would be developed for the possible detection of the Greening disease in orange

cultivation.

2.1.4 Web platform built and usage illustration

Based on the theoretical deductions made, a web plataform in R/Shiny was developed
(available at this link <https://cemeai.shinyapps.io/Amostrador-Citrus/>) to facilitate sample
planning for the areas of interest.


https://cemeai.shinyapps.io/Amostrador-Citrus/
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The agronomy engineers from the Agricultural Defense Agency of Parand - ADAPAR,
provided the central coordinates of one of the farms where there was interest in using the
sampling methodology to be developed. This made it possible to begin the planning process.
First, the farm was identified using Google Earth, where the area was outlined and exported to

initiate the computational work. Based on this area, a sampling plan was developed.

Y

.

“epa

A e e SO 0QlE earth

Figure 6 — Study Farm. A lot containing orange trees with the plantation of interest. with geographic
coordinates — Lat: 23° 07’ 43.2” S and Lon: 52° 12’ 37.91” — elevation of 501m and altitude
equals 818m.

v

As confirmed by the agronomists at ADAPAR, there is a multitude of orange cultivars,
each with its own requirements, ranging from different planting spacings to varying canopy sizes.
Thus, the orange orchards are very diverse from one property to another; in most cases, areas of
the same size do not have the same number of trees among different producers. Therefore, it was
decided to work with plots containing one thousand plants. Following this requirement, each

area of one thousand plants was divided into four clusters of 250 orange trees each, as shown in
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Figure 6. Such suggestions were accepted, given that if an infection occurred in an area of 250
plants, it would likely be spread over a considerable number of surrounding plants. Regarding
the division of areas into lots of 1000 plants, meeting ADAPAR’s requirements, authors such
as (TROYO et al., 2008) recommend subdividing farms into smaller areas due to their large

territorial extents.

Thus, with the work directed and restricted to the assumptions and requirements to be
followed, and with the units defined, efforts continued through means that would make it possible
to develop the sampling plans. Firstly, using Google Earth, the georeferenced coordinates that
outline the area of the farm to be studied were obtained. These details should be entered into the

platform created, in Field 5 (Figure 7).

 Latitude points:
-23.1282411424187; -23.1286826117191; -23.1290885884515; -23.1293382361441;
-23.1295554590774; -23.1294605731739; -23.129353897703; -23.129304004956;
-23.1292565440262; -23.1292542500099; -23.129279776398; -23.1293313657747;
-23.1294088566612; -23.12953420456; -23.1291474282998; -23.1288466781369;
-23.1285846783308; -23.1283045702802; -23.1282345790479; -23.1281789506247;
-23.1281460047817; -23.1281534093235; -23.1281841708567; -23.1282411424187.

* Longitude points:
-52.2111611712132; -52.2111538910133; -52.2111505093702; -52.2111414521805;
-52.2111300757091; -52.2110297752498; -52.2109048339988; -52.2107973058136;
-52.2106650173041; -52.210528996305; -52.2103434510098; -52.2101947220154;
-52.2100672267355; -52.2099267885012; -52.2099407320112; -52.2099504864915;
-52.2099603247846; -52.2099791414985; -52.2101537283278; -52.21034428548;

-52.2105852374098; -52.2107668399842; -52.2109641239278; -52.2111611712132.
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According to the theoretical foundations of the fields of knowledge involved in this re-
search, the information, the suggestions, and the expertise of the research group that planned and
conducted the scientific research described in this work, the following criteria were established

during the meetings that took place (during the decision-making and analysis period).

The sample sizes are calculated under the consideration that the analysis will be con-
ducted on a population of 1000 plants partitioned into 4 clusters, therefore: N = 4. Each of the
clusters consists of approximately 250 plants, therefore: n = 250. The total number of individuals
that can be sampled within the population of 1000 plants is expressed by nN = 1000. These
details should be entered into the platform, in Field 2 (Figure 7).

The aim is to determine the ideal quantity, ng, of individuals that should be sampled
in each of the clusters to establish a statistically significant sample. Then, a routine (on the
Web Plataform) to identify the rectangle encompassing the previously obtained region. With
the coordinates of the rectangle’s vertices, this area was divided clusters (in this example,
N = 4. The resulting division can be seen in the field Field 7 (Figure 7)), each containing
approximately n = 250 plants (in this example). A code was implemented to identify each
smaller rectangular area through its four vertices and its central point. With the coordinates of
each cluster identified, the codes were applied again to each of the clusters, arbitrarily dividing
them into a set of approximately n = 250 smaller regions, each potentially representing a tree.
With all the coordinates in hand and a graph of the area and its divisions created, it was possible
to construct the graphical visualization (the resulting can be seen in the field Field 8 (Figure 7)).
As in previous stages, a code was implemented for this purpose. As an exclusion criterion, the
central points of the smaller areas that did not belong to the study area were discarded. With
each region eligible for sampling identified, it was possible to follow the suggestions of (LIN;
POUSHINSKY; MAUER, 1979) and randomly choose which units would be collected.

To provide an overall view of the possible variations of the initial criteria that must be
established by researchers in the agronomic field, some combinations of the requested estimates

were considered. The result can be seen in the platform, in Field 6 (Figure 7), whose columns:

« Statistical Confidence of the Sample: In this plan, three distinct confidence levels were
considered for the farm. 1 — o = 0.90; and 0.95. These details should be entered into the
platform, in Field 3 (Figure 7);

* Expected Average Proportion and Expected Maximum Proportion: In this plan, distinct
situations were considered. p = 0.10; 0.16; and 0.20 and p = 0.18; 0.28; and 0.38. These
details should be entered into the platform, in Field 4 (Figure 7).

* Approximate Accuracy: The estimative for the precision, based on p and pax;
* Intra-cluster correlation: The estimative for p;

» Effective Sample Size: The sample size, independent of clusters;
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* Sample Size by Cluster: n.

The selected line highlights the choice of the agronomic researchers and indicates that,
under the assumption that the Beta-Binomial model is capable of representing how the infection
is distributed, with a confidence of 90%, a sample of 13 individuals from each cluster should be
sufficient to enable the identification of an average proportion as expected by the researchers.

The sampled areas are highlights in Field 8 (Figure 7).

2.2 Conclusion

After all the necessary meetings and studies, supported by theoretical foundations in
statistics and agronomy, it was possible to develop a platform capable of generating sampling
plans using georeferenced data from orange groves. Thus, all collaborators involved in inspecting
the citrus greening disease in orange orchards will be able to perform their work much faster and

more effectively, without the need to conduct a full census of citrus plantations.
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CHAPTER

BAYESIAN MODELING FOR EQUIVALENCE
ASSESSMENT IN AGRONOMIC TRIALS:
COMPARISON OF INFORMATIVE PRIORS IN
DETECTING CITRUS VARIETIES RESISTANT
TO CITRUS CANKER.

3.1 Analysis of the first dataset (for this first dataset,
some researchers on the team made mistakes during

the data collection process).

3.1.1 Methodology

3.1.1.1 The experiment

The experiment was installed in a greenhouse. Twelve 12 genotypes of orange were
planted in pots. There were 5 replicates of each genotype, that is, in the experiment, there was
a total of 60 pots with orange plants. Six randomly chosen leaves from each plant received 6

perforations each. In this way, each plant represented a replicate in the experiment.

The evaluations were performed through the measurements of the diameter of the lesions
as follows: between September and November 2016, 8 evaluations were carried out. The diameter
of the lesion was measured from one of the perforations of each sheet (observational units),
randomly chosen. That is, at each observation, a lesion was randomly selected rom each leaf and
its diameter was measured, totaling 360 observations (60 pots x 6 observation each). In the test

sweet oranges were used (Citrus sinensis) of the pear variety was used in the experiment.
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The sheets were perforated with needles measuring (0.55 x 0.20 mm). Inoculated Xan-
thomonas citri subsp. citri, to a concentration of 103 UFC/mL through spectrophotometer 600
nm. The orange varieties used in the research were: Valéncia (VALEN), Valéncia 2 (Valen),
Valéncia Puka (Puka), Valéncia Paloma (Paloma), Pera Oricanga (Pera Ori), Pera Irradiada
(Irradiada), Pera Itapetininga (Itapetininga), Pera Maringa (Pera mga), Pera IAC (Pera IAC),
Sanguinea Mombuca (Sanguine), Hamlin (Hamlin), Precoce Ori¢anga (Prec. Ori.). Statistical

analyzes were performed using a generalized nonlinear models adopting the Bayesian paradigm.

The following subsections will present a brief explanation about how we are going to
incorporate the preliminary information, about the past studies regarding the genotypes resistant
to citrus canker disease in a probabilistic point of view, added to the obtained experimental
results. Then, presents the growth curves models which presents the evolution across time of the

experimentation combined with the statistical computing.

3.1.1.2 Bayesian Inference

The Bayesian methodology is based on the premise that all uncertainties must be modeled
through direct probability calculations, and thus, statistical inference draws conclusions based
on probability laws (CHRISTENSEN ez al., 2010). In this context, Bayesian inference treats
the parameter of interest as a random quantity, associating it with a probability distribution,
which is the key aspect that distinguishes Bayesian Inference from Frequentist Inference. By
combining prior information with sample data, the posterior distribution of the parameter is
obtained. This process is conducted using Bayes’ Theorem, which allows updating initial beliefs

about a parameter based on new evidence or sample data (GELMAN et al., 2014).

Bayes’ Theorem establishes a relationship between the prior distribution, which repre-
sents the prior knowledge or belief about the parameter, and the posterior distribution, which
reflects the updated knowledge after incorporating the observed data (ROBERT, 2007). The

basic formula of the theorem is given by:

Pr(D|0)Pr(0)

Pr(6|D) = Pr(D)

where Pr(0|D) is the posterior distribution of the parameter 0 given the data D, Pr(D|6) is the

likelihood, Pr(6) is the prior distribution, and Pr(D) is the normalizing constant (or evidence).

The main advantage of Bayesian inference is its flexibility in combining prior infor-
mation with new data, which is particularly useful in situations with small samples or where
previous information is relevant (CHRISTENSEN ez al., 2010). The choice of the prior can
significantly influence the results; however, as more data is incorporated, the impact of the prior
tends to diminish, and the posterior distribution more robustly reflects the available evidence
(BERNARDO; SMITH, 1994).
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Another important feature of Bayesian inference is its applicability to complex models,
such as hierarchical models, where multiple levels of uncertainty can be modeled (GELMAN et
al., 2014). Furthermore, modern computational methods, such as Markov Chain Monte Carlo
(MCMCO), allow the practical application of Bayesian inference to high-dimensional problems,
where calculating the posterior distribution analytically would be impractical (BROOKS et al.,
2011).

Finally, Bayesian inference has been widely adopted in fields such as biostatistics,
data science, and machine learning due to its ability to incorporate uncertainties and provide
probabilistic estimates of the parameters of interest. Its flexibility and probabilistic focus make
it a powerful tool for decision-making in environments with limited or uncertain information
(BISHOP, 2006).

3.1.1.3 Gamma Distribution

A flexible distribution, part of the exponential family is the Gamma distribution, its range
is continuous containing two parameters, which one gives its form o and the other its scale 3. It
can only be used considering scenarios which the model assumes positive asymmetric data to

the right, incorporating fat tails. Its most usual density is given in the form

o ﬁa a—1_—By y> 07
with expected mean and variance
E(Y)= % =u and Var(Y) = % = o2

However, it is encourage to reparameterize its function in order to work as a function of
its average. Renaming o = u?/c? and B = /o2, then the respective reparameterized density is
_ B ket~ (u/e?)y y>0,
= e
T = /o) " wo>o

now their expected mean and variance turn out to be more familiar as

E(Y)=u and Var(Y) = 2.

3.1.1.4 Non-linear Gamma Regression Model

The Gamma model is a generalized linear model which consists of a random component,
a link function and a systematic component, where the random component is linked to the
systematic component through the link function. To construct a regression, in this work a
generalized non-linear model will be constructed, where a non-linear function (on parameters)
will be assigned to the systematic component since a growth curve will be assumed for it. That
is, a growth model will be considered because the averages of the leaf disease diameters are

increasing over time.
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Consider a set of independent distributed random observations ¥ = (Y| ,....¥\)T,
where each component ¥; = (Yjy,...,Y,,), withi = 1,..., N, denotes the vector with n; repeated

observations for i-th individual. Conditionally to random effects vector, denoted by Yiu and ¥;g,
the set Yjp,...,Yj,, with i = 1,...,N, are independent (l;;, 0;;) distributed random variables.
The random effects are independent each other with Multivariate Normal distribution with
mean vector equals 0 and covariance matrix G;l and G;l, respectively. Keep in mind the
formulation of a Generalized Additive Model for Location, Scale and Shape (GAMLSS) Rigby
and Stasinopoulos (2005), each parameter y;; and o;; of (;;,0;;) distribution can be associated
with the random variable ¥;; by a link function. The Gamma non-linear Regression Model can
be defined by
Yij | Yiu> Yie ~ (.uij= Gij):
Vi ~ (0,Gp),
Yic ~ (0,Go),
furthermore, the parameters U;; and o;; satisfy the functional relationships

Wij = gﬂ(xijuvﬁyazijﬂvyiu)v
0ij = &6 (Xijo:, B zijos Yie )
where the functions g, and gs are non-linear functions of parameters vectors f8 y and B,

respectively, such as those described in Subsection 3.1.1.5, for example.

In this context, it is understood that

* Xiju = (xlijuv---va;Liju)T and x;jc = (xlijg,...,xjgijG)T are vectors with explanatory
variables observations associated with fixed effects of y and o to i-th individual in his j-th

observation.

* Ziju = (Zlijﬂ7""zq;1ijll>—r and zjjo = (zlijc,...,zqfaijc)T are vectors with explanatory
variables observations associated with random effects of y and o to i-th individual in his

Jj-th observation.

* Bu=By,-- ’ﬁJLu)T and B = (Bio, ..., By,0) " are parameters vectors associated with
fixed effects in distribution parameters.

* Yiu= (Yiu,-- -an;Ju)T and ¥, = (%o, -- .,yq/GG)T are random effects vectors of u, and
to i-th individual.

. G;l = G;l (Ay) and G5' = G,'(As) are generalized inverse of symmetric matrices
Gy =Gyu(Ay) and G5 = G5(A), of order g, X g and g6 X go, respectively, which may

depend of hyperparameters vectors A, and A5 associated to the parameters (L e ©.

It is important to note that a variety of curves may be conveniently chosen to represent
the g, and g functions, particularly in that study four specific growth models were selected. A

brief exposition is presented in the next section.
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3.1.1.5 Growth curves

The growth curves considered in this study are the Logistic, Gompertz, Weibull and Hill

models. Their mathematical representations and descriptions are shown in Table 2. A graphical

illustration of the models behavior with parameter variation can be seen in Figure 8.

Table 2 — Growth curves.

Description

Model Mathematical
reference representation
. . l _ C

Logistic glx) = T exp{—a(x— )]
Gompertz? g(x) = cexp{—e b~}
Weibull® g(x) = c(1 —exp{—ax’})
H114 _ cab

1 gx) = P

The logistic model was proposed when Verhulst, not agreeing
with Thomas Malthus (population multiplies geometrically and
food arithmetically), proposes a differential equation that ends up
representing a much more precise population growth.

The Gompertz model was proposed by the mathematician Ben-
jamin Gompertz with the objective of modeling human mortality.
However, it underwent modifications to model biological behav-
iors and their details. It is a sigmoid function that describes growth
as being slower at the beginning and the end in a given period of
time.

The Weibull model is of great interest due to several charac-
teristics, among them are its effectiveness and the ease of its
interpretations due to graphic resources. This model provides at
least reasonable accuracy even with small samples. It was pro-
posed by Waloddi Weibull.

The Hill model was proposed by Archibald Vivian Hill. His main
goal was to describe the speed of muscle contraction.

I (VERHULST, 1838)

2 (GOMPERTZ, 1825)

3 (WEIBULL, 1951)

4 (CHICHARRO; VAQUERO, 2006)

Source: The authors

Once we presented four appropriated models for nonlinear systematic components,

illustrated in Figure 8, some questions start to be raised regarding the estimation point of view.

Therefore, next subsections will present some alternatives for inference and model selection

assumed in this work.

3.1.1.6 Models selection

The selection of models constitutes an important tool of statistical modeling, through

it, the researcher has an additional basis to justify the choice of an appropriate model. Some of

them are, the Deviance Information Criterion (DIC), the Extended Akaike Information Criterion
(EAIC) and the Extended Bayesian Information Criterion (EBIC).

Based on these criteria, the model that presents the smallest measure is chosen. Defining

-~

D(0) such as a posteriori mean of the deviance and D(0) such as a posteriori measure of the

quality of the model fit for the data, the definitions of each criterion are as follows:
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Figure 8 — Growth curves behavior illustration. In all cases, since parameter ¢ represents the maximum
value reached by any curve, it is fixed at ¢ = 1.

Source: The authors

« DIC: One of the most used within Bayesian statistics, defined by DIC = 2D(8) —D(8).
(SPIEGELHALTER et al., 2002)

 EAIC: Defined as EAIC = D(8) + 2k, sendo k the number of parameters. (BROOKS et
al., 2002)

* EBIC: Defined by EBIC = D(6) + kIn(n), being k the number EBIC: Defined effective
parameters and n the sample size. (BRADLEY; THOMAS, 2008)

3.1.1.7 Convergence Criteria

To perform the convergence diagnostics, one can make use of graphical methods as well
as numerical methods. Both are important tools and efficient in their purposes, but the numerical
methods are more objective. Numerical methods include, for example, Gelman and Rubin (1992),
Brooks and Gelman (1998), Geweke (1992), Heidelberger and Welch (1983) and autocorrelation.
Among the most well-known graphic methods are trace, histogram, density and quantil-quantil

estimators.

The Gelman and Rubin method compares variability between and within the chains,
and a result very close to one obtained by the test statistic indicates chain convergence. The

Geweke criterion is based on the equality test of the means of the first and last part of the Markov
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chain. If the test statistic is between -2 and 2, it assumes chain convergence. Under the null
convergence hypothesis, it is assumed that the samples are taken from a stationary distribution of
the chain; the criterion of Heidelberger and Welch, tests the null hypothesis of stationarity. If the
null hypothesis is rejected for a given value, the test is repeated, disregarding 10% of the first
iterations. If the rejection occurs again, another initial 10% is discarded and the test is repeated.
This is done until you eliminate 50% of the string. At the end, if the null hypothesis continues to
be rejected, there is an indication of the lack of stationarity, and it is necessary to increase the
number of iterations. Further details on this criterion can be found in Brooks e Roberts 1998
(BROOKS; ROBERTS, 1998). The self-correlation method identifies the size of the jump that
the string must give to ensure independence between observations. This will allow the simulated

sequence to mimic the behavior of independent random variables.

In relation to the graphical methods, when dealing with the trace graph, the equilibrium
distribution is obtained by tracing two parallel lines along the chain. If the space between the
lines is filled, it will be a good indicator of convergence. The method with the use of histograms
aims to present the form of the distribution that generated the data. In this way, two superimposed
histograms are assembled. One with the first third of the chain, after the discard of burnin, and
the other with the final third of the chain. The closer the histograms are, the greater the similarity
observed by the superposition, which will be a great indication of convergence. The method of
density estimators, considered non-parametric, works as follows: after discarding burnin, the
kernel of the first third is compared to the last third of the chain. The closer the convergence
indicators are, the closer they are. And last but not least, we have the quantil-quantil, which
compares the quatis of the first third of the chain with the latter, also after the discard of burnin.

The closer a line is to the graph, the higher the convergence value of the analyzed chain.

3.1.1.8 Computational Procedure

The retrieval of the a posteriori distributions for the parameters was done with the aid of
the package rstan Stan Development Team (2024) of R R Core Team (2018). Using MCMC
process 10,000 values were generated, discarding the initial 5,000 values for adaptation of the
simulation method. The convergence was attested based on the criteria of Gelman and Rubin,
Geweke and also Heidelberger and Welch implemented in the package coda Plummer et al.
(2006) of the Rsoftware. For any parameter 6, a non-informative a priori distribution was given,
ie 6 ~ N(0,100?).

3.1.2 Proposed solution to the problem
3.1.2.1 Exploratory analysis

First, we conducted a descriptive analysis that tries to identify tendentious and discrepant
behaviors, where it is applied several computational resources, based on statistical theories,

defining what is or is not essential. On the table 3, there are some descriptive measures of all
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genotypes used. The first column has exposed genotypes. The following two columns contain
the maximum and minimum values of the lesion diameters, observed during all collections.
And lastly, three other columns, the mean, standard deviation and coefficient of variation are
respectively from the observed data. There is evidence of discrepancies between such measures.
The lowest genotypes averages presented were among the varieties of Valencia, Valencia 2 and

Irradiada. Moreover, Irradiada contains the lowest coefficient of variation.

Table 3 — Lesion diameter summary among genotype.

Orange Genotype Minimum Value Maximum Value Mean Value Standard Deviation Coefficient of Variation

Hamlin 1.09 3.88 2.201 0.582 0.265
Irradiada 1.04 2.85 1.607 0.278 0.173
Itapetinig 1.10 4.09 2.276 0.591 0.260

Paloma 1.07 3.82 2.155 0.588 0.273
Pera IAC 0.89 4.04 2.127 0.543 0.255
Pera Mga 1.11 4.32 2.171 0.561 0.258
Pera Ori. 1.16 4.44 2.338 0.621 0.265
Prec. Ori 0.99 4.77 2.244 0.594 0.265

Puka 0.97 3.88 2.058 0.528 0.257
Sanguine 0.91 3.61 1.899 0.426 0.224

Valen. 0.54 3.00 1.545 0.397 0.257

VALEN. 0.54 2.50 1.515 0.331 0.219

Source: The authors

Figure 9 presents twelve graphs of profiles, where all values observed (in gray) are
plotted, referring to the diameters of the 12 genotype lesions. In black lines present the means of
these observations. Graphically, there are indications of different behaviors in both the values of
the averages, as well as in the growth curves over time. Among the proposed models, the Range
distribution associated with Logistic, Wibull, Gompertz and Hill growth models, the selected

model was Hill. The estimates obtained for the parameters are in Table 4.
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Figure 9 — Graphs of profiles of the observed values (in gray) and their averages (in black) referring to the
diameters of the lesions of the 12 genotypes.

Source: The authors
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3.1.2.2 Selected model fit analysis

The proposed model after selection among candidate models, has the form

ind

Yii | Yias Yivs Yie ~ (Mij, O),
'}/ml,-l\()lN((),la), 1= 1,,60,
’}/lbll\(JiN((),)yb), j: 1,...’6,

'}’ic %j N(O7 A‘C)?

in this context, the parameter L;; satisfy the following functional relation

Ci

.‘-'Lij :gu(ll’j,xiaﬁ) = m7

in which
x; = (Xig, Xip, Xic) and B=(B.B:B.),

with a;, b; and ¢;, given by

al :xl—;Ba + %(l?
bi :x;]EBb + Yib,
Ci :x;Bc_F Yic-

and the vector parameter of interest, to be estimated, is 8 = (B I,B;,ﬁj, 0, A, Ap, Ac) T, where

* t;; denote the time of evaluations, in days, elapsed up to the j-th evaluation of i-th subject;

* Xio = Xi = Xic = (GEy;,...,GE12;) | denotes the indicator vector of observed genotype to
i-th subject. Each of the 12 components are dichotomous variables denoting, respectively,
the genotype origin: (1) Hamlin, (2) Irradiada, (3) Itapetinig, (4) Paloma, (5) Pera IAC, (6)
Pera Mga, (7) Pera Ori., (8) Prec. Ori., (9) Puka, (10) Sanguine, (11) Valen., (12) VALEN.;

* Y, Yib € Yic denotes, respectively, the random effects from each subject observed on the

parameters a;, b; and c;.

Carry on with the analysis, after adjusting the four growth models, the parameters
estimations of selected model are presented in Table 4 with the standard deviation (of posteriori
distribution), the 95% credibility interval, the standard error associated with the estimates, as well
as the convergence criteria used in this study are included. According to the proposed criteria, all

chains converged.

Observing the general results obtained for the parameters a, b and c, there is a great
variation among genotypes estimates, indicating that there is a peculiar behavior inherent to each
genotype when exposed to this disease. Keeping in mind that, the b, and ¢ parameters describe,
on average, the time that the lesion diameter will reach its median value and the maximum

diameter, respectively, one can interpret that:
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¢ the lowest values of ¢ are associated to the Irradiada, VALEN. and Valen. varieties, which

expresses the higher resistance of these varieties in comparison to the others.

* the Hamlin variety shows the highest growth of lesion diameter over time, although it

behaves very similarly to other varieties, such as Prec. Ori., Pera Ori., Valen. and Paloma.

In addition, it is also possible to see that there is heterogeneity within the observations
with respect to the parameter c, indicated by the parameter estimate A. = 0.0364, compared to
A < le—4.

Table 4 — Summary measures for lesion diameter, taking into account the genotype.

95% Credibility Interval ~Standard Deviation Convergence Diagnosis
Parameter Orange Genotype Posteriori Mean Standard Error 2.5% 97.5% Time-Series GR statistics HW p-value GW p-value
Hamlin -0.0314 0.0001 -0.0399 -0.0248 0.0038 1.003 0.524 0.741
Irradiada 0.0289 0.0001 0.0221 0.0376 0.0039 1.003 0.563 0.758
Itapetinig 0.0197 0.0001 0.0131 0.0283 0.0039 1.003 0.559 0.737
a Paloma -0.0168 0.0001 -0.0387 0.0017 0.0104 1.001 0.193 0.361
Pera IAC -0.0324 0.0001 -0.0612 -0.0073 0.0138 1.000 0.213 0.559
Pera Mga 0.0098 0.0001 0.0012 0.0192 0.0046 1.002 0.700 0.775
Pera Ori. -0.0021 0.0001 -0.0217 0.0115 0.0083 1.001 0.178 0.583
Prec. Ori 0.0094 0.0001 0.0021 0.0184 0.0042 1.002 0.485 0.758
Puka -0.0122 0.0001 -0.0329 0.0044 0.0097 1.000 0.352 0.335
Sanguine 0.0225 0.0001 0.0158 0.0312 0.0039 1.003 0.512 0.734
Valen. -0.0332 0.0002 -0.0613 -0.0025 0.0145 1.001 0.373 0.618
VALEN. -0.0401 0.0001 -0.0670 -0.0169 0.0129 1.000 0.731 0.886
Aa — 0.0000 0.0000 0.0000 0.0002 0.0001 1.001 0.254 0.924
Hamlin 20.6249 0.0037 19.7307 21.5263 0.4589 1.000 0.647 0.802
Irradiada 360.5689 0.0031 359.5833 361.5685 0.5058 1.000 0.471 0.862
Itapetinig 150.6056 0.0029 149.6161 151.5862 0.5040 1.000 0.151 0.813
b Paloma -5.0901 0.0029 -6.0425 -4.1396 0.4798 1.001 0.140 0.443
Pera IAC -5.9780 0.0030 -6.9233 -5.0337 0.4785 1.000 0.593 0.404
Pera Mga -0.9279 0.0031 -1.9135 0.0557 0.5010 1.000 0.137 0.541
Pera Ori. -7.3638 0.0031 -8.3330 -6.3755 0.4966 1.000 0.385 0.867
Prec. Ori 10.3648 0.0031 9.3978 11.3422 0.4997 1.000 0.113 0.870
Puka -4.4416 0.0031 -5.4150 -3.4673 0.4960 1.000 0.312 0.782
Sanguine 145.0472 0.0030 144.0799 146.0326 0.4975 1.000 0.906 0.754
Valen. -16.1639 0.0031 -17.1560 -15.1835 0.4988 1.001 0.695 0.351
VALEN. -19.9119 0.0031 -20.8906 -18.9362 0.4995 1.000 0.764 0.984
Hamlin 1.1731 0.0008 1.1059 1.2357 0.0328 1.001 0.366 0.945
Irradiada 0.5285 0.0014 0.1454 0.8918 0.1901 1.000 0.117 0.814
Itapetinig 1.3118 0.0009 1.1878 1.4380 0.0630 1.001 0.223 0.839
log(c) Paloma -0.1441 0.0009 -0.2500 -0.0324 0.0560 1.000 0.405 0.659
Pera IAC -0.2128 0.0009 -0.3100 -0.1020 0.0533 1.000 0.261 0.781
Pera Mga 0.0586 0.0008 -0.0268 0.1444 0.0437 1.001 0.481 0.765
Pera Ori. -0.0112 0.0009 -0.1345 0.0998 0.0598 1.001 0.160 0.827
Prec. Ori 0.1845 0.0008 0.1087 0.2625 0.0394 1.001 0.533 0.992
Puka -0.1547 0.0009 -0.2654 -0.0406 0.0576 1.000 0.373 0.644
Sanguine 0.8317 0.0008 0.7004 0.9634 0.0675 1.001 0.454 0.840
Valen. -0.6077 0.0012 -0.7068 -0.4705 0.0607 1.001 0.694 0.533
VALEN. -0.6584 0.0008 -0.7449 -0.5642 0.0469 1.001 0.370 0.627
Ae — 0.0364 0.0001 0.0259 0.0492 0.0059 1.001 0.980 0.400

Source: The authors

In Figure 10 the estimated curves for the 12 genotypes of the study are plotted. It is
visually observed that the Gamma model, associated with the Logistic growth model, well
represent the average growth behavior of the diameter of the disease over time. Note that the
Irradiada variety remained constant throughout the experiment, in addition to having maintained
their diameters below 2mm, as can also be seen in Figure 11, which indicates that this variety
has much more resistance to citrus canker in relation to the others. On the other hand, the variety
VALEN. was susceptible in the first observations, but in most of the study it remained constant,
that is, it also showed to be resistant to citrus canker disease. However, although the Valen.

variety was less constant, over time, compared to VALEN., both had similar results.
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Figure 10 — Graphs of profiles of the observed values (in gray) and their estimates (in black) referring to
the diameters of the 12 genotype lesions.

Source: The authors

In the first graph of Figure 11, associated with the parameter a, is exposed the HPD
intervals for the representation of the time in which the diameter of the disease reaches its median
value. In this context it is estimated 45 days for the Hamlin variety in contrast to approximately

10 days of the Irradiada variety. The maximum lesion size is described by the ¢ parameter.

In the third graph of Figure 11, it is noted that the two varieties Valen. and VALEN. have
different medians, but they have a very similar range, for the maximum lesion diameter. Already
the Irradiada variety and Valen. have practically equal medians, however they are very discrepant

in relation to the maximum size that their lesion diameters can reach.
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Figure 11 — HPD intervals for the estimates of the estimated parameters: a (left), b (center) and c (right).

Source: The authors
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3.1.3 Conclusion

The generalized nonlinear model proved a reasonable alternative approach. Using the
characteristic, from the adjusted growth curves, would endure the interpretability of the parame-
ters allowed to characterize interesting aspects, like the exposure of several orange genotypes
to citrus canker disease. Statistical evidence points out that the most resistance to citrus canker
disease were Irradiada, Valencia and Valencia 2, respectively. In contrast, the Hamlin genotype

was the most susceptible to the disease.

3.2 Analysis of the second dataset (at this stage, all data

were collected correctly).

3.2.1 Methodology

3.2.1.1 Second experiment

The experiment was conducted in a greenhouse, using a completely randomized design
(MONTGOMERY, 2008; BOX; HUNTER; G, 2005), where 12 orange genotypes were evaluated,
planted in pots. There were 5 repetitions of each genotype, meaning there were 60 pots with
orange plants in the experiment. Six leaves randomly selected from each plant received 6
perforations each, also randomly. Thus, each plant represented a replicate in the experiment. The
leaves were perforated with needles measuring (0.55 x 0.20, mm). The bacterium Xanthomonas
citri subsp. citri was inoculated at a concentration of 108, UFC/mL using a spectrophotometer at
600,nm. Evaluations were performed by measuring the diameter of the lesions as follows: the
diameter of the six lesions on each leaf was measured, and the average was calculated to obtain

a mean value for each leaf. Therefore, in each evaluation, six values were obtained for each
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replicate (pot). Thus, in each evaluation, considering the entire experiment, 360 observations
were recorded (keeping in mind that each observation noted in the database is an average for each
leaf). A total of 8 evaluations were carried out, generating 2880 observations for the database.

The sweet orange cultivars used in the trial were Citrus sinensis, of the pear variety.

Experiment 1, when conducted, did not follow the recommendations proposed by the
research team. In the first trial, a mistake was made in measuring the diameter of the lesions.
Instead of measuring all the perforations on each leaf, allowing for the calculation of the average
value per leaf, only one perforation per leaf was measured in each evaluation, even randomly
each time the experiment was assessed. This was noted when the statisticians began their work
using descriptive statistics. The disease in focus (when it appears) maintains a certain growth
over time (regarding the lesion area) or, at the very least, remains constant (when the lesion area
does not increase in size). At certain moments, the descriptive statistics showed that these lesion
areas even decreased and then started to grow again (which does not align with the agronomic

literature).

Experiment 2 was planned exactly as intended.

3.2.2 Proposed solution to the problem

3.2.3 New exploration

In Figure 13, a direct comparison between the data collected in the first and second trials
can be seen. The key point of attention is the reduction in variability; it is noticeable that the
replicates from the second trial are less dispersed than those from the first. Moreover, patterns
that were previously less evident for some genotypes became more pronounced in the second

collection, as seen in the genotypes Irradiada, Valen., and VALEN.

After adjusting the four growth models, the parameters estimations of selected model are
presented in Table 5 with the standard deviation (of posteriori distribution), the 95% credibility
interval, the standard error associated with the estimates, as well as the convergence criteria used

in this study are included. According to the proposed criteria, all chains converged.

Observing the general results obtained for the parameters a, b and c, the great variation
among genotypes estimates remains, indicating that there is a peculiar behavior inherent to
each genotype when exposed to this disease. In addition, it is also possible to see that there is
heterogeneity within the observations with respect to the parameter c, indicated by the parameter
estimate A, = 0.337, compared to A, < le — 3.

In Figure 14, the estimated curves for the 12 genotypes in first and second the study
are displayed. It can be visually observed that the Gamma model, combined with the Logistic
growth model, effectively captures the average growth pattern of the disease diameter over time.

Notably, the genotypes Irradiada, Valen. and VALEN throughout the experiment in the first data
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Figure 13 — Graphs of profiles of the observed values for the first and second data collection (in transparent
red and blue, respectively) and their averages (in solid red and blue) referring to the diameters
of the lesions of the 12 genotypes.

Source: The authors

Table 5 — Summary measures for lesion diameter, taking into account the genotype.

95% Credibility Interval ~ Standard Error Convergence Diagnosis
Parameter Orange Genotype Posteriori Mean Standard Deviation 2.5% 97.5%  Time-Series  GR statistics HW p-value GW p-value
Hamlin -0.0252 0.0000 -0.0268 -0.0236 0.0008 1.002 0.806 0.946
Irradiada 0.0192 0.0000 0.0174 0.0211 0.0009 1.007 0.233 0.825
Itapetinig 0.0140 0.0000 0.0123 0.0159 0.0009 1.004 0.870 0.955
a Paloma 0.0024 0.0000 -0.0003 0.0050 0.0014 1.002 0.518 0.765
Pera IAC 0.0014 0.0000 -0.0014 0.0041 0.0014 1.002 0.545 0.439
Pera Mga 0.0061 0.0000 0.0039 0.0083 0.0011 1.003 0.543 0.710
Pera Ori. -0.0056 0.0000 -0.0084 -0.0028 0.0014 1.000 0.923 0.841
Prec. Ori 0.0034 0.0000 0.0014 0.0055 0.0010 1.003 0.941 0.800
Puka 0.0050 0.0000 0.0025 0.0076 0.0013 1.001 0.056 0.870
Sanguine 0.0170 0.0000 0.0153 0.0190 0.0009 1.007 0.328 0.672
Valen. -0.0087 0.0001 -0.0158 -0.0020 0.0036 1.000 0.173 0.317
VALEN. -0.0022 0.0001 -0.0115 0.0045 0.0041 1.004 0.735 0.340
Aa — 0.0007 0.0001 0.0000 0.0019 0.0006 1.228 0.398 0.851
Hamlin 20.6251 0.0000 20.6175 20.6326 0.0039 1.000 0.536 0.428
Irradiada 360.5690 0.0000 360.5611 360.5767 0.0040 1.000 0.300 0.847
Itapetinig 150.6056 0.0000 150.5980 150.6133 0.0039 1.000 0.501 0.584
a Paloma -5.0901 0.0001 -5.1107 -5.0702 0.0104 1.001 0.871 0.797
Pera IAC -5.9777 0.0002 -6.0049 -5.9506 0.0138 1.000 0.258 0.453
Pera Mga -0.9280 0.0000 -0.9369 -0.9190 0.0046 1.001 0.219 0.890
Pera Ori. -7.3634 0.0001 -7.3792 -7.3469 0.0083 1.000 0.343 0.916
Prec. Ori 10.3648 0.0000 10.3565 10.3730 0.0042 1.001 0.472 0.916
Puka -4.4415 0.0001 -4.4606 -4.4223 0.0097 1.001 0.166 0.972
Sanguine 145.0473 0.0000 145.0395 145.0549 0.0039 1.000 0.717 0.741
Valen. -16.1634 0.0002 -16.1924 -16.1346 0.0146 1.001 0.727 0.654
VALEN. -19.9117 0.0001 -19.9373 -19.8864 0.0129 1.000 0.250 0.388
Hamlin 1.1746 0.0001 1.1671 1.1821 0.0039 1.001 0.791 0.859
Irradiada 0.5292 0.0000 0.5215 0.5370 0.0039 1.000 0.469 0.986
Itapetinig 1.3118 0.0000 1.3040 1.3194 0.0039 1.001 0.011 0.446
¢ Paloma -0.1434 0.0002 -0.1637 -0.1232 0.0104 1.000 0.234 0.716
Pera IAC -0.2111 0.0002 -0.2380 -0.1843 0.0136 1.001 0.504 0.508
Pera Mga 0.0587 0.0001 0.0496 0.0679 0.0046 1.000 0.591 0.720
Pera Ori. -0.0108 0.0001 -0.0271 0.0057 0.0083 1.001 0.677 0.508
Prec. Ori 0.1846 0.0001 0.1764 0.1926 0.0042 1.000 0.957 0.805
Puka -0.1540 0.0001 -0.1729 -0.1351 0.0096 1.001 0.970 0.554
Sanguine 0.8317 0.0000 0.8241 0.8392 0.0039 1.000 0.421 0.407
Valen. -0.6056 0.0002 -0.6344 -0.5775 0.0145 1.000 0.179 0.269
VALEN. -0.6558 0.0001 -0.6806 -0.6309 0.0127 1.000 0.102 0.151
Ae — 0.3369 0.0013 0.2779 0.4076 0.0333 1.002 0.887 0.852

Source: The authors
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collection appears to exhibit growth behavior in the second data collection. Furthermore, they all

remain significantly more resistant to citrus canker compared to the others.
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Figure 14 — Graphs of profiles of the observed values (in gray) and their averages (in black) referring to
the diameters of the lesions of the 12 genotypes.

Source: The authors

Now, to carry out the comparison proposed in this study, observe in Figure 15 the
posterior distributions of the first and second data collections. Keep in mind that the posterior
distribution of the first collection was used as the prior for the model fitted to the data from the
second collection. It is clear that the experimental errors from the first collection did not affect
the results and interpretations regarding the parameters b and c of the proposed model. On the
other hand, the parameter a appears to have been influenced in some genotypes, such as VALEN,
Valen., Puka, Pera IAC, and Paloma.
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Figure 15 — HPD intervals for the estimates of the estimated parameters: a (left), b (center) and c (right)
for the 12 genotypes and 2 data collections.

Source: The authors

Since the previous visualization may carry a certain degree of subjectivity, Figure 16
presents the posterior distribution for the differences between the distributions shown earlier. In
this context, it is confirmed that the parameters b and ¢ were indeed not influenced, and that the
parameter a showed differences significantly distant from zero (from the perspective of the 95%
credibility interval) only for the genotypes VALEN and Pera IAC.
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Figure 16 — Graphs of a posteriori differences for the 12 genotypes.

Source: The authors
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3.2.4 Conclusion

The proposed method demonstrates a strong capability to evaluate the statistical re-
peatability of results in agronomic trials. By leveraging posterior distributions and comparing
them across multiple data collections, the method provides a robust for assessing consistency
in experimental outcomes. This allows for the detection of whether key parameters, such as
growth rates or disease resistance measures, remain stable across repeated trials. As a result, the
method reduces the subjectivity associated with visual comparisons and enhances the reliability

of interpretations, particularly for genotypes under study.

Furthermore, the statistical repeatability of the method ensures that any observed vari-
ability can be attributed to true biological differences rather than experimental errors or random
fluctuations. This is particularly valuable in agronomic studies, where environmental factors
and natural variability can complicate the interpretation of results. By confirming that core
parameters remain consistent across trials, the method provides stronger evidence for the validity
and robustness of agronomic findings, allowing for more confident decision-making in breeding

programs or agricultural management strategies.
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CHAPTER

LONGITUDINAL BAYESIAN ZERO-INFLATED
BETA REGRESSION FOR CITRUS CANKER
RESISTANCE IN ORANGE ROOTSTOCKS

4.1 Methodology

Preliminary

Given a random variable Y with open support U = (0,1) C R (that is, Y represents
proportions). These bounds correspond to the beta probability distribution, which is commonly

used for modeling proportions.

A Beta Regression model is a statistical model that explores the existence and quantifies
any potential relationships between Y and the presence of a set of factors that influence its

behavior.

Beta Regression models have a range of applications and are commonly used to shed light
on understanding various phenomena of interest across diverse knowledge domains (SMITHSON;
VERKUILEN, 2006). These models can help answer questions related to average proportions of
interest. These data are sourced from areas such as agriculture, including soil fertility, climate,
agricultural pests, wood and food production, as well as fields such as healthcare, finance,
engineering, education, among many others (KORHONEN et al., 2007) (IBANEZ; PRADES:;
SIMO, 2011) (MENDONCA; SILVESTRE; PASSOS, 2011) (MORAES; ROCHA; MACHADO,
2012) (MULLEN; MARSHALL; MCGLYNN, 2013).

Despite the Beta Regression model being designed for proportion data, it has a limitation
associated with its support as the model, in its original form is unable to model data that contains

zeros. Thus, if the data are proportions, a zero-inflated version of the model must be used. This



Chapter 4. Longitudinal Bayesian Zero-Inflated Beta Regression for Citrus Canker Resistance in Orange
78 Rootstocks

is the approach adopted in this study.

Experimental design that generated the data

According to Gongalves-Zuliani (2014b), the experiment was conducted in a rural area
in the city of Paranavai, Parand, Brazil, at Latitude 23° 1’ S, Longitude 50° 41° W, at an altitude
of 467 meters above sea level. The genotypes were planted with a spacing of 2.5 meters between
plants and 6.0 meters between rows. As four rootstocks were combined with nine genotypes,
and the experiment was conducted with ten replicates for each rootstock-genotype combination,

a total of 360 orange seedlings were planted.

All necessary cultivation practices for the successful development of this agricultural
crop were carried out. Once the plants reached two years of age, five assessments were conducted
in 2010, 2011, and 2012. To perform these assessments, four random branches were selected
from each orange tree. The total number of leaves and the total number of diseased leaves were
counted. This allowed for the calculation of the proportion of diseased leaves for each tree in

each assessment. As five assessments were conducted, the database included 1800 observations.

Genotypes used in the experiment (top part of the grafting): 1 - Arapongas; 2 -
Bianchi; 3 - EEL; 4 - IAC; 5 - TAC2000; 6 - IpigualAC; 7 - N58; 8 - N59; 9 - Olimpia.

Rootstocks (bottom part of the grafting): 1 - Laranja Caipira (Citrus sinensis (L.)
Osbeck); 2 - Limao Cravo (Citrus limonia (L.) Osbeck); 3 - Tangerina Cledpatra (Citrus reshni
hort. ex Tanaka); 4 - Tangerina Sunki (Citrus sunki (Hayata) hort. ex Tanaka).

Zero-Inflated Beta distribution

The Beta probability distribution, Be(p, g) is a real-valued, continuous distribution with

two shape parameters, denoted as ¢ > 0 and p > 0, with density function

foe(v| p,g) = )y”_l(l—y)"_l, 0<y<l,
Its parameters ¢ > 0 and p > 0 shape the form, and the letter I" represents the Gamma

function itself.

The Beta probability distribution can take on various shapes due to its flexibility. These
shapes can be constant, U-shaped, strictly increasing, or strictly decreasing. It will take on the
form of a uniform distribution when p = g # 1. It will be strictly increasing (negatively skewed
unimodal) when p > g; it will be strictly decreasing (positively skewed unimodal) when p < g,

and it will be symmetrically unimodal (U-shaped) when p =g # 1.
The mean and variance of this probability distribution are as follows:

p pq
E(Y|p,g)=—— and  Var(Y|p,q) =

p+q (p+q)?(p+q+1)
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To implement this model, the probability density function of the Beta distribution
Beta(p,q) was reparameterized. For this we let 6 = p+¢ and u = p/(p+¢q). Thus o > 0
and 0 < p < 1. Note also that p = o and ¢ = 6(1 — u). Thus, under this parameterization, the
probability density function of Beta(p, q) takes the following form

I'[o]

Y (1 =y)ot T o<y <,
sulto(i—p) 7Y

gee(y | P,q) = i

in this context, 6 > 0 represents the scale parameter, i € (0, 1) represents the location parameter.

The Beta distribution may not be used to model our data as it contains zeros. To do this,
we use a special form of a mixture model, the Zero-Inflated Beta distribution. This distribution

has a three-parameter probability density function

gzime(y | V, 11, 0) = [V 'O (1= v) fe (v 1, 0) |10 o<y < 1.

Continuing, the parameters represented: v € (0, 1) for shape, u € (0, 1) for location, and 6 > 0
for scale. When y = 0, 110 (y) = 0, and when y # 0, 1;9y(y) = 1. Furthermore, the variance and
mean of ZIBe(v, i, o) will be

p(l—p)

EY |v,u,0)=(1—v)u and Var(Y|v,u,0)=(1-v) {G—Hqtvuz} :

Zero-Inflated Beta regression model

Some examples of modeling the expected value of the Beta distribution, Beta(p,q),
were conducted years ago in previous works found in the literature of the field (JORGENSEN,
1997) (CEPEDA-CUERVO, 2001) (PAOLINO, 2001) (KIESCHNICK; MCCULLOUGH, 2003).
Shortly thereafter, Ferrari and Cribari-Neto (2004) published a scientific article that brought
theoretical and methodological advances to the field of statistics. Working directly with the
Beta probability distribution, these authors proposed the Beta Regression Model. This became
possible because, in their attempts to model the expected value in the Beta distribution Beta(p, ¢),
they used the parameterization of the distribution in the form Beta(u, ) in conjunction with the
theories of Generalized Linear Models. Information on this subject can also be found in the work
of Nelder (NELDER; WEDDERBURN, 1972). These publications and studies led to various
scientific articles and new modeling approaches (CEPEDA-CUERVO, 2014).

However, the previously mentioned works demonstrate promising results in cases where
adequate sample sizes are available. For smaller sample sizes, other approaches use modified
likelihood methods to provide more robust estimates and inferences (FERRARI; PINHEIRO,
2011).

Continuing with contributions related to modeling involving the Beta probability dis-
tribution, specifically focused on diagnostic analyses of this modelRocha and Simas (2011),
Ferrari, Espinheira and Cribari-Neto (2011), Chien (2011), Anholeto, Sandoval and Botter
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(2012) discussed and published more sophisticated works that introduced influence metrics, new
graphical approaches, and new types of residuals for diagnostics. Also contributing to the growth
of this field, Zhao et al. (2014) proposed a novel variable selection method (involving models
with constant dispersion). In a similar vein, to further strengthen these statistical methodolo-
gies, expanding the range of possibilities and aiming to achieve even more robust and diverse
approaches for comprehensive data analysis, Latif Latif and Yab (2015) presented a new way to
optimize experimental design for experiments with the Beta Regression model: Beta(u, ). This

approach can work with just one predictor variable.

The Zero-Inflated Beta Regression model, ZIBe(v, i, 6), was formalized and published
by Ospina (OSPINA; FERRARI, 2012a). As it is relatively recent, its usage has not been as
widespread as regular Beta Regression, according to the literature. Likelihood ratio testing for it
is possible, and there are also comprehensive explanations available regarding the detection of
residuals in modeling using the Zero-Inflated Beta Regression (PEREIRA; CRIBARI-NETO,
2012).

Tang et al. (2023) addressed challenges in modeling zero-inflated ecological data, em-
phasizing the difficulty of interpreting data with many zeros. They propose a zero-inflated Beta
regression model handling two zero types: zeros from habitat inadequacy (modeled by Bernoulli)
and zeros from randomness or incomplete sampling (Left Censoring). Their model, applied to
plant cover data in South Africa’s Cape Floristic Region, incorporates spatial effects for better
prediction. Using Bayesian methods, they explore how environmental factors influence plant

cover, showing that traditional methods inadequately address zero inflation.

Maluf, Ferrari and Queiroz (2024) contributed to beta regression, introducing robust
estimators, the Logit Transformation Minimum Density Power Divergence Estimator (LMD-
PDE) and Logit Transformation Smooth Maximum Likelihood Estimator (LSMLE), which
overcome sensitivity to outliers. These estimators avoid restrictive parameter conditions of
prior methods, maintaining robustness and reliable asymptotic properties. Their new R pack-
age, robustbetareg, supports implementation and includes an algorithm to optimize tuning,

demonstrating utility through health insurance coverage data.

Xia and Sun (2023) explored microbiome data, introducing models like ZIBe and Zero-
Inflated Beta-Binomial (ZIBB) for handling compositional, zero-heavy data. ZIBe addresses
high-dimensional metagenomic data challenges, while ZIBB manages zero inflation and over-
dispersion in microbiome counts. These models provide robust frameworks for hypothesis testing

and model fitting, enhancing analysis of complex microbiome datasets.

Model definition

Given random observations independent distributed ¥ = (¥ ,...,Y ;)T, here each el-
ement ¥Y; = (Yj,...,Y,,), with i = 1,... N, denotes a vector of n; repeated observations for

i-th individual. Conditional on the random effects vectors, denoted by ¥;,, ¥;, and ¥,;, the
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set Y1,...,Yi,, with i = 1,...,N, are independent ZIBe(V;;, U;;, 0;;) distributed random vari-
ables. The random effects are independent of each other with Multivariate Normal with mean
vector equals 0 and with the covariance matrix G, L G;l and G;l, respectively. Based on
the construction of a Generalized Additive Model for Location, Scale and Shape (GAMLSS)
(RIGBY; STASINOPOULOS, 2005), each parameter v;, u; and o; of ZIBe(V;, W;, 0;) through a
link function, Y; is linked to the model. At this moment the ZIBe regression will be defined as
follows ,
Yii | Yivs Yigs Yio ™ ZIBe(vij, 1, 03)),
iid

Yiv ~ N(0,Gy), i=1,...,N,
Yo S N(0,Gy), i=1,...n
Yio SN(0,Gy),

Furthermore, the parameters V;;, l;; and o;; satisfy the functional relationships

gv(Vij) = Nijv :xiijﬁv +z$v7iv7
T T

gu(Mij) = Niju = xijuﬁu T ZijuYius
T T

g5 (0ij) = Nijo :xijO'BG tZijoYio-

In this context, it is understood that for each distribution parameter v, or ¢ represented
generically by the symbol o we have x;jo = (X1jjo,...,X; jo)T is a vector of observations drawn
from an explanatory variables related to the fixed effects of the j-th evaluation of the i-th
€ase; Zijo = (Zlijos - - - 1Zqli jo)T is a vector of observations drawn from an explanatory variables
related to the random effects of the j-th evaluation of the i-th case; B, = (Bio,- .., JéO)T, isa
parameter vector related with fixed effects in distribution parameter; ¥;, = (¥io, . - -, ¥z, o), isa
random effect vector related to i-th individual on the distribution parameter; G, ' = G (Ao), are
generalized inverse of symmetric matrices G, = G.(A,), of order g, X ¢o, which may depend

on hyperparameter vectors A.

Finally, for the prior distribution of the regression coefficients B, we used N(0,0.001) to
represent a relatively non-informative prior, minimizing its influence on the results and allowing
the data to drive the inference. For the dispersion parameters A, we selected Gamma(0.01,0.01)
to reflect a broad, flat prior with high variance and low mean, accommodating a wide range of

possible values.

Expectation and variance

Taking into account, the binding terms g5 and gy, g, to v, 0 and U, we have estimated
values for the variance of Y;;, in addition to covariance and correlation between Y;; and Y(,- )
that can be obtained conditional for random effects, or can be determined marginally by the

expressions

E(Yij) = E[EW | Viv: Yip: Yio)] = E[(1 = vij)pij] = [1 = E(vij)[E(uij),
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and
Var(Yij) = Var [ E(Yl] ’ Yiw'ywv’/ic) ] +E[Var(Yij | Yivvyiuvyio) }

pij (1 — i)
(Gij+1)+v,-jui2j 7

= Var [ (1 —vij)u,-j} +E {(1 - Vij)

and
Cov(Yij:¥j) = Cov [ E(¥ij | Yiv, Yigs Vie)sE(Yij | v, Vi, YVio) |+
E[ Cov(Y; | Yivs Yiw> Yios Yij | Yivs Yius Yio) ]
= Cov [ (1 —vij)pijs (1 — vijr) iy |
=E[ (1= vij)uij (1 = vip) iy | —E[ (1= vij)pij JE[ (1= vij)ip |,
and

Co Y:i: Y
Corr(Yij;Yl.j,) — v(Y;; l]) .
\/ Var(Y;;) Var(Y; )

Given the parameter estimates, the integrals in these expressions can be approximated with a

numerical integration method, such as Gauss-Hermite Quadrature, for example, using the R
package cubature (NARASIMHAN et al., 2023). In this context, interval estimates can be
obtained adopting the Delta Method, using the package msm (Christopher H. Jackson, 2011). On
the other hand, they can even be obtained using MCMC samples, with their respective posterior
distributions, obtained with packages jags (PLUMMER, 2018) and coda (PLUMMER et al.,
2006).

Model selection and convergence criteria

Model selection was conducted using three main criteria. The Deviance Information
Criterion (DIC) (SPIEGELHALTER et al., 2002) combines the deviance, which measures model
fit, with a penalty for the effective number of parameters to prevent overfitting; a lower DIC
value indicates a better model. The formula for DIC is DIC = 2D(8) — D(é) The Extended
Akaike Information Criterion (EAIC) (BROOKS et al., 2002) is an extension of the Akaike
Information Criterion (AIC) that adds penalties for parameter count and model structure, making
it suitable for complex models. A lower EAIC indicates a better balance between model accuracy
and parsimony, and it is calculated as EAIC = D(0) + 2k, with k being the number of parameters
estimated. Lastly, the Extended Bayesian Information Criterion (EBIC) (BRADLEY; THOMAS,
2008), an enhancement of the Bayesian Information Criterion (BIC), is given by EBIC =

D(0) + kIn(n), where n represents the sample size. In all cases, D(6) denotes the a posteriori

mean of deviations and D(6) denotes a posteriori quality measure for data adjustment. In

addition, k denotes the number of parameters estimated in the model.

To evaluate chain convergence, both numerical and graphical methods were employed.

For numerical convergence diagnostics, three criteria were used. The Gelman and Rubin (GR)
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statistic (GELMAN; RUBIN, 1992; BROOKS; GELMAN, 1998) runs multiple parallel MCMC
chains and compares within—and between—chain variances. When the GR statistic is close to 1,
typically with a threshold of GR < 1.1, the chains are considered to have converged. Geweke’s
method (GW p-value) (GEWEKE, 1992) compares the means of the first and last parts of the
MCMC chain to check for statistical similarity, where a p-value above 5% indicates convergence.
Heidelberger and Welch (HW p-value) (HEIDELBERGER; WELCH, 1983) consists of a two-
step process: testing for stationarity using the Cramer-von Mises test, and checking accuracy by
ensuring the credible interval’s half-width-to-mean ratio is below a threshold. If both tests are

passed with a p-value above 5%, the chain is deemed converged.

Graphical methods also aided in convergence diagnostics. These included histograms
and density estimates for a posteriori approximation, trace plots to visualize chain stability, limit

mean plots, and autocorrelation functions.

Computational Aspects

The ZIBe(V, u, o) distribution was adjusted to 1800 original observations for incidence
per subject (36 clones x 5 evaluations x 10 repetitions), considering the influence of explanatory

variables and effect of time.

* All of them used a priori were little or non-informative. In particular, normal flat, N(0,0.001)

for the real parameters, and gamma flat Gamma(0.01,0.01) for positive parameters.

* In all simulated contexts, the R (R Core Team, 2018) software was used to compute the results
using the RStudio (RStudio Team, 2015) interface.

* The simulations of the samples of the a posteriori distributions, as well as the models were
achieved with packages jags (PLUMMER, 2018) and coda (PLUMMER et al., 2006). In
addition to coding the model to be sampled with jags, as carried out in this study, it is
also possible to use a facilitating framework, such as the zoib package (KONG, 2023) or
even adjust this model under the facilitated framework for STAN with the brms package
(BiRKNER, 2021).

* The tests used for chain diagnosis are implemented in the coda package and the diagnostic

graphs are implemented in the ggmcme (MARIN, 2016) package.

* 15,000 iterations were considered as adaptation time for the simulation. The burn-in was
35,000 and the sample used was 100,000 with jumps from 100 to 100 in order to generate

independent samples.

* Descriptive and diagnostic charts were constructed using ggplot2 (WICKHAM, 2016).
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4.2 Proposed solution to the problem

To address and understand the occurrence of citrus canker infection in orange tree leaves,
a statistical modeling approach was employed using the Zero-Inflated Beta Regression model
ZIBe(v, 1, o). In this modeling, the disease incidence was represented by Y (in the experimental
context, the number of diseased leaves divided by the total number of leaves collected), which,
in turn, is influenced by two categorical covariates: rootstock and genotype. The rootstock was
denoted as RS with the following categories: Tangerina Cleopatra, Laranja Caipira, Tangerina
Sunki and Limdo Cravo). The genotype, on the other hand, was represented as GE with the
respective categories: Olimpia, Arapongas, N59, Bianchi, Ipigud IAC, ELL, IAC 2000, N58 and
IAC.

Exploratory analysis

The exploratory analysis began by examining the behavior of observations grouped by
evaluation. The histograms in Figure 17 depict the incidence measures observed across each of
the five evaluations. It reveals that the proportion of uninfected plants varies; however, discerning
specific patterns from this chart is challenging. Additionally, the dispersion of measures seems
to fluctuate, but the average incidence among non-zero observations appears to exhibit a growing

trend over time.

Avaliacé@o: 03 (meses) Avaliacdo: 06 (meses) Avaliacdo: 09 (meses) Avaliagdo: 12 (meses) Avaliagdo: 15 (meses)
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Figure 17 — Histograms for Leaf Citrus Canker Incidence to each tree analyzed considering the evaluation.
The point on the x-axis indicates the sample mean of nonzero observations.

Figures 18 and 19 more clearly demonstrate trends over time. These figures present the
observed incidence in plants already infected (illustrated in the boxplots below) alongside the

proportion of uninfected plants (denoted by points above).

In Figure 18, a growth trend in incidence is observed once a plant is infected. This
trend is fairly consistent across all rootstocks, with the possible exception of the Limao Cravo
rootstock, which appears to maintain a more stable incidence level. Additionally, the ratio of
null observations during the evaluations is noteworthy. Here, the Laranja Caipira rootstock is
distinguished by its high and stable proportion of null observations. Conversely, the Limao Cravo
rootstock shows a high vulnerability, as indicated by a significant decrease in the proportion of

null observations over time.
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Figure 18 — Boxplots of the incidence of citrus canker disease (considering zeros and non-zeros) per
replicate (plant) evaluated taking into account the evaluations or the rootstocks.

As can be seen in Figure 19, the non-zero incidence behavior, represented in boxplots, is
more diverse among genotypes than among rootstocks. Some genotypes stand out by keeping
the incidence low and stable, such as EEL and N59. The Arapongas genotype, strangely, shows
a tendency to fall in incidence. The other genotypes show a tendency to increase incidence.

The proportion of null incidence is close in all genotypes, except for three, as the largest
falls were observed in genotypes IAC and N58, and the Ipigual AC genotype shows the highest
overall proportion of null incidence. In addition, genotype N59, also strangely, exposes an

increase in the proportion of zero incidences.
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Figure 19 — Boxplots constructed with non-zero incidences and observed incidence ratios for incidence of
leaf citrus canker per plant analyzed for genotype and assessment.

Selected Model Fit

To perform model selection, we proposed several possibilities considering, for example,
the presence/absence of the effects of genotype, rootstock, evaluation, etc. Specifically, for the
evaluation effect, we considered the presence of linear, quadratic, and cubic terms. These terms
were included to understand a possible temporal behavior that is not strictly increasing/decreasing,

as with the linear term, but that could represent a point of maximum/minimum incidence from
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which the plant becomes progressively healthier/sicker, either due to some applied management

or specific resistance of the studied genotype-rootstock combination.

After selecting among candidate models, the proposed model, shown in Tables 6 and 7,

has the following form

ind
Yij | Yoiw, Yoiv ~ ZIBe(vij, Wij, 0),

iidN(O;L i=1,...,360,
’YOILL y /.1)7 ]:1, 75’
iid

YOiV ~ N(07 )‘V)7

in this context, the parameters V;;, l;; and o; satisfy the following functional relations

v. .
SRR R

Hij
log(l ! ) = x5, B+ Yoiu
_.u'l]

log(o;) = Poo,

where the vector of parameters to be estimated consists of 8 = (8 I, ﬁ; BocsAv,Ay) T, with

B, = (Bov,Biv,--- ,B13V)T, BM = (Bow: By, - -- ,Blgu)T, and belongs to the parametric space

@={6cR'|B, cR" B, cR" Bys €R,Ay R}, Ay RS}

In addition, the observed covariable vectors for the i-th individual in j-th evaluation are denoted,
respectively, by x;jy = x;ju = (1,AV; j,AVl-zj,PEiT,GEiT)T, where:

* AV;; denotes the number of evaluations (each one equivalent to approximately 3 months)
elapsed up to the j-th evaluation of i-th subject.

* PE; = (PEy,... ,PE3,~)T denotes the indicator vector of the observed rootstock to the i-th
subject. Each of the three components are dichotomous variable denoting, respectively, the
rootstock origin: 1 — Limdo Cravo, 2 — Tangerina Cledpatra, 3 — Tangerina Sunki. Laranja
Caipira rootstock was used as a reference in the model.

* GE; = (GEy;,...,GEg,;)" denotes the indicator vector of the observed genotype to i-th
subject. Each of the eight components are dichotomous variables denoting, respectively,
the genotype origin: 1 — Arapongas, 2 — Bianchi, 3 — EEL, 4 — IAC, 5 — IAC2000, 6 — N58,
7—N59, 8 — Olimpia. IpigualAC genotype was used as a reference in the model.

* %iv and 7%, denote, respectively, the random effects from each subject observed on

parameters vV and U.
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Based on estimates for parameters associated with v, shown in the Table 8, we can
see evidence that the adjusted coefficients to understand the time effect on uninfected plants
proportion indicate a decreasing behavior in the estimates of v with the passage of days, as
—1.0761x + 0.1104x% < 0 whenever 2 < x < 6. In addition, from this behavior, it can be
understood that there is a lessening of this decrease from the fourth evaluation, approximately 12
months. Only the effects of Arapongas, EEL and N59 genotypes are statistically equivalent to
the effect of the genotype from the reference combination (Laranja Caipira + IpigualAC). The

other genotypes and also the rootstocks present a statistically different influence.

Based on parameter estimates (Table 9) associated with the mean incidence among
infected plants, i.e., associated with the u parameter, of distribution ZIBe(V, i, o), it can be
perceived that in the incidence among infected individuals, once Arapongas and EEL genotypes
indicate a significant effect over the reference, this indicates the increase in incidence. All other

effects, from genotypes, rootstocks, and even time, were not significant.

For the precision associated with the incidence measures between infected plants, the

parameter estimate is given in Table 10.
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To understand possible conclusions more visually, consider the color matrix associated
with the information extracted from Table 8. In this context, if a plant from the reference
combination (or the rootstock or genotype classified as statistically equivalent) is considered to
have a chance of being infected equal to one unit, then, in Figure 20 (3, 6, 9, 12 and 15 months),
the equivalent chances (of the reference combination) for observing a zero incidence in any other

combination of rootstock and genotype are shown. From this matrix it can be concluded that:

* The most positively expressive rootstock, whose estimated odds of observing a zero
incidence are the largest, in general, is Laranja Caipira. On the other hand, the Limao
Cravo rootstock is the most fragile in this sense, followed by the Tangerina Sunki and

Tangerina Cleopatra.

* The genotypes that stand out most positively are IpigualAC, Arapongas, EEL and N59, all
statistically equal, followed by genotypes N58, Olimpia and the others.

¢ All estimates for the main odds ratios of interest can be found in the matrix.

IpigualAC Arapongas  Bianchi EEL IAC IAC2000 N58 N59 Olimpia
15 0.0218 0.0218 0.0083 0.0218 0.0067 0.0074 0.0086 0.0218 0.0088
12 0.0189 0.0189 0.0073 0.0189 0.0059 0.0064 0.0075 0.0189 0.0077 » D;J'
9 0.0206 0.0206 0.0079 0.0206 0.0064 0.0070 0.0081 0.0206 0.0083 % Lr-je
6 0.0279 0.0279 0.0107 0.0279 0.0086 0.0094 0.0110 0.0279 0.0113 = g
3 0.0470 0.0470 0.0180 0.0470 0.0145 0.0159 0.0186 0.0470 0.0191
15 0.0270 0.0270 0.0103 0.0270 0.0083 0.0091 0.0107 0.0270 0.0109
12 0.0235 0.0235 0.0090 0.0235 0.0073 0.0080 0.0093 0.0235 0.0095 g g"
" 9 0.0255 0.0255 0.0098 0.0255 0.0079 0.0086 0.0101 0.0255 0.0103 § g
6 6 0.0345 0.0345 0.0132 0.0345 0.0107 0.0117 0.0137 0.0345 0.0140 5 g
'9 3 0.0583 0.0583 0.0223 0.0583 0.0180 0.0197 0.0231 0.0583 0.0236
U|—-) 15 0.0065 0.0065 0.0025 0.0065 0.0020 0.0022 0.0026 0.0065 0.0026
8 12 0.0057 0.0057 0.0022 0.0057 0.0018 0.0019 0.0022 0.0057 0.0023 orC
& 9 0.0062 0.0062 0.0024 0.0062 0.0019 0.0021 0.0024 0.0062 0.0025 E g
6 0.0083 0.0083 0.0032 0.0083 0.0026 0.0028 0.0033 0.0083 0.0034 °o
3 0.0141 0.0141 0.0054 0.0141 0.0043 0.0048 0.0056 0.0141 0.0057
15 0.0836 0.0836 0.0320 0.0836 0.0258 0.0283 0.0331 0.0836 0.0339
12 0.0728 0.0728 0.0279 0.0728 0.0225 0.0247 0.0288 0.0728 0.0295 @) 5
9 0.0790 0.0790 0.0303 0.0790 0.0244 0.0268 0.0313 0.0790 0.0320 % §
6 0.1070 0.1070 0.0410 0.1070 0.0331 0.0363 0.0424 0.1070 0.0433 a E
3 0.1808 0.0693 0.1808 0.0559 0.0612 0.0716 0.1808 0.0732

GENOTYPES

Figure 20 — Color matrix odds ratio estimates, adjusted by ZIBe(V, 1, ) regression model, with normal
random effects, for the occurrence of a zero incidence according to the genotype, rootstocks,
and evaluation after 3, 6, 9, 12 and 15 months.

Source: The authors

To gather some evidence regarding the quality of the fit, one can also observe its result
from the perspective of the parameters v and u. In Figure 21a, it can be seen that the highest

values of v are concentrated in the case where there is no incidence (Y = 0), as expected, since
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we defined Pr(Y = 0) = v. In Figures 21b and 21c, a reasonable predictive power of the inflated

part of the model is observed, based on ROC curve.

AUC: 0.84

AUC ROC

True-positive rate
Proportion

04 06 08 10 0.00 025 075 100 0 5000 20000 25000

050 1 1500
False-positive rate Number of samples

(a) (b) ()

Figure 21 — (a) Predicted values of v for each record in the dataset, compared with the actual observed
condition of incidence, Y = 0 or Y > 0. (b) ROC curve associated with the estimated proba-
bilities v =Pr(Y =0) e 1 — v =Pr(Y > 0). (c) Proportion of parametric bootstrap samples
for which ¥ is higher for ¥ = 0 case than for ¥ > 0 case.

Source: The authors

On the other hand, from the perspective of the model for ¥ > 0, Figure 22 shows,
that the pattern observed in the collected data is reasonably captured by the proposed model,
despite the occurrence of quite discrepant values in some combinations, such as the expressive

“Arapongas-Limao Cravo” and “EEL-Tangerina Sunki”.

Arapongas Bianchi EEL IAC IAC2000 IpigualAC N58 N59 Olimpia
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Figure 22 — For each genotype, rootstock, and evaluation, the observed values (in red dots) and the mean
u=E(Y |Y > 0) with its respective credibility interval resulting from the model.

Source: The authors

In light of the results presented, which aim to identify combinations of rootstocks resistant
to citrus canker, this research also seeks to encourage the eradication of one of the most important
agricultural diseases affecting citrus crops (citrus canker itself). That is, since the vast majority

of farmers around the world no longer practice agriculture by "imitating nature" (which would
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require a radical change in the way of life of the nearly 8 billion inhabitants of Earth), for now, in
addition to the various genetic improvement methods known to science, the best course of action
is to find plants that already possess resistance to potential diseases or to prevent these diseases
from reaching the crops. Another approach, no less important, would be to combine certain
plants that could produce orange orchards more resistant to citrus canker (and other diseases

such as greening (Candidatus Liberibacter spp), for example).

It is important to remember that research of this nature (such as the one presented in this
article) is extremely significant, given the cultivation methods that farmers around the world are
encouraged to practice, primarily due to the financial support provided by their own governments

to promote increasing monoculture.

However, we must remain vigilant and increasingly concerned with plant (and also
animal) production methods worldwide. Achieving greater production in smaller land areas
and with better quality is always a focus for farmers. Yet, extensive rural extension work is
necessary so that farmers are well-guided and have access not only to the technologies developed
(in a simple, direct manner with minimal guidance). It is essential that information reaches
farmers (and that they put it into practice), particularly scientific knowledge and all necessary
management practices for agricultural production aiming at the sustainability tripod: economic,

social, and environmental.

In this way, the whole society benefits. By advancing the best scientific practices already
discovered, technologies will last much longer, costs will decrease, production will be more

sustainable, among many other benefits already identified by researchers in the field.

4.3 Conclusion

This approach has considered the information in the data set more clearly, taking into
account issues not considered in the other analyses. The influence of the rootstock and genotype

on the incidence among the already infected plants can be clarified.

The modeling based on ZIBe distribution was adequate to understand the behavior of leaf
citrus canker incidence, highlighting aspects inherent to the intrinsic resistance of combination
rootstock and genotype, as well as the possibility of infection as to the already infected plant

resistance.

A model, such as this one, provides sufficient and relevant information for decision-
making, indicating the best combination of rootstock and genotype when the priority criterion
is resistant to leaf citrus canker. In addition, such an analysis can be applied to many other

characteristics of interest.

While our initial choice aimed to use non-informative priors—assigning a flat nor-

mal prior N(0,0.001) to each component of the regression vector B and a flat gamma prior
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Gamma(0.01,0.01) for each component of the dispersion parameter vector A—we recognize
that some “flat” priors can still introduce bias under certain conditions. In this context a sensitivity

analysis would be valuable to assess the robustness of the conclusions.
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CHAPTER

CONCLUSION AND FUTURE PROPOSAL

5.1 Conclusions of Chapter 2

After all the necessary meetings and studies, supported by theoretical foundations in
statistics and agronomy, it was possible to develop a platform capable of generating sampling
plans using georeferenced data from orange groves. Thus, all collaborators involved in inspecting
the citrus greening disease in orange orchards will be able to perform their work much faster and

more effectively, without the need to conduct a full census of citrus plantations.

5.2 Future Proposal of Chapter 2

Implement a third methodology on the platform (while maintaining the two initial ones
presented in Chapter 2). Specifically, incorporate the methodology developed by Vila e al.
(2024), where the authors modified the beta distribution to capture bimodality in proportion data.
This enhancement may lead to more robust results for the platform.

Integrate the results obtained and the platform developed in Chapter 2 with drones,
ensuring that 100% of the monitoring and data collection activities become feasible in an

automated and remote manner.

5.3 Conclusions of Chapter 3 (part 1)

The generalized nonlinear model proved a reasonable alternative approach. Using the
characteristic, from the adjusted growth curves, would endure the interpretability of the parame-
ters allowed to characterize interesting aspects, like the exposure of several orange genotypes
to citrus canker disease. Statistical evidence points out that the most resistance to citrus canker

disease were Irradiada, Valencia and Valencia 2, respectively. In contrast, the Hamlin genotype



96 Chapter 5. Conclusion and Future Proposal

was the most susceptible to the disease.

5.4 Future Proposals for Chapter 3 (Part 1)

Seek partnerships for further work addressing similar problems, so that we can propose
new types of solutions for cases where the data exhibit characteristics identical or similar to
those in this chapter. I believe that countless researchers in the field of agricultural sciences have

problems to be solved in this same context.

5.5 Conclusions of Chapter 3 (part 2)

The proposed method demonstrates a strong capability to evaluate the statistical re-
peatability of results in agronomic trials. By leveraging posterior distributions and comparing
them across multiple data collections, the method provides a robust for assessing consistency
in experimental outcomes. This allows for the detection of whether key parameters, such as
growth rates or disease resistance measures, remain stable across repeated trials. As a result, the
method reduces the subjectivity associated with visual comparisons and enhances the reliability

of interpretations, particularly for genotypes under study.

Furthermore, the statistical repeatability of the method ensures that any observed vari-
ability can be attributed to true biological differences rather than experimental errors or random
fluctuations. This is particularly valuable in agronomic studies, where environmental factors
and natural variability can complicate the interpretation of results. By confirming that core
parameters remain consistent across trials, the method provides stronger evidence for the validity
and robustness of agronomic findings, allowing for more confident decision-making in breeding

programs or agricultural management strategies.

5.6 Future Proposals for Chapter 3 (Part 2)

Seek partnerships for further work addressing similar problems, so that we can propose
new types of solutions for cases where the data exhibit characteristics identical or similar to
those in this chapter. I believe that countless researchers in the field of agricultural sciences have

problems to be solved in this same context.

5.7 Conclusions of Chapter 4

This approach has considered the information in the data set more clearly, taking into
account issues not considered in the other analyses. The influence of the rootstock and genotype

on the incidence among the already infected plants can be clarified.
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The modeling based on ZIBe distribution was adequate to understand the behavior of leaf
citrus canker incidence, highlighting aspects inherent to the intrinsic resistance of combination
rootstock and genotype, as well as the possibility of infection as to the already infected plant

resistance.

A model, such as this one, provides sufficient and relevant information for decision-
making, indicating the best combination of rootstock and genotype when the priority criterion
is resistant to leaf citrus canker. In addition, such an analysis can be applied to many other

characteristics of interest.

While our initial choice aimed to use non-informative priors—assigning a flat nor-
mal prior N(0,0.001) to each component of the regression vector B and a flat gamma prior
Gamma(0.01,0.01) for each component of the dispersion parameter vector A—we recognize
that some “flat” priors can still introduce bias under certain conditions. In this context a sensitivity

analysis would be valuable to assess the robustness of the conclusions.

5.8 Future Proposals for Chapter 4

As soon as possible, seek more modern and even adapted methodologies to conduct work

aimed at solving problems similar to the one presented in Chapter 4.
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