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RESUMO

MALIKOUSKI, Renan Garcia, D.Sc., Universidade Federal de Vigosa, marco de 2023.
Métodos estatisticos na avaliacio da repetibilidade genotipica em lima acida ‘Tahiti’.
Orientador: Leonardo Lopes Bhering.

Frutiferas perenes como a lima 4cida ‘Tahiti’ tiveram sua drea de cultivo aumentada nos dltimos
anos devido ao acréscimo no consumo dos seus frutos na preparacdo de alimentos e bebidas.
Para atender a demanda pela produgio, a utilizacao de variedades com alto potencial produtivo
recebe destaque como um método de potencializar o cultivo pela alta eficiéncia e
sustentabilidade. A perenidade da lima acida ‘Tahiti’, assim como em outras espécies, requer a
utilizagdo de métodos estatisticos de selecao que isolem efeitos ambientais e possibilitem a
identificacdo apenas da fracdo genética entre os candidatos. Portanto, a busca de métodos de
andlise que possam corroborar para aumentar a eficiéncia e a confiabilidade na avaliacdo dos
dados em experimentos € de suma importancia para o progresso no melhoramento genético.
Diferentes métodos estatisticos foram aplicados em um conjunto de dados de lima 4cida ‘Tahiti’
a fim de investigar a repetibilidade genética na cultura. Sendo assim, 24 gen6tipos, constituidos
de 12 variedades de copa enxertados em 2 hibridos como porta enxerto foram avaliados ao
longo de 4 anos para caracteristicas produtivas, vegetativas e de qualidade de frutos. Em um
primeiro artigo, objetivou-se estimar parametros genéticos como o coeficiente de repetibilidade
através de um modelo linear misto, a fim de determinar o nimero 6timo de medidas para se
avaliar os genétipos com acurdcia e precisdo. Em resumo, quatro colheitas foi o nimero
recomendado para identificar combina¢des com base em caracteristicas produtivas. A selecio
com base em vdrias caracteristicas simultaneamente € um processo importante e necessario de
ser realizado, porém desafiador, dado a diversidade de genes que controlam essas caracteristicas
com variadas magnitudes de efeitos e a interacdo destes com o ambiente. Deste modo, em um
segundo capitulo, aplicou-se a metodologia de regressdo aleatéria no conjunto de dados e
prop0s-se um indice de selecdo com as dreas abaixo das curvas dos valores genéticos preditos,
obtidos pelos coeficientes de regressdo aleatdrios para caracteristicas produtivas e vegetativas.
Constatou-se que modelos de regressdo aleatéria lidam adequadamente com medidas repetidas,
dados desbalanceados e sdo recomendados para lidar com interagdes ambientais. A
metodologia aplicada permitiu a predi¢do de valores genotipicos para medi¢des ndo avaliadas
e recomendacdo de gendtipos superiores com base em caracteres simultaneamente. Ao

selecionar ou recomendar genotipos superiores, a utilizacdo de conceitos de probabilidade,



advindos da inferéncia bayesiana podem aumentar a confiabilidade, permitindo a identificacao
de genétipos superiores e estdveis, aumentando assim a eficiéncia de um programa de
melhoramento. Em um terceiro estudo, testou-se a aplicabilidade de um modelo probabilistico
bayesiano para a recomendacdo de lima acida ‘Tahiti’ através de pardmetros de performance e
estabilidade. Ajustou-se um modelo probabilistico por meio de um algoritmo amostrador de
Monte Carlo Hamiltoniano. Calculou-se a probabilidade de superioridade do valor genético de
cada gendtipo no contexto geral e em cada colheita, bem como a probabilidade da inferioridade
da interacdo genodtipos x colheitas. Os resultados mostraram a aplicabilidade do modelo
probabilistico bayesiano através de componentes de varidncia acurados, valores de
probabilidade para as comparagdes de performance e estabilidade e intervalos de credibilidade

para os parametros obtidos.

Palavras-chave: Citrus latifolia. Dados longitudinais. Modelos mistos. Inferéncia bayesiana.



ABSTRACT

MALIKOUSKI, Renan Garcia, D.Sc., Universidade Federal de Vigosa, March 2023.
Statistical methods in the evaluation of the genotypic repeatability of 'Tahiti' acid lime.
Advisor: Leonardo Lopes Bhering.

Perennial fruit trees such as the 'Tahiti' lime have seen an increase in cultivation in recent years
due to the rise in consumption of its fruits in food and beverage preparation. To meet the
demand for production, the use of varieties with high productivity potential is highlighted as a
method to enhance cultivation for high efficiency and sustainability. The perennity of the
"Tahiti' lime, as with other species, requires the use of statistical selection methods that isolate
environmental effects and allow for the identification of only the genetic fraction among the
candidates. Therefore, the search for analytical methods that can increase efficiency and
reliability in data evaluation in experiments is of utmost importance for progress in genetic
breeding. Different statistical methods were applied to a set of 'Tahiti' lime data to investigate
genetic repeatability in the culture. Thus, 24 genotypes, consisting of 12 graft varieties on 2
hybrids as rootstock, were evaluated for productive, vegetative, and fruit quality characteristics
over 4 years. Initially, the objective was to estimate genetic parameters such as the repeatability
coefficient through a mixed linear model, to determine the optimal number of measurements
for accurate and precise genotype evaluation. In summary, four harvests were recommended to
identify combinations based on productive characteristics. Selection based on multiple
characteristics simultaneously is an important and necessary process to perform, but
challenging given the diversity of genes that control these traits with varying magnitudes of
effects and their interaction with the environment. Thus, in a second paper, the random
regression methodology was applied to the data set and a selection index was proposed with the
areas under the curves of the predicted genetic values, obtained by the random regression
coefficients for productive and vegetative traits. It was found that random regression models
handle repeated measures and unbalanced data adequately and are recommended for dealing
with environmental interactions. The applied methodology allowed the prediction of genotypic
values for unmeasured traits and the recommendation of superior genotypes based on multiple
traits simultaneously. When selecting or recommending superior genotypes, the use of
probability concepts, derived from Bayesian inference, can increase reliability, allowing for the
identification of superior and stable genotypes, thus increasing the efficiency of a breeding

program. In a third study, the applicability of a Bayesian probabilistic model was tested for the



recommendation of 'Tahiti' lime through performance and stability parameters. A probabilistic
model was fitted using a Hamiltonian Monte Carlo sampling algorithm. The probability of
superiority of the genetic value of each genotype in the overall context and in each harvest, as
well as the probability of inferiority of the genotype x harvest interaction, were calculated. The
results showed the applicability of the Bayesian probabilistic model through accurate variance
components, probability values for performance and stability comparisons, and credibility

intervals for obtained parameters.

Keywords: Citrus latifolia. Longitudinal data. Mixed models. Bayesian inference.
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INTRODUCAO GERAL

A lima &cida ‘Tahiti’ € uma das espécies citricolas com maior importancia no Brasil e
no mundo, e apresenta crescentes indices de exportagdo para paises europeus devido ao
aumento de utilizacdo para a alimentacdo humana (BOTINA et al., 2019). O aumento do
consumo da lima acida ‘Tahiti’ requer uma otimizagao continua do seu cultivo que envolvem
préticas de manejo agrondmico cada vez mais eficientes (RIOS-ROJAS et al., 2020). Dentre as
formas de aprimorar o manejo de uma espécie cultivada, o uso de variedades com elevado
potencial através do melhoramento genético destaca-se por ser uma técnica eficiente, de amplo
espectro de aplicacdo e sustentdvel (COOPER e MESSINA, 2021).

O melhoramento de plantas estd relacionado a sele¢ao de gendtipos superiores, os quais
podem ser utilizados em cruzamentos ou recomendados para o plantio, seja via propagacao
vegetativa ou seminal (RESENDE et al.,, 2012). Neste contexto, melhoristas de espécies
perenes, como a lima 4cida ‘Tahiti’, devem lidar com um grande desafio, que é a permanéncia
das plantas no campo de producdo durante anos. Individuos nesta situacdo estdo sujeitos a
diferentes condicoes climdticas ou formas de manejo, o que causa expressdo diferencial do
fenétipo e dificulta a separacdo das fragdes da varidncia fenotipica que possuem causas
ambientais daquelas de causas genéticas (VIANA e RESENDE, 2014). Além de incidir sobre
as plantas e dificultar a identificacdo de seu potencial genético, o efeito ambiental no contexto
de medidas repetidas pode ser de dois tipos, o que leva a diferentes consideragdes e formas de
contorna-lo (ANNICCHIARICO, 2002). O efeito ambiental permanente, presente durante todo
o ciclo da cultura, e o efeito ambiental temporario, que € uma acdo pontual que afeta o
desenvolvimento da cultura em certa fase durante seu estdgio de desenvolvimento (ALLARD
e BRADSHAW, 1964).

Para que a selecdo seja feita de forma eficiente a utilizagcdo de ferramentas estatisticas é
preponderante, pois a partir destas é possivel identificar os efeitos ambientais, isoléd-los, e
permitir a captura apenas da fracdo genética. Tradicionalmente, o método mais empregado no
melhoramento vegetal € a andlise de variancia (ANOVA). No entanto, situacdes corriqueiras
nos programas de melhoramento, tais como a presenca de desbalanceamento no conjunto de
dados (STOCHERO et al., 2020) a ndo ortogonalidade e ndo-equidistancia entre as avalia¢des
ao longo do tempo (MATHEWS e CROSSA, 2022) prejudicam a confiabilidade dos seus
resultados (CELLON et al., 2018). Além disso, a inclusdo de informag¢des complementares aos
experimentos de campo, tais como as relagdes de parentesco, ndo podem ser eficientemente

empregadas no contexto da ANOVA (BERNARDO, 2020).
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Como alternativa, surgem os modelos lineares mistos, capazes de contornar a situacao
de ndo-ortogonalidade e desbalanceamento, e permitir a inclusdo do parentesco no efeito
genético. Além disso, na metodologia de modelos, matrizes de covariancia podem ser ajustadas
para outros efeitos aleatérios do modelo além do genético, possibilitando a explicacdo mais
fidedigna da correlagdo entre os niveis, como por exemplo no caso de medidas ao longo do
tempo (CHAVES et al, 2022a).

A partir da aplicagdo da metodologia de modelos mistos sdo obtidos componentes de
variancia e valores genéticos, que serdo utilizados para a sele¢do e entendimento da heranga das
caracteristicas avaliadas. Os componentes de varidncia sdo utilizados para obtencdo de
parametros genéticos que permitem inferir sobre a eficiéncia da selec¢do e a acuricia dos valores
utilizados para identificac@o dos individuos superiores.

Na avaliacio de medidas repetidas, o coeficiente de repetibilidade é um desses
parametros obtidos. A repetibilidade é uma quantificagdo da expectativa de desempenho de um
dado gendtipo. Por meio dela, € possivel estimar o nimero de medi¢des que devem ser
realizadas para que a selecdo dos genoétipos seja eficiente, possibilitando a otimizacdo de
recursos (CHAVES et al 2022a, FERREIRA et al., 2020). Este coeficiente € estimado pela
propor¢ao da variancia total que € explicada pelas variagdes devidas ao gendtipo e pelas
variagdes permanentes, normalmente atribuidas a um ambiente comum e constante (CRUZ et
al.,, 2012). A determinacdo do nimero minimo de colheitas a partir do coeficiente de
repetibilidade tem sido empregada em outras fruteiras, considerando niveis de eficiéncia e
acurdcia pré-definidos pela literatura (ALVES et al 2022; CHAVES et al., 2021; SILVA et al.,
2023).

A nao-ortogonalidade das avaliagdes refere-se a correlagdo ou dependéncia entre as
medidas (MATHEWS e CROSSA, 2022). Em algumas plantas perenes, como a lima acida
‘Tahiti’, o desenvolvimento das plantas e a maturacdo dos frutos apresenta fortemente esse
comportamento (SALES et al., 2018). Associado a nao-ortogonalidade, a lima acida ‘Tahiti’
apresenta colheitas ndo equidistantes, devido a desuniformidade do seu desenvolvimento. Esses
fendmenos fazem com que o residuo, que € obtido através do ajuste de um modelo estatistico,
induza a violacdo de pressupostos de normalidade, homoscedasticidade e independéncia
(COCHRAN, 1974). Além disso, a resposta dos efeitos genéticos, e de ambiente permanente,
ndo necessariamente apresentam um comportamento linear ao longo do tempo (LI et al., 2020).
Deste modo, torna-se necessdario a modelagem dos efeitos com estruturas de covariancias
capazes de contemplar as nuances do contexto de medidas repetidas (CHAVES et al., 2022b).

Os modelos de regressdo aleatdria, por exemplo, sio amplamente utilizados em andlises de
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dados longitudinais e constituem uma ferramenta poderosa para identificar e quantificar a
interacdo de gendtipos entre medidas (ROCHA et al., 2018a). Nestes modelos, polindmios
ortogonais sdo empregados para obtencdo da curva dos efeitos aleatérios ao longo de um
intervalo de tempo, permitindo o entendimento do comportamento da caracteristica em estudo.
A drea abaixo da curva do comportamento genético pode descrever o desempenho dos
gendtipos, ou seja, quanto maior a area, maior o valor da caracteristica (ALVES et al., 2020).

Dada a importancia de se considerar outras caracteristicas além de produtividade em
lima 4cida ‘Tahiti’, a selecdo simultanea passa a ser uma Otima alternativa. Nestes casos, a
selecdo simultanea por meio de indices de selecdo configura-se como uma alternativa
multivariada conservacionista, permitindo ganhos conjuntos que, apesar de apresentarem-se em
menor escala se comparados com selecdoes univariadas, evita que haja ganhos negativos
indiretos em uma segunda varidvel (BAKER, 2020). Deste modo, associando-se as areas
obtidas de cada caracteristica pelo método de regressao aleatéria em um indice de selecdo, é
possivel identificar materiais que de fato atendem todas as demandas produtivas e agrondmicas
de mercado, associando potencial produtivo com facilidade no manejo (ROCHA et al., 2018b).

A medida que o programa de melhoramento avanga para as fases finais, a selecdo deve
ser feita com maior rigor possivel. O melhorista nao deve medir esfor¢os em diminuir o efeito
de agentes perturbadores, como a interagdo gendétipos x ambientes, por exemplo (COOPER et
al., 2022). No caso de plantas perenes, esta interacdo estd relacionada aos efeitos ambientais
diferenciais ao longo dos anos em que as plantas estdo sujeitas. Neste contexto, é importante
selecionar gendtipos que possuam alelos de estabilidade, isto €, que sejam capazes de capitalizar
condi¢cdes ambientais favordveis, e resistir as condi¢des ambientais desfavordveis. Em outras
palavras, gen6tipos com desempenho previsivel. Além disso, a busca pela combinacdo do alto
desempenho e estabilidade em um tnico gen6tipo € bem dificil de ser encontrada. Deste modo,
deve-se utilizar de metodologias estatisticas que aumentem o maximo a probabilidade de se
encontrar estes dois comportamentos no mesmo gendétipo. Uma abordagem inovadora baseada
em estatistica bayesiana auxilia na selecio de gendtipos com estas caracteristicas,
proporcionando a diminui¢do dos riscos relacionados a selecdo (DIAS et al.,, 2022). A
abordagem bayesiana possibilita a utilizacdo de informacdes prévias incorporadas na
distribuicao de parametros do modelo, além de apresentar componentes de variancia e valores
genéticos com intervalos de credibilidade inferiores quando comparados a modelos
frequentistas (SILVA JUNIOR et al., 2022).

Diante do exposto, este trabalho foi divido em artigos que objetivam i) avaliar a

repetibilidade em lima &cida ‘Tahiti’ determinando o nimero 6timo de avaliagdes necessarias
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para recomendacdo de gendtipos superiores; ii) propor um indice de selecdo com base em
regressao aleatéria modelando efeitos genético e ambiental permanente por meio de polindmios
ortogonais e; iil) recomendar gendtipos superiores e persistentes por meio de um modelo

probabilistico bayesiano.
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ARTIGO 1

Repeatability coefficient estimates and optimum number of harvests of graft/rootstock

combinations for 'Tahiti' acid lime.

Abstract
Combining longitudinal data and statistical models from perennial crops enabled us to

estimate the optimum number of measures (harvests), implying accurate discrimination of
superior genotypes in those crops. Herein, the goal of this study was to determine the optimum
number of harvests based on yield traits and recommend a superior graft/rootstock combination
(GRC) for Citrus latifolia Tanaka. Twenty-four GRCs of 'Tahiti' acid lime were evaluated from
July 2017 to August 2018 for fruit yield per plant (FYP), number of fruits per plant (NFP), and
longitudinal (LFD) and transversal fruit diameter (TFD). The experimental design was a
randomized complete block with 4 replications. The experimental unit consisted of three
individuals, totalling 244 individuals. The GRCs were composed of (i) two hybrids that were
used as rootstock, Citrumelo swingle (Citrus paradisi X Poncirus trifoliata) and Cintrandarin
riverside (Citrus sunki x Poncirus trifoliata); and (i1) 12 different C. latifolia genotypes that
were used as grafts: Bello Fruit, Eledio, Iconha, Itarana, Santa Rosa, Bearss lime, CNPMF 01,
CNPMF 02, CNPMF 2001, CNPMF 5059, BRS Passos, and Persian 58. Mixed models were
employed to estimate the variance components. The optimum number of harvests was
determined based on selective efficiency values above 0.9. The estimated repeatability
coefficients presented values of 0.14 (LFD), 0.16 (TFD), 0.36 (FYP), and 0.38 (NFD). Based
on the results, four harvests were able to choose genotypes based on FYP and NFP, whereas

LFD and TFD were considered inefficient traits for recommending superior GRCs.

Key words
Citrus latifolia Tanaka, mixed models, REML-BLUP, longitudinal data, perennial crop.

Introduction

The socioeconomic importance of citriculture as an area of fruit growing stands out in
a worldwide scenario (Sales et al., 2018). From the genus Citrus, the species Citrus latifolia
(Tanaka), which is popularly known as the ‘Tahiti’ acid lime, has shown commercial potential
in the increasing the Brazilian internal consumer market (Castricini, Silva, Silva, & Rodrigues,

2017). This fruit is prominent in the citrus market due to its availability throughout the year,
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and nearly 50 thousand hectares of the crop exist in Brazil (Kist et al. 2017; IBGE, 2018).

The characteristics of the ‘Tahiti’ acid lime that grab attention from a commercial
perspective are the fruit shape, fruit size, fruit shine, fruit flavour, nutritional value of the fruit,
external fruit green coloration, and turgidity of the fruit (Bassan et al., 2015). However, a factor
that can influence the quality of these characteristics is the graft/rootstock combination (GRC).
It is worth mentioning that GRC also has a greater impact on giving greater vigour, productivity
and longevity to the crop (Cerqueira et al., 2004; Soares et al., 2015). Due to the fact that in a
breeding program of ‘Tahiti’ acid lime, much time is spent in experimental evaluation along
with numerous harvests, the use of appropriate statistical methods to evaluate experiments is
important in the decision making by breeders and allows the maximization of selection
efficiency.

Another way to increase the chance of success in a breeding program is with the
simultaneous selection index (SI). Thus, the SI is characterized as a linear function that
combines different traits and assigns different weights according to the importance of a trait
(Ramalho, Abreu, Santos, & Nunes, 2012). In this sense, the use of the SI allows various traits
to be worked with to obtain genetic gains by combining multiple types of information contained
in the experimental unit with the aim of selecting based on a complex of traits of economic
importance (Cruz, Regazzi, & Carneiro, 2012).

The ability to predict genetic parameters, such as heritability and repeatability, is an
important contribution of quantitative genetics to plant breeding (Resende, 2015). The
estimation of repeatability coefficients provides an approximation of the maximum value that
the heritability, in the broad sense, of a trait can reach (Lessa, Ledo, Amorim, & Silva, 2014).
Alternative methods that consider these topics are the restricted maximum likelihood (REML),
which estimates the variance components, and the best unbiased linear prediction (BLUP),
which predicts the genetic values (Resende, 2015; Resende & Rosa-Perez, 2002).

Experimental analyses considering repeated measurements allow us to predict genetic
values for each harvest individually and for all harvests simultaneously and to estimate the
structure of variance among them. The repeatability coefficient (p) is defined as the correlation
between repeated measurements of the same individual over time and space, as well as its
associated coefficient of determination (R?), which measures the accuracy in predicting the true
value of an individual genotype (Cruz et al., 2012). Knowledge about trait repeatability is
important in an experimental design. Understanding trait deviation over time or space to
determine the number of measurements required for each individual allows genetic selection to

be performed to obtain an appropriate level of accuracy to reduce labour time and budgets of
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the breeding program (Resende, 2007). Thus, studying p estimation allows the necessary
number of measures to be obtained to estimate the individual's real genetic value, taking into
account the permanent, genetic and environmental effects and optimizing the evaluation time
of the trait of interest in the field (Lessa et al., 2014).

Repeatability using the REML/BLUP methodology has been used in other fruit trees to
determine the optimal number of measurements without compromising accuracy (Fonseca,
Morais, Gongalves, Aquino, & Rocha, 2018; Lessa et al., 2014; Negreiros, Neto, Miqueloni, &
Lessa, 2014). Sanchéz et al. (2017) evaluated that the number of measures to evaluate the
productivity of Annona muricata L. could be reduced from sixteen to eight, maintaining a
repeatability and accuracy coefficient above 80%. Herein, we aimed to determine the optimum
number of harvests used in C. latifolia based on productive traits to recommend superior

‘Tahiti’ acid lime GRCs.

Material and methods
Experimental network

The experimental network was conducted at José Guarete Farm, which is owned by
Bello Fruit Company, in Sdo Mateus, Espirito Santo state, Brazil (18°4821"S, 39°53'30" W),
between July 2017 and August 2018. The climate of the region according to the Koppen
classification system is tropical warm and humid (Aw), with rainy summers and dry winters
(Alvares, Stape, Sentelhas, & Gongalves, 2013). The average temperature during the
experiment was 25 °C, and the precipitation was 140 mm (weather information in Appendix
ST).

Twenty-four GRCs of ‘Tahiti”acid lime, which were arranged in a spacing of six metres
between rows and three metres between plants, were used as the variation factors. The
experimental design was a randomized complete block with 4 replications. The experimental
unit consisted of three plants, totalling 244 individuals. The GRCs were composed of (i) two
hybrids that were used as rootstock, Citrumelo swingle (Citrus paradisi x Poncirus trifoliata)
and Cintrandarin riverside (Citrus sunki X Poncirus trifoliata); (ii) 12 different C. latifolia
genotypes that were used as grafts: Bello Fruit, Eledio, Iconha, Itarana, Santa Rosa, Bearss
lime, CNPMF 01, CNPMF 02, CNPMF 2001, CNPMF 5059, BRS Passos, and Persian 58.

Limes were harvested in July, November, and October 2017 and January, March, July,
and October 2018 for a total of seven harvests. All mature fruits were harvested. Maturity is
considered when the fruits present a minimum diameter of 47 mm, external rough texture and

dark green to light colour (HORTIBRASIL, 2000). The fruit yield per plant (FYP in kg plant
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1) was taken by measuring the total weight using a digital scale, and the number of fruits per
plant (NFP) was counted at each harvest. Ten fruits were randomly separated from each GRC
in each harvest. Then, the longitudinal fruit diameter (LFD in mm) and transversal fruit

diameter (TFD in mm) were measured using digital callipers.

Statistical analyses
The REML/BLUP procedure was adopted to estimate the variance components and to
predict the genotypic values following the procedures in Patterson and Thompson (1971) and
Henderson (1975). The statistical model was as follows:
y=Xm+Zg+Wp+Ti+ce
where y is the data vector, m is the vector of the effects of the measuring-repetition combinations
(assumed to be fixed), g is the vector of the genotypic effects (assumed to be random), p is the
permanent effects vector (assumed to be random), i is the vector of the genotype x measuring
(GxM) interaction effects (assumed to be random), and ¢ is the vector of errors (random). The
capital letters X, Z, W, and T represent the incidence matrices for those effects (Resende &
Duarte, 2007).
The significance of the random effects was tested using the likelihood ratio test (LRT)
(Rao, 1973), which was calculated with the following equation:
A= Z[LogeLp+1 - LogeLogp]
where Log. is the logarithm of the REML function and L,+; and L, are the likelihood peaks
associated with the complete model and the reduced model, respectively. Thus, A was compared
with the probability density function (y¥?) for a given number of degrees of freedom and
probability of error (Dobson & Barnett, 2018). The number of degrees of freedom was defined
as the difference between the numbers of parameters between the evaluated models (one degree

of freedom in this case).

The phenotypic individual variance (szhen), average phenotypic variance (6’5hen),

heritability in a broad sense (ﬁ;), repeatability (p), determination coefficient of permanent

environmental effects (cgerm), determination coefficient of GxM effects (cgm), phenotypic

correlation throughout measurements (7g,,), average heritability of genotypes (ﬁ,zng), and

coefficient of experimental variation (CV.) were obtained with the following expressions:
Opnen = 04 + Operm + 02 + 04,

2 2
~2 2 +0'perm+ o +0'gm

Ophen = 99 r rxm m’
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where 692 is the genotypic variance; @ferm is the permanent environmental variance; 62 is the
residual variance; 6gzm is the GxM interaction variance; r is the number of repetitions; and m
is the number of measures.
The determination for the permanent phenotypic effects (rfzﬁ fp), selective accuracy

(r54)> and selective efficiency (E), all based on m measurements, were given by the following

equations:
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The optimum number of GRCs for recommendation was estimated, though the accuracy
values were superior to 0.9 (Resende, Silva, & Azevedo, 2014).
The additive index (Resende, 2007), which was used to identify the superior GRC for

use in the acid lime breeding program, was given by the following expression:

4
v
=y
Ot
h=1

where w; is the weight assigned for trait ¢, vg is the overall mean for trait # added to the predicted
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genetic value, and o is the standard deviation for vg. For the additive index, the weights were

set as equal to the genetic coefficient of variation (CVy) using the following equation:

100,/62
CVy(%) = Tg

where the selection direction was "higher" for all traits. Two scenarios were explored: the first
considered the seven harvests, and the second scenario took into consideration the number of
optimum harvests obtained in this study. The predicted gain with the selection and the genotype
ranking were obtained directly by the additive index output.

All analyses were carried out in the software Selegen-REML/BLUP (Resende, 2016).

Results and discussion

The traits FYP, NFP, and TFD were statistically significant for all effects (genotype,
permanent, and GxM) (Table 1), while the LFD trait indicated no significant difference for
permanent and GxM effects but only for the genetic effect. This implied differences between
the values of the productive traits evaluated among the GRCs and that they were influenced
throughout the crops. Similar studies by Shrestha, Dhakal, Gautum, Paudyal & Shrestha
(2012) and Khankahdani, Rastegar, Golein, Golmohammadi, & Jahromi (2017) also indicated
the existence of genetic variability in the acid lime culture. Regarding the experimental
quality, the FYP and NFP traits presented CV. values of 50.38% and 48.83%, respectively,
which were higher than those found for LFD and TFD (4.33% and 3.40%, respectively). The
observed large difference evidenced the low precision of NFP and FYP traits and the strong
influence suffered by the environment since these traits are quantitative traits (Viana &

Resende, 2014).

Table 1 - Likelihood ratio test (LRT) for the traits: fruit yield per plant (FYP), number of fruits
per plant (NFP), longitudinal fruit diameter (LFD), and transversal fruit diameter (TFD) of the
statistical analyses of 24 GRC of 'Tahiti" acid lime.

Traits
Effect
FYP NFP LFD TFD
Genotype 58.95%* 59.63%* 20.12%* 12.75%%*
Mensurement 5.5% 7.37+% 0.36™ 5.11%
Genotype x Mensurement 35.37** 34.89** 2.5™ 16.85%%*

ms, %k, ** not significant, significance at 5% and 1% of probability by the LRT, respectively.



23

The statistical significance of the GxM interaction effect confirmed the existence of
genotypes with different performances throughout harvests in terms of yield. This fact was
expected since the recurrent significant interactions between genotypes and crops in the
evaluation of perennial plants is commonly caused by the effect of the environment on the
expression of traits (Resende, 2009). Heritability is estimative and allows for evaluating the
proportion of the total variance that results from the genetic origin. The results of the analyses
indicated that the ﬁ,zng of the traits ranged from 0.66 to 0.88 (Table 2), which were interpreted
as elevated values, indicating strong genetic control of the traits. However, heritability estimates
in young perennial plants are frequently biased by the GxM effect (Resende, Furlani-Junior,
Moraes, & Fazuoli, 2001). Those plants have lower competitive effects and consequently have
lower estimates for the variance components (Aradjo, Dias, Scarpinati, & Paula, 2015). Thus,
the parameters obtained, among them p, which refers to the heritability limits, tended to be
higher in the early stages but reached normality as the plants develop. In the experiment, the
plants were approximately 36 months old, while a citrus orchard has (in the Southeastern
Region, Brazil) a life cycle of 25 years (Santana, Souza, Souza, & Fontes, 2006). Thus, the
plants assessed in this study do not achieve commercial age, implying that high values of
parameters were properly estimated. New experimental evaluations that account for more
harvests should address the analysed genotypes. They would allow a more precise parameter

estimation for the ‘Tahiti’ acid lime crop.

Table 2- Estimates of variance components and genetic parameters for fruit yield per plant
(FYP), number of fruits per plant (NFP), longitudinal fruit diameter (LFD), and transversal fruit
diameter (TFD) of 24 GRC of 'Tahiti’ acid lime.

Estimate Traits

FYP NFP LFD TFD

ol 317.42 2.56 0.95 0.55
OZerm 34.30 0.31 0.11 0.26
02 461.43 3.49 6.25 3.42
- 142.64 1.08 0.42 0.68
Ophen 955.79 7.44 7.79 4.91
Ooren 362.86 2.91 1.26 0.83

h,zng 0.87 0.88 0.75 0.66
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p 0.36 0.38 0.14 0.16
Cherm 0.035 0.041 0.015 0.052
Com 0.15 0.14 0.054 0.14
Tym 0.69 0.70 0.69 0.45

U 42.63 3.83 57.72 54.23
CV. (%) 50.38 48.83 4.33 3.40

() genotypic variance (o), permanent environment variance (Gpe,m), temporary residual
variance (62), genotype X measurement interaction variance (a;m), individual phenotypic

variance (aghen), mean phenotypic variance (05 ), repeatability coefficient at parcel level

hen

(p), determination coefficient of permanent environmental effects (cgerm), determination
coefficient of the effects of interaction genotype X measurement (cgm), genotypic correlation
through measurements (7, ), heritability of genotype average (h,zng), overall average (u) and

experimental coefficient of variation (CV,).

The traits LFD and TFD presented p values of 0.14 and 0.16, respectively, while FYP
and NFD presented higher values (0.36 and 0.38, respectively). These results were reasonable,
considering a perennial culture and the complexity of the production traits, which are usually
coordinated by many genes (Cruz et al. 2012, Laviola et al. 2013). There are no studies that
have obtained p for the "Tahiti' acid lime, which highlights the relevance of this study. However,
in data from other citrus species, such as Citrus aurantium, the authors found similar values for
total fruit number (0.262) and total fruit weight per plant (0.291) with variance analysis
methodology (Negreiros, Saraiva, Oliveira, Alvares, & Roncatto, 2008). Pompeu Junior,
Blumer, & Resende (2013) used the mixed model methodology and found p values of 0.35 for
‘Valencia’ sweet orange (Citrus sinensis), which is like the values found in this study.

According to Resende (2015), p is classified as high when it has a value equal to or
greater than 0.6, moderate when p is in the interval of 0.3-0.6, and low when it is equal to or
less than 0.3. In the results of this study, the estimated repeatability was classified as moderate
for NFP and FYP and low for TFD and LFD. Similar findings have been reported for other fruit
crops, such as banana (Lessa et al., 2014), sweet orange (Negreiros et al., 2008), cashew (Maia
et al., 2016), guava (Quintal, Viana, Campos, Vivas, & Amaral Junior, 2017), mangaba
(Fonseca et al., 2018), grapes (Ledo, Nunes, & Souza, 2018), and cupuassu (Alcoforado,
Pedrozo, Mayer, & Lima-Primo, 2019).

The C;%erm estimates the proportion of individual phenotypic variations that directly
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results from measurements performed in an individual. Low values of 0.035, 0.041, 0.015, and
0.052 were observed for the FYP, NFP, LFD and TFD traits, respectively. The low values
presented revealed that the permanent environmental variation from one harvest to another did
not represent influences on the expression of the traits. Pompeu Junior et al. (2013) also found
that low proportions of individual phenotypic variance were explained by the permanent
environmental effects (0.004).

The determination coefficient of the GxM interaction (cjm) showed similar values for
FYP, NFP, and TFD (0.15, 0.14, and 0.14, respectively), whereas the LFD presented a lower
value of Cém (0.054) when compared to the other three traits. These results showed that the
FYP, NFP, and TFD traits collaborated more to express individual phenotypic variation than
the LFD. Regarding magnitude, the FYP, NFP, and TFD values of Cém were considered high

and the LFD values of cjmwere considered low (Resende, 2009), while Mariguele et al. (2012)

studied models of longitudinal data in Annona squamosa and found results of similar
magnitudes (0.099).

The 7y, values obtained were similar for the traits FYP, NFP, and LFD (0.69, 0.70, and
0.69, respectively), inasmuch as the trait LFD presented an inferior value (0.45). The magnitude
of this correlation, which was moderate to high for the characteristics FYP, NFP and LFD,
indicated that at an approximate 70% coincidence of the values repeating over the harvests.
Conversely, the LFD trait did not demonstrate the same expression among harvests (Resende,
2007).

Our results stated that seven measurements for NFP and FYP were necessary to obtain
determination higher than 0.8, which is considered good for selecting superior individuals in
perennial cultures (Sanchéz et al., 2017) (Fig. 1A). The LFD and TFD traits did not reach the
desired minimum values even with the maximum number of estimated measurements (ten). The
values of determination in the four harvests reached 0.7 for NFP and FYP, whereas the
maximum number of harvests (ten) did not return appropriate values for genotype
recommendations in LFD and TFD. When considering accuracy as a parameter for determining
the optimal number of harvests, the result was different. Taking this estimate into account, it
was observed that the ideal number of harvests was four (Fig. 1B). Resende (2002) stated that
a few measurements with accuracy values above 0.9 were sufficient to indicate superior
genotypes. The selection efficiency based on the average of several measures in relation to a
single measure was also inferred in this study (Fig. 1C). A more imminent increment was

observed by increasing the number of harvests for LFD and TFD traits, which reached
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efficiency values of higher than two with ten harvests. In contrast, the traits FYP and NFP were

less responsive to the increase in the number of harvests, denoting higher precision.
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Figure 1 - Phenotypic permanent effects determination (A), selection accuracy (B) and C)

selective efficiency as a function of the number of measurements by fruit yield per plant (FYP),
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number of fruits per plant (NFP), longitudinal (LFD), and transversal fruit diameter (TFD)
evaluated in 24 GRC of 'Tahiti’ acid lime.

Overall, the determination, accuracy, and selective efficiency increased as the number
of measurements increased. For the FYP and NFP traits, with the evaluation of seven harvests,
it was possible to reach a maximum determination coefficient of 0.8 with high precision and
high selective efficiency. However, with four harvests evaluated, it may be appropriate to
indicate superior genotypes for "Tahiti' acid lime cultivation. Because the values did not reach
at least 0.8 for determination and 0.9 for accuracy with the maximum yields estimated in this
study, the LFD and TFD traits should not be considered in the selection of superior genotypes.
In summary, four harvests were the optimum number selected without losing accuracy and
achieved values higher than 0.9. For this reason, four harvests were considered in the second
scenario of the SI. However, the plants analysed in this study were younger, at only 36 months
of age. This fact implies reduced variation among the genotypes and, as a result, differentiation
of them. Most likely, with more experimental evaluation, i.e., including more harvests, those
traits tended to reach the reliability needed to recommend in this crop.

The additive selection index revealed no differences in the results of the GRC selection
in the two scenarios considered (Table 3). The top GRCs selected for the seven harvests were
the same as those selected for the four harvests, while the ranking presented slight differences.
Thus, the results of the two scenarios showed certain similarities and precision. Overall, the
worst GRC (CNPMF 2001 grafted onto the ‘Citrumelo Swingle’) was the same under both
conditions. The differences in ranking genotypes were probably due to GxM interaction, which
had different genotype productions throughout the evaluations. In this case, the most productive
genotype in one harvest was not necessarily the most productive in the other harvest. This may
be due to the fact that they have multiple blooms throughout the year, have different fruit
maturation mechanisms and are influenced by a large number of abiotic factors that can

contribute to the increase in this GxM interaction (Iglesias et al., 2007).

Table 3 - Additive index and selection gain for four productive traits of 24 GRC of "Tahiti'

acid lime.

Four harvests (measures) Seven harvests (measures)

Rank (°)* Selection Gain
Genotype  Selection Gain (%)  Genotype %)
0




28

1 18 28.35 15 30.60
2 3 27.44 4 25.94
3 15 26.47 18 24.28
4 4 24.15 3 22.72
5 23 22.39 22 21.68
6 1 20.52 23 20.68
7 22 18.83 11 19.71
8 11 17.51 19 18.76
9 19 16.34 1 17.81
10 2 15.07 14 16.92
11 14 13.79 13 16.12
12 13 12.74 16 15.32
13 16 11.72 2 14.52
14 17 10.76 7 13.54
15 7 9.88 17 12.51
16 6 9.11 6 11.07
17 10 8.02 10 9.63
18 24 6.92 24 8.30
19 5 5.84 5 7.03
20 12 4.71 20 5.84
21 20 3.56 8 4.59
22 21 2.44 12 3.23
23 8 1.39 21 1.65
24 9 0 9 0

# Genotypes numbers 1 to 12 refer to Bello Fruit, Eledio, Iconha, Itarana, Santa Rosa, Bearss
Lime, CNPMF 01, CNPMF 02, CNPMF 2001, CNPMF 5059, BRS Passos and Persian 58 grafts
grafted to the rootstock Citrumelo ‘Swingle’, and of 13 to 24 the same grafts grafted in the

Citrandarin 'Riverside' rootstock, respectively.

The importance of doing more studies like this is emphasized, given the low amount of
repeatability in the 'Tahiti' acid lime. In addition, the detection of superior genotypes is
extremely important for breeding programs that can be used as parents in the development of

new cultivars.
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Conclusions

In summary, four harvests were the recommended number for identifying superior acid
lime ‘Tahiti’ GRCs based on FYP and NFP. On the other hand, to accurately recommend
superior genotypes of acid lime 'Tahiti', the LFD and TFD require further evaluations. The best
GRCs recommended based on this study for 4 harvests and for 7 harvests were Bearss lime
grafted onto citrandarin ‘Riverside’, Iconha grafted onto citrumelo ‘Swingle’, Iconha grafted

onto citrandarin ‘Riverside’, and Itarana grafted onto citrumelo ‘Swingle’.

Acknowledgements

The authors are grateful to the Bello Fruit company, which provided the location for the
development of the experiment, and to the Empresa Brasileira de Pesquisa Agropecudria
(EMBRAPA) and the Frucafé company, which were the sources of our vegetal material. We
thank the Universidade Federal do Espirito Santo and the Universidade Federal de Vicosa for
their support in the analyses and contributions to human resource training. We appreciate the
financial support from the National Council for Scientific and Technological Development
(CNPq), the Coordination for the Improvement of Higher Education Personnel (CAPES), and
the Espirito Santo Research and Innovation Support Foundation (FAPES). This study was
financed in part by the CAPES - Finance Code 001.

Referendes
Alcoforado, A. T. W., Pedrozo, C. A., Mayer, M. M., & Lima-Primo, H. E. de. (2019).
Repeatability of morpho-agronomic characters of Theobroma grandiflorum fruits.

Revista Brasileira de Fruticultura, 41(2). https://doi.org/10.1590/0100-29452019142

Alvares, C. A., Stape, J. L., Sentelhas, P. C., & Gongalves, J. L. de M. (2013). Modeling
monthly mean air temperature for Brazil. Theoretical and Applied Climatology, 113(3—
4), 407-427. https://doi.org/10.1007/s00704-012-0796-6

Aradjo, M. J. de, Dias, D. da C., Scarpinati, E. A., & Paula, R. C. de. (2015). Nimero de
repeticoes, de plantas por parcela e de avaliacdes para testes clonais de eucalipto.
Pesquisa Agropecudria Brasileira, 50(10), 923-931. https://doi.org/10.1590/S0100-
204X2015001000008

Bassan, M. M., Filho, F. de A. A. M., Alves, R. F., Bezerra, D. F., Couto, H. T. Z., &



30

Jacomino, A. P. (2015). Beneficiamento pds-colheita de lima acida “Tahiti” afeta sua

qualidade e conservacdo. Ciéncia Rural. https://doi.org/10.1590/0103-8478cr20141492

Castricini, A., Silva, J. T. A. DA, Silva, L. P. DA, & Rodrigues, M. G. V. (2017). Quality of
‘Tahiti’ acid lime fertilized with nitrogen and potassium in the semiarid region of Minas
Gerais. Revista Brasileira de Fruticultura, 39(2), 1-10. https://doi.org/10.1590/0100-
29452017288

Cerqueira, E. C., Neto, M. T. de C., Peixoto, C. P., Filho, W. dos S. S., Ledo, C. A.da S., &
Oliveira, J. G. de. (2004). Resposta de porta-enxertos de citros ao défict hidrico. Revista
Brasileira de Fruticultura, 26(3), 515-519.

Cruz, C. D., Regazzi, A. J., & Carneiro, P. C. S. (2012). Modelos Biométricos Aplicados ao

Melhoramento Genético. Vigosa: UFV.

Dobson, A. J., & Barnett, A. G. (2018). An introduction to generalized linear models (4°).
https://doi.org/10.1201/9780367807849

Fonseca, C. E. L. da, Morais, F. M. de, Goncalves, H. M., Aquino, F. de G., & Rocha, F. S.
(2018). Repeatability of fruit traits from two Hancornia speciosa populations from the
core region of the Brazilian Cerrado. Pesquisa Agropecudria Brasileira, 53(6), 710-716.

https://doi.org/10.1590/s0100-204x2018000600007

Henderson, C. R. (1975). Best linear unbiased estimation and prediction under a selection

model. Biometrics, 31(2), 423-447.

Iglesias, D. J., Cercés, M., Colmenero-Flores, J. M., Naranjo, M. A., Rios, G., Carrera, E., ...
Tadeo, F. R. (2007). Physiology of citrus fruiting. Brazilian Journal of Plant Physiology,
19(4), 333-362. https://doi.org/10.1590/S1677-04202007000400006

Instituto Brasileiro de Geografia e Estatistica [IBGE]. (2018). Produgdo Agricola Municipal.
Retrieved November 15, 2019, from https://sidra.ibge.gov.br/pesquisa/pam/tabelas

Instituto Brasileiro de Qualidade em Horticultura [HORTIBRASIL]. (2000). Normas de

Classificacdo, Padronizacdo e Identidade do Limdo (Lima Acida) Tahiti (Citrus latifolia



31

), para o Programa Brasileiro para a Melhoria dos Padroes Comerciais e Embalagens
de Hortigranjeiros. Retrieved October 28, 2019, from

http://www.hortibrasil.org.br/classificacao/limao/arquivos/norma.html

Khankahdani, H. H., Rastegar, S., Golein, B., Golmohammadi, M., & Jahromi, A. A. (2017).
Genetic diversity in Persian Lime (Citrus latifolia Tanaka) accessions using
morphological and molecular markers. The Journal “Agriculture and Forestry,” 63(3),

221-231. https://doi.org/10.17707/AgricultForest.63.3.22

Kist, B. B., Santos, C. E. dos, Carvalho, C. de, Treichel, M., & Filter, C. F. (2017). Anudrio

Brasileiro da Fruticultura. Editora Gazeta.

Laviola, B. G., Oliveira, A. M. C. e, Bhering, L. L., Alves, A. A., Rocha, R. B., Gomes, B. E.
L., & Cruz, C. D. (2013). Estimates of repeatability coefficients and selection gains in
Jatropha indicate that higher cumulative genetic gains can be obtained by relaxing the

degree of certainty in predicting the best families. Industrial Crops and Products, 51,

70-76. https://doi.org/10.1016/j.indcrop.2013.08.016

Ledo, P. C. de S., Nunes, B. T. G., & Souza, E. M. C. de. (2018). Repeatability coefficients
and genetic gains in table grape progenies for the Brazilian semi-arid region. Scientia

Agricola, 75(5), 387-392. https://doi.org/10.1590/1678-992x-2017-0046

Lessa, L. S., Ledo, C. A. da S., Amorim, E. P., & Silva, S. de O. (2014). Estimativas de
repetibilidade de hibridos diploides (AA) de bananeira. Pesquisa Agropecuaria
Brasileira, 49(2), 109—117. https://doi.org/10.1590/S0100-204X2014000200005

Maia, M. C. C., Almeida, A. da S., Macedo, L. M., Resende, M. D. V. de, Lacerda, M. N. de,
Vasconcelos, L. F. L., ... Silva, R. B. da. (2016). Heritability, repeatability and genetic

gains in a improvement population of cajuizeiro. Revista Arvore, 40(4), 715-722.

https://doi.org/10.1590/0100-67622016000400015

Mariguele, K. H., Resende, M. D. V. de, Viana, J. M. S., Silva, F. F. e, Silva, P. S. L. de, &
Knop, F. de C. (2011). Métodos de andlise de dados longitudinais para o melhoramento

genético da pinha. Pesquisa Agropecudria Brasileira, 46(12), 1657-1664.
https://doi.org/10.1590/S0100-204X2011001200011



32

Negreiros, J. R. da S., Neto, R. de C. A., Miqueloni, D. P., & Lessa, L. S. (2014). Estimativa
de repetibilidade para caracteres de qualidade de frutos de laranjeira-doce. Pesquisa
Agropecuaria Brasileira, 49(1), 40—48. https://doi.org/10.1590/S0100-
204X2014000100006

Negreiros, J. R. da S., Saraiva, L. L., Oliveira, T. K. de, Alvares, V. de S., & Roncatto, G.
(2008). Estimativas de repetibilidade de caracteres de producdo em laranjeiras-doces no
Acre. Pesquisa Agropecudria Brasileira, 43(12), 1763—1768.
https://doi.org/10.1590/S0100-204X2008001200017

Patterson, H. D., & Thompson, R. (1971). Recovery of inter-block information when block
sizes are unequal. Biometrika, 58(3), 545-554.

Pompeu Junior, J., Blumer, S., & Resende, M. D. V. de. (2013). Avaliacao genética de
selecOes e hibridos de limdes cravo, volkameriano e rugoso como porta-enxertos para

laranjeiras Valéncia na presenca da morte stbita dos citros. Revista Brasileira de

Fruticultura, 35(1), 199-209. https://doi.org/10.1590/S0100-29452013000100023

Quintal, S. S. R., Viana, A. P., Campos, B. M., Vivas, M., & Amaral Junior, A. T. do. (2017).
Analysis of structures of covariance and repeatability in guava segreganting population.

Revista Caatinga, 30(4), 885-891. https://doi.org/10.1590/1983-21252017v30n408rc

Ramalho, M. A. P., Abreu, A. de F. B., Santos, J. B. dos, & Nunes, J. A. R. (2012).
Aplicacdes da Genética Quantitativa no Melhoramento de Plantas Aut6gamas. In

Biologia (1st ed.). Lavras: UFLA.
Rao, C. R. (1973). Linear statistical inference and its applications (Vol. 2). Wiley New York.

Resende; Marcos Deon Vilela de, & Rosa-Perez, J. O. H. (2002). Genética e melhoramento de
ovinos. In UFPR (Ed.), Curitiba. Ed. UFPR (1st ed.). Curitiba.

Resende, M. D. V. de. (2007). Matemditica e estatistica na andlise de experimentos e no

melhoramento genético (1st ed.; Embrapa, Ed.). Colombo: Embrapa Florestas.

Resende, M. D. V. de. (2009). Genética biométrica e estatistica no melhoramento de plantas



33

perenes (1st ed.; Embrapa, Ed.). Colombo: Embrapa Florestas.
Resende, M. D. V. de. (2015). Genética quantitativa e de populacéoes (1st ed.). Vicosa: UFV.

Resende, M. D. V. de. (2016). Software Selegen-REML/BLUP: a useful tool for plant
breeding. Crop Breeding and Applied Biotechnology, 16(4), 330-339.
https://doi.org/10.1590/1984-70332016v16n4a49

Resende, M. D. V. de, & Duarte, J. B. (2007). Precisdo e controle de qualidade em

experimentos de avaliagcdo de cultivares. Pesquisa Agropecudria Tropical, 37(3), 182—
194.

Resende, M. D. V. de, Furlani-Junior, E., Moraes, M. L. T. de, & Fazuoli, L. C. (2001).
Estimativas de parametros genéticos e predicao de valores genotipicos no melhoramento
do cafeeiro pelo procedimento REML/BLUP. Bragantia, 60(3), 185—-193.
https://doi.org/10.1590/S0006-87052001000300005

Resende, M. D. V. de, Silva, F. F. e, & Azevedo, C. F. (2014). Estatistica Matemditica,

Biométrica e Computacional. Vigosa: UFV.

Sales, G. N. B., Silva, L. de A., Almeida, J. F., Nobre, R. G., Costa, F. B. da, Brito, M. E. B.,
... Fernandes, P. D. (2018). Quality of Fruits from Grafted Tahiti Lime (Citrus latifolia
Tan) Irrigated with Waters of Different Salinities. Journal of Experimental Agriculture

International, 27(2), 1-10. https://doi.org/10.9734/JEA1/2018/44302

Sanchéz, C. F. B., Alves, R. S., Garcia, A. d. P., Teodoro, P. E., Peixoto, L. A., Silva, L. A.,
... Resende, M. D. V. (2017). Estimates of repeatability coefficients and the number of
the optimum measure to select superior genotypes in Annona muricata L. Genetics and

Molecular Research, 16(3), 1-8. https://doi.org/10.4238/gmr16039753

Santana, M. B., Souza, L. da S., Souza, L. D., & Fontes, L. E. F. (2006). Atributos fisicos do
solo e distribuicdo do sistema radicular de citros como indicadores de horizontes coesos
em dois solos de tabuleiros costeiros do estado da Bahia. Revista Brasileira de Ciéncia

Do Solo, 30(1), 1-12. https://doi.org/10.1590/S0100-06832006000100001



34

Shrestha, R. L., Dhakal, D. D., Gautum, D. M., Paudyal, K. P., & Shrestha, S. (2012). Genetic
Diversity Assessment of Acid Lime (Citrus aurantifolia Swingle Swingle) Landraces in
Nepal, Using SSR Markers. American Journal of Plant Sciences, 03(12), 1674-1681.
https://doi.org/10.4236/ajps.2012.312204

Soares, L. A. do. A., Brito, M. E. B., Fernandes, P. D., De Lima, G. S., Filho, W. dos S. S., &
De Oliveira, E. S. (2015). Crescimento de combinacdes copa - Porta-enxerto de citros

sob estresse hidrico em casa de vegetacdo. Revista Brasileira de Engenharia Agricola e

Ambiental, 19(3), 211-217. https://doi.org/10.1590/1807-1929/agriambi.v19n3p211-217

Viana, A. P., & Resende, M. D. V. de. (2014). Genética quantitativa no melhoramento de

fruteiras. Interciéncia.



35

ARTIGO 2

Selection index based on random regression model in ‘Tahiti’ acid lime.

Abstract

An accurate and efficient statistical method for repeated measures analysis and selection
of scion/rootstock combinations (SRC) is a fundamental prerequisite for genetic progress in
‘Tahiti’ acid lime breeding. Thus, this work aimed: i) to evaluate the applicability and efficiency
of random regression models in the analysis of repeated measures and ii) to apply a selection
index to recommend SRC of ‘Tahiti’ acid lime, associating vegetative and productive traits.
Between July 2017 and January 2019, 24 SRC of ‘Tahiti’ acid lime were evaluated for
vegetative and productive traits over eight measurements. The random regression model (RRM)
was compared with a repeatability model (REP). The variance components were estimated via
residual maximum likelihood. The predicted genotypic values were predicted via the best linear
unbiased prediction. The genotypic values (for REP) and the areas below the genotypic
trajectories (for RRM) were used as input for the additive index aiming for simultaneous
selection. The three best-performing genotypes were selected, considering a selection
percentage equal to 12.5%. Models based on random regression and repeatability showed the
same selected genotypes, even though, there were changes in the ranking. The random
regression model allows the prediction of genotypic values for genotypes that were not
evaluated in the field being advantageous for genetic evaluation of ‘Tahiti’ acid lime. The
selection index based on the REP and RRM models indicated that the recommended SRC for
propagation and planting are Iconha/’Riverside’ citrandarin, CNPMF5059/ Riverside’

citrandarin and Itarana/Swingle citrumelo.

Keywords
Citrus latifolia Tanaka L., repeated measures, Legendre polynomials, wood perennial crops,

mixed models.

Introduction
With large areas cultivated in tropical and subtropical regions, the genus Citrus
represents one of the most important fruit trees in the world’s agricultural scenario (Denaro et

al. 2020; Santis and Frangipane 2020; Ladaniya et al. 2020). Worldwide, the production of
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lemons and limes has reached over 21.3 million tons in 2020, of which Brazil accounted for
roughly 1.6 million tons (7.5%) of the global production, representing the fifth-largest producer
(FAOSTAT, 2020). Among the species belonging to the genus Citrus, the ‘Tahiti’ acid lime
(Citrus latifolia Tanaka L.) has brought attention to the Brazilian fruit industry due to its wide
adaptation to edaphoclimatic conditions and high economic value (Bastos et al. 2017; Machado
et al. 2017). Given the growing internal and external demand for fresh fruit in the citrus market,
especially for ‘Tahiti’ acid lime, it is essential to maximize the productivity of the orchards
(Morais et al. 2020). In this scenario, ‘Tahiti’ acid lime breeding programs have devoted great
efforts to identifying more efficient genetic selection strategies to improve yield and quality
traits of agronomical and commercial interest.

The differential genotypic responses to different environmental conditions, referred to
as genotype-by-environment (GxE) interaction, can drastically change the rankings of
genotypes across environments, affecting the selection of superior genotypes. The definition of
the GxE interaction can consider different locations, or even different harvests or measurements
over time, being called genotypes x measurement (GxM) interaction (Malikouski et al. 2021).
Therefore, the application of statistical methods capable of overcoming GXE and GxM
interactions effects in a more parsimonious way is essential for the progress of any breeding
program (Rocha et al. 2018; Ferreira et al. 2020).

More usual statistical methodologies have been used to deal with data from different
measurements in woody perennial crops, such as repeatability models (Alves et al. 2019). The
repeatability models are mixed models that consider the genetic and permanent environment as
random effects (Paulus et al. 2017; Oliveira et al. 2021). However, this methodology has some
limitations, such as the requirement of homogeneous correlations between measurements as
well as the normality of residuals (Viana and Resende 2014). Working with repeated measures,
in perennial crops such as ‘Tahiti’ acid lime, these assumptions are frequently not met (Huynh
and Feldt 1970; Ketelaere et al. 2003). Neglecting these assumptions can bias the estimates of
variance components and mislead the selection of superior genotypes across repeated measures
(Cellon et al. 2018). In addition, crops such as ‘Tahiti’ acid lime present a large variation in
productivity over time (Machado et al. 2017; Sales et al. 2018). This fact implies in differences
in fruit ripening among genotypes. This difference leads to a non-standardization of the fruits
at the time of harvest if this is carried out at the same time for all genotypes.

In this context, random regression models have been successfully adopted for analyzing

multi-environment and repeated measures trials (Schaeffer 2004; Rocha et al. 2018a; Alves et
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al. 2020b). Random regression models capture the change of a trait continuously over space
and/or time with great parsimony (Sun et al. 2017; Coelho et al. 2020). By characterizing the
covariance structures, random regression models count the trend over space and/or time,
representing an efficient alternative for repeated measures analysis in perennial crops (Resende
et al. 2001; Rocha et al. 2018a). In addition, random regression models with different genetic,
permanent environmental, and residual covariance structures can be tested to choose the best-
fitted model (Rocha et al. 2018a). The random regression model was initially applied to animal
breeding (Meyer and Hill 1997; Schaeffer 2004; Kranis et al. 2007; Jamrozik et al. 2010).
Recently, this technique has been applied to plant breeding providing excellent results (Ly et
al. 2018; Campbell et al. 2019; Momen et al. 2019; Baba et al. 2020). Despite its great potential,
this methodology remains unexplored for the analysis of repeated measures in ‘Tahiti’ acid lime
trials.

The selection of superior ‘Tahiti’ acid lime genotypes is a complex process, as the traits
of economic importance are controlled by many genes and highly influenced by environmental
conditions. Moreover, the correlation between traits can make it difficult to obtain satisfactory
genetic gains (Ribeiro et al. 2018; Silva et al. 2020). Therefore, the use of selection indices
constitutes an important strategy for the simultaneous selection of multiple desired traits
(Resende et al. 2014a; Ribeiro et al. 2018).

In accordance with the mentioned, this study aimed i) to evaluate the applicability and
efficiency of random regression models in the analysis of repeated measures for ‘Tahiti’ acid
lime, and ii) to recommend ‘Tahiti’ acid lime scion/rootstock combinations (SRC) based on

selection index for vegetative and productive traits.

Material and methods

Experimental design and genetic assessment

The experiment was carried out at Fazenda José Guarete (18°4821"S, 39°53'30"W, 35
m.a.s.l), belonging to the company Bello Fruit®, located in the municipality of Sdo Mateus,
state of Espirito Santo, Brazil. According to Koppen (Alvares et al. 2013), the region's climate
is classified as Aw, characterized by a rainy season in summer and a dry season in winter
(detailed information on precipitation and maximum, average, and minimum temperatures are
presented in the Supplementary Information — Fig S1).

From July 2017 to January 2019, twenty-four scion/rootstock combinations (SRC) of

‘Tahiti’ acid lime were grown at spacing of 6 m between trees and 3 m between rows. The
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design experimental used was a randomized complete block design with 4 replications. The
experimental unit consisted of 3 trees per SRC, totaling 288 individuals. The ‘Tahiti’ acid lime
SRC consisted of two hybrids used as rootstock, Swingle citrumelo (Citrus paradisi X Poncirus
trifoliata) and ‘Riverside’ citrandarin (Citrus sunki x Poncirus trifoliata) and as scions, twelve
‘Tahiti’ acid lime selections [numbers 1 to 12 identify the scion selections grafted on Swingle
citrumelo, and 13 to 24 identify the selections grafted on ‘Riverside citrandarin’] (Bello Fruit
[1, 13], Elédio [2, 14], Iconha [3, 15], Itarana [4, 16] , Santa Rosa [5, 17], Bearss Lime [6, 18],
CNPMFOL1 [7, 19], CNPMFO02 [8, 20], CNPMF2001 [9, 21], CNPMF5059 [10, 22], BRS Passos
[11, 23] and Persian 58 [12, 24]). All scion selections came from Citrus Active Germplasm
Bank at Embrapa Mandioca e Fruticultura, information’s about their origins are available in
Santos et al. (2013, 2016).

Four traits were measured divided into two groups, two traits from vegetative
development group: trunk diameter (TD, in mm), measured with a digital caliper, 5 centimeters

above the graft region and canopy volume (CV, in m3), obtained through the equation proposed
by Zekri (2000): CV = (g) xTHxDRxDS, where TH is tree height, DR and DS are canopy

projection diameter in the row and in-between rows, respectively. The other group was
productive group, with also two traits measured: fruit yield (FY, in kg tree) through weighting
the fruits from each tree with a minimum diameter of 47 mm, and the number of fruits per tree
(NF) assessed through simple counting. Eight measurements were taken for FY and NF (at 736
(M1), 808 (M2), 861 (M3), 918 (M4), 972 (M5), 1083 (M6), 1200 (M7), and 1249 (M8) days
after planting) and four measurements were taken for TD and CV traits (736 (M1), 918 (M4),
1083 (M6) and 1249 (M8) days after planting).

Statistical analyses
Repeatability model
Data were subjected to mixed-model analysis using a statistical repeatability model
(REP) for experiments in randomized complete block design, as follows:
Y7681 = X[768,3215132,1] T Z[768,2419[24,1] T W]768,96P[96,1] T €[768,1]>
where y is the vector of phenotypic data, s is the vector of the effects of measurement-replication
combinations (assumed to be fixed) added to the overall mean, g is the vector of genotypic

effects (assumed to be random) [g~N (0, ] agz)], p is the vector of the permanent plot effects
(assumed to be random) [p~N (0, I aﬁ)], and e is the vector of errors [e~N(0,152)] (random),

where [ is an identity matrix, agz, aﬁ and o2 are genotypic, permanent plot and residual
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variances, respectively. The capital letters X, Z, and W represent the incidence matrices for these
effects. The dimension of the matrices is in subscripted square brackets.

The variance components were estimated via residual maximum likelihood — REML
(Patterson and Thompson 1971), and genotypic values were predicted via best linear unbiased
prediction - BLUP (Henderson 1975).

The significance of the random effects of the model (genotypic and permanent plot
effects) were tested using the Likelihood Ratio Test (LRT) (Wilks 1938), given by:

LRT = =2 * (LogLy. moa. — LOGLc. moa):
where LogL, moq. 18 the logarithm of the restricted likelihood function of the reduced model
(without the effect under test) and LogL. 4., 1S the logarithm of the likelihood function of
the complete model (with all effects included). Thus, the significance was tested by the LRT
using the chi-square (?) probability density function with a degree of freedom with 1 and 5%
error probability (Dobson and Barnett 2018).

The phenotypic variance (6§hen), mean heritability of genotypes in the broad sense

(fl,zng), genotypic coefficient of variation (CV;) and the selective accuracy (154 ggp) Were

estimated according to the following equations (Resende et al., 2014b):

6_\2 — ~2 + a'zzJerm a\-‘rz'es
phen g r rem’
~2
R2,y = %
™82 or 2
phen phen joint

6—‘2
CVy(%) = ug + 100

B PEV
To9.rEP= [1— 2
g

where r and m are the number of replications and measurements, respectively, 62 is the
estimated variance component (where x refers to any effect mentioned above), and PEV is the
prediction error variance extracted from the coefficients on the diagonal of the generalized

inverse matrix of the mixed model equations (Henderson 1975).

Random Regression Model

For each trait evaluated, 48 random regression models (RRM) were fitted via Legendre
polynomials and tested to identify the best fit to the data.

Time measurements were scaled to range from -1 to 1 to allow the use of Legendre

polynomials. The sizing formula is given below:



40

te = —1 4 2[—x_Tmin |

Mmax — Minin

where m, refers to the x measurement time, m,,;, is the first measurement time (m 1), and
Mynayx 1S the last measurement time (m 8).

The following random regression model (RRM) was used:
Yijk = Ric + Br@yr + Li=o Git®ije + Xi=o DirePije + Eijc

where Y is the phenotypic value of the i™ genotype (i=1, 2, ..., 24), in the j™ harvest (j =1,
2, ..., 8), of the k" replication (k = 1,2,3,4). Ry, is the fixed replication effect, S is the third-
degree regression coefficient (maximum order - 4) of the Legendre polynomials, assumed to be
fixed. The random effects g;; and p;;; are random regression coefficients of the Legendre
polynomials for the genotypic and permanent plot effects, respectively, in the i*" genotype, k"

replication in the tt"

degree of adjustment of the polynomial (¢ = 0, 1, 2, and 3). @;j; is the
degree of the Legendre polynomial in the i*" genotype, k'™ replication and t* degree of
adjustment of the polynomial, with T being the maximum degree order considered (T = 4) for
the genotypic and permanent plot effects, &; j is the random residual effect associated with the
individual Y; j.
In matrix notation, the above RRM is given by:
Yi7es1] = X[76832101321] T 2176824191248 T Wi768,961P[96,8] T €[768,1]>

where y is the vector of phenotypic data, b is the vector of effects of measurement-replication
combinations added to the overall mean (assumed to be fixed), g is the vector of regression
coefficients of genotypic effects (assumed to be random), p is the vector of regression
coefficients of permanent plot effects (assumed to be random), and e is the vector of residual
(random) effects. X, Z and W refer to the incidence matrices for these effects. The dimensions
of the matrices are in subscripted square brackets.

In this model, g ~ N (0, K;&®I), p ~ N (0, K,&1I), and e ~ N (0, R); where K; and K,
are the covariance matrices for genotypic and permanent plot effects, respectively; @ denotes
the Kronecker product; I is an identity matrix with order adequate to the respective random
effect; and R refers to the residual covariance matrix. Different models considering distinct
residual covariance structures were tested based on the number of measurements
(homogeneous, diagonal, and unstructured).

After obtaining the 48 models for each trait, the one that presented the best fit was
chosen. For this, we used the Akaike Information Criteria (AIC) (Akaike 1974), given by:
AIC = —2LogL + 2p,
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where LogL is the logarithm of the likelihood function and p is the number of estimated
parameters. The model with the lowest AIC value is considered the model with the best
adjustment.

As in the repeatability model, the significance of the random effects of the best-fit model
was performed using LRT. Estimates of the variance components (62) for the genetic and
permanent plot effects were estimated via reparametrized REML (Meyer and Hill 1997), as
well as the predicted genotypic values (g;;) obtained via BLUP (Kirkpatrick et al. 1990),
according to the expressions below:

67 = @ije Ky ¢'ij¢ and
gij = Y0 it Pije
where K, is the estimated coefficient covariance matrix for the random effect (genotypic or
permanent plot) and §;; is the genotypic value of order ¢ for the genotypic effect of the i
genotype.

The phenotypic variance (6§hen), heritability of mean genotypes in the broad sense
(fl,zng), genotypic coefficients of variation (CVj;) were obtained in a similar way to those
mentioned above. The selective accuracy of genotypic values (154 gry) Was obtained according
to the equation below (Kirkpatrick et al. 1990):

®ije PEV @'yjt
Y49 RRM = 1- =7
@ijt Kg @©'ij¢

For genotype ranking purposes, the genotypic trajectories were obtained from the
interpolation of genotypic values at 200 points within the parametric range of the harvests. The
areas below the genotypic trajectories (AUGT) were obtained through the following expression

(Alves et al. 2020a):
1 ~
AUGT = p + f_lz;o Jit @ije x™ dx;

where p represents the phenotypic mean and x™ is the measurement scale of the trait.

Selection index

The predicted genotypic values (BLUP), and the areas below the genotypic trajectories
(AUGT) of all traits were used as input for the index to promote the selection of superior
genotypes while considering the four traits simultaneously. The Additive Index (AI) given by

(Resende 2016):
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Ui
AI = Z Wt_
Ot

where w; is the weight for each trait t, defined by the genotypic coefficient of variation (C l/;])
of the trait in REP and RRM, v;; is the input according to the model used in the i™ genotype for

a target trait, g, represents the standard deviation to the trait ¢t and nt the total number of traits
(four). We considered as the direction of selection of the traits as “higher” for FY and NF, as
“lower” for CV, and as “null” for TD.

The genotypes were classified according to their position in each index, and the ranking
correlation was obtained using Spearman's coefficient. The three best performing genotypes

were considered as selected, with a selection intensity of 12.5%.

Softwares

The repeatability model and random regression models were fitted using Selegen
REML/BLUP (Resende 2016) and ASReml (Gilmour et al. 2015) softwares, respectively. The
areas under genotypic trajectories were obtained by ‘integrate’ function in R (R Development

Core Team 2020).

Results
Genotypic potential and variability

For the REP, the genotypic variances were significant for all traits via the LRT. The
permanent plot effect was significant for CV and TD traits, while non-significant for FY and
NF trait (Table 1). Heritability estimates ranged from 0.81 (TD) to 0.87 (FY and NF). The
genotypic coefficients of variation were also higher for the productive traits, with 42.17% and
41.43% for FY and NF respectively, while TD and CV had values of 7.03% and 15.44%,
respectively (Table 1). The selective accuracy by the repeatability model was 0.88 for TD and
CV and 0.94 for FY and NF (Table 1).

Table 1. Variance components and genetic parameters through repeatability model (REP), for
the traits trunk diameter (TD), canopy volume (CV), fruit yield (FY), and number of fruits (NF),

evaluated in 24 combinations of ‘Tahiti’ acid lime scion/rootstock.

Trait
TD CvV FY NF
c’f; 22.204*M 0.734%* 3.256%* 380.251%**

Estimates
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62erm 1.718%* 0.0795* 0.0395" 1.839™

G2 3.199 0.0825 0.4175 50.762

- 27.121 0.896 3.713 432.853
hZ.g 0.81 0.82 0.87 0.87
Tsg 0.88 0.88 0.94 0.94
cv, 7.03 15.44 42.17 41.43
M 66.94 5.55 4.27 47.06

6;: genotypic variance; 6§erm: permanent plot variance; 82: residual variance; 65,16”:

phenotypic variance; h,zng: average heritability of genotypes in the broad sense; 154: selective
accuracy; CVy: genotypic coefficient of variation, and p: mean. (V' ™, * and **, non-significant,

significant at 5, and at 1% of error probability, respectively, through in REP model.

The best fitted model in RRM was given by the lowest AIC values. Thus, the model
with order two for genotypic effects, order zero for permanent plot effect, and with
heterogeneous residual variance (2.0D), presented the best fit for the TD trait (Table 2). For the
CV trait, the model with order three for genotypic effect and for permanent environmental
effect, with homogeneous residual variance (3.3H), obtained the lowest AIC value (Table 2).
For the productive traits, FY and NF, the model with order three for genotypic effect, order zero
for permanent plot effects, with heterogeneous residual structure (3.0D), presented the best fit
(Table 2). The order of fixed effects in the model has not been changed, keeping degree 3 for
all models. The convergence parameters for all analyzed models for the four traits are available

in the supplementary material (Table A.1 to Table A.4).

Table 2. Some of the 48 models fitted using Legendre Polynomials, with their polynomial
degree of random effects, convergence, number of parameters and Akaike Information Criteria
(AIC) for the traits trunk diameter (TD), canopy volume (CV), fruit yield (FY), and number of

fruits (NF), evaluated in 24 combinations of ‘Tahiti’ acid lime scion/rootstock.

Polynomial degree* Number of parameters
LogL AIC
Model? Fix Gen Perm Gen Perm Res
TD
2.0H 3 2 0 Converged 6 1 1 1955.63

2.1H 3 2 1 Converged 6 3 1 1938.23
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2.0D 3 2 0 Converged 6 1 1878.02
2.1D 3 2 1 Converged 6 3 4 1880.35
2.0U 3 2 1 Converged 6 3 10 1993.94
2.1U 3 2 2 Converged 6 6 10 2005.09
Cv
3.2H 3 3 2 Converged 10 6 1 488.206
3.3H 3 3 3 Converged 10 10 1 436.228
3.2D 3 3 2 Not converged 10 6 4 -
3.3D 3 3 3 Not converged 10 10 4 -
3.2U 3 3 2 Converged 10 6 10 688.986
3.3U 3 3 3 Converged 10 10 10 697.066
FY
3.0H 3 3 0 Converged 10 1 1 2106.52
3.1H 3 3 1 Converged 10 3 1 2082.18
3.0D 3 3 0 Converged 10 1 8 1874.02
3.1D 3 3 1 Not converged 10 3 8 -
3.0U 3 3 0 Converged 10 1 36 2183.94
3.1U 3 3 1 Converged 10 3 36 2194.36
NF
3.0H 3 3 0 Converged 10 1 1 5502.86
3.1H 3 3 1 Converged 10 3 1 5495.12
3.0D 3 3 0 Converged 10 1 8 5331.42
3.1D 3 3 1 Not converged 10 3 8 -
3.0U 3 3 0 Converged 10 1 36 5594.6
3.1U 3 3 1 Converged 10 3 36 5603.6

* Fix: fixed effect; Gen: genotypic effect; Perm: permanent plot effect; and Res: residual effect.

(: tested models are referred as N.nR, where N and n represent Legendre polynomial adjusted

order for genotypic and permanent environmental effects, respectively, and the residue R can

assume different covariance structures such as homogeneous (H), heterogeneous (D), and

unstructured (U).
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The estimation of variance components was performed using the model selected by the
AIC. Genotypic and permanent plot effects were statistically significant, by LRT, for all traits.
The LRT values for the genotypic variation factor were 11.85 for FY, 8.5 for NF, 190.6 for CV
and 27.3 for TD, all higher that 3.84 (chi-square, 1 degree of freedom, 5% probability).

Genotype performance over time

The TD and CV traits showed variable genotypic variance (U;), with the performance
increasing and decreasing over time (measurements) respectively (Table 3). For the productive
traits (FY and NF), there was a progressive increase in genotypic variance (0';), over time. A
similar performance was observed for the estimates of mean heritability of genotypes in the
broad sense (h,zng), ranging from 0.12 (TD in MS) to 0.65 (CV in M2). The selective accuracy
values (r54) were greater than 0.8 for all traits in all assessments, except for TD at M8 (0.75)

(Table 3).

Table 3. Variance components and genetic parameters estimated by the random regression
model (RRM) in each harvest for the characteristics: trunk diameter (TD), canopy volume (CV),
fruit yield (FY) and number of fruits (NF) evaluated in 24 ‘Tahiti’ acid lime scion /rootstock

combinations through eight harvests.

Evaluations
Estimates M1 M2 M3 M4 M5 Me6 M7 M8
TD
a; 22.085 26460 30.004 32.619 33214 28304 19.588 18.259
Operm 11.283  11.283 11.283 11.283 11.283 11.283  11.283 11.283
G2 15409 15409 15409 18.463 18463 27339 27.339 120.210
G;Wﬁ 48.778  53.153 56.693 62366 62961 66921 58211 149.752
hing 0.45 0.50 0.53 0.52 0.53 0.42 0.34 0.12
T5g 0.89 0.92 0.92 0.92 0.92 0.91 0.84 0.75
u 66.9418
Cv
Gy 0.231 1.643 2300  2.149 1.520 0.442 0.598 1.457
Gherm 0.060 0.902 1.289 1.270 1.068  0.869 1.307 2.638
62 0.107

A2

Ophen 0.399 2.546 3.590 3.420 2.588  1.311 1.905 4.096
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g 0.58 065 064 063 059 034 0.31 0.36
Tag 0.91 092 092 091 091  0.89 0.85 0.84
u 5.5564

FY
62 0.616 0944 1494 2266 3347 5974  8.064 12.067
Gherm 0229 0229 0229 0229 0229 0229  0.229 0.229
6%, 1.165  1.120 0983  6.096 3453 4365  9.242 15.350
Gpen 2011 2293 2706 8591  7.029 10568 17.534  27.646
g 0.31 041 055 026 048 057 0.46 0.44
Tig 0.88 093 093 094 094 093 0.93 0.90
u 4.2790

NF
62 80.592 134424 207.97 303.83 44573 787.01 893.343  1338.48
Gherm 27.663  27.663 27.663 27.663 27.663 27.663 27.663  27.663
62, 136756 154.217 21698 103478 540.17 542.84 772322  1628.640
Gpren 25401 316305 452.62 136627 10135 1357.5 1693.329 2994.788
hhg 0.35 042 046 022 044 058 0.53 0.45
Tag 0.89 092 092 093 093 093 0.93 0.90
u 47.0678

6gzz genotypic variance; 6§erm: permanent plot variance; 62: residual variance; 6§hen:
phenotypic variance; h,zng: average heritability of genotypes in the broad sense; 154: selective

accuracy; and M: mean.

The genotypic trajectories were non-linear for the four traits evaluated in the 24
genotypes (Figure 1), crossing, diverging and/or converging over time (X-measurement axis).
It was noticed that trajectories close to the general average only for the FY in the first three
evaluations, from M4 to M8 it was noticed a great variation in the performance of the genotypes.
The other traits showed different trajectories for TD, VC and NF over the eight assessments.
Ranking and selection of superior genotypes

The genotypes selected by the REP and RRM models were the same ones according to
the adopted selection intensity. However, there were differences in the ranking based on the
additive index (Figure 2). For REP, the three best performance genotypes in ascending order
were 4, 15, and 22. For RRM, the three best performance genotypes were in ascending order

were 15, 22, and 4. On the other hand, genotype nine was classified as twenty-fourth position



47

in all scenarios (Figure 2). The Spearman correlation between the REP and RRM rankings was

0.96.

Discussion
The repeatability model proved the existence of genetic variability among individuals
for all the evaluated traits. According to Resende and Alves (2020), heritability estimates by

the REP were classified as very high for all traits, as they presented h,zng > 0.80. The selective

accuracies obtained by the repeatability model was classified as high magnitude for TD and CV
(0.70 < 154< 0.90) and very high magnitude for FY and NF (75,> 0.90) (Resende and Alves
2020).

The permanent plot effect, tested via LRT, indicated that the vegetative traits (CV and
TD) are not influenced by the persistent microenvironmental effect among measurements. On
the other hand, the productive traits (FY and NF) need information from more than one
evaluation for assertive recommendation of superior genotypes given the presence of significant
permanent plot effect. Repeatability studies aim to identify the permanent plot effect and
indicate the optimum number of measurements were reported in ‘Tahiti’ acid lime plant
breeding (Malikouski et al. 2021).

Except for the TD trait, the selected models fitted diagonal residuals (i.e., a residual
variance for each measurement). The genotypic effects were modeled by degrees 2, 3, 3, and 3
Legendre polynomials for the TD, CV, FY, and NF traits, respectively, whereas the permanent
plot effects were modeled by Legendre polynomials of degrees 0, 3, 0, and O for the traits TD,
CV, FY and NF, respectively. This implies different number of covariance parameters
estimated by each model (11, 19, 19, and 21 for TD, FY, NF, and CV, respectively). Only
polynomials with degree equal to three or lower were considered, in a way to represent the most
common biological effects that occur in plant development, in addition to the guarantee of
adjusting less parameterized models (Meyer and Hill 1997; Meyer and Kirkpatrick 2005). The
maximum degree adjustment for fixed effects was used once it explains better the effect, in
addition to being usually adopted (Schaeffer 2016). In addition, testing the residual variance
structure that was performed in RRM is considered relevant in the analysis of repeated
measures, as it can directly affect the estimates of genetic parameters and the prediction of
genotypic values (Coelho et al., 2020).

According to the LRT, there is genotypic variability between the SRC of ‘Tahiti’ acid

lime for the evaluated traits by RRM. The presence of genotypic variability is an important
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prerequisite in breeding programs, as it enables recombination and recommendation in the
process of developing new varieties (Nielsen et al. 2014), as well as obtaining gains with
selection.

The permanent plot variances, by RRM, were significant for all traits. However, the
obtaining degree 0 of the Legendre polynomials for FY, NF, and TD traits in RRM indicates a
permanently constant effect over the measurements, and the non-significance of the permanent
plot effect in REP for FY and NF traits reinforce the behavior of the effect.

The absence of studies addressing genetic parameters in Citrus latifolia Tanaka is
noteworthy. According to Resende and Alves (2020), the average heritability estimates in the
broad sense had moderate magnitude (0.15 < h,zng < 0.50) or high magnitude (0.50 < h,zng <
0.80), except for TD in M2 which presented a low magnitude (0.01 < hrzng < 0.15). Variation in
the average heritability estimates of genotypes in the broad sense is indicative of differential
gene expression across measurements. Differences in environmental and crop management
conditions also interfere with heritability estimates, as phenotypic variance is influenced by
these factors (Tucker et al. 2020).

All estimates of selective accuracy in the random regression model were classified as
high or very high magnitudes, being high when 0.70 < 75, < 0.90 and very high when 75, >
0.90 (Resende and Alves 2020). The high selective accuracy values for the CV and TD traits
demonstrate the efficiency of RRM in predicting genotypic values and estimating variance
components. According to Resende and Alves (2020), very high selective accuracies are
desirable to recommend superior genotypes for planting.

The trajectories illustrated the variation of genotypic values over time (Alves et al.
2020a). The selected models evidenced the presence of G x M interaction for the evaluated
traits, as the trajectories were not parallel along the measurements. The crossing of trajectories
demonstrates the occurrence of G x M interaction of a complex nature (Van Eeuwijk et al.,
2016). This type of interaction is problematic in breeding programs, as it can change the ranking
of genotypes among measurements misleading the identification of superior genotypes
(Resende 2015).

According to Schaeffer (2016), genetic parameters estimated via RRM allow the
prediction of breeding values along the entire temporal gradient, mitigating the adverse G x M
interaction effects. In addition, RRM allows the estimation of variance components and the
prediction of breeding values at a specific time, within the temporal gradient, that no

measurement was performed. As an example, the vegetative traits TD and CV, which were
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evaluated only in M1, M4, M6 and M8, but estimates were obtained for the eight evaluations.
This advantage allows for a more accurate selection of superior genotypes, either for inclusion
in breeding programs, or for recommendation for planting, through vegetative propagation
(Peixoto et al. 2021). In addition, the evaluation of traits over time demands resources and labor.
The use of RRM allows reducing the number of evaluations, since it does not require a
minimum number or linearity in the evaluated interval (Jamrozik and Schaeffer 1997).

The calculation of the AUGT enables the ranking of genotypes considering all crops
simultaneously and considering the genotypic plasticity of genotypes over time (Peixoto et al.
2020). For the productive traits, FY and NF, the greater the area under the curve, the greater the
productive capacity of the genotype. For the vegetative trait CV, smaller values of AUGT are
of greater interest, since trees with a large production of tree biomass occupy larger spaces and
their large size makes cultural treatments difficult (Morais et al. 2020). Due to its low genotypic
variation and plasticity, in addition to the absence of correlation with productive traits (Peixoto
et al. 2021), null gain was considered for TD in this study, it focused only on the estimation of
variance components and prediction of genotypic values for a referred trait.

The use of selection indices is an alternative to selecting for several traits simultaneously
(Ribeiro et al. 2018). The similarity in the classification of genotypes between the selection
indices REP and RRM can be confirmed by the high Spearman correlation. However, the
importance of the certain similarity of the results of REP and RRM should be highlighted, since
REP is a model commonly used in the evaluation of perennial species. Regarding selected
genotypes, the similarity between RRM and REP may be related to the low permanent plot
effect for NF and FY, which was identified as non-significant by LRT in REP and of zero
degree in the random regression model. However, the inability of the predictive and estimation
repeatability models at unassessed ages is highlighted.

The use of RRM does not require a standardization of time in measuring traits, that is,
a trait does not need to be evaluated with another set of trait and not in all individuals at the
same time (Aradjo et al. 2015). For the evaluation of ‘Tahiti’ acid lime, this is extremely
important, as it allows the measurement of trait at their optimal time, which can overcome the
inconveniences of genetic evaluation, such as, for example, the inequality of fruit maturation
(Sales et al. 2018).

Unlike the REP model, the RRM allows the estimation of variance components and the

prediction of breeding values along the entire time gradient (Coelho et al., 2020), and the
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modeling of genetic and non-genetic effects makes selection of superior genotypes much more
efficient (Melo et al. 2020).

Knowing the superiority of RRM for what has already been presented, the selection
index based on RRM should be preferred. Furthermore, as it presents the same results with REP
regarding selected genotypes, the selection of genotypes 15 (Iconha / 'Riverside’ citrandarin),
22 (CNPMF5059 / ’Riverside’ citrandarin) and 4 (Itarana / Swingle citrumelo) is the most
pertinent. These combinations can be recommended for planting, since their propagation is
completely asexual, via grafting to promote union of the scion with the rootstock (Carvalho et
al., 2019).

It is worth to highlight the importance of this study due to the lack of information related
to the estimation of genetic parameters in the species C. latifolia Tanaka. The application of the
random regression technique for the selection and recommendation of superior genotypes was
a reliable methodology for ‘Tahiti’ acid lime since this crop has uninterrupted and irregular
production over the years. Furthermore, this work demonstrated the efficiency of the selection

index once it selects high productivity and less laborious genotypes.

Conclusion

Random regression models, fitted using Legendre polynomials, adequately deal with
repeated measures, unbalanced and non-standardized data and are recommended to deal with
G x M interaction in ‘Tahiti’ acid lime aiming at genotype recommendation. The applied
methodology allowed the prediction of genotypic values for not evaluated measurements, and
therefore, should be preferred over models based on analysis of variance and repeatability
models in the genetic evaluation of ‘Tahiti’ acid lime.

The use of the additive index, based on the AUGT, allowed an accurate recommendation
for SRC of ‘Tahiti’ acid lime. The most indicate scion/rootstock combinations indicated for
cultivation are Iconha/’Riverside’ citrandarin, CNPMF5059/ Riverside’ citrandarin, and

Itarana/Swingle citrumelo.
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Fig 1. Genotypic trajectories for trunk diameter (a), canopy volume (b), fruit yield (c) and

number of fruits (d) on the measurement scale (M1-M8) of 24 “Tahiti’ acid lime scion/rootstock
combinations.
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additive selection index by predicted genotypic values via repeatability model (REP) and
random regression model (RRM).
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ARTIGO 3

Aplicacao de modelos probabilisticos bayesianos para recomendacio de lima acida

‘Tahiti’ em dados longitudinais.

Resumo

Modelos probabilisticos capazes de predizer a superioridade e a persisténcia de
gendtipos podem potencializar programas de melhoramento de espécies perenes, dada sua
propriedade de indicar individuos superiores e persistentes com um nivel de probabilidade
associado, além de fornecer uma medida de incerteza em torno dos parametros estimados
através dos intervalos de credibilidade. Neste estudo, testamos a aplicabilidade de um modelo
probabilistico bayesiano para a recomendacdo de 24 gendtipos de lima 4cida ‘Tahiti’. Dados
provenientes de 12 colheitas nos genétipos avaliados foram ajustados em um modelo
probabilistico por meio de um algoritmo amostrador de Monte Carlo Hamiltoniano. Calculou-
se a probabilidade de performance superior do valor genético de cada gendtipo no contexto
geral e em cada colheita, bem como a probabilidade de reduzida varidncia da interagdo
gendtipos x colheitas como forma de avaliagdo da performance e persisténcia dos genétipos,
respectivamente. O ajuste do modelo bayesiano com estrutura de variancia residual heterogénea
foi validado e comparado utilizando um modelo frequentista com os mesmos parametros para
avalicdo da persisténcia dos gendtipos. Nossos resultados mostraram a aplicabilidade do
modelo probabilistico bayesiano através de pardmetros semelhantes com os do modelo
frequentista, porém com niveis de probabilidade associados a performance e estabilidade dos
gendtipos. Os gendtipos G15, G4, G18 e G11 foram considerados as mais superiores, enquanto

G24, G7, G13 e G3 foram os mais persistentes.

Palavras-chave: Citrus latifolia Tanaka, culturas perenes, modelagem estatistica, Monte Carlo

Hamiltoniano (MCH).

Introducao

Fruteiras perenes possuem caracteristicas que dificultam seu melhoramento, como o
longo periodo juvenil e a expressdo diferencial de caracteres quantitativos ao longo dos anos
(Gray and Brady, 2016). O periodo juvenil impede que caracteres de produtividade sejam

avaliados precocemente, atrasando a geracdo de resultados e consequentemente a selecao dos
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gendtipos superiores. A variacdo da performance no decorrer do tempo € causada pela interagao
gendtipos x colheitas (IGC), e exige que estas plantas sejam avaliadas repetidas vezes,
aumentando os custos e a duragdo dos ciclos de melhoramento (Chaves et al., 2021). Devido a
presenca da IGC, os objetivos dos melhoristas ndo devem se restringir somente a avaliacio de
desempenho, mas também devem contemplar a estabilidade dos genétipos (Malosetti et al.,
2013; Rai and Shekhawat, 2014; Zhang et al., 2018). Além disso, deve-se lidar com a ndo-
ortogonalidade e avaliagdes nao equidistantes ao longo do tempo, visto que sdo realizadas no
mesmo individuo (Piepho and Eckl, 2014). Estes fatores prejudicam os ganhos genéticos por
ciclo de melhoramento e a recomendacao de individuos superiores.

Em lima 4cida ‘Tahiti’ (Citrus latifolola Tanaka L.), algumas solu¢des foram propostas
para superar tais problemas. A enxertia, processo bem estabelecido no melhoramento de
espécies citricolas, influencia no desenvolvimento vegetativo e reduz a duragdo do periodo
juvenil, permitindo avaliagdes mais precoces no programa de melhoramento. Estes e outros
efeitos podem variar em intensidade, a depender da constitui¢do genotipica do porta-enxerto
(Garcia-Muiioz et al., 2021; Hassanzadeh Khankahdani et al., 2019). Unindo a enxertia com a
proposta de Malikouski et al. (2021) de que a avaliacdo de somente quatro colheitas € suficiente
para selecionar de forma acurada, os ciclos de melhoramento de lima 4dcida podem ser ainda
mais encurtados. Métodos para lidar com dados longitudinais ndo-ortogonais de lima &cida
também foram propostos, a exemplo de modelos de regressao aleatdria utilizando polindmios
ortogonais de Legendre, que permitem estimar a trajetéria genotipica dos tratamentos em
avaliacdo (Malikouski et al., 2022).

Apesar dos avangos, ainda ha necessidade de estabelecer metodologias para lidar com a
IGC na selecdo dos melhores candidatos. A IGC possui duas principais causas que, agindo de
maneira conjunta, concorrem para a sua maior ou menor intensidade. A primeira € extrinseca a
planta e estd relacionada aos diferentes padrdes climdticos e préaticas culturais dispendidas a
partir do momento em que o individuo é implantado no campo (Dunham et al., 2018). Tais
padrdes e praticas podem agir de maneira benéfica ou maléfica a performance dos genétipos
em avaliacdo (Lambert et al., 2015; Leisner, 2020). A segunda causa € fisioldgica, e tem relacdo
com o estdgio de maturacdo da planta. Em outras palavras, haverd expressao diferencial dos
genes a depender da idade fisiolégica do individuo.

Genotipos que possuam alelos que confiram plasticidade para se adequarem as variadas
condi¢cOes ambientais de cada ano devem ser priorizados. Para isto, a estabilidade dos

N N

candidatos a selecio deve ser aferida. Um conceito andlogo a estabilidade chamado
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“persisténcia” € utilizado por melhoristas de forrageiras perenes, e consiste na capacidade de
sobreviver, e de produzir matéria seca por longos periodos (Parsons et al., 2011; Rocha et al.,
2018). Em fruteiras perenes, este conceito pode ser readequado como a capacidade de manter
um alto rendimento de frutos por vérios anos (Chaves et al. 2022). Uma segunda possibilidade
¢ guiar a selecdo usando metodologias baseadas em conceitos de probabilidade, tendo como
ideia central a redu¢do do risco associado a selecdo de um dado genétipo. Esta vertente
aproxima o melhoramento do dilema didrio do produtor rural, que procura guiar suas agoes de
modo a minimizar os riscos de ocorréncia de baixa producdo em uma determinada safra
(Eskridge et al. 1991). Dias et al. (2022) partiram desta ideia para propor um método embasado
em estatistica bayesiana que auxilia na selecao de gendtipos que reinam alelos favordveis para
a caracteristica de interesse e que sejam, simultaneamente, previsiveis, proporcionando a
diminui¢do dos riscos relacionados a selecdo. A base bayesiana proporciona ao método
caracteristicas particulares a esta vertente estatistica, como por exemplo, o aproveitamento de
informacdes a priori, isto €, informacgdes prévias incorporadas na distribui¢do de parametros do
modelo, além de apresentar componentes de varidncia e valores genéticos com intervalos de
confiabilidade inferiores quando comparados a modelos frequentistas (Covre et al., 2022).
Apesar de ter sido proposta e implementada para o contexto multi-locais, a metodologia
proposta por Dias et al (2022) pode ser readequada ao contexto multi-colheitas. Ainda nio ha
registros de tal readequacdo, tdo pouco de sua aplicacdo em espécies perenes como a lima 4cida
‘Tahiti’, através de multiplas colheitas. Desse modo, objetivou-se neste estudo, avaliar a
aplicabilidade de um modelo probabilistico bayesiano para a recomendacdo de genétipos

superiores e persistentes de lima acida ‘Tahiti’.

Material e Métodos
Rede experimental e material vegetal

Os dados de lima acida ‘Tahiti’ sdo provenientes de um experimento implantado em
julho de 2015, em Sao Mateus, Espirito Santo, Brasil (18°48'21"S, 39°53'30"W, 35 m.a.s.l).
Esta regido possui uma estacdo chuvosa no verdo e uma estacdo seca no inverno, sendo
classificado como Aw, seguindo a classificacdo de K&ppen (Alvares et al., 2013). Os dados
climéticos de precipitagcdo e temperatura durante o periodo de realizacao do experimento podem
ser consultados na Figura 1.

Para este estudo, 24 combinacdes de copa/porta enxerto de lima acida ‘Tahiti’ foram

avaliadas para a caracteristica de rendimento de frutos, expresso em kg/arvore. Tais
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combinagdes contemplaram dois hibridos como porta-enxerto, Citrumelo swingle (Citrus
paradisi X Poncirus trifoliata) e Citrandarin ‘riverside’ (Citrus sunki X Poncirus trifoliata), e
12 clones de lima acida ‘Tahiti’ como enxerto (Tabela 1). Todos os materiais utilizados no
experimento sdo provenientes do Banco Ativo de Germoplasma da Embrapa Mandioca e
Fruticultura (Santos et al., 2013). Deste ponto em diante, as combinagdes serdo denominadas
gendtipos. O periodo de avaliacdo do experimento ocorreu entre julho de 2017 e setembro de
2020, e consistiu em 12 colheitas realizadas nos seguintes dias apds a implantacdo do

experimento: 736, 808, 861, 918, 972, 1083, 1200, 1249, 1415, 1568, 1633 ¢ 1867.

Tabela 3. Codificacdao dos 24 genotipos de lima &cida ‘Tahiti’ utilizadas no experimento.

Porta-enxerto

Copa
Citrumelo swingle Citrandarin riverside
Bello Fruit Gl G13
Elédio G2 Gl4
Iconha G3 GI15
Itarana G4 Gl6
Santa Rosa G5 G17
Bearss Lime G6 GI8
CNPMFO1 G7 GI19
CNPMFO02 G8 G20
CNPMF2001 G9 G21
CNPMF5059 GI10 G22
BRS Passos Gll1 G23
Persian 58 GI12 G24

Andlises estatisticas
Dois modelos bayesianos foram utilizados para a avaliagdo da superioridade dos
gendtipos neste estudo. O primeiro modelo (B-ID) apresentou a seguinte probabilidade normal
condicional:
Yijk~N(E[Yiji) 0%)
em que:

Elyiji] = u+ gi + 1+ hie + ghy +pij +e
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onde E [yi jk] é o valor fenotipico do ™ genétipo, avaliado no j¢¥™° bloco, na k&M
colheita. u € a média geral, g; € o efeito genotipico, 7; € o efeito de bloco, hy € o efeito de
colheita, gh;, € a interagdo gendtipos x colheitas, p;; € o efeito ambiental permanente.

A distribui¢do de probabilidades a priori para cada parametro do modelo foi definida

como:
u~N(0, o7
r~N(0, ar1)
h~N(0, op)
9~N(0, 01g))
gh~N(0, ogny)
p~N(0,0p))
e~HalfCauchy(0, a[e])
onde N (O, a[a]) e HalfCauchy (O, U[Q]) representam as distribui¢des normal e half-Cauchy,
respectivamente, com média zero e diferentes escalas de hiperparametros a[za]. Por ser um
modelo hierdrquico, € conveniente adotar essas distribui¢des (Gelman, 2006). Também
consideraram-se as seguintes hiperprioris para os respectivos hiperparametros:
oy ~HalfCauchy(0, )
or~HalfCauchy(0, p)
on~Half Cauchy(0, )
o(g;~HalfCauchy(0, )
oign)~Half Cauchy(0, )
op~HalfCauchy(0, )

onde ¢ € o hiperparametro global conhecido, sendo definido como ¢ = max(y) x10, definido
de tal forma que resulta em hiperprioris de segundo nivel, pouco informativos, e que permitem
aos dados dominar a distribui¢@o a posteriori se a probabilidade é forte (Gelman et al., 2013).
O segundo modelo (B-DG) foi ajustado com as mesmas consideracdes de B-ID,
diferindo apenas por adotar efeitos residuais heterogéneos. A selecdo do modelo de melhor
ajuste se deu pelo menor valor do Critério de Informagcdao Watanabe-Akaike 2 (WAIC2)
(Gelman et al., 2013). O modelo selecionado foi utilizado para calcular as probabilidades e
realizar as inferéncias a respeito do desempenho e estabilidade dos gendtipos de lima dcida

‘Tahiti’. A partir deste modelo, também foram estimados os componentes de varidncia e os
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valores genéticos via algoritmo Monte Carlo Hamiltoniano, com 4000 iteracdes, 4 cadeias e 4

nucleos declarados (Nishio and Arakawa, 2019).

Probabilidade de performance e persisténcia genotipica no contexto bayesiano

Ambas as medidas de desempenho e estabilidade utilizadas neste estudo, foram
propostas por Dias et al. (2022). A probabilidade de performance dos genétipos de lima 4cida
‘Tahiti’ foi calculada a partir da amostragem da distribuicdo a posteriori do valor genético
marginal dos gendtipos, dado o valor fenotipico observado [p(g|y)]. Os gendtipos foram
ranqueados a partir de valores de probabilidade dada a ocorréncia de o certo evento. Os
gendtipos foram ranqueados a partir de valores decrescentes de probabilidade dada a ocorréncia
do seguinte evento: um dado gendtipo apresente performance superior entre 0s quatro maiores
valores genéticos (intensidade de 17%) em cada uma das colheitas ou de forma geral,
considerando todas as colheitas, seno representado por T(g;° € ;). Deste modo, a
probabilidade de gendtipo pertencer ao subconjunto de gendtipos superiores (probabilidade de

desempenho superior) foi calculada a partir da seguinte expressao:

1 S
Pr(gie Qsly) = 5 E T(gie Qsly)
s=1

em que S € o nimero de amostragens.

A estabilidade através das medidas foi calculada a partir dos efeitos da variancia da
interacdo genotipos x colheitas (IGC). Os genétipos que apresentam menores valores de
variancia de IGC tendem a ser mais estdveis, mostrando um desempenho mais previsivel entre
as colheitas. Dessa forma, o desempenho de cada gendtipo pertencer ao grupo daqueles quatro

de menor IGC (menor valor de agzh), representada por T(g; € V), foi computado a partir da

seguinte expressao:

1 S
Pr(var(ghy) € T(g; € V) = ;z 1T(gf etV)
Ss=

Persisténcia no contexto frequentista
Obteve-se também a estabilidade no contexto frequentista procedendo-se com a
aplicagcdo do seguinte modelo (F-DG):
y=1lu+Xr+X,h+2,9+2Z,9gh+2Z3p+e
onde y é o vetor de dados fenotipicos, u € o intercepto do modelo, r € o vetor de efeitos de

repeti¢do (assumidos como fixo), h € o vetor de efeitos de colheitas (assumidos como fixos), g
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¢ o vetor de efeitos genotipicos (aleatorio) [g~N(0,102)], gh é o vetor de efeitos da interagdo
genotipos x colheitas (aleatério) [gh~N(0,15,)], p € o vetor de efeitos permanentes de parcela
(aleatorio) [p~N(0,Ic7)], e e € o vetor de residuos associados as observagdes fenotipicas
(aleatorio) [e~N(0,R)], onde R é uma matriz de covariancia residual de dimensdao h x h. As
letras maidsculas X4 e X, referem-se as matrizes de incidéncia de efeitos fixos, e Z1, Z; € Z3
as matrizes de efeitos aleatdrios dos respectivos efeitos. 1 € um vetor de uns.

Os componentes de variancia foram estimados via maxima verossimilhanga residual —
REML (Patterson and Thompson, 1971), e os valores genéticos preditos via melhor preditor
linear ndo viesado — BLUP (Henderson, 1975). A hipétese de significancia dos efeitos
aleatdrios do modelo foi verificada via teste de razdo de verossimilhanca (em inglés, likelihood
ratio test - LRT) (Wilks, 1938).

A persisténcia dos gen6tipos (P;) no contexto frequentista foi obtida pela distancia entre
cada genétipo em relagdo ao idedtipo, considerando todos os valores genéticos estimados em
cada uma das doze colheitas (g;;). O ide6tipo (gmay) foi definido como o valor genético
maximo estimado em cada dia do periodo experimental. A persisténcia foi calculada utilizando

a seguinte expressao (Rocha et al., 2018):

1

leczzl(gij — Imax )2
1

24
=1 Z]1<2=1(gij - gmax)z

Pi:

Estimou-se a correlacdo de Spearman no ranqueamento de persisténcia dos genotipos

entre o0 método probabilistico bayesiano e frequentista.

Softwares e tempo computacional

As andlises bayesianas foram realizadas usando a linguagem de programacao
probabilistica Stan (Carpenter et al., 2017) através do pacote RStan (Stan Development, 2018)
e as frequentistas por meio do pacote ASReml (Gilmour et al., 2015), ambas no software R (R
Development Core Team, 2020).

O tempo computacional para o ajuste dos modelos bayesianos e frequentistas foi
mensurado através da fungdo base Sys.time em R. As andlises foram executadas em um servidor

Dell Power Edge R720 com 24 nucleos, 512GB de memoéria RAM, e 7TB de espago em disco.
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Resultados
Probabilidade de performance superior dos genétipos

Os modelos bayesianos B-ID e B-DG apresentaram a média da estatistica R préximo a
1, indicando boa convergéncia para os parametros dos modelos (Tabela 2). No entanto, o
modelo B-DG apresentou o melhor ajuste, devido o menor valor de WAIC2 (Tabela 2). A
Figura 2A apresenta a densidade dos dados observados com a densidade dos dados gerados
pelas cadeias no modelo B-DG. Nota-se que o modelo foi eficiente em replicar a distribui¢ao

dos dados observados por meio dos dados gerados.

Tabela 2. Estatistica comparativa dos modelos bayesianos usando o conjunto de dados de lima

acida 'Tahiti'.

Estatisticas de verificacao Modelo de variancia Modelo de variancia
preditivas a posteriori residual homogéneo residual heterogéneo

WAIC2 8420,87 6899,61

R médio 1,00 0,99

Os gendtipos G15, G4, G18 e G11 apresentaram os maiores valores genéticos com seus
respectivos intervalos de densidade a posteriori, enquanto os menores valores foram
encontrados para G9 e G21 (Figura 2B). A probabilidade de performance superior de um dado
gendtipo pertencer a intensidade de sele¢do predefinida de 4 (Pr(g;5€ Q|y)) indicou que G15,
G4, G18, G11, G3, G23, G22, G1, G19, G14, G2, G13 e G16 possuem alguma chance de
estarem dentre os selecionados. Os 11 gendtipos restantes ndo apresentaram desempenho
superior em nenhum cendrio (Figura 2C). Vale destacar os genétipos G15 e G4, os quais
apresentaram elevada performance e oferecem um baixo risco de insucesso se selecionados
[Pr(g;°e Qqly) > 0,75].

Os grificos de calor ilustram uma comparacdo par-a-par da probabilidade de
performance superior dos gendétipos considerando todas as colheitas simultaneamente e em cada
colheita de forma individual (Figuras 3A e 4). O grafico de comparagdo par-a-par apresenta
dois lados simétricos, que indicam a probabilidade de vitéria (diagonal inferior) e derrota
(diagonal superior) dos gendtipos. O gendtipo G15, por exemplo, possui altas probabilidades
de vencer quase todos os gendtipos, exceto G4, onde a probabilidade se aproxima de 0.75. Por
outro lado, G9 € vencido por todos os seus pares em quase todas as situagcdes, com excecdo de

G21, que vence em trés tercos das vezes. A coloragdo esverdeada indica genétipos que empatam
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em seu desempenho (probabilidade de desempenho superior aproximadamente 50%),
destacando-se G18 x G11, G2 x G14 e G10 x G24 (Figura 3A).

A probabilidade de desempenho dos materiais também pode ser analisada ao longo das
colheitas (Figura 3B). Nota-se que a interacdo genotipos x colheitas foi consideravel,
provocando alteragdes nos desempenhos relativos dos genétipos ao longo das colheitas (Figura
3A e 4), ou seja, aqueles que apresentaram producgdo alta em uma colheita ndo necessariamente
tiveram essa performance na seguinte. Os genétipos G15, G4, G18 e GI11 apresentaram
probabilidades superiores a 0.5 em quase todas as medidas, indicando que eles possuem alta
performance produtiva, estando entre os quatro de melhor desempenho (Figura 3B). Os
gendtipos G9 e G21 apresentaram probabilidades nulas durante o periodo de avaliagdo de
colheitas neste estudo, nao sendo recomendados.

Probabilidades de performance superior dos genétipos foram inferiores ao se considerar
as doze colheitas de forma isolada (Figura 4). O desempenho dos gendtipos entre si também
sofreu elevada varia¢do ao longo das colheitas, ou seja, gendtipos que apresentaram producao
alta em uma colheita ndo necessariamente tiveram essa performance na seguinte. Na Figura 4
observou-se probabilidades de vitdria proximos a 50% na maioria das comparacdes, indicando
maior incerteza na recomendacdo de genétipos superiores quando comparado ao par-a-par

simultaneo entre as colheitas.

Probabilidade de persisténcia genotipica

A probabilidade de se ter um genotipo de lima 4cida ‘Tahiti” com uma pequena variancia
na interagc@o genétipos x colheitas apresentou baixos valores no contexto bayesiano, sendo que
apenas G24 apresentou valores superiores a 0.3, que o caracteriza como o gendtipo mais estavel
dentre os avaliados (Figura 2D).

A aplicabilidade das andlises foi validada e comparada com andlises tradicionais
frequentistas. Ambos os modelos, o bayesiano de melhor ajuste (B-DG) e o frequentista (F-
DG) apresentaram efeitos genéticos, de intera¢do gen6tipos x colheitas e permanente de parcela,
significativos pelo LRT. Os componentes de variancia apresentaram valores similares (Tabela
3). A variancia genética superou os efeitos da interagdo genétipos x colheitas e permanente de
parcela em ambos os modelos, apresentando valor de 2.20 para o modelo frequentista e 2.44
para o modelo bayesiano. A variancia residual apresentou valores heterogéneos ao longo das
colheitas, que variaram de 0.88 (no modelo frequentista, na colheita 2) a 492.71 (no modelo

bayesiano, na colheita 12).
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Tabela 3. Componentes de variancia e tempo computacional de ajuste do modelo frequentista
e bayesiano nos dados de lima 4cida ‘Tahiti’ com os respectivos intervalos de credibilidade a

posteriori inferior (L-HPD) e superior (U-UHPD) para o modelo bayesiano a 5% de

probabilidade de erro.
Modelo frequentista Modelo bayesiano
Parametro
Componente L-HPD  Componente U-HPD
of 2,2087 1,3096 2.4441 4,2189
O';h 0,8102 0,4448 0.7566 1,0907
o5 0,2424 0,1073 0.2619 0,4224
Cl1 1,1914 0,8870 1.2352 1,6653
C2 0,8834 0,6316 0.9087 1,2861
C3 0,8630 0,7004 0.9710 1,3283
C4 5,6030 4,4784 5.8836 7,6912
G5 3,0726 2,7240 3.6013 4,7217
52 Co6 4,2182 3,3668 4.5158 5,9891
¢ C7 10,2574 8,5301 11.2297 14,7826
C8 20,1693 20,5676 26.7143 34,3234
C9 412,1721 328,6592  418.6705  531,6941
C10 136,7357 113,6122 146.6260  186,5590
Cl1 404,4514 3247274  413.0839  521,5443
Cl12 473,6126 384,1706  492.7147  621,2387
Tempo computacional 0,0667 min 375,8 min

agz: variancia genotipica, agzh variancia da interacdo genétipos x colheitas, Jg variancia do efeito de

permanente do ambiente, 062 variancia residual nas 12 colheitas (C1 a C12).

O modelo bayesiano possibilita a obtencao de intervalos de credibilidade. Deste modo
cada componente de variancia possui um intervalo inferior (L-HPD) e superior (U-HPD).
Observou-se que nenhum intervalo passou pelo valor zero, indicando significancia estatistica
para todos os efeitos do modelo a 5% de probabilidade de erro.

Em ambos os modelos, frequentista e bayesiano, o comportamento no aumento da

variancia residual foi similar. O tempo computacional utilizado no ajuste dos modelos foi de
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0.06 minutos para o modelo frequentista e de 375.8 minutos para o modelo bayesiano,
considerando mesmo hardware de execugao.

A persisténcia no sentido frequentista apresentou resultados diferentes da persisténcia
no contexto bayesiano. No entanto, em ambos os contextos, os valores foram baixos. A
persisténcia genotipica no contexto frequentista variou de 5.7 a 3.4, sendo estes valores
referentes a G3 e G9, respectivamente. Com excecdo de G3, que apresentou o maior valor e
bem superior aos demais, os demais valores dos gendtipos situaram-se em um intervalo de 1.1,
evidenciando a baixa capacidade de distingdo entre os genotipos de lima 4cida ‘Tahiti’ quanto
a persisténcia.

A correlacdo entre o ranqueamento da persisténcia no contexto bayesiano (Figura 2 D)
e no contexto frequentista (Figura 5), apresentou valor de 0,69 (p-valor de 0,01758), indicando
correlacdo estatisticamente significativa entre a classificacdo dos dois métodos discutidos a 5%

de probabilidade de erro.

Discussao

A consideragcdo da interacdo gendtipos x colheitas € preponderante na avaliagdo de
espécies perenes, uma vez que a expressao dos genes se dd de forma diferencial frente as
influéncias ambientais ao longo das colheitas (Ferreira et al., 2020). A utilizacdo de modelos
com variancia heterogénea, ou seja, uma varidncia especifica para cada colheita tem
apresentado melhores ajustes, seja para espécies anuais em ensaios multi-locais ou para
espécies perenes (Nuvunga et al., 2015; Piepho and Eckl, 2014). A selecdo do modelo com base
no WAIC?2, associado ao aumento na variancia residual ao decorrer das colheitas refor¢cou que
o modelo heterogéneo € mais adequado do que o homocedastico para ajustar aos dados. Esses
resultados destacam a importancia de modelar a estrutura de covaridncias residuais e
contabilizar diferentes fontes de variagdo em um conjunto de dados longitudinais.

A comparacdo dos valores genéticos associados a uma probabilidade a posteriori
assegura maior confianga na andlise do desempenho dos gendtipos de lima dcida ‘Tahiti’. Em
medidas de probabilidades obtidas por metodologia bayesiana, o melhorista pode explorar a
probabilidade de um determinado genétipo superar qualquer outro, como por exemplo um
candidato a selecdo ser superior a uma cultivar amplamente difundida (Dias et al., 2022). Esta
probabilidade pode auxiliar na tomada de decisdo em situacdes em que genétipos possuem
desempenhos proximos. Adicionalmente, a probabilidade de desempenho superior marginal,

isto é, do gendtipo ser superior a qualquer um outro, pode trazer maior confiabilidade quanto a
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recomendacdo. Em um programa de melhoramento, ha intensidades de selecdo pré-definidas
para a selec@o e recomendacdo (Silva et al., 2021), e a utilizagdo das abordagens probabilisticas
neste contexto fornece maior certeza na escolha dos candidatos. Segundo Dias et al (2022), a
vantagem de explorar a probabilidade de gendtipos vencedores através da utilizacdo de mapas
de calor traz uma interpretacdo amigavel para as comparagoes, facilita o processo de tomada de
decisdo e permite a extrapolacdo para outros campos de aplicagao.

Os gendtipos de lima 4cida ‘Tahiti’ com maior probabilidade de performance superior,
G135, G4, G18 e G11, podem ser recomendadas em programas de melhoramento, ou mesmo
propagadas vegetativamente por viveiristas, agricultores e cultivadas em pomares comerciais.
Segundo os métodos probabilisticos, estes gendtipos possuem alelos que conferem plasticidade
para se adequarem as variadas condi¢cdes ambientais de cada ano mantendo um bom
desempenho. A variagdo de desempenho superior dos genétipos ao longo das safras enfatizou
uma existéncia de IGC atuante e que a selecio com base em uma ou poucas safras pode nao ser
representativa na escolha fiel dos candidatos superiores geneticamente.

Uma outra forma eficiente para investigacdo da IGC € por meio da persisténcia. A
persisténcia foi inicialmente utilizada em espécies forrageiras, € mede a sustentacdo de um nivel
de produtividade através dos cortes (Rocha et al., 2018). No entanto, sua interpretacdo também
¢ valida em estudos de colheitas em espécies frutiferas, dada sua natureza perene. Assim, diante
do IGC, o melhorista pode dar preferéncia a gendtipos com alta persisténcia, que sdo aqueles
que mantém um alto desempenho independentemente das mudancas ambientais.

A persisténcia no contexto bayesiano destacou os quatro gendtipos com menor
probabilidade de apresentarem variancia genétipos x colheitas. Os baixos valores de
probabilidade (todos inferiores a 0,4) evidenciaram que de forma geral os genétipos de lima
acida ‘Tahiti’ ndo apresentaram elevada persisténcia, destacando o comportamento diferencial
dos materiais dada a influéncia do ambiente. A persisténcia computada utilizando um modelo
frequentista apresentou 50% de concordancia ao se referir aos 4 gendtipos superiores entre as
duas metodologias. Em outras palavras, ao se identificar os 4 gendtipos mais persistentes, G24
e G3 seriam selecionados em ambos os cendrios. Este fato foi reforcado pela correlagdo de 0,69
no ranqueamento de persisténcia entre 0 método bayesiano e frequentista, que indicou certa
similaridade entre as metodologias.

A comparacao feita aqui foi com fins de validagao do modelo bayesiano, no entanto
salienta-se que o modelo probabilistico bayesiano no contexto do trabalho prioriza a

invariancia, ja a persisténcia frequentista estd comparando o desempenho dos genétipos com
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base no desempenho de um idedtipo, e a variancia € utilizada de forma indireta nessa segunda
metodologia.

O modelo frequentista ajustado considerou variancias residuais heterogéneas para tornar
a comparacdo com o modelo probabilistico justa. Apesar dos resultados de persisténcia e
componentes de varidncia convergentes com o modelo Bayesiano, algumas limitagdes do
modelo frequentista podem ser destacadas. De forma geral, observou-se valores de persisténcia
muito semelhantes, com excecdo de G3, o que torna dificil diferenciacdo de gendtipos com
resultados iguais ou proximos (Figura 5). A pequena diferenca do ranqueamento entre as duas
metodologias, reitera a necessidade por modelos mais precisos € poderosos estatisticamente. A
utilizacdo das prioris sobre os parametros do modelo Bayesiano conferem maior seguranga em
selecionar materiais mais ou menos persistentes (Dias et al., 2022, Silva et al., 2020). Além
disso, através da densidade a posteriori, modelos bayesianos permitem a obtencdo de
componentes de varidncia com intervalos de probabilidade associados. Os intervalos de
credibilidade sdo mais intuitivos e fornecem uma maneira natural de quantificar incerteza dos
componentes, € do ponto de vista assintético, os intervalos de credibilidade, obtidos de modelos
bayesianos, sdo melhores do que os intervalos de confianga frequentistas (Gelman et al, 2013).
A medida que o tamanho da amostra aumenta, os intervalos de credibilidade se tornam cada
vez mais estreitos em torno do verdadeiro valor do parametro. Por outro lado, os intervalos de
confianca frequentistas podem ser imprecisos para tamanhos de amostra pequenos ou
moderados e, em alguns casos, podem ndo convergir para o verdadeiro valor do pardmetro a
medida que o tamanho da amostra aumenta (Kruschke, 2015; Wasserman, 2013).

Apesar dos pontos de destaque, as andlises bayesianas apresentam a desvantagem de
requerer maior tempo computacional para sua execucdo. Em situa¢des com baixa infraestrutura
de hardware, modelos bayesianos podem ser invidveis. A inferéncia bayesiana voltou a ganhar
forca na ciéncia com o avango da tecnologia e o aumento da capacidade de memoria dos
computadores (Csilléry et al., 2010). Acredita-se que a realizacdo das andlises ird demandar
cada vez menos tempo ao decorrer dos préximos anos, € o tempo computacional ndo serd um

fator impeditivo no uso de modelos bayesianos (Technow et al., 2015).

Conclusao
Este trabalho abordou o uso de métodos probabilisticos baseados em modelos
bayesianos para melhorar a precisdo na recomendacgdo de gendtipos que sofrem influéncia do

efeito permanente do ambiente, além do efeito da interagdo ao longo das colheitas. Utilizar
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modelos probabilisticos torna as praticas de selecdo e recomendacdo mais acuradas, pois
permite comparar gendtipos com um valor probabilidade associado. Tais modelos consideram
uma intensidade pré-estabelecida de selecdo, o que resulta em um processo de tomada de
decisdo mais seguro. Além disso, os modelos bayesianos possibilitam a obten¢do de intervalos
de credibilidade para os componentes de variincia, tornando a obtencdo de parametros
genéticos e a interpretacdo destes mais precisa.

A persisténcia oferece informagdes a respeito das tendéncias de adaptacio dos genotipos
de lima 4cida ‘Tahiti’, possibilitando a identificacdo do desempenho e estabilidade dos
gendtipos. As combinagdes copa/porta enxerto G15, G4, G18 e G11 foram consideradas as mais

superiores, € G24, G7, G13 e G3 as mais persistentes, dentre os gendtipos avaliados.
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Figura 2. A) Distribuicao dos dados observados e gerados pelo modelo bayesiano em lima
acida ‘Tahiti’. B) Gréfico caterpillar para os 24 gendtipos com seus intervalos de confiabilidade.
C) Probabilidade de um genétipo ser superior a qualquer outro usando o efeito a posteriori da
amostragem de Monte Carlo. D) Persisténcia através de probabilidades de os gendtipos estarem

entre os quatro com menor variancia genétipos x colheitas.
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