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RESUMO

EVANGELISTA, Jeniffer Santana Pinto Coelho, D.Sc., Universidade Federal de Vigosa, julho
de 2023. Otimizando a selecio de milho tropical resistente a fumonisina: implementacéo
da abordagem single-step. Orientador: Leonardo Lopes Bhering. Corientadores: Maria Marta
Pastina, Kaio Olimpio das Gragas Dias e Camila Azevedo.

O milho ¢ uma cultura de grande importancia para o Brasil, devido a isso programas de
melhoramento genético visam utilizar estratégias para desenvolver cultivares mais produtivas
e adaptadas as condigdes locais de cultivo. No entanto, em ambientes tropicais, como no Brasil,
surtos de doengas sdo comuns ¢ um dos problemas mais frequentes ¢ a infec¢ao pelo fungo
Fusarium verticillioides, que produz micotoxinas chamadas fumonisinas, prejudiciais a saude
humana e animal. Portanto, além de produtividade, ¢ crucial desenvolver hibridos de milho
resistentes a fumonisina. A sele¢do de hibridos com resisténcia a fumonisina ¢ desafiadora,
visto que essa ¢ dificil e cara para realizar a fenotipagem. Neste contexto, o presente trabalho
propds a implementacdo da abordagem "single-step" (matriz B), abordagem que combina a
matriz de parentesco com a matriz gendmica, para otimizar duas fases distintas do programa de
melhoramento de milho tropical: a fase intermediaria e a fase final. Resultados mostram que,
para programas de melhoramento que utilizam selecdo gendmica nas etapas
intermediarias, notou-se que ao inserir a matriz B nos cinco modelos lineares testados,
teve um aumento na capacidade preditiva, quando comparado estes mesmos modelos
utilizando as matrizes de pedigree ou a gendmica. Na fase final, que envolve a selecdo
dos melhores hibridos para o avango nos ensaios de valor de cultivo e uso (VCU), a
matriz B juntamente com o modelo de melhor ajuste aumentou a acuracia de sele¢do dos
hibridos resistentes a fumonisinas em graos. Mostrando que a abordagem de “single-step”
¢ uma importante estratégia para ser utilizada na otimizacdo da sele¢do de hibridos com

resisténcia a fumonisina no pipeline de programas de melhoramento.

Palavras-chave: Fusarium verticillioides. Zea mays L. Selecdo genomica. Melhoramento de

plantas.



ABSTRACT

EVANGELISTA, Jeniffer Santana Pinto Coelho, D.Sc., Universidade Federal de Vigosa, July
2023. Optimizing the fumonisin-resistant tropical maize selection: implementation of the
single-step approach. Adviser: Leonardo Lopes Bhering. Co-advisers: Maria Marta Pastina,
Kaio Olimpio das Gragas Dias and Camila Azevedo.

The maize (Zea mays L.) is a crop of great importance to Brazil, due to this, breeder genetic
programs aim to devlop more productive cultivars adapted to local growing conditions.
However, in tropical environments like Brazil, disease outbreaks are common, and one of the
most frequent problems is infection by the fungus Fusarium verticillioides, which produces
mycotoxins called fumonisins, harmful to human and animal health. Therefore, in addition to
productivity, it is crucial to develop corn hybrids resistant to fumonisins. The selection of
hybrids with fumonisin resistance is challenging due to the difficulty and cost of phenotyping.
In this context, the present study proposed the implementation of the single-step approach (B
matrix), which combines the pedigree matrix with the genomic matrix, to optimize two distinct
phases of the tropical maize breeding program: the intermediate phase and the final phase.
Results showed that for breeding programs using genomic selection in the intermediate stages,
inserting the B matrix in the five tested linear models increased the predictive capacity
compared to when these models used pedigree or genomic matrices. In the final phase, which
involves the selection of the best hybrids for advancing in the value for cultivation and use
(VCU) trials, the combination of the best-fit model with the B matrix increased the selection
accuracy of fumonisin-resistant hybrids. Showing that the single-step approach is an important
strategy to be used for optimizing the selection of hybrids with fumonisin resistance in the

breeding program pipeline.

Keywords: Fusarium verticillioides. Zea mays L. Genomic selection. Plant breeding.
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1 INTRODUCAO GERAL

O milho (Zea mays L. spp.) € uma espécie pertencente a familia Poaceae, tribo Maydeae,
género Zea e espécie Zea mays (Linnaeus 1799). Trata-se de uma planta monoica e alégama,
com inflorescéncias separadas na mesma planta (Paterniani e Campos 1999). O milho é uma
cultura de grande importancia para o Brasil, que ¢ utilizado amplamente na alimentagdo humana
e animal. Além disso, o milho ¢ utilizado na fabricacdao de biocombustiveis, como o etanol, que
tem papel estratégico no mercado brasileiro de combustiveis (Salla et al., 2010). De acordo
com dados da Companhia Nacional de Abastecimento, a area total plantada no Brasil para a
safra 2022/23 foi estimada em 77 milhdes de hectares, representando um aumento de 3,3% em
relagdo a safra anterior (CONAB 2022). Do total desta area, a cultura do milho ocupa 21,661
milhdes de hectares, incluindo as trés safras anuais, com uma producao esperada de 24.810,3
mil toneladas, volume 0,3% superior ao alcangado na safra 2020/21(CONAB 2022). Esse
aumento ¢ devido aos esforcos dos programas de melhoramento genético, que visam
desenvolver cultivares mais produtivas e adaptadas as condicdes locais de cultivo.

O programa de melhoramento genético do milho ¢ um processo longo e complexo, que
pode ser dividido em trés fases distintas: 1) fase inicial, onde sdo realizados cruzamentos entre
plantas dentro do grupo heterdtico, com o objetivo de aumentar a variabilidade e formar
linhagens que possuem caracteristicas desejaveis para avancar no programa; 1ii) fase
intermediaria, onde ¢ feito o cruzamento entre grupos heteroticos, em que as linhagens geradas
na fase inicial do programa sdo cruzadas com testadores, nesta etapa, o principal objetivo do
melhorista é descartar linhagens que ndo apresentam potencial para originar hibridos superiores
e 111) fase final, onde apenas as melhores combinagdes, passam pelos testes de valor de cultivo
e uso (VCU), estes serdo avaliadas e comparadas com as cultivares comerciais existentes. Nesta
fase, o objetivo principal ¢ selecionar o hibrido que apresente o melhor potencial produtivo e
comercial, em relagdo as cultivares ja existentes no mercado.

Entre os principais estados produtores de milho do pais, destacam-se Mato Grosso,
Parana, Goias e Parda (CONAB 2022). Entretanto devido a ampla extensdo do Brasil, dentro do
mesmo estado pode apresentar diferentes condi¢des edafoclimdticas, ex.: solo e clima,
proporcionado assim, diferentes desempenhos produtivos de uma mesma cultivar de milho
entre as regioes. Esta resposta diferencial do gendtipo em frente as condigdes edafoclimaticas
¢ devido a interacdo genotipos por ambientes (GXE), sendo a performance fenotipica da cultivar
moldada principalmente pelos efeitos de genotipo e da interacdo GXE (Sprague and Federer

1951; Tabery 2008). Existem diversos fatores que podem contribuir para a manifestagdo da
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GxE ao longo das regides e anos, por exemplo, os abidticos. As variagdes estaticas, longitude,
latitude, solo e caracteristicas sazonais, ¢ as ndo estaticas, temperatura, precipitacdo e umidade,
sdo as principais variagdes dos fatores abioticos, em que a variagdo nao estatica, a principal
fonte para GxE na cultura do milho (Cullis et al. 2000; Kleinknecht et al. 2013; Dias et al. 2020;
Krause et al. 2022). Geralmente a GXE aumenta a variancia fenotipica, causando a redugdo na
estimativa da herdabilidade (Krause et al. 2022), podendo ocorrer viés nas decisdes do
melhorista na selecdo dos genotipos superiores, caso esta ndo seja considerada nas analises
estatisticas. Portanto, os melhoristas avaliam gendtipos candidatos em véarios locais, que sdo
amostrados de uma populagdo-alvo de ambientes que irdo representar a producgao agricola da
regido onde a cultivar serd lancada, com o intuito de revelar os padrdes da GXE (Smith et al.
2001; Oakey et al. 2016; Krause et al. 2022).

Ao longo das décadas, varias técnicas estatisticas tém sido utilizadas para compreender
a interacdo GxE, com o objetivo de desenvolver cultivares de milho que sejam estaveis e
responsivas a ambientes especificos de interesse para o programa de melhoramento (Zea et al.
2010). Um exemplo ¢ o método AMMI (do inglés, Additive Main Effects and Multiplicative
Interaction), proposto por (Crossa 1990), utilizado por Oliveira et al. no ano de 2003, para
selecionar gendtipos de milho com alta estabilidade para produtividade de grios em uma
populacdo-alvo de ambientes no Brasil Central. Porém, ao passar do tempo, novas estratégias
comecaram a ser implementadas, por exemplo, predigdo dos valores genéticos utilizando
modelos mistos. Kleinknecht et al. (2013), comparam o desempenho do BLUE (do inglés,
BestLlinear Unbiased Estimation) e BLUP (do inglés, Best Linear Unbiased Prediction) como
estimadores para os efeitos de gendtipos de milho, em mega-ambientes localizados na India,
concluindo que o BLUP tende a fornecer estimativas mais precisas do desempenho dos
hibridos. E comum ocorrer desbalanceamento dos dados, delineamentos ndo ortogonais e
heterogeneidade de varidncia em ensaios multi-ambientes, o que pode gerar viés nas estimativas
dos valores genotipicos e prejudicar a selegdo dos melhores gendtipos se forem ignorados
(Gauch and Zobel 1997). O BLUP leva em consideracao a variabilidade das intera¢des entre os
genotipos e os ambientes, minimizando o viés na estimativa do efeito genotipico (Piepho et al.
2008), sendo uma ferramenta importante e amplamente utilizada para selecido de gendtipos em
programas de melhoramento genético (Santiago et al. 2020; Zhang et al. 2020; Haug et al. 2021;
Chaves et al. 2023; Evangelista et al. 2023).

Além dos fatores abioticos, outro fator importante que contribui para a manifestagcao da
GxE, sdo os fatores bidticos, como pragas e doengas. Em ambientes tropicais, como no Brasil,

os surtos de pragas e doengas sdo mais frequentes e podem apresentar grandes variagdes
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ambientais entre locais, anos e estagdes dentro do ano, afetando diretamente a produtividade
das culturas (Oliveira et al. 2014; Sandhu and Dhillon 2021; Chaves et al. 2023). Entre as
doencas mais frequentes na cultura do milho, destaca-se a fusariose causada pelo fungo
Fusarium verticillioides (Jorge et al. 2022). Além de causar perdas significativas na
produtividade, o fungo produz micotoxinas prejudiciais a satide humana e animal, sendo as
fumonisinas as mais preocupantes (Blacutt et al. 2018). As fumonisinas sdo uma classe de
micotoxinas que afetam principalmente os graos de milho e podem contaminar produtos
derivados, como a farinha de milho (Butoto et al. 2022). Em vista disso, o Brasil estabeleceu
um limite maximo de tolerancia para a contamina¢do de 2 pug/g destas micotoxinas em graos
(Agéncia Nacional de Vigilancia, 2011). Este limite muitas vezes pode impedir a
exportagdo e a comercializagdo nacional dos lotes de milho, consequentemente, gerando
grandes prejuizos aos produtores. Dessa forma, ¢ de extrema importdncia que os
programas de melhoramento de milho considerem a resisténcia das plantas a
contaminag¢do por fumonisina como um critério de sele¢ao (Lanubile et al. 2014; Holland
et al. 2020).

No entanto, a fenotipagem dessa caracteristica pode ser cara e demorada (Bush et
al. 2004). Em vista disso, a selecdo gendmica (SG) ¢ uma estratégia importante para a
selecdo de cultivares de milho mais resistentes a contaminagdo de fumonisina, pois
permite identificar, de forma precisa e rapida, individuos com baixo teor de fumonisina
com base em suas informagdes genéticas (Holland et al. 2020). Como resultado, a SG
pode aumentar os ganhos obtidos na selecdo, ao mesmo tempo em que reduz o tempo e
os custos necessarios para a identificagdo dos melhores materiais (Heslot et al. 2015). A
SG teve inicio com trabalhos pioneiros realizados por Bernardo em 1994 e Meuwissen et
al. em 2001. Bernardo (1994) prop6s o uso da SG para aprimorar a eficiéncia da selegdo
em programas de melhoramento, enquanto Meuwissen et al. (2001) desenvolveram um
método para predizer o mérito genético de individuos com base em seus valores
gendmicos. Desde entdo, a SG ¢ amplamente utilizada em programas de melhoramento,
principalmente apds o surgimento da genotipagem de nova geracdo, que possibilitou
reduzir o custo e o tempo necessario para a genotipagem (Bhat et al. 2016).

Dessa forma, a SG tem sido difundida, apresentando como uma das principais
vantagens a capacidade de realizar previsdes sobre o desempenho de genotipos em
diferentes cendrios, sem a necessidade de testd-lo em campo. Isso inclui prever genotipos
que ainda ndo foram observados em nenhum dos ambientes (CV1), previsdo de ensaios

de campo incompletos onde alguns genotipos foram observados em alguns ambientes,
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mas nao em outros (CV2), e até mesmo prever gendtipos em ambientes ndo observados
(CV0) e genotipos nao testados em ambientes nao observados (CV00) (Persa et al. 2021).
Isso ¢ possivel porque as informagdes gendmicas fornecem uma estimativa do potencial
genético de um individuo, permitindo selecionar aqueles com maior probabilidade de
apresentar desempenho genético superior, em diferentes cenarios do programa de
melhoramento (Crossa et al. 2017).

Uma das ferramentas utilizadas na SG, com o objetivo de aumentar a acuracia de
predicdo, ¢ a matriz de relacionamento construida a partir da matriz genémica (matriz G) e da
matriz de pedigree (matriz A), metodologia denominada single-step (matriz B) (Legarra et al.
2014; Ukrainetz and Mansfield 2020). A matriz G ¢ construida a partir das informagdes de
marcadores moleculares presentes no genoma dos individuos, que sao utilizados para inferir o
grau de parentesco entre eles (VanRaden et al. 2008). Por sua vez, a matriz A ¢ gerada a partir
das informagdes genealdgicas, com base na probabilidade de compartilhamento de alelos em
comum devido a descendéncia dos ancestrais. (Henderson 1976). Combinar estas informagdes
¢ importante, uma vez que nem todos os marcadores genéticos estdo em desequilibrio de ligagao
com as caracteristicas de interesse. Construindo uma matriz de relacionamento, a partir das
matrizes A e G, as informagdes de pedigree podem contribuir para capturar associagdes entre
alelos causais devido a identidade ancestral comum (Velazco et al., 2019). Consequentemente,
0 uso da matriz B aumenta a acurdcia de predi¢ao dos valores gendomicos, o que resulta em uma
predicdo mais eficiente dos individuos ndo testados (Crossa et al. 2013; Basnet et al. 2019;
Velazco et al. 2019; de Oliveira et al. 2020).

Em vista disso, o uso da metodologia single-step pode ser importante estratégia para as
etapas intermediarias do programa de melhoramento, para auxiliar na sele¢do de genotipos de
milho mais resistentes a contamina¢do de fumonisinas em graos. No entanto, nas etapas finais
do programa de melhoramento, onde o foco ¢ o lancamento de uma cultivar no mercado, ¢
necessario que todos os gendtipos candidatos sejam testados em campo. No Brasil, para a
cultura do milho, sdo exigidos que todos os gendtipos candidatos sejam testados no minimo,
em trés locais por regido edafoclimatica de importancia para a cultivar e em 2 anos (Benin et
al. 2013). Estes ensaios s3o denominados de valor de cultivo e uso (VCU’s) que tem o intuito
de certificar o valor agronémico do material candidato a ser langado no mercado (Uate et al.
2019). A selecao dos gendtipos superiores para o avanco dos ensaios de VCU's requer precisao,
o que torna fundamental a escolha do modelo estatistico adequado para a previsao acurada dos
valores genéticos. Para aumentar a confiabilidade da sele¢dao, uma estratégia eficiente ¢ utilizar

modelos mistos juntamente com a modelagem da estrutura de covariancia dos efeitos genéticos
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e ndo genéticos do modelo estatistico (Pereira et al. 2018; Melo et al. 2020; Chaves et al. 2022;
Evangelista et al. 2023).

Existem diferentes tipos de estruturas de covariancia que podem ser utilizadas na
modelagem dos efeitos genéticos e ndo genéticos. As mais comuns sdo: identidade de variancia
(IDV), diagonal (DIAG), simetria composta (CS), simetria composta heterogénea (CORH),
autoregressiva heterogenia (ARH) e fator analitico (FA). As estruturas de covariancias IDV e
CS assumem variancias homogéneas, ou seja, variancia igual para cada elemento da diagonal
principal, enquanto a DIAG assume uma variancia diferente para cada elemento da diagonal
principal, considerando-os independentes (Evangelista et al. 2023). As estruturas ARH1 e
CORH, também assumem diferentes variancias para cada elemento da diagonal principal,
porém, permitem algumas covariancias desiguais multiplicadas pelo coeficiente de correlacao
(Faveri et al. 2015). A estrutura FA, permite a reducdo da dimensionalidade dos dados,
utilizando varidveis latentes, tornando-se uma opc¢do mais flexivel para capturar a
complexidade dos dados e pode ser particularmente util em situagdes onde ha heterogeneidade
nos dados (Smith and Cullis 2018).

A escolha da estrutura de covariancia adequada depende de uma série de fatores,
incluindo a natureza dos dados e a populagao em estudo (Chaves et al. 2022). Para selecionar a
estrutura de covariancia de melhor ajuste, ¢ comum realizar testes de adequagdo do modelo,
como o critério de informacdo de Akaike (AIC), que ¢ amplamente utilizado nos programas de
melhoramento (Pereira et al. 2018; Melo et al. 2020; Chaves et al. 2022; Evangelista et al.
2023). O AIC avalia a qualidade do ajuste do modelo, considerando a complexidade do modelo
e o numero de parametros estimados, sendo o modelo que apresentar menor valor desta
estatistica ¢ considerado o de melhor ajuste (Akaike 1974). Diversos estudos mostram que
utilizar a estrutura de covariancia adequada, para os efeitos genéticos e ndo genéticos, aumenta
a precisdo das estimativas dos valores genotipicos, permitindo assim, identificacdo dos
melhores gendtipos com maior confiabilidade (Chaves et al. 2022; Evangelista et al. 2023). Por
outro lado, ignorar a modelagem de estrutura de covariancia pode levar resultados equivocados
e comprometer a eficiéncia da selecdo genética, induzindo assim, o melhorista a tomar decisdes
erroneas. Assim, a selecdo do modelo de melhor ajuste ¢ uma estratégia importante para ser
aplicada para a sele¢do nos estagios finais do programa de melhoramento.

Outra estratégia para aumentar a precisao das previsoes dos BLUP’s, ¢ a inclusdo de
uma matriz de parentesco no modelo. A matriz de parentesco leva em conta as relagdes
genéticas entre os individuos avaliados e ajusta as previsdoes do BLUP de acordo com a

magnitude do parentesco, reduzindo assim o viés nas predi¢des (Piepho et al. 2008). Dessa
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forma, a incluso da matriz de parentesco aumenta a acuracia das predigdes dos valores
genéticos, tornando assim, a sele¢do mais assertiva. Em vista disso, utilizar a sele¢ao do modelo
de melhor ajuste juntamente com a inclusdo da matriz de parentesco para a predi¢ao do BLUP’s,
sdo estratégias importantes para selecionar, com maior precisdo, os gendtipos candidatos para
avancar nos ensaios de VCU's.

Assim, o objetivo principal do trabalho, foi investigar como o uso da matriz B pode
contribuir para a otimiza¢ao de duas fases distintas (intermediaria e final) do programa de
melhoramento de milho tropical para a sele¢dao de hibridos com maior resisténcia a fumonisina
em graos, abordando os topicos a seguir: 1) Otimizagdo da matriz B para inclusdo nos modelos
de predi¢do; ii) comparar a capacidade preditiva de diferentes modelos de predigdo, utilizando
trés matrizes de parentesco diferentes (matrizes G, A e B); i11) como a matriz B juntamente com
a modelagem da estrutura de covaridncia, pode auxiliar o melhorista na selecdo dos melhores

hibridos para o avango nos ensaios de VCU's.
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3 ARTIGO

Single-step approach: optimization of breeding program pipeline of tropical maize for

reducing fumonisin concentration in grains

ABSTRACT

The mycotoxins called fumonisins are a serious problem for maize (Zea mays L.), mainly
because are a risk to human and animal health. In general, this study aimed to use the single-
step approach for the optimization of two different stages (intermediary and final) of the maize
breeding program, with emphasis on the reduction of fumonisin in grains. We used a dataset
with 392 single-cross tropical maize hybrids originating from 359 inbred lines, evaluated in
three different years. For the intermediary stages of the program, we focused on the deployment
of genomic prediction by considering five linear predictor models and three kinship matrices
(genomic matrix, pedigree matrix, and, single-step matrix). For the final stages, we focused on
the selection of the top hybrids candidates to be a cultivar, for this, we used models with
different covariance structures for the genetic and residual effects plus these models with or
without the single-step matrix, for the BLUP prediction. In the intermediary stages of the
program, when we compare the three kinship matrices used, the single-step matrix improved
the prediction ability for the five linear predictor models tested. In the final stages of the
program, when used the best fit model plus the single-step matrix, increased selective accuracy
of the hybrids with greater resistance to fumonisins in grains. Showing that the single-step
approach is a good tool to optimize the breeding programs pipeline.

Keywords: Zea mays L., genomic selection, relationship matrices, covariance structures.
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4 INTRODUCTION

Fusarium ear rot, a disease caused by fungi of the genus Fusarium, mostly F.
verticillioides (Sacc), is a serious problem for maize (Zea mays L.) because it damages all parts
of the plant, especially grains, and ears, causing up to 30% of yield losses on the most severe
cases (Mesterhazy et al. 2012; Rosa Junior et al. 2019). The infected grains contain mycotoxins
that are hazardous to human and animal health (Blacutt et al. 2018). These toxins are called
fumonisins and are divided into four categories, A, B, C, and P, with the B type being the most
frequent and toxic (Kamle et al. 2019). Several authors associate the presence of fumonisins
with the occurrence of cancers in the gastrointestinal systems of humans and animals (Blacutt
et al. 2018; Chen et al. 2021). This is unsettling given the fact that the plant can remain
symptomless after F. verticillioides infection (Richard 2007). Exploring the genetic resistance
of the plants is the most cost-effective solution to overcome the fumonisin contamination.
Association studies have shown the presence of QTLs influencing the fumonisin content in
maize grains (Samayoa et al. 2019; Santiago et al. 2020; da Silva et al. 2022). Given the
dispersion of these QTLs across the maize’s genome and the polygenic nature of the trait, a
genome-wide selection approach can significantly contribute to distinguishing resistant
candidates (Gaikpa and Miedaner 2019). Nevertheless, studies of this kind are severely lacking
(Holland et al. 2020; Butoto et al. 2022).

Employing information available from thousands of markers across the genome using
statistical models to predict the genomic estimated breeding values (GEBVs) is the core idea of
genomic selection (GS) (Meuwissen et al. 2001). The use of GS provides an increase in the
selection intensity, expediting the breeding cycles and increasing the genetic gains (Atanda et
al. 2021; Beyene et al. 2021; Persa et al. 2021). Due to these advantages, many breeding
companies are already using GS in the intermediate stages of their programs for predicting the
performance of untested genotypes. This is possible because GS explores the realized genomic
relationships between genotypes, i.e. the alleles they share, through kinship matrix (G)
(VanRaden et al. 2008) whose entries describe the genomic similarities between pairs of
individuals. This is a more realistic approach compared to the pedigree-based selection, which
depend on relationship matrix (A) built based on the expected similarity between individuals
(Hayes et al., 2009).

This does not mean that the pedigree is expendable or lack of value in data analysis.
Frequently, not all the selection candidates or parental lines are genotyped, but their pedigree

is registered (Callister et al., 2021). In this scenario, A can be enriched or complemented by G,
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forming a single relationship matrix (Misztal et al. 2009; Aguilar et al. 2010). Thence, the full
set of genotypes can be evaluated/analyzed using a standard genomic selection method, such as
the Genomic Best Linear Unbiased Predictor (GBLUP) method by characterizing the single-
step GBLUP, or ssGBLUP (Legarra et al. 2014). Studies highlight the potential of ssGBLUP
compared to the traditional GBLUP and ABLUP (pedigree-based selection) for predicting
untested genotypes (Ashraf et al. 2016; Ukrainetz and Mansfield 2020).

Another important stage to the breeding program is the final selection of genotypes. It
consists of the hybrid's final evaluation and selection of the genotypes that are candidates to be
launched/released in the market. The Brazilian government requires at least three years of field
evaluation to launch/release a commercial maize cultivar, thus the use of genomic selection is
unfeasible at this very last stage. However, the use of a model that returns the best fit modeling
the structures of covariances increases the reliability of genetic selection (Chaves et al. 2022).
In addition, using the relationship matrix could help to control the bias induced in the BLUP's
predictions (Piepho et al. 2008). In this way, both approaches can be used for a more accurate
selection at the final stage of the breeding program.

In this study, we use a dataset with 392 single-cross tropical maize hybrids originated
from 359 inbred lines and evaluated in three different years. For assessing the use of the single-
step approach (here called B matrix) contributing in the two different stages (intermediary and
final) of the maize breeding program, with emphasis on the reduction of fumonisin in grains.
First, we focused on the intermediary stages of the program where the main goal is the discard
of the inferior hybrids, based on the deployment of genomic prediction by considering the
following objectives: 7) i) optimization of the B matrix, selecting the best way to find the
weighting factor (w) optimum for combining genomic information and pedigree data in the
prediction models; i1) comparing the predictive ability of different models, using marker SNPs
(G), pedigree information (A), and the single-step matrix (B matrix, in our case). In the second
study, we focused on the final stages of the breeding program, where the main goal is the
selection of the top hybrids, rather than their prediction. In this stage, we showed how to
implement models with different covariance structures for the genetic and residual effects, with
or without the B matrix, to evaluate how these might influence the breeders’ decisions in the

selection of the top hybrids to the advancement of the release stage of the breeding program.
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5 MATERIALS AND METHODS

5.1 PHENOTYPIC DATA

The analyzed datasets correspond to three trials stablished at the Brazilian Agricultural
Research Corporation (EMBRAPA) Maize and Sorghum headquarters, which is in Sete Lagoas
city at the Minas Gerais state, Brazil (19°28'S, 44°15'W) in a lattice design, with two repetitions.
These trials were conducted in three consecutive agronomical years (2014/2015, 2015/2016,
and 2016/2017), and each trial was considered as a different environment. In total, 392 single-
cross hybrids were evaluated: 156 in environment 1 (El), 153 in E2, and 155 in E3.
Furthermore, care was taken to allow connectivity between the environment: 33 hybrids in
common between E1 and E2, 15 between E1 and E3, and 37 between E2 and E3 (Figure 1).
The analyses performed to quantify fumonisin concentration in parts per million (ppm) were
realize in the Laboratory of Food Safety at Embrapa Milho e Sorgo, using the Fluorometer

VICAM according to the manufacturer’s protocols.

Figure 1. Representation of the allocation of the hybrids of maize in the evaluated three
environments (E1, E2, and E3), inside the circle, presents the number of hybrids that were

evaluated in common between environments.
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5.2 PEDIGREE AND GENOTYPIC DATA

The hybrids originated from 356 unique inbred lines belonging to three heterotic groups:
Flint, Dent, and C groups. The C group is intermediate to Flint and Dent, representing lines of
several origins, when crossed with Dent and Flint testers, there is a good combining ability with
both groups (Silva et al. 2020). The inbred lines were divided into two groups: P1 (inbred lines
used as male) 145 lines; P2 (inbred lines used as female) 234 lines. Some inbred lines were
used as male and female, thus these genotypes are allocated in P1 and P2 groups. Since only
392 hybrids were considered in this study, thus not all inbred genotypes of the P2 group were
testcross with all genotypes P1 group (testers). In addition, for the 356 inbred lines there is also
information regarding their ancestors. Thus, it was possible to compute the corresponding
pedigree-based relationship A matrix for the parents P1 (Ap4), and P2 (Ap;), and for the hybrids
(An).

The young leaves of 333 inbred lines out of the 356 were used for extracting genomic
DNA via the CTAB method (Hexadecyltrimethylammonium bromide) (Saghai-Maroof et al.,
1984). The DNA quantification was done using a fluorometer, following the manufacturer’s
instructions. The samples were shipped to the Genomic Diversity Facility of Cornell University
(Ithaca, NY, USA) for genotyping-by-sequencing (GBS) (Elshire et al., 2011). Using the
Burrows-Wheeler alignment (BWA) tool (Li and Durbin, 2009) the sequences were aligned
with the B73 reference genome (AGPv3). A total 474,367 SNPs markers were available for
analysis.

After applying quality control using TASSEL v.5.2.10 software (Bradbury et al., 2007),
discarding those molecular markers with a Minor Allele Frequency (MAF)) greater than 10%,
and a heterozygote’s proportion per locus above 10%, 73,083 polymorphic SNPs remained in
the analyses. In addition, the SNPs with missing information were imputed using Beagle
software (Browning and Browning, 2016). The SNPs markers of the inbred lines were code as
0, 1, and 2, using as reference the allele with the minor allele frequency for 0, 1 for the
heterozygous, and 2 for the allele with the major allele frequency. The genotypes of the hybrids
were obtained through the combination of the markers from the respective parental inbred lines

via expected value (mean allele dosage across parents for each maker).
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5.3 RELATIONSHIP MATRICES

The pedigree data was used to build the additive relationship matrix for P1 (4p,), P2
(Ap,), and the hybrids (Ay), according to Henderson (1976), using and the R package
AGHmatrix (Amadeu et al., 2016). Using the genomic data, we the computed the realized
genomic relationship matrix (or G matrix) for P1 (Gp;), P2 (Gp,), and the hybrids (Gy)
following VanRaden (2008). In addition, the single-step relationship matrix was built for P1,
P2, and hybrids, using the pedigree and genomic information. This matrix is commonly named
the H matrix (reference); however, since this research involves the hybrid prediction, we reserve
H for denoting the kinship matrix obtained from combining the parental information of the
parents forming the crosses as the mean of the allele dosage of the parents for each marker
position (these will be presented in the next section). Here, the resulting matrix from the single-
step procedure is named B matrix. For example, E+H model (Figure 2) represent a linear
predictor that includes the main effect of the environments and the main effect of the markers
of the hybrids obtained as the mean across the marker information of the parents involved in
the cross. This change was for a better understanding of the reader. The B matrix was built
following Aguilar et al. (2010):

B=wA+1-w)G (1)

where A is the pedigree relationship matrix, G is the genomic relationship matrix and w is the
weighting factor (ie, the fraction of total additive variance not addressed by the markers)

(Velazco et al. 2019).
5.4 PREDICTION MODELS

A two-stage approach was considered to implement the prediction models. In the first
stage, within environments adjusted means were obtained with best linear unbiased estimation

(BLUE) implementing the following model:

Yiki = MU+ gi + 1 + by + € (2)
where y;j; is the phenotypic value of the i hybrid within block ™ t of replicate k™; u is the
constant, 1y is the fixed effect of replication k, b, is the random effect of the ™ block within
replication k, with by ~ N(0,03), where o is the block variance, g; is the fixed effect of

hybrid i, and g;; is the residual random effect with g;,; ~ N(0,02), with 62 as the residual
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variance. The first stage analysis was carried out using the statistical package ASReml-R v.4
(Butler et al. 2018) implemented in the statistical software R v.4.1.3 (R Core Team 2022).

In the second stage, five linear predictors and three relationship matrices (G, A, and, B
matrices) were combined in different ways for conducting the predictions, totalizing thirteen
different training models (Figure 2). The first two linear predictors (1, and 2) were implemented
to model the hybrid performance using the genetic relationship based on synthetics (mean of
the allele content between the parents at each marker position) and the interaction of these
synthetic markers with environments. In addition, for comparing which kinship matrices
reaches a higher prediction accuracy, for linear models 1 and 2, the G and B matrices were
considered in these models, totalizing four prediction models (Pred m1, Pred m2, Pred m9,
and Pred m10 in Figure 2). The other three linear predictors (3 to 5) considered the genomic
and/or the pedigree information of the parents via the general and specific combining ability
(GCA and SCA) terms. For the investigation of which kinship matrix reach the best predictive
ability, for the linear predictor models 3 to 5, the G, A, and B, matrices were considered,
totalizing nine models (Pred m3, Pred m4, Pred m5, Pred m6, Pred m7, Pred mS8,
Pred m11, Pred m12 and Pred m13 in Figure 2). Furthermore, the phenotypic information for
the training of the thirteen prediction models was divided into two datasets: 1) named genomic
only dataset (GOds), this consists of only the individuals that have genomic information, in
total 246 hybrids, and; 2) named pedigree and genomic dataset (PGds), consisting of individuals
that have might have genomics information or not, in total 392 hybrids. Below are the liner
predictors models (i to v), and their corresponding components (Figure 2):

i Linear predictor 1

Consider that y;; represents the phenotypic response (FUMO) of the i hybrid observed

in the /™ environment and it can be modeled as follows:
Vij=uH+E+g+ g 3)
where  is the general mean (constant effect across genotypes and environments), Ej is the fixed

effect of j environment, g; is the random effect of i™ hybrid, where g = {g;}~N(0,K oﬁ).

The g; can be modeled considering different sources of information. For example, K might
represent covariance structure computed with the SNPs markers G, or the B matrix of the
hybrids, with o7 being the additive variance, and, &;; ~ N(0,07) where o2 is the residual
variance. Two training models were built using the G and B matrices and linear predictor 1

(Figure 2) varying the kinship matrix (either G or B).
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ii. Linear predictor 2
This model is similar to liner predictor 1, but includes the interaction effect between
hybrid and environment via the reaction norm model (Jarquin et al. 2014). Considering the

specific response of the i™ hybrid in the j environment through the model term gE;;, this linear

js
predictor can be described as:

yij=u+Ej+g;+ gEij + g 4)
where is the random effect of the hybrid by environment interaction such that gE =
{gEi;} ~ N[O, (ZgKZ;)° (ZgZg)ol.], Z, and Zg being the incidence matrices that connect

phenotypes with genotypes and environments, respectively, nge represents the variance component

of the hybrid by environment interaction, and ° is the Hadamard or Shur product (the cell-by-cell
product) between two matrices. The interaction term can take different values depending on the
source of information (G, A, or B matrix). Two prediction models were built using G and B matrices
with the linear predictor 2 (Figure 2).
iii. Linear predictor 3

Using the G, A, and B kinship matrices from the inbred lines via the GCA model terms
this linear predictor was built such that the male and female effects for the prediction of the
hybrids can be distinguished. Consider the i hybrid originated by crossing parent 1(P1) and
parent 2 (P2), with gpq; and gp,; representing the genomic random effects of the P1 and P2
respectively. The following linear predictor was implemented to model the performance of the
i" hybrid in the /™ environment via the GCA of the inbred lines:

Yij =M+ E+gpii+ gp2i t € (5)
where gp1 = {gp1;}~N(0, Kpi03,), with Kp; being either the G, A, or B kinship matrix of
the P1 parent, 03, being the associated variance component; gp, = {gpz;}~ N(0,Kp,05%,),
again with Kp, being a G, A, or B kinship matrix of the P2, and ¢, being the associated
variance component. Three different models were built considering the G, A, and, B matrices
for the linear predictor 3 (Figure 2).
iv. Linear predictor 4

Similar to liner predictor M3, in addition to the GCA of the inbred lines this model also
includes the SCA interaction effect of crossing a specific pair of parents (Acosta-Pech et al.,
2017). Combining the assumptions from the linear predictor M3 with the SCA term, the

resulting linear predictor is:

Yij = h+ Ej+ gpii + gp2i + Sp1ipai T € (6)



27

where Sp1pz = {Sp1ip2i}~ N(0, Kp1p202), With Kp1p; = Kp1° Kpy , being Kpy and Kpy of
either the G, A, or B kinship matrices of P1 and P2, respectively, and o2 is the associated
variance component with this interaction term. Three training models were built using
combining either G, A, and, B matrices and the linear predictor 4 (Figure 2).
V. Linear predictor 5

Similarly to M4, but also including the interaction between the GCA and SCA
components with the environment via a reaction norm model. The resulting linear prediction
can be described as:

Yij = U+ Ej + gp1i + Gp2i + Spaipai + 9Ep1i + 9Ep2i + SEpyipai + €1 (7)
where gEpy = { gEp1;} ~ N[0, (Zp1Kp1Zp1)°(ZgZE) 051 ),
9Ep2 = {gEp2i} ~ N[0, (Zp2KpyZpy)°(ZgZ) 053],
SEp1pz = {SEp1ip2i} ~ N[0, (Zp1Kp1Zp1)°(Zp2Kp2Zp3)°(ZgZE)0S.], Zp1, Zpp and Zg being the
incidence matrices to connect gpq;, gpz; and Ej with y;; (the vector of phenotypes); 0215, 045 and
o2 as the corresponding variance components of the interaction between the GCA (P1 and P2) and
SCA (P1 x P2) terms with the environments E. Three linear predictors were built using either the G,

A, or B matrices (see Figure 2).
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Figure 2. Training models built from five linear predictor models and three kinship matrices
(G, A, and, B). The first two linear predictors (1, and 2) were implemented to model the hybrid
performance. The other three linear predictors (3 to 5) considered the genomic and/or the
pedigree information of the parents via the general and specific combining ability (GCA and
SCA) terms. Where G is the genomic relationship matrix of the hybrid, Gp; is the genomic
relationship matrix of the P1 group; Gp, is the genomic relationship matrix of the P2 group;
Gpipy isthe Gp,° Gp,, Ap; is the pedigree relationship matrix of the P1 group, Ap, is the
pedigree relationship matrix of the P2 group, Apqp, isthe Ap;° Ap,, B is the single-step
relationship matrix of the hybrid; Bp is the single-step relationship matrix of the P1 group, Bp,
is the single-step relationship matrix of the P2 group; Bpqp, is the Bp:° Bp,, and; ° is the

Hadamard or Shur product.
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5.5 CROSS-VALIDATION AND B MATRIX OPTIMIZATION

For evaluating the predictive ability two cross-validation scenarios were implemented:
1) CV2, which consists of predicting the performance of hybrids that have been tested in some
environments but not in others (incomplete field trials), and; 2) CV1, which consists of
predicting hybrids that have not been tested at any of the observed environments. Furthermore,
we used two models of cross-validation represented in Figure 3. For the models that used G
and A matrices (eight models), the traditional fivefold cross-validation scheme was
implemented (Figure 3A). This consists of a random five-fold (represented in Figure 3 by the
hexagon), where four folds were used for model training and the remaining fold was used as
testing set for evaluating the predictive ability of the different models. In this case, around 20%
of the hybrids were predicted using the 80% of the observed phenotypes for each one of the
five replicates.

For the models including the B matrix (five models M9-M13), in principle, a slightly
different cross-validation was implemented and it is shown in Figure 3B. The same five fold
partition was considered; however, an optimization procedure to select w was implemented.
For this three-fold were used for training the population, and the fourth fold was used to find
the optimum w value that returns the highest correlation between predicted and observed values
for the fourth fold. The last fold was used for testing the predictive ability of these models
(Figure 3B). Thus, around 60% of the phenotypes was used for model training, 20% to find the
optimum value for w, and 20% to test the model predictive ability given the optimum value for
w computed with the fourth fold.

A sequence of 21 values for w from 0 to 1 (with increments of 0.05) were considered
for constructing the B = wA* 4+ (1 — w)G ™ matrices (A" can be pedigree matrix of the hybrid,
P1 or P2, and, G* can be genomic matrix of the hybrid, P1 or P2). Using the fourth fold, after
the model was trained with the three folds predicting the fourth one, the correlation between
predicted and observed values for the fourth fold was computed and the w value that returned
the highest correlation was chosen to be used in the B matrix for predicting the fifth fold. The
correlation between predicted and observed values was computed on a trial basis (within
environments), thus the choice of the w value can be determined using two approaches: /) select
the value of w optimum across environments, and; 2) select the value w optimum for each
environment. For the first case, the weighted average correlation across the three environments
was computed following Tiezzi et al. (2019) (see equation 8 for more details), then the w value

returning the highest average correlation was used for predicting the fifth fold. For the second
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case, the w value that returned the highest correlation between predicted and observed values
for each environment was selected to predict the fifth fold, thus up to three different w values
were used for predicting the fifth fold, one for each one of the environments.

This procedure was repeated 10 times for each one of the cross-validation scenarios
(CV1 and CV2) and applied to both data types (PGds and GOds). The statistical analyses were
performed in R statistical package version 4.2.1 (R core team 2022), using the package BGLR,
version 1.1.0 (Pérez and De Los Campos 2014).
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Figure 3. Representation of two cross-validation schemes with a five-fold assignation: (A)
traditional where four-folds are used for model training to predict the fifth-fold, and (B) where
three folds are used for model training and the fourth fold is implemented to conduct the
optimization of the w value for those models involving the single-step matrix (B). Once the

optimum values is chosen (across or within the environments of the fourth fold), the fifth-fold
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is predicted. The columns represent the repetitions number, the hexagons represent the folds,
the blue hexagons correspond to the folds implemented as training set, the blue-green hexagon
correspond to the fold used to conduct of the w hyper-parameter (optimization) when the single-

step model is implemented, and the cyan hexagon is the testing fold (fifth fold).
5.6 PREDICTIVE ABILITY WITHIN AND ACROSS ENVIRONMENTS

The predictive ability was assessed in trail basis computing the Pearson's correlation
between predicted and observed values within the same environment. The average correlation
across environments was calculated by accounting for uncertainty and the sample size of the

environments (Tiezzi et al. 2017).

Loy
T = 57 1J )
j=1

V(‘l"j)

where r; is the Pearson’s correlation between predicted and observed values at the j®

J

1-r1;° . . . .
r,2 corresponds to the sampling variance and n; is the number of j

environment, V(Tj) = C
]

observations at the j environment. Furthermore, the mean squared prediction error (MSPE)
across-environment was also computed.

E§=1 Yo Vij— 9if)
Total phenotypes

MSPE =

)

where y;; is phenotype observed of hybrid i" at the /™ environment, and, Jij is the

corresponding predicted value.
5.7 SELECTION OF THE TOP HYBRIDS

For selecting the top hybrids, the complete dataset was used, and the following base
model was considered:
Yijkt = b+ Ej + 1 + by + 9i + 9Eij + €ija (10)
where y;; is the phenotypic value of the i hybrid within environment j*, in the block I™ of
replicate k™, u is the general mean, E; is the fixed effect of environment j, Tjk 1s the fixed effect
of replication k within environment j, by(jy) is the random effect of the block [ within

replication k in the environment j, with b,y ~ N(0,0¢), and o} as the block variance, g; is
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the random effect of hybrid i, with g; ~ N (O, aj), and ag2 as the genetic variance, gE;; is the
random effect of the hybrid-by-environment interaction, with gE; ~ N (O, 053), and aje as the
hybrid-by-environment interaction variance, and, €;jy; is the residual random effect with

gt ~ N(0,02), with o2 as the residual variance. Another important difference is in the

covariance matrices of the random effects. Here, we considered the following relation:

g L,®Borl; 0 0
Varqbl) = 0 o 0 (11)
£ 0 0 I®I,

where ¥g and X, are square covariance matrices (3x3) of g and € vectors, respectively. Here,
we assume for var(b) a diagonal structure (c2I; jk) and tested several structures for L, and X,
(Table 1). We tested these structures in different models, considering the B matrix optimized
or not adding a relationship matrix in the models (Table 1). We tested these structures in
different models, considering the B matrix optimized or not adding a relationship matrix in the
models (Table 1), note that, in this table, we built six different models (M1 to M6) using
different covariance structures, models different that we used for the genomic selection. As our
focus on this part is the marginal BLUP's prediction, we built the B matrix of the hybrids, using
the w value optimum estimated across environments. For to find the w optimum across-
environment, we applied the same strategy proposed in Figure 3B in our base model (eq. 10).
We selected the best-fit model using the Akaike Information Criterion (AIC) (Akaike, 1974),
and prediction error variance (PEV) that was obtained from the diagonal elements of the
inverted matrix of coefficients. The statistical analyses were performed on R environment,
version 4.2.1 (R Core Team 2022), using the package ASReml-R, version 4.1 (Butler et al.
2018).



Table 1. Covariance structures of the L, and X, matrices in different models (M1 to M4) with and without the B matrix.

B matri Nam Vari tructa A M1 M2 M3 M4 M5 M6
matrix ame ariance structure cronym G R G R G R G R G R G R
Identity variance I,,02 IDV o ° *
Compound symmetry (03] + 0Zl;) ®I; CS ° °
Without (P) . .
Diagonal EB{ agz/g I; DIAG ° ° ) ° °
Heterogeneous {VD[,
CSH ) °
compound symmetry 4+ p(] — Ij)\/ﬁ} I,
Identity variance I,,02 IDV o ° o
Compound symmetry (03] + 0Zl;) ®I; CS . o
With (B)
Diagonal @{ crsz/glj DIAG o o e o °
Heterogeneous (VD [1;0(J
CSH ) °
compound symmetry — Ij)\/ﬁ} I,

a2, Gé and Gée : variance components of residual, genetic and genotype-by-environment interaction effects; agz/g: residual or genetic variance components; B: B matrix; I :
identity matrix whose dimension depends on the effect it refers; p: genetic correlation coefficient between environments; e: number of environments; n is the number of
observations; ° is the Hadamard or Shur product; @ is the direct sum.
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Generalized heritability (H?) for FUMO was calculated according to Cullis et al. (2006):

H2=1--% (12)

20}

where Eg is the mean prediction error variance of BLUPs pairwise.

The concordances of the top hybrids ranked between models were calculated using the
Kappa coefficient (K) (Cohen 1960). Similar to correlation coefficients, this coefficient can
range from -1 to +1, where 0 represents the no concordance of ranking between models, and 1
represents perfect concordance (McHugh 2012), given by:

K=— (13)

where: 4 is the number of matching selected hybrids, C is the number of selected hybrids due
to chance (C = bD, where b is the selection percentage) and D is the number of selected hybrids
(where D is equal to 20, 40, or 59 hybrids). The Kappa coefficient result can be interpreted as:
values < 0 indicating no concordances between models, 0.01 to 0.20 as none to slight
concordances, 0.21 to 0.40 as fair concordance, 0.41 to 0.60 as moderate concordance, 0.61 to
0.80 as substantial concordance, and 0.81 to 1.00 as an almost perfect concordance (McHugh
2012).

The selection gain in percentage (SG%), from 20, 40, or 59 top hybrids ranked, were

obtained using the following expression:
0fs — gs_go
SG% = (—y )+100  (14)
where g is the mean BLUP of the selected hybrids and g, is the mean BLUP of the evaluated

population, and y is the phenotypic mean. The SG% was calculated considering a selection

percentage of 5% (20 hybrids), 10% (40 hybrids), and 15% (59 hybrids).
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6 RESULTS

Our results and discussion were divided into the intermediate and final stages of a maize

breeding program for FUMO.

6.1 MAIZE BREEDING PIPELINE: INTERMEDIATE STAGES

6.1.1 Optimization of the B matrix

Based on the two approaches (within and across environments) used to find the optimal
B matrix, the predictive ability improved for all the tested models for both prediction scenarios
(CV1 and CV2) and both datasets (GOds and PGds) (Figure 4) when selecting w within
environments. in GOds the average predictive ability ranged from 0.11 to 0.21 in CV1 and,
0.09 to 0.18 in CV2 selecting the w value across environments (Figure 4A). However, when
used the value optimum w value nested in the environment the average predictive ability
increased, ranging from 0.18 to 0.26 in CV1 and 0.14 to 0.21 in CV2 (Figure 4A). The model
that showed the best predictive ability, for the two approaches used and prediction scenarios in
this dataset was E+B+BE (Figure 4A).

For PGds using the w optimum within environments the average predictive ability
ranged from 0.20 to 0.32 and 0.12 to 0.21 for CV1 and CV2, respectively (Figure 4B). These
estimates were higher than those found when optimizing w across environments, to both
prediction scenarios, and these ranged from 0.05 to 0.15 and 0.02 to 0.17 for CV1 and CV2
respectively (Figure 4B). The model that showed the highest predictive ability for CV1 using
w optimum across environments was E+BP1+BP2+BP1P2+BP1E+BP2E+BP1P2E.
Nonetheless, when used w optimal nested in environments the highest predictive ability was
shown with E+B+BE model (Figure 4B). These results indicate that the manner for computing
the optimized B matrix influences the election of the best prediction model. For CV2, the model
that showed the best predictive ability, for the two approaches, within and across environments,
was E+BP1+BP2+BP1P2+BP1E+BP2E+BP1P2E. Due to the results presented here, we used
the w optimum value nested within environments in the linear predictor models that used the B

matrix in the results showed below.
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Figure 4. Boxplot of the predictive abilities of five linear predictor models in two prediction
scenarios (CV1 and CV2), using two approaches to find the optimum B matrix. In blue color
are indicated the results from selecting the w optimum value across environments, while in
green the results from selecting the w optimum value nested in environment for: A) the GOds

(genomic-only dataset), and; B) the PGds (pedigree and genomic dataset).

6.1.2 Prediction models

Predictive abilities varied considerably through environments for both prediction
scenarios (CV1 and CV2) and both datasets (Figure 5). Overall, for all linear models, there was
an improvement in the correlation across environments and in the MSPE when the B matrix
was inserted (Figure 5). Note that, independently of whether we used all individuals (PGds) or

not (GOds) in the training population, the use of the B matrix improved the predictive capacity



37

of'the linear predictor models when compared to these using the G matrix (Figure 6). In general,
the models with the best ability predictive, for each environment and across environments,
considered the interaction between the genetic effect and the environmental effect (Figure 5).
CV1 Scheme

In the scenario that predict untested hybrids in evaluated environments, the predictive
ability across the environments between the prediction models to GOds ranged from 0.11 to
0.28 (Figure 5). In this dataset, the best prediction model for E1 was E+H+HE (r = 0.139). In
the E2 and E3, the models with the best predictive abilities were E+B (r = 0.436) and,
E+BP1+BP2+BP1P2+BP1E+BP2E+BPI1P2E (r = 0.325), respectively (Figure 5). However,
the E+B+BE showed the best predictive ability across environments with a 0.280 correlation,
and low MSPE (3.399). In the PGds, the predictive ability across the environments ranged from
0.050 to 0.321 (Figure 5). The models with the B matrix showed the best predictive ability for
all environments. For PGds, the model with the best predictive ability across the environments
also was the E+B+BE with a correlation of 0.321, and MSPE of 3.364 (Figure 5). Note that, if
we compare the model E+B+BE, using GOds and PGds, we can observe an improvement in
the predictive ability across the environments when using the dataset with all hybrids evaluated.
CV2 Scheme

In the scenery that predicts the performance of incomplete environments, the predictive
abilities were lower than the CV1 scheme (Figura 3). For GOds, the predictive ability across
the environments ranged from -0.027 to 0.229 (Figure 5). For all environments, the model with
the B matrix showed the best predictive ability, however, different prediction models were
considered for each environment (Figure 5). The E+B+BE showed a higher correlation across
the environments, with 0.229, and a low MSPE (3.447) (Figure 5). In the PGds, the predictive
ability across the environments ranged from -0.042 to 0.223. The models with the higher
correlation for E1 and E2 were E+B (r = 0.107) and, E+B+BE (r = 0.343), respectively. For the
E3, E+AP1+AP2+AP1P2+AP1E+AP2E+APIP2E showed a higher correlation, with 0.298
(Figure 5). However, for  prediction  across the  environments, the
E+BP1+BP2+BP1P2+BP1E+BP2E+BP1P2E showed a higher correlation (r = 0.233). In this
prediction scenario also observed that the E+BP1+BP2+BP1P2+BP1E+BP2E+BP1P2E model
in GOds, improved the predictive ability across the environments when inserting more
individuals in the training model, using the PGds. Note that, for this model, the correlation

increased by 8.6% when used PGds (Figure 5).
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Figure 5. Heatmap of the predictive abilities of 13 models in two prediction scenarios (CV1
and CV2) to predict concentration of fumonisins (FUMO). Where r is the correlation between
predicted and observed, for each environment (E1 to E3) and across environments; MSPE is
the mean squared prediction error across environments; GOds is the genomic-only dataset and;

PGds is the pedigree and genomic dataset.
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Figure 6. Correlation between predicted and observed value for the five linear predictor models
tested using the G matrix, B matrix built only with individuals that have genomics information
(GOds), and, B matrix built with all individuals evaluates (PGds). Gmi, Gm2, Gm3, Gm4, and,
Gms: genomic matrices used in the linear predictor models 1, 2, 3, 4, and 5, respectively;

Bm1GOds, Bm2GOds, Bm3GOds, BmaGOds, and, BmsGOuds: B matrices used in the linear predictor
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models 1, 2, 3, 4, and 5, respectively, to GOds; and, Bmi1PGds, Bm2PGds, Bm3PGds, BmaPGus, and,

BmsPGuds: B matrices used in the linear predictor models 1, 2, 3, 4, and 5, respectively, to PGds.

6.2 MAIZE BREEDING PIPELINE: FINAL STAGES

6.2.1 Selection of the top hybrid

For the selection of the most accurate model for top hybrids ranking, six models with
different covariance structures were tested (Table 2). In Table 2, we added P if the model (M)
does not consider the relative’s information using the B optimized; and B otherwise. There was
an average reduction of 30% to 40% in the PEV when we inserted the B matrix into the models
(Table 2), indicative of higher accuracy in the genetics values prediction. In general, for all
models tested, with or without the B matrix, was observed lowest values of AIC when using
the diagonal structure (DIAG) for the residual effect, consequently, this structure is best for the
fit of this effect (Table 2). Conversely, the addition of the relative information did not induce
major changes in the AIC values (Table 2). In fact, when the relative information was put into
the models there was a took longer to reach convergence, consequently, there was an increase
in the log-likelihood (LogL), which provided the increase of the AIC for all the models that
inserted relative information (Table 2). Considering the AIC low and PEV lowest as the best-
fit model selection criteria, the BM4 was considered the fit model for ranking the top hybrids
to the FUMO trait.

The BM4 had the residual and genetic covariance matrices structured in a diagonal form
(DIAG), meaning that the model that provides more reliable results considers heterogeneous
variances and the absence of covariance’s between environments, this model also had the PEV
value lowest. Coincidently, this fact would also be true if we did not consider relationship
genetic information, i.e., between the models without B matrix, PM4 had better results. In the
following, we will compare four models: PM1, BM1, PM4, and BM4. These correspond to the
baseline model with and without the B matrix (BM1 and PM1), and the model with the most

appropriate covariance structures, with and without the B matrix, respectively (BM4 and PM4).
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Table 2. Values of Akaike (AIC) and prediction error variance (PEV) of the six models without
(P) and with the genetic relationship information (B) for evaluating fumonisin concentration in

grains (FUMO) in tropical maize.

Relationship Matrix
) Model AIC PEV
Information
G R
PM1 CS IDV 2314.85 0.58
PM2 CS DIAG 2280.51 0.58
PM3 DIAG IDV 2314.70 0.54
Without
PM4 DIAG DIAG 2281.00 0.53
PM5 CSH IDV 2316.63 0.58
PM6 CSH DIAG 2283.99 0.57
BM1 CS IDV 2386.93 0.41
BM2 CS DIAG 2357.90 0.33
BM3 DIAG IDV 2388.32 0.31
With
BM4+ DIAG DIAG 2355.10 0.31
BM5 CSH IDV 2390.36 0.34
BMeé6 CSH DIAG 2356.91 0.34

1: Best-fit model selection.

In Table 3, note that when we used the across-environments model (PM1 and BM1) the
genotype-by-environment interaction (GEI) captured most of the phenotypic variation,
compared to the genetic main effects (Supplementary Figure 1). Consequently, the estimates of
the generalized heritability of these models tended to be zero. Conversely, when using the M4
models (PM4 and BM4), the genetic effects were nested in each environment and there was not
an explicit GEI effect (Table 3). In other words, in this case, nested in the environment models
provide better visualization of the genetic variance and genetic parameters, which was almost
imperceptible using M 1. Moreover, high estimates were found for generalized heritability when
using PM4 and HM4, thus showing a favorable scenario for the selection of the tropical hybrid.
However, when inserting genetic relationship information, we observed an increase of 13% in

the estimate of this parameter (Table 3).
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Table 3. Variance components (VC) and genetic parameters (GP) estimated by models
M1 (PM1 and BM1) and M4 (PM4 and BM4) models using only phenotypic (P) data and using

genetic relationship information (B) for fumonisin in grains (FUMO) in maize tropical.

Relationship Information

Model VC/GP - -
Without (P) With (B)

o’g 0.12 0.16

o’ge 1.99 2.20

¢’b 0.01 0.04

6’ ¢ 2.60 3.64

M1 (Across) o2 ] i

5% 9.63 26.00
SG  10% 10.74 21.16

15% 10.62 17.89

El 2.32 4.44

o’g  E2 2.06 2.03

E3 1.94 1.67

o’b 0.06 0.06

El 1.34 1.82

M4 (Nested) c’e  E2 275 4.00
E3 3.64 4.72

H? 0.75 0.85

5% 11.46 27.10

SG  10% 11.41 22.76

15% 10.45 19.72

o%g: genotypic variance; c’ge: genotype X environment interaction variance; o €: residual
variance; El: environment 1; E2: environment 2; E3: environment 3; H?: generalized
heritability; SG: selection gain in percentage of 5% (20 hybrids), 10% (40 hybrids), and 15%
(59 hybrids).

In the selection of the top hybrids, considering the top 5%, 10%, and 15% in the ranking,
there was not a 100% coincidence between the selected hybrids of the compared four models
(Figure 7B, 7C, and 7D). The coincidences were lower between P and B models, i.e. models
without and with the relative's information (Figure 7B, 7C, and 7D). Note that in Figure 7A,
20% of hybrids ranked to the base model (PM1) were not ranked by any other model. Likewise,
the PM4, BM1, and BM4 models also selected hybrids that were not ranked by any other model

(Figure 7A). Consequently, the difference in the ranking between these models provided
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different selection gains (Table 3). Note that, the selection gains doubled when the B matrix
was inserted in the models (Table 3 and Supplementary Figure 2). Furthermore, the best-fit
model (BM4) showed the highest gain considering the 5%, 10%, and 15% of the top hybrids
selected. Showing that by using B matrix plus the proper modeling of the covariance structure

the breeder could reach better results in the selection of the top hybrid.
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Figure 7. A) Ranking of 20 top hybrids (5% selected) by PM1, PM4, BM1, and BM4 models;
and, Kappa Coefficient (KC) to PM1, PM4, BM1, and BM4 models considering: B) 5% top
hybrids ranked; C) 10% top hybrids ranked; D) 15% top hybrids ranked.
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7 DISCUSSION

7.1 MAIZE BREEDING PIPELINE: INTERMEDIATE STAGES

7.1.1 B matrix optimization

The single-step approach (B matrix) combines genomic and pedigree information using
a weighting factor (w). The w represents the fraction of the total additive variance that is not
captured by the markers (Velazco et al. 2019). To find the best way to build the B matrix,
researchers assume different values for w, and the value that reaches the best predictive ability
is chosen for the building of this matrix (Velazco et al. 2019; de Oliveira et al. 2020). Here, we
proposed to find w through the fourth fold of the cross-validation to build the B matrix optima,
before of used the fifth fold to find the best prediction model. Using this approach, we obtain
to optimize the B matrix reaching satisfactory results. This suggests that using the fourth fold
for B matrix optimization can be a strategy to guide the researcher to find the w optimal.

Studies showed that the w optimal varies when different characteristics are evaluated
(Liu et al. 2011; Ashraf et al. 2016; Velazco et al. 2019). Nonetheless, it was never discussed
under the behavior change of this factor under the environmental influence. Studies have
focused on selecting the w-value optimal across-environments so far, i.e., an optimal value in
common for all environments. However, individuals have different genetic responses when
changing environmental conditions, with non-static variation (eg: temperature, precipitation,
humidity) being the main source of genotype-environment interaction for maize (Cullis et al.
2000; Kleinknecht et al. 2013; Dias et al. 2020; Krause et al. 2022). In this paper, results shown
that the difference in the gene expressions of the individuals between environments can
influence the optimal weighting factor. Indicating that the best strategy for the B matrix

optimization is the choice of w optimo nested in the environment.

7.1.2 Prediction models

Over the decades, breeders have searched for strategies to reduce the fumonisin content
in grains (Duvick 2001; Eller et al. 2008; Padua et al. 2016; Santiago et al. 2020; Butoto et al.
2022). The USFDA Center for Food Safety and Applied Nutrition, (2001) recommends a
maximum of 2 to 4 mg kg of contamination of FUMO in corn products. In Brazil, the

contamination limit is 2 mg g™ of these toxins in grains (Agéncia Nacional de Vigilancia 2011).
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Limit that can prevent the export and national marketing of maize batches, consequently
causing large losses to producers. Therefore, it is paramount to develop cultivars resistant to
FUMO beyond high grain yield. However, the phenotyping of this trait is laborious and
expensive (Bush et al. 2004). Hence, genomic selection is an important strategy for breeding
this trait. Comparing genomic selection and phenotypic selection traditional for FUMO, Butoto
et al., (2022), noted that both selections performed similarly. Nonetheless, the authors
emphasize that genomic selection has the potential to be more efficient than phenotypic
selection, due to cheaper and faster genotyping methods, when compared to the phenotyping of
this trait.

Until the moment, there is no research using the combination of genomic and pedigree
information in a relationship matrix for the genomic prediction of the FUMO trait. In addition,
research with different maize traits (e.g. grain yield, number of ears, anthesis date) shows the
efficiency of genomic prediction when using the B matrix (Crossa et al. 2013; de Oliveira et al.
2020). Our results shown that the use of the B matrix improved the predictive ability in all
tested linear models, for both prediction scenarios and both datasets. Besides that, the use of a
single-step approach was superior to the G matrix, regardless of whether or not we included
more individuals in the training population. As some markers may not be in linkage
disequilibrium with QTLs when combining the A matrix and G matrix in a relationship matrix,
the pedigree information may have contributed to capturing associations between causative
alleles due to common ancestral identity, improving predictions models (Velazco et al. 2019).
Moreover, all linear predictor models tested reached the lowest MSPEs when using the B
matrix, result is consistent with those obtained by Velazco et al., (2019). The comparison of
prediction models through the MSPE minimization has been recommended due to this statistic
considers both the precision and bias of the models (Vitezica et al. 2011; Gonzalez-Recio et al.
2014).

Mainly in animal breeding, the use of matrix B in genomic prediction has been widely
discussed (Martini et al. 2018; Macedo et al. 2020; Méntysaari et al. 2020; Masuda et al. 2021).
However, in the plant breeding, this methodology has not yet become popular (de Oliveira et
al. 2020). Our results shown the advantage of using the single-step approach in the intermediate
stage of a breeding program, in two different contexts. The first context is when the program
does not have all individuals genotyped (PGds), for example, due to new materials inserted in
the pipeline. The B matrix enables the construction of the relationship matrix incorporating all
individuals, increasing the selection intensity and providing an improvement in the predictive

capacity of the models. As a strategy, de Oliveira et al. (2020) used the B matrix in multi-trait
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multi-environment genomic prediction models, due to the lack of genotypic information for
some maize hybrids evaluated.

The second context consists of companies that obtain all individuals genotyped and
with pedigree information (GOds). Our results show that by combining both information, the
predictive ability of the models increases, helping to discard the hybrids most susceptible to
FUMO for the advancement of the next stages of the program. In this second context, other
researchers have also observed that combining genomic and pedigree information optimizes
genomic prediction for complex traits (Crossa et al. 2013; Basnet et al. 2019; Velazco et al.
2019). Breeding programs also are interested in the development of superior cultivars that get
a favorable response for a diverse of environmental conditions (Jarquin et al. 2021). Our results
was consistent with those obtained by several researchers that observed better predictive ability
in models that consider that genetic and environmental interaction effect (Jarquin et al. 2014,
2021; Lado et al. 2016; Basnet et al. 2019; Khanna et al. 2022). Showing the importance of this

effect for accurate prediction of complex traits.

7.2 MAIZE BREEDING PIPELINE: FINAL STAGES

7.2.1 Selection of the top hybrid

For the launch of a cultivar on the market, each country obtains specific laws to certify
the agronomic value of the candidate material to be released. For this finality, the Ministry of
Agriculture, Livestock, and Supply, (MAP) Brazilian requires the cultivation and use value
trials (VCU’s). One of the VCU's requirements is that the candidate cultivar has at least three
years of field evaluation. For an accurate selection of the superior genotypes that will be
advanced in the VCU's trials, it is extremely important to choose the appropriate model for the
accurate BLUPs prediction. An efficient strategy to increase the reliability of genetic selection
is the use of modeling the covariance structure of the genetic and non-genetic effects of the
statistical model (Rocha et al. 2019; Melo et al. 2020; Chaves et al. 2022). Another strategy that
reduces BLUPs prediction biases is the inclusion of a relationship matrix in the models (Piepho
et al. 2008). Therefore, we used both approaches with the main aim of auxiliary the breeder to
select the target cultivar of the final stages with high accuracy. The covariance structures
modeling already have been used in research aimed at corn breeding, with a focus on the
fumonisin reduction (Padua et al. 2016). However, so far, a relationship matrix and covariance

structures modeling has not been used with a focus on BLUPs prediction for this trait.
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In the context of choosing the best-fit model, that is, one that provides more accurate
parameter estimates, the AIC is widely used (Faveri et al. 2015; Melo et al. 2020; Chaves et al.
2022). However, when the aim is the BLUPs prediction, it is appropriate to use other statistics
to support the best model choice. The PEV is considered a measure of the accuracy of a statistic
model's prediction (Adebola et al. 2020). Therefore, we consider both statistics (AIC and, PEV)
to select the best-fit model. The diagonal covariance structure proved to be more suitable for
modeling both tested effects (residual and genetic), regardless of whether we inserted the B
matrix in the models. The structure assumes heterogeneity of variances, showing the
environmental difference and the imbalance of the genotypes evaluated over the years.

In addition, results showed that the use of the covariance structures modeling can
influence the top hybrids ranking when comparing models PM1 and PM4. Result is consistent
with those obtained in other researches (Souza et al. 2021; Chaves et al. 2022). However, with
the inclusion of the B matrix plus the choice of the best model, the accuracy of BLUPs
prediction increased considerably, allowing the ranking of the best hybrids to be highly reliable.
In fact, not using these two combined strategies can induce the breeder to choose inferior
genetic materials and discard superior materials, as shown by the Kappa coefficient.
Consequently, this result reflects in the selection gain of the trait. We can observe smaller
selection gains when using models PM1, PM4, and BMI. In this sense, the use of the B matrix
combined with the modeling of genetic and non-genetic effects is an efficient strategy to help
the breeder to select with more precision the top hybrids that will go to the next stages of the
VCU's trials. Due to the complexity of the evaluated trait, and the excellent results achieved,
this strategy has the potential to be extended to other complex maize traits, aiming at the

selection of the final stages breeding program.

8 CONCLUSION

The best way to find the optimal B matrix is to select w within environments to increase
the predictive ability of the prediction models. Using the single-step approach we can improve
the predictive abilities of the linear predictor models for the FUMO trait, consequently, predict
the hybrids untested in the intermediate stages of the program with better precision. The B
matrix plus the selection of the best-fit model increases selective accuracy, consequently, the
genetic gains, thus contributing to the breeder’s decision of the final stages of the breeding

program.
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10 SUPPLEMENT MATERIALS
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Supplementary Figure 1. Variance components as percentage of the total variation
(Var.comp%), accuracy and generalized heritability estimated using M1 models (PM1 and
BM1) and M4 models (PM4 and BM4) for fumonisin concentration in grains (FUMO) in

tropical maize.



56

30

Model
3% P1
QO 20
n P4
—-a— B
=& B4
10

5% 10% 15%
Supplementary Figure 2. Selection gain in percentage (SG%) considering 5% (20 hybrids),
10% (40 hybrids), and, 15% (59 hybrids) of the top hybrids ranked by PM1, PM4, BM1, and

BM4 models for fumonisin concentration in grains (FUMO).
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