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RESUMO

A Selecdo Recorrente Reciproca (SRR) tem sido amplamente empregada no melhoramento
genético do milho, com o objetivo de maximizar o potencial genético e a heterose entre
populagdes. Contudo, sua eficacia esta intrinsecamente ligada a analise precisa de caracteres e
progénies de milho. Nesse contexto, metodologias baseadas em aprendizado de maquina e
modelos estatisticos avancados podem ser conjuntamente utilizadas para otimizar a selecéo e
predizer o desempenho em programas de SRR. Este trabalho teve como objetivo principal
otimizar o processo de selecdo de progénies de milho no programa de SRR da Universidade
Federal de Lavras, por meio do uso de técnicas de aprendizado de méaquina. Os experimentos
foram conduzidos na Universidade Federal de Lavras entre os anos de 2021 a 2024, em um
delineamento Alpha Lattice. O estudo foi estruturado em quatro etapas principais: (i) analise
do potencial genético das progénies por meio de estratégias baseadas na integracdo da
metodologia Best Subset Regression para otimizacdo da selecdo simultdnea de caracteristicas
por meio indices de selecdo. (ii) recombinacdo de 15% das progénies selecionadas, seguida da
geracdo de quatro populagdes de intracruzamento e intercruzamento pelo metodo Bulk Pollen
Pollination. Essas popula¢6es foram avaliadas e submetidas as analises de parametros genéticos
e fatoriais baseadas em correlacdo fenotipica e genética, visando selecdo simulatanea de
progenies com expressdo fenotipica e genética de suas caracteristicas e otimizacdo por
agrupamento de K-means. (iii) Predicdo da produtividade das progénies por meio de modelos
multiniveis no contexto de melhoramento aninhado (progenies dentro de populacGes e estas
dentro cruzamentos), e (iv) integracdo da fenotipagem de alto rendimento a modelos de
aprendizado de méaquina baseados em arvores interpretaveis e indices de sele¢do simultanea.
Em conclusdo, a integracdo das metodologias Best Subset Regression e indice de selecdo
simultanea é uma abordagem eficaz para orientar a identificacdo de linhagens promissoras e
impulsionar o progresso genético das populaces de milho em SRR. As estratégias de selecdo
fatorial em populacbes mostraram eficacia ao identificar progénies com desempenho
simultdneo em relacdo a expressdo fenotipica e genética, contribuindo para o desenvolvimento
de cultivares de maior estabilidade agronémica e genética. O modelo multinivel destacou-se
como ferramenta com maior poder preditivo e suporte a selecdo acurada de progénies
superiores. A integracdo dos modelos de aprendizado de maquina com indice de selecdo
simultanea maximizou a resposta de selecdo por meio da escolha de progénies de milho com
6timos ganhos genéticos. O estudo valida o aprendizado de maquina e sua integracdo com
modelos estatisticos como uma estratégia inovadora e eficaz para a otimizagdo da SRR em
milho, acelerando o progresso do melhoramento genético e contribuindo para o
desenvolvimento de hibridos de elevado desempenho.

Palavras-chave: Zea mays L.; indice de selegio; Analise de fatores; Modelos multiniveis;
Fenotipagem.



ABSTRACT

Reciprocal Recurrent Selection (RRS) has been widely used in maize breeding to maximize
genetic potential and heterosis between populations however, its effectiveness is intrinsically
linked to the precise analysis of maize traits and progenies. In this context, machine learning-
based methodologies and advanced statistical models can be jointly employed to optimize
selection and predict performance in RRS programs. The main objective of this study was to
optimize the selection process of maize progenies in the Federal University of Lavras RRS
program using machine learning techniques. The experiments were conducted at the Federal
University of Lavras between 2021 and 2024 using an Alpha Lattice design. The study was
structured into four main stages: i) Analysis of the genetic potential of progenies through
strategies based on the integration of the Best Subset Regression methodology to optimize the
simultaneous selection of traits using selection indices; ii) recombination of the top 15% of
selected progenies followed by the generation of four intrapopulation and interpopulation
crosses using the Bulk Pollen Pollination method. These populations were evaluated and
subjected to genetic and factorial parameter analyses based on phenotypic and genetic
correlations aiming for the simultaneous selection of progenies with optimal phenotypic and
genetic expression of their traits, optimized through K-means clustering. iii) Prediction of
progeny vyield using multilevel models in the context of nested breeding progenies within
populations and populations within crosses. iv) Integrating high-throughput phenotyping with
interpretable tree-based machine learning models and simultaneous selection indices. In
conclusion, the integration of Best Subset Regression and simultaneous selection indices
proved to be an effective approach for identifying promising lineages and enhancing the genetic
progress of maize populations in RRS. Factorial selection strategies in populations
demonstrated efficacy in identifying progenies with simultaneous phenotypic and genetic
performance contributing to the development of cultivars with greater agronomic and genetic
stability. The multilevel model stood out as a tool with high predictive power, supporting the
accurate selection of superior progenies. The integration of machine learning models with
simultaneous selection indices maximized selection response by choosing maize progenies with
optimal genetic gains. This study validates machine learning and its integration with statistical
models as an innovative and effective strategy for optimizing RRS in maize, accelerating
genetic breeding progress and contributing to the development of high-performance hybrids.

Keywords: Zea mays L.; Selection index; Factor analysis; Multilevel models; Phenotyping.



INDICADORES DE IMPACTO

O estudo demonstra que a integracdo de Machine Learning (ML) e modelos estatisticos
avancados na Selecdo Reciproca Recorrente (SRR) de milho otimiza a identificacdo de
progénies superiores, acelerando o desenvolvimento de hibridos de alto desempenho. No
aspecto social, a metodologia beneficia agricultores, especialmente pequenos e médios
produtores, ao aumentar a disponibilidade de sementes mais produtivas e adaptaveis, reduzindo
a inseguranca alimentar e fortalecendo a agricultura familiar em regides como o Cerrado e 0
Sudeste de Minas Gerais. No plano econémico, a técnica eleva a eficiéncia do melhoramento
genético, reduzindo custos e tempo de selegcdo, com potencial de aumentar a produtividade em
mais de 20%, impulsionando a competitividade do milho mineiro e do Brasil. Ambientalmente,
a selecdo de cultivares mais produtivas diminui a necessidade de expansao de areas de cultivo
e, consequentemente, aumenta a eficiéncia do uso de recursos naturais, alinhando-se aos ODS
2 (Fome Zero e Agricultura Sustentavel) e ODS 13 (Acdo Contra a Mudanca Global do Clima).
Do ponto de vista tecnolégico, a aplicacdo de ML e modelos multiniveis moderniza programas
de melhoramento, posicionando a pesquisa regional e nacional na vanguarda da agricultura
moderna. Os impactos enquadram-se na area tematica 7 (Tecnologia e Producdo) da Politica
Nacional de Extensdo, com contribuicdes diretas para inovacgdo agricola sustentavel e seguranca
alimentar, em sintonia com a Agenda 2030 da ONU. A abordagem mostra-se uma estratégia

replicavel em outras culturas, ampliando seu potencial transformador para a agricultura tropical.



IMPACT INDICATORS

The study demonstrates that integrating Machine Learning (ML) and advanced statistical
models into Reciprocal Recurrent Selection (RRS) for maize optimizes the identification of
superior progenies, accelerating the development of high-performance hybrids. From a social
perspective, this methodology benefits farmers, particularly small and medium-sized producers,
by increasing the availability of more productive and adaptable seeds. This reduces food
insecurity and strengthens family farming in regions such as the Cerrado and Southeastern
Minas Gerais. Economically, the technique enhances genetic breeding efficiency, reducing
selection costs and time, with the potential to increase productivity by over 20%. This boosts
the competitiveness of Minas Gerais maize and Brazil’s overall production. Environmentally,
selecting higher-yielding cultivars reduces the need for cropland expansion, consequently
improving natural resource use efficiency. This aligns with SDG 2 (Zero Hunger and
Sustainable Agriculture) and SDG 13 (Climate Action). From a technological standpoint,
applying ML and multilevel models modernizes breeding programs, positioning regional and
national research at the forefront of modern agriculture. The impacts fall under Thematic Area
7 (Technology and Production) of Brazil’s National Extension Policy, contributing directly to
sustainable agricultural innovation and food security, in line with the UN 2030 Agenda. The
approach proves to be a replicable strategy for other crops, expanding its transformative

potential for tropical agriculture.
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PRIMEIRA PARTE
1 INTRODUCAO

O milho (Zea mays L.) é um dos pilares da seguranca alimentar global, demandando
constantes avangos em produtividade e sustentabilidade. Nesse cenario, a Selecdo Recorrente
Reciproca (SRR) destaca-se como uma das estratégias mais eficazes para o melhoramento
genético continuo, promovendo ganhos simultaneos na capacidade combinatoria de populacdes
distintas e maximizando o potencial agronémico das progénies (Hallauer et al., 2010; Combs;
Bernardo, 2013). No entanto, o sucesso desse método depende ndo apenas da variabilidade
genética disponivel, mas também da identificacdo precisa de combinagdes oOtimas de
caracteristicas que impulsionem a resposta a selecdo, especialmente em cenarios onde multiplas
variaveis interagem de forma complexa.

A SRR opera sob o principio da selecdo e recombinacdo ciclica de duas populagdes
geneticamente distintas, explorando a heterose e preservando a diversidade genética (Combs &
Bernardo, 2013). Contudo, um dos principais desafios reside na selecdo simultanea de multiplas
caracteristicas, uma vez que a inclusao indiscriminada de todos os tracos avaliados pode resultar
em ganhos subétimos devido a redundancias que podem existir entre as caracteristicas.

Métodos tradicionais, como os indices de Smith (1936) e Hazel (1943), ou abordagens
mais recentes como FAI-BLUP (Rocha et al., 2018) e MGIDI (Olivoto; Nardino, 2021),
oferecem solugdes ao agregar diferentes caracteristicas em uma Unica métrica. No entanto, essas
técnicas ndo exploram de forma eficiente quais subconjuntos de caracteristicas sdo mais
impactantes para maximizar o ganho genético.

Diante dessa lacuna, este estudo propde uma abordagem inovadora que
integra regressdo por melhores subconjuntos (Best Subset Regression) com indices de selecéo
simultanea, visando identificar as combinag¢fes Gtimas de caracteristicas que maximizam 0s
ganhos geneticos por selegdo. Além disso, investiga-se a aplicagdo de andlises fatoriais
baseadas em correlagdo genética e fenotipica para aprimorar a selecdo de progénies de alto
desempenho com expresséo fenotipica e genética simultaneamente. Na sequéncia, aplicou-se a
abordagem de modelos multiniveis (MLM), capazes de capturar a estrutura hierarquica do

contexto de melhoramento (cruzamentos, populagdes e progénies), visando explicar a
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variabilidade e predizer com precisao a produtividade de progénies de milho. Outro avango
incorporado neste trabalho € a integracdo entre fenotipagem de alta preciséo, aprendizado de
maquina (AM) e indices de selegdo multitrait. A fenotipagem digital de espigas, associada a
algoritmos preditivos baseados em arvores interpretaveis, permite a triagem eficiente de
caracteristicas morfologicas relevantes, reduzindo redundancias e aumentando a acurécia da
selecdo. Essa sinergia metodoldgica ndo apenas otimiza a identificacdo de progénies superiores,
mas também traduz dados complexos em decisGes praticas de melhoramento, garantindo maior
eficiéncia no desenvolvimento de cultivares produtivas.

A justificativa para este estudo reside na necessidade de abordagens mais precisas e
eficientes para a SRR, capazes de superar os desafios da selecdo multitrait e da predicao de
produtividade em cenérios de grande complexidade de dados. Os resultados esperados incluem:
a identificacdo dos subconjuntos de caracteristicas que maximizam o ganho genético em milho;
a validacdo da superioridade de modelos multiniveis e de AM na predicao de produtividade; a
selecdo de progénies de alto desempenho com base em correlagcdes genéticas e fenotipicas; um
framework integrado que combine fenotipagem digital, AM e indices de selecdo para otimizar
programas de SRR.

Em suma, esta pesquisa ndo apenas avanca 0 conhecimento tedrico em genética
guantitativa, mas também oferece ferramentas praticas para o melhoramento de milho. Ao unir
metodologias de aprendizado de maquina e estatisticas, o estudo estabelece um novo paradigma
de otimizacdo da selecao recorrente reciproca de progénies de milho com extensdo para outras

culturas agricolas.
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Abstract: This study aimed to identify the best model for combining traits via Best Subset Regression (BSR) and
the simultaneous selection index (SSI) to maximize genetic gains in reciprocal recurrent selection (SRR) of maize
multi-trait progenies. The experiment evaluated 56 and 46 interpopulation hybrids (PAB and PBA, respectively)
derived from reciprocal crosses of the PA and PB populations and two checks, in an alpha-lattice design, at the
Center for Scientific and Technological Development of Agriculture of the Federal University of Lavras/Brazil.
Genetic parameters were estimated by Restricted Maximum Likelihood (REML) and means by Best Linear
Unbiased Prediction (BLUP). The best trait combination models (M) were defined via BSR and used in SSI (Factor
analysis and ideotype-design: FAI-BLUP, Multi-trait Genotype-ldeotype Distance: MGIDI, and Smith-Hazel),
with 20% selection intensity. The simultaneous selection efficiency (SSE%) was evaluated in comparison to direct
selection (DIS) and the full model (FM), in addition to the agreement between the hybrids selected by the different
selection strategies. The results showed genetic variability in both populations and combinations of BSR and SSI
that maximized SSE%. The M2 + MGIDI and M3 + MGIDI models of the GY+PROL+SM and
GY+PROL+SM+ASI trait combinations provided SSE% of 99.33 and 98.92 for PAB and PBA near DIS and 1.01
to 1.00 of SSE% over FM, respectively. Integrating BSR and SSI methodologies is an effective approach to guide
the identification of promising progenies and boost the genetic progress of maize populations in SRR.

Keywords Zea mays L . BLUP . Selection indices.

Resumo: objectivou-se identificar o melhor modelo de combinacéo das caracteristicas via Best Subset regression
(BSR) e o indice de selecdo simultanea (ISS) para maximizar os ganhos genéticos em selecao recorrente reciproca
(SRR) de linhagens multtrait de milho. O experimento, avaliou 56 e 46 hibridos interpopulacionais (PAB e PBA,
respectivamante) derivadas de cruzamentos reciprocos das populacbes PA e PB, e duas testemunhas, em
delineamento alfa-latice, no Centro de Desenvolvimento Cientifico e Tecnoldgico da Agricultura da Universidade
Federal de Lavras/Brasil. Os pard@metros genéticos foram estimados por Restricted Maximum Likelihood (REML)
e as medias por Best Linear Unbiased Prediction (BLUP). Os melhores modelos de combinacoes das caracteristicas
(M) foram definidos via BSR e utilizados nos ISS (Factor analysis and ideotype-design: FAI-BLUP, Multitrait
Genotype-ldeotype Distance: MGIDI, e Smith-Hazel), com 20% de intensidade de selecdo. Avaliaram-se a
eficiéncia de selecdo simultanea (ESS%) em relacdo a selecéo direta (DS) e ao modelo completo (FM), além da
concordancia entre os hibridos selecionados pelas diferentes estrategias de selecao. Os resultados mostraram
variabilidade genética em ambas as popula¢des e combinaces de BSR e ISS que maximizaram a ESS%. Os
modelos M2 + MGIDI e M3 + MGIDI das combinacoes das -caracteristicas GY+PROL+SM e
GY+PROL+SM+ASI, proporcionaram ESS% de 99.33 e 98.92 para PAB e PBA proximo a DS, e 1.01 a 1 de
ESS% sobre o FM. A integracdo das metodologias BSR e ISS é uma abordagem eficaz para orientar na
identificacao de linhagens promissoras e impulsionar o progresso genético das populacoes de milho em SRR.

Palavras-chave: Zea mays L . BLUP . indices de selecéo.
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Introduction

Reciprocal recurrent selection (RRS) is an efficient strategy for continuously improving maize
populations. It is based on the selection and cyclical recombination of two genetically distinct populations, aiming
to simultaneously enhance their combining capacity and maximize genetic gain for agronomic traits of interest. In
addition to exploiting heterosis by strengthening complementarity between populations, RRS boosts yield,
preserves genetic variability and generates improved sources for obtaining elite lines, consolidating itself as an
essential tool in developing high-performance cultivars.

In RRS, the simultaneous selection of multiple traits is challenging due to the complexity of the
interactions between traits and the difficulty in identifying which combinations optimize the response to selection.
In scenarios where many traits are evaluated, the simultaneous selection of all available traits may not capture the
maximum possible gain, which may result in suboptimal selection of progenies for genetic progress.

Traditionally, selection indices such as Smith (1936) and Hazel (1943), FAI-BLUP Rocha et al. (2018)
and MGIDI (Olivoto and Nardino 2021) have been used to combine multiple traits into a single metric, allowing
the simultaneous selection of different traits. However, these methods do not efficiently address the selection of
the most impactful subsets among a large number of available traits. This study proposes the combination of the
best subsets regression methodology (Brooks and Ruengvirayudh 2016) with FAI-BLUP, MGIDI and Smith and
Hazel selection indices, aiming to identify the best combinations of traits that maximize the genetic response more
effectively. In addition, it compares these combinations with direct selection strategies and those based on all traits
with significant genetic variability. Best Subset Regression is an approach that evaluates all possible combinations
of traits in a multiple linear regression model, intending to identify the subset that best explains the response trait.
This technique allows the selection of the most appropriate model, eliminating irrelevant traits and improving the
interpretability of the results (Brooks and Ruengvirayudh 2016). To date, few studies have used this methodology
to predict the maize yield and other crops, with emphasis on Zhang et al. (2023), who applied the technique to
assess soil health in wheat-maize rotation systems. Paul and Munkvold (2005) combined the best subsets of traits
with artificial neural networks to predict the severity of cercospora leaf spot in maize. However, no studies have
been carried out in the area of plant breeding that seek to identify the best trait combination model through Best
Subset Regression. combined with simultaneous selection indices, aiming to maximize genetic gains in yield and
desired response for secondary traits, in RRS programs of maize. The main contribution of this approach to plant
breeding is to present an innovative alternative for simultaneous trait selection in maize, integrating regression
methodologies and simultaneous selection indices, which assist in the process of selection and combination of
relevant traits. This allows the selection of high-performance multitrait progenies for the RRS program and the

development of high-yielding varieties.
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Materials and Methods

The experiment was conducted between November 2021 and March 2022 in the experimental area of
Muquém Farm (21°11'56.9"S 44°58'48.1"W, elevation 918.84 m), which belongs to the Scientific and
Technological Development Center for Agriculture at the Federal University of Lavras, located in the southern
region of Minas Gerais, Brazil. The soil in the experimental area is classified as Latossolos (Oxisols), according
to Santos et al. (2018). The regional climate is humid temperate (Cwa), characterized by dry winters and rainy
summers. During the experimental period, the average temperature and precipitation were 23.74°C and 232.56
mm, respectively, as recorded by the Lavras meteorological station (code: 83687, geographic coordinates:
21°13'34.0"S 44°58'47.0"W).

A total of 102 full-sib maize progenies (interpopulation hybrids) were generated by crossing two
populations in the eighth cycle of the Reciprocal Recurrent Selection (RRS) program at the Federal University of
Lavras. This program, initiated in 2003, used two commercial single-cross hybrids as base populations: DKB 333B
(PA) and DOW 657 (PB). The populations were formed by random crosses of 3.000 F1 plants from each single-
cross hybrid, resulting in populations in Hardy-Weinberg equilibrium.

The 102 progenies, along with two commercial double-cross hybrids (checks), were evaluated in an alpha-
lattice design with three replications and 24 blocks. Sowing was carried out on November 16, 2021, at a density
of four seeds per linear meter in plots four meters long, spaced 0.6 meters apart. Basal fertilization consisted of
250 kg ha! of NPK 8-28-16, while topdressing fertilization, applied 25 days after planting, used 200 kg ha™* of
urea (45% N). Other crop management practices followed regional recommendations, as described by Borém et
al. (2017).

The evaluated traits included grain yield (GY, kg ha™), seed mass (SM, g), prolificacy (PROL), days to
anthesis (DA), days to silking (DS), anthesis-silking interval (ASI), ear height (EH), and plant height (PH).

The analysis was conducted for an experiment with an alpha-lattice design according to the following
model (Resende, 2016):

y=Xr+Zg+ Wb + e,

where: y is the vector of observations, r is the vector of repetition fixed effects, g, b and e are the vectors
of random effects of full-sib maize progenies, blocks and errors, respectively. X, Z and W represent the incidence
matrices for r, g and b, respectively. The significance of the effects of random progenies from the deviance analysis
was verified by the likelihood ratio test (LRT) at 0.001, 0.01 and 0.05 probability.

The variance components were estimated according to Resende (2016) using the Restricted Maximum
Likelihood (REML) method, and the means of the effects predicted by Best Linear Unbiased Predictor (BLUP).

The mean heritability and selective accuracy parameters were estimated according to Olivoto and Lucio

(2020). Descriptive statistics (mean, minimum and maximum) were also calculated.
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Phenotypic and genetic correlations

The phenotypic and genetic correlations were estimated between the traits of the PAB and PBA
populations according to Olivoto and Lucio (2020). The significance of the correlations was assessed using the t-
test at 0.05 probability level.

The best subset regression technique (Brooks and Ruengvirayudh, 2016) was applied to the traits that
exhibited genetic variability, aiming to identify the subset of traits that best explains the yield of the populations.

We used 2P — 1 possible subsets of combinations of three PAB traits and four PBA traits, resulting in 7
and 15 models, respectively. For each population, the top three and four best trait combination models were
selected based on the following criteria: Mallows’ C,: To penalize more complex models, selecting the one with
the lowest C,, value. Bayesian Information Criterion (BIC): To penalize complex models more strongly than AIC,
choosing the model with the lowest BIC. Adjusted R?: To adjust the R? value for the number of traits in the model,
selecting the model with the highest adjusted R?.

The best trait combinations, along with grain yield, were associated with three simultaneous selection
index strategies: FAI-BLUP (Rocha et al. 2018), MGIDI (Olivoto et al. 2019), and Smith (1936) & Hazel (1943).
For each strategy, the goal was to increase GY, PROL, and SM while reducing ASI and DS. For the FAI-BLUP
and MGIDI indices, the desired ideotype was Max (for increase) and Min (for reduction).

The simultaneous selection efficiency (SSE %) obtained from the relationship between the simultaneous
selection gain of the traits (SSG) of the best combination model and the direct selection (DIS) and the full model
(FM) for each population was calculated according to the following equation:

SSG
DIS

) x 100; SSE (%) = (%) x 100

SSE (%) = (

The best combination of yield traits and selection strategy was defined by the criterion of the highest

ESS% and balance among the associated traits in each population, considering a selection intensity of 20% of the
progenies. These results were visually represented using radar charts. Additionally, an analysis of the overlap
between the progenies selected by the best strategies and combinations, compared to direct selection, was

performed using Venn diagrams. All analyses were conducted in the R software (R Core Team 2024).
Results and discussion

Table 1 presents the genetic and phenotypic parameters of agronomic traits in two maize populations:
PAB and PBA. These results aim to evaluate the potential of both populations for the interpopulational breeding
program.

The results show that PAB presents significant genetic variability for grain yield (GY), prolificacy
(PROL), 100-seed weight (SM), and days to silking (DS). In PBA, significant genetic variability was detected for
PROL, SM, DS, and the anthesis-silking interval (ASI). The heritability for GY was moderate in PAB, indicating

potential for significant genetic gain with selection. In contrast, in PBA, the lower heritability suggests a limited
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response to direct selection for this trait. However, SM and DS stood out in both populations with high heritability
and selection accuracy.

Traits such as plant height (PH) presented moderate heritability in both populations. Regarding ear height
(EH), heritability was high in PAB but low in PBA. However, genetic variability for PH and EH was not
significant, limiting the potential of these traits for selection. For PROL, heritability and accuracy were moderate
in both populations, indicating good potential for improvement of this trait and other correlated traits.

The results indicate important differences in the genetic potential of the populations, which can be
explored in interpopulation breeding programs. Previous studies, such as those by Reis et al. (2009) and Almada
et al. (2024), highlight the relevance of traits with moderate to high genetic variability and high heritability to
maximize genetic gains through selection.

GY showed limitations in PBA due to low heritability. However, indirect selection based on correlated
traits, such as PROL, SM, and DS, can be an effective strategy. On the other hand, PAB showed better prospects
for direct selection of GY, reinforcing its usefulness in reciprocal recurrent selection programs. In this context,
PROL, SM, and DS combine significant genetic variability with high heritability and accuracy, essential properties
for the indirect selection of high-performance progenies. These advantages are in line with the concept of multi-
trait selection, as explained by Cruz et al. (2012) and Olivoto and Nardino (2021).

In addition, these traits offer additional benefits, such as the possibility of selecting progenies with an
adequate number of ears per plant, ideal seed mass, and adequate flowering cycle, maximizing genetic gains in
yield. The flowering cycle, for example, can be used as a strategic criterion for planning synchronization
in interpopulation crosses.

The non-significant genetic variability associated with high heritability in PH and EH can be attributed
to experimental precision and not to the genetic variability of progenies, according to Cruz et al. (2012). The
presence of significant genetic variability for ASI in PBA demonstrates the potential of this population to
recommend progenies in crosses targeting drought-tolerant hybrids. According to Li et al. (2023), ASI is widely
used as an indicator in maize progeny selection experiments for drought tolerance, with lower values being
desirable for improving yield under stress conditions. However, the low heritability observed in ASI indicates
limitations for direct selection, since this trait is strongly influenced by environmental factors, as also pointed out
by Li et al. (2023). For ASI, an effective strategy would be indirect selection based on correlated traits with higher
heritability, which could mitigate the difficulties of genetic progress. This set of results reinforces the importance
of multi-trait selection strategies in maize genetic improvement programs, optimizing gains in yield and associated

traits.
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Table 1 Genetic variability and descriptive parameters of grain yield (GY, kg ha™), prolificacy (PROL), seed mass
(SM, g), days to anthesis (DA) and days to silking (DS), anthesis-silking interval (ASI), plant height (PH, m), and
ear height (EH, m) in the PAB and PBA populations of full-sib maize progenies

Pop Parameters GY PROL  SM DA DS ASI PH EH
o2 1.37%%  0.01%%  4.98%** 240 2.20%%% 021 0.01 0.01
PAB  him 052  0.48 0.75 082 082 0.36 0.58 0.72
Accuracy 072 0.69 0.86 090 091 0.60 0.76 0.85
Mean 937 122 3230 6781 6898 117 254 1.50
Minimum 714 109 2880 6502 6607  0.76 2.34 1.29
Maximum 1115 147 3726 7063 7246  1.82 2.67 1.67
o2 0.62  0.01% 4.06™* 207  249%*  0.26* 0.01 0.01
PBA RZ, 034  0.49 0.71 0.78 0.82 0.41 0.58 0.53
Accuracy 058  0.70 0.84 0.88 0.91 0.64 0.76 0.73
Mean 952 124 3264 6762 6868  1.06 2.60 1.54
Minimum 846  1.09 2913 6479 6594  0.62 2.45 1.44
Maximum 1043 150 3620 7026 7276  1.76 2.75 1.65

o/ = genetic variance; hZ,, = mean heritability. ***, ** * = significant at 0.001, 0.01, and 0.05, respectively, by
the Likelihood Ratio Test (LRT), based on the chi-square (y?) distribution.

Observed correlations between the traits of the PAB and PBA populations guide selection and crossing
strategies in maize breeding. In the PAB population, GY showed significant positive genetic and phenotypic
correlations with PROL and SM. In contrast, a negative correlation was observed between GY and reproductive
traits such as DA and ASI. In the PBA population, GY exhibited significant positive correlations with plant
architecture traits PH and EH. Additionally, there were positive associations between PROL, PH, and EH,
while SM showed a negative correlation with PROL but a positive correlation with EH and a negative correlation
with ASI.

These relationships have direct implications for the improvement of each population. For the PA
population, the positive correlations between GY, PROL, and SM suggest that selecting progenies with higher
prolificacy and greater seed mass is an effective strategy to increase yield. This finding is supported by Shi et al.
(2022), who emphasize seed mass as a crucial trait for field performance, and Faria et al. (2022) and Silveira et al.
(2022), who highlight the number of ears per plant as an important trait for yield improvement. However,
contrasting results were reported by Silva et al. (2023), who observed negative genetic correlations between
prolificacy and yield in one of the studied populations, though they found positive correlations in another.

Furthermore, the negative correlation between GY and DA and ASI reflects a trend where plants with
shorter reproductive cycles and more synchronized flowering exhibit better yield performance. This pattern aligns
with the findings of Worku et al. (2016) and Benchikh-Lehocine et al. (2021), who indicate that reducing the cycle
length and improving flowering synchrony are key factors for yield enhancement, especially under drought
conditions. Recent studies, such as Almeida et al. (2024), suggest that controlling flowering time can be used to

improve yield across different environmental conditions without compromising grain quality.
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On the other hand, the PBA population showed a strong association between PH, EH, and GY, indicating
that taller plants tend to be more yielding. This pattern, commonly observed in maize, was corroborated
by Almeida et al. (2024), who linked plant height to greater nutrient assimilation and biomass, factors that
contribute to higher grain production. However, this association should be interpreted cautiously, as increased
height may raise the risk of lodging, especially in high-density plantings (Zhang et al. 2023). Thus, plant height
must be balanced with other traits to ensure structural stability.

Additionally, the negative correlation between SM and PROL in the PBA population suggests that, as the
number of ear per plant increases, the average seed mass tends to decrease. This can be explained by the allocation
of plant resources, which need to be divided between the ear and the seeds. Similar results were obtained by
Reichert Junior et al. (2021). On the other hand, the positive correlation between SM and EH and the negative
correlation with ASI, indicates that plants with higher seed mass tend to present higher EH and greater synchrony
in flowering. However, this pattern diverges from Magar et al. (2021), who observed a positive relationship
between SM and ASI.

Based on these observations, planning interpopulation crosses that combine desirable traits from the PAB
and PBA populations is predicted to be an effective strategy for generating more yielding progenies. Integrating
plants from the PAB population, which prioritize flowering synchrony and prolificacy, with plants from the PBA
population, which exhibit greater height and yield associated with seed mass, could result in progenies with high
yield potential and balanced architecture. As noted by Almeida et al. (2024), interpopulation crosses can also

generate sufficient genetic variability to select lines that contribute to long-term sustainability.
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Fig. 1 Genetic correlations (above the diagonal) and phenotypic correlations (below the diagonal) among the traits
grainyield (GY, kg ha-1), seed mass (SM, g), prolificacy (PROL), anthesis-silking interval (ASI), days to anthesis
(DA), days to silking (DS), plant height (PH, m), and ear height (EH, m) in full-sib progenies of the PAB and PBA
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maize populations. *, **, and *** indicate significance at 0.05, 0.01, and 0.001 probability levels, respectively,

according to the t-test. The size of the circles is proportional to the magnitude of the correlation coefficients.

Results from regression analysis of trait subsets are presented, identifying the best trait combinations used
in the construction of selection indices based on statistical criteria (Table 2). For the PAB and PBA populations,
three and four top-performing models were selected, respectively, with the third and fourth models being full
models (FM) that included all traits. In the PAB population, the M2 model outperformed the others, exhibiting the
best Bayesian Information Criterion (BIC) and Mallows’ Cp values, followed by the FM, both demonstrating
performance fit. Conversely, in the PBA population, the M3 and FM models provided the best fit, showing the

lowest BIC and Cp values. The traits corresponding to each model are detailed in Tables 3 and 4.

Table 2 Adjusted coefficient of determination (R? adj), Bayesian information criterion (BIC), and Mallows’ Cp
value of the best models (M) and the full model (FM) for trait combinations of the PAB and PBA populations of
full-sib maize progenies.

Pop Model R? adi BIC Cp
M1 0.46 -94.10 48.00
M2 0.58 -130.00 3.77

PAB FM 0.58 -127.00 4.00
M1 0.33 -45.90 73.70
M2 0.51 -86.10 17.80

PBA M3 0.55 -93.20 7.30
FM 0.56 -92.70 5.00

Table 3 presents the results of the selection response for full-sib progeny in the maize PAB, evaluating
different trait combinations and selection index strategies (FAI-BLUP, MGIDI, and SH). The objective was to
investigate the impact of these combinations on the selection of high-performance progeny.

Initially, in the PAB, M1 considered the traits GY and PROL, resulting in consistent gains for both traits
across all selection index strategies, with SH standing out with the highest SSE (99.92%). Next, M2, which
included GY, PROL, and SM, showed responses similar to M1 for GY and PROL. However, the SH
index exhibited a reduction in selection gain for GY and PROL, accompanied by an increase in SM.

In the FM model, the trait DS was added. In these combinations, there was a reduction in GY gain across
all selection index strategies. On the other hand, DIS demonstrated the highest gain for GY, proving to be a robust
approach for maximizing grain yield without simultaneously considering other traits. Meanwhile, the M2 model
combined with FAI-BLUP or MGIDI provided simultaneous trait gains for maize improvement, with a desirable
response for GY achieving 99.33% SSE, close to DIS, and 1.01% SSE over FM.
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Table 3 Selection response of the best models (M) of combinations of traits for simultaneous selection indices
factor analysis and ideotype design (FAI-BLUP), Multitrait Genotype-Ildeotype Distance (MGIDI) and Smith and
hazel (SH) via best linear unbiased prediction in full-sib maize progenies of the PAB population.

_ FAI BLUP MGIDI SH

Model FA - Trits ™5™ SG% xS SG% XS  sGy ldeotype  Sense

M1 1 GY 1041 1110 1041 1110 1047 1175  Max Increase
1 PROL 133 932 133 932 133 864 Max Increase

M2 1 GY 1041 1110 1041 1110 990 5.74 Max Increase
1 PROL 133 932 133 932 125 237 Max Increase
1 SM 3310 245 3310 245 3531 931 Max Increase

FM 1 GY 1030 999 1020 891 946 1.05 Max Increase
1 PROL 133 863 133 926 123 085 Max Increase
2 SM 3340 334 3340 352 3499 832 Max Increase
2 DS 6820 -1.13 6790 -1.50 69.53 0.79 Min Decrease

DIS GY 1048 1191 Max Increase

Selected model with an SSE of 99.33 near DIS and 1.01 over FM: M2 + MGIDI.

SSE % = Simultaneous selection efficiency close to direct selection (DIS) and over the full model (FM) for grain
yield (GY) of the best combination model of traits and simultaneous selection index. XS = population mean, SG
= Selection gain. The factors (FA), selection directions and ideotypes are terms applied only to the FAI-BLUP or
MGIDI indices.

In the analysis of the PBA population (Table 4), models M1, M2, and M3 stood out as those delivering
the highest genetic gains in GY under the SH, MGIDI, and FAI-BLUP selection strategies, respectively. The
combination of M3 with the MGIDI index maximized genetic gains in GY over FM and near DIS (SSE% = 1.00
and 98.92, respectively), while also driving desirable gains in associated traits (PROL, SM, and ASI). This subset
of traits exhibits genetic parameters of favorable magnitude, underscoring their importance in maintaining genetic
variability and developing high-performance progenies in the reciprocal selection cycle.

The PROL trait is widely recognized as a relevant criterion for improving yield (Fariaetal., 2022; Silveira
et al., 2022). However, studies such as Almeida et al. (2024) report a reduction in GY gains when predicted by
PROL, particularly in cases of negative correlation between these traits. In this study, the prediction of GY based
on PROL was undesirable in FM, and gains in PROL were unfavorable across all models associated with SH. This
behavior can be attributed to a zero genetic correlation with GY, as well as negative phenotypic and genetic
correlations with SM, this trait showing the highest response in this population and a negative genetic correlation
with ASI, which exhibited the largest undesirable genetic gain.

These results differed from those observed in all models applied to the FAI-BLUP and MGIDI indices.
The divergence in results is partly because the SH index is highly dependent on genetic and phenotypic covariance
matrices, as well as economic values, according to Smith (1936) and Hazel (1943). This may limit the selection
for traits with low genetic correlation. In contrast, non-parametric methods such as MGIDI and FAI-BLUP
prioritize a balance among multiple traits, regardless of genetic correlations, allowing simultaneous gains even in

scenarios with low genetic relationships between evaluated traits (Rocha et al. 2018; Olivoto et al. 2019).
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Additionally, Worku et al. (2016) and Benchikh-Lehocine et al. (2021) highlight that ASI is an indicator
of stress tolerance and pollination efficiency, with lower values being desirable for increased yield. In the models
associated with FAI-BLUP and MGIDI strategies, a reduction in ASI was observed, indicating the effectiveness
of these strategies in selecting plants with better reproductive synchrony. However, the SH index showed an
increase in ASI in the M3 and FM models, suggesting a lower selection capacity for this trait in PBA. On the other
hand, the SH index proved particularly useful for higher gains in SM across models M1 to M3, suggesting an
effective strategy for improving seed mass. The presented results demonstrate that different subsets of traits,
combined with simultaneous selection indices, influence selection efficiency for multiple traits in maize progenies.

Overall, the MGIDI simultaneous selection strategy based on the M3 model proved efficient in PBA.

Table 4. Selection response of the best models (M) for trait combination in simultaneous selection indices: factor
analysis and ideotype design via best linear unbiased prediction (FAI-BLUP), Multitrait Genotype-ldeotype
Distance (MGIDI) and Smith and Hazel in full-sib maize progenies from the PBA population.

FAI_BLUP MGIDI SH

Model FA Traits Ideotype Sense
XS SG% XS SG% XS SG%

M1 1 GY 10.03 5.43 10.03 5.43 10.09 6.07 Max Increase
1 PROL 1.34 8.25 1.34 8.25 1.24 -0.03 Max Increase

M2 1 GY 10.10 6.10 10.09 5.99 9.62 1.05 Max Increase
1 PROL 1.26 1.62 1.32 7.02 1.20 -2.83 Max Increase
1 SM 33.9 3.87 33.2 1.82 3485 6.78 Max Increase

M3 1 GY 10.09 591 10.14 6.58 9.55 0.39 Max Increase
1 PROL 127 2.86 1.30 5.22 1.20 -2.72 Max Increase
2 SM 33.8 3.63 33.3 2.10 34.83 6.71 Max Increase
1 ASI 1.06 -1.56 0.89 -15.6 1.24 17.00 Min Decrease

FM 1 GY 9.97 4.80 10.10 5.76 9.47 -0.45 Max Increase
1 PROL 127 2.64 1.31 5.78 1.20 -2.64 Max Increase
1 SM 34.10 4.39 33.6 2.95 33.93 4.04 Max Increase
2 DS 68.20 -0.72 68.40 -0.46 70.28 2.32 Min Decrease
2 ASI 1.04 -1.67 0.93 -12.20 1.29 21.62 Min Decrease

DIS GY 10.20 6.82 Max Increase

Selected model with an SSE of 98.92 near DIS and 1.00 over FM: M3 + MGIDI.

SSE % = Simultaneous selection efficiency close to direct selection (DS) and over the full model (FM) for grain
yield (GY) of the best combination model of traits and simultaneous selection index. XS = population mean, SG
= Selection gain. The factors (FA), selection directions and ideotypes are terms applied only to the FAI-BLUP or
MGIDI indices. However, the selection directions of these indices were adapted to the SH.

Fig. 2 presents the selected high-performance progenies for the PAB and PBA populations using
simultaneous selection index strategies based on higher SSE% and balanced traits. For the PAB population, the
MGIDI index was selected based on the subset of traits from model M2. For the PBA population, the MGIDI index

associated with the subset of traits from model M3 was selected.
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Among the top 20% of selected progenies from PAB and PBA, 69.20% and 80.00%, respectively, were
common between simultaneous and direct selection (Fig. 3). The high-performance progenies identified hold
significant agronomic value for the breeding program, combining desirable traits such as high yield potential,
prolificacy, short anthesis-silking interval, and seed mass. These attributes promote a more targeted selection
response aligned with the program's objectives. In the context of maize breeding programs, integrating trait
combination models and simultaneous selection indices serves as an optimal tool for maximizing genetic gain,
enabling more precise selection of high-performance multi-trait progenies for future evaluations. Previous studies,
such as those by Rocha et al. (2018) and Olivoto and Nardino (2020), have already demonstrated that using

selection indices is an efficient strategy for optimizing selection response by integrating multiple traits into a single

metric.
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Fig. 3 Common progenies in the intersection region of the diagrams, selected by the best models (M2 and M3) of
trait combinations and simultaneous selection indices (MGIDI) and direct selection (DIS) in PAB and PBA maize
populations.

Conclusion

The M2 + MGIDI and M3 + MGIDI models of the GY+PROL+SM and GY+PROL+SM+ASI trait
combinations provide higher simultaneous selection efficiency (SSE%) of 99.33 and 98.92 for PAB and PBA close
to direct selection with identification of high-performance multi-trait progenies and outperformed the use of all
traits by the full model with SSE% of 1.01 and 1.00, respectively.

The study demonstrated that the integration of the Best Subset Regression (BSR) methodology with
Simultaneous Selection Indices (SSI) is an effective strategy to maximize genetic gains by selecting high-
performance multi-trait progenies in reciprocal recurrent selection of maize.

Future studies can apply, verify and validate these selection strategies in different experimental contexts.
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Abstract: This study aimed to evaluate variance components and perform factor
analysis based on phenotypic and genotypic correlations to select intracross- and
intercross-populations maize progenies. Using an alpha lattice design, populations
derived from intracross (PA and PB) and intercross (PAB and PBA) crosses by
Bulk Pollen Pollination (BPP) were evaluated. Variances and means were
estimated via restricted maximum likelihood (REML) and Best Linear Unbiased
Prediction (BLUP), respectively. BLUP values supported correlations used in
factor analysis and scores in k-means clustering analysis. High genetic potential
was observed in PB, with the highest additive variance for grain yield: GY (16.50)
and anthesis-silking interval: ASI (18.51), along with notable values for seed
mass: SM (34.27) and days to female flowering: DFF (19.34). Among inter-
population crosses, PAB exhibited the highest additive variance for SM (59.46)
and DFF (25.84), while PBA stood out in GY (15.28), all associated with high
narrow-sense heritability. The analysis revealed genetic and phenotypic
variability, indicating complementarity between populations PA and PB in
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generating PAB and PBA hybrids. Factorial selection strategies in BPP
populations proved effective in identifying progenies with simultaneous
phenotypic and genetic performance, contributing to the development of cultivars

with greater agronomic and genetic stability.
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Variance components and factors analysis based on phenotypic and genetic

correlations among Bulk-pollinated corn populations

Resumo: Objectivou-se avaliar componentes de variancia e realizar analise
fatorial baseada em correlagcbes fenotipicas e genotipicas para selecionar
progénies de milho intra e interpopulacionais. Utilizando delineamento alpha
lattice, populagbes derivadas de cruzamentos intra- (PA e PB) e
interpopulacionais (PAB e PBA) por Polinizagdo em Massa foram avaliadas. As
variancias e as medias foram estimadas via maxima verossimilhanca restrita e
BLUP, respectivmente. Os valores BLUP subsidiaram correlacdes usadas na
andlise fatorial e os escores na analise de agrupamento por k-means. Observou-se
alto potencial genético em PB, com maior variancia aditiva para GY (16,50) e ASI
(18,51), além de valores notaveis para SM (34,27) e DFF (19,34). Entre as
interpopulacionais, PAB apresentou a maior variancia aditiva para SM (59,46) e
DFF (25,84), enquanto PBA destacou-se em GY (15,28), todas associadas a
herdabilidades restritas elevadas. A analise revelou variabilidade genética e
fenotipica, apontando complementaridade entre populacfes A e B na geracdo dos
hibridos PAB e PBA. As estratégias de selegdo fatorial em populagGes BPP
mostraram eficacia ao identificar progénies com desempenho simultaneo em
relacao a expressdo fenotipica e genética, contribuindo para desenvolvimento

cultivares de maior estabilidade agrondmica e genetica.

Palavras-chave: Zea mays L., variancia aditiva, herdabilidade restrita, k-means.
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Introduction

Understanding the magnitude of variance components is crucial for unraveling genetic
variability in maize populations under a reciprocal recurrent selection (RRS) scheme. In this
context, accurate estimates of additive variances, narrow-sense heritability, and phenotypic and
genetic correlations among traits are essential for differentiating the genetic and agronomic
potential of maize populations, guiding selection and breeding strategies.

Additive variance plays a key role, as it represents the portion of genetic variability
directly transmitted from one generation to the next (Cruz et al. 2014) and is one of the main
determinants of selection gains (Silva-Diaz et al. 2018). Narrow-sense heritability reflects the
proportion of phenotypic variation attributed to additive variance, providing a measure of the
predictability of selection success (Ramalho et al. 2012).

The selection of high-performance genotypes in plant breeding programs can be
optimized by analyzing genetic and phenotypic correlations among traits. While phenotypic
correlation reflects observable associations influenced by genetic and environmental effects
(Falconer 1996, Cabral 2011), genetic correlation estimates the heritable relationship between
traits resulting from additive genetic effects, enabling more precise selection (Falconer, 1996).

Among crossing methods used to quantify genetic variability in maize populations, Bulk
Pollen Pollination (BPP) has emerged as an efficient strategy (Wang et al. 2019). This
methodology, applied in maize genetic crosses, promotes the mixing and recombination of
pollen from different genotypes, enhancing population genetic diversity (Talabi et al. 2017). In
the intra- and inter-population crosses proposed in this study, BPP could expand the genetic
potential of populations and support the reciprocal recurrent selection (RRS) program for maize
half-sib progenies.

However, the success of RRS depends not only on the available genetic variability but
also on the accurate identification and ranking of high-performance mult-trait progenies.
Various quantitative genetics based methodologies, such as factor analysis (Rocha et al. 2018;
Olivoto and Nardino 2021), have successfully assisted in selecting high-performance multi-trait
genotypes. However, these analyses are typically based on phenotypic correlations for progeny

ranking. In this study, we propose a factor analysis based on phenotypic and genetic correlation
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data of half-sib progeny traits derived from intra- and inter-population crosses using the BPP
method.

Thus, this study aims to estimate additive variance, narrow-sense heritability, and
phenotypic and genetic correlations among traits, and to select high-performance progenies
through factor analysis based on simultaneous phenotypic and genetic expression. With this
strategy, we expect to identify progenies that can replicate their performance in future breeding
generations, increasing selection reliability and the efficiency of genetic gains in the SRR

program.

Material and methods

Two experiments were conductedin the experimental area of Muquém
Farm (21°12'07.2"S, 44°58'44.3"W, at an altitude of 900 m), which belongs to the Center for
Scientific and Technological Development in Agriculture at the Federal University of Lavras.
The farm is located in the southern region of Minas Gerais, Brazil. The soil in the experimental
area is classified as Oxisol (Latossolo), according to the classification by Santos et al. (2018).
The region has a humid temperate climate (Cwa), characterized by dry winters and rainy
summers.

The first experiment was conducted between November 2021 and March 2022, with
an average temperature of 23.74°C and rainfall of 232.56 mm. The second experiment took
place between March and July 2024, with an average temperature of 22.96°C and cumulative
rainfall of 218.4 mm during the experimental period, as recorded by the Lavras weather
station (code: 83687, geographic coordinates: 21°13'34.0"S, 44°58'47.0"W).

First evaluation, recombination, and Bulk Pollen Pollination in Maize Populations

A total of 102 full-sib maize progenies were evaluated, together with two double-
crossed commercial hybrids (checks), using an alpha-lattice design with three replicates and 24
blocks. A detailed description of the experimental procedures is provided in Pedro et al. (2023).
Among the 102 progenies, 15% were selected based on genetic divergence and agronomic
performance (Pedro et al., 2022). In November 2022, S1 progenies from the PA and PB

populations corresponding to the selected lines were sown and subjected to intragroup
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recombination in a full diallel crossing scheme. The resulting progenies were mass harvested,
thus reconstituting the PA and PB populations.

From October 2023 to March 2024, a total of 4,000 plants (2,000 from each population,
PA and PB) were planted at a spacing of 60 x 25 cm in two 20 x 15 m blocks, separated by a
two-meter buffer. From these populations, four half-sib progeny populations (intra- and inter-
population) were developed using the Bulk Pollen Pollination (BPP) method as described by
Wang et al. (2019).

To generate the intra-population progenies (PA and PB), pollen from 10 randomly
selected plants was collected, mixed, and used to pollinate the lower ear of a plant from the
same population. The same procedure was followed for population PB. For the inter-population
progenies, pollen from population PA was used to pollinate plants from population PB, and

vice versa (Figure 1).

Intercross

Intracross

Figure 1: Breeding scheme for intracross populations (PA and PB) and intercross populations
(PAB and PBA) using the Bulk Pollen Pollination method.
Second evaluation and selection of maize populations

For each population, 78 progenies were selected based on good appearance, well-filled
ears, and sufficient kernel count in both ears, totaling 312 progenies plus two commercial
double-cross hybrids (checks: Check1-Ufla JM 100, Check2-Pioneer 3707).
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The trial was evaluated in a 10 x 8 alpha-lattice design with two replications. Sowing
took place between March 5 and 6, 2024, at a density of four seeds per linear meter in 4 m-long
plots spaced 0.6 m apart. Basal fertilization consisted of 250 kg ha™! of NPK fertilizer (8% N,
28% P20s, and 16% K-0). A topdressing of 200 kg ha™' urea-N (45% N) was applied 25 days

after sowing. Crop management followed region-specific recommendations (Borém 2017)

Evaluated traits and data analysis

The evaluated traits and results of the first experiment can be found here (Pedro et al.
2023). In the second experiment, the following traits were assessed: grain yield (GY, t ha™),
seed mass (SM, g), days to female flowering (DFF), and anthesis-silking interval (ASI).

Variance components, including phenotypic variance (6;), genetic variance (7), and
environmental variance (6?2), were estimated using REML via the Ime4 package (Bates et al.
2015). Additionally, additive variance (672) and narrow-sense heritability (h2) were calculated
for half-sib families following the method of Comstock and Robinson (1952) as follows:

67 = 4of

Where: g/, = Variance component due to genetic differences among half-sib families.

A2
()
2 _ A
h: =

6% + 62

According to Johnson et al. (1955), heritability estimates were classified as high
(>60%), moderate (30-60%) and low (<30%). Phenotypic and genetic correlation analyses
were performed following Cruz et al. (2014), followed by Bartlett’s sphericity test (Bartlett,
1951) using the EFAtools package (Markus et al. 2024). to assess the significance of correlation
matrices relative to the identity matrix. Subsequently, eigenvalues were obtained for factor
extraction with varimax rotation, retaining the first two factors with the highest explained
variance, followed by the derivation of progeny scores.

The factor scores obtained from phenotypic and genotypic correlations were
standardized, and the relationship among progenies and their traits was visualized in a 2D
system based on the two most variable factors. Progenies were classified into four quadrants.
K-means clustering (Hartigan, 1979) was applied using the factoextra package (Kassambara &
Mundt, 2020), with k = 4 determined by the Elbow method, to reduce ambiguity in selecting

homogeneous progenies within their respective quadrants. Finally, a coincidence analysis was
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conducted for the selected progenies based on phenotypic and genotypic correlation factors to

enable simultaneous selection of progenies with both phenotypic and genetic expression.

Results and Discussion

Table 1 presents variance components to unravel the genetic and phenotypic variability
in intrapopulation (PA and PB) and interpopulation (PAB and PBA) maize crosses developed
using the BPP methodology. In PA, genetic variance was significant for all traits except ASI.
Additive variance ranged from 0.63 (ASI) to 24.7 (SM), while narrow-sense heritability varied
from 0.32 (ASI) to 0.81 (GY), with selection accuracy between 0.43 (ASI) and 0.82 (GY).
These parameters were most pronounced for SM, DFF, and GY, with SM exhibiting the highest
additive variance among the population's traits.

In the PB population, significant genetic variance was observed for all traits. Narrow-
sense Heritability was high for GY (0.93) and SM (0.85), with high selection accuracy across
all traits, reaching 0.94 for GY. The additive genetic variance for GY (16.50) was significantly
higher than in the other populations, and for SM (34.27), it was greater than in the PA and PBA
populations.

For the interpopulation PAB, genetic variance was significant for all traits except ASI.
Narrow-sense heritability was high for GY (0.86) and DFF (0.85), suggesting strong genetic
influence on these traits. Additive variance was notably high for SM (59.46), surpassing all
other populations, while GY (8.55) exceeded that of PA. In PBA, significant genetic variance
was detected for all traits. Narrow-sense heritability was moderate for SM (0.57). Additive
variance was moderate for SM (12.79), high for GY (15.28) with the lowest values for DFF
(4.71) and ASI (1.62).

Table 1. Phenotypic (67), genetic (67), and additive (6;) variance components, narrow-sense heritability (h7),

and selection accuracy for grain yield (GY, kg ha'), seed mass (SM, g), days to female flowering (DFF), and
anthesis-silking interval (ASI) in intrapopulations (PA, PB) and interpopulations (PAB, PBA) maize populations.

Traits A 65 62 h?  Accuracy Mean  Min Max
Intracross: PA

GY 138 *** 271 551 0.81 0.82 4998 3342 10009

SM 6.02 *** 15 24.07 0.75 0.76 28.57 22.77 3341

DFF 1.56 ***  3.47 6.24 0.77 0.81 63.77 60.62 67.52
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ASI 0.16 1.68 0.63 0.29 0.43 -0.23 -1.48 0.85
Intracross: PB
GY 4,12 *** 5.3 16.5 0.93 0.94 5345 1697 10510
SM 8.57 ***  14.8 34.27 0.85 0.86 25.81 20.24 31.22
DFF 483 *** 0923 19.34 0.82 0.83 67.02 63.47 70.51
ASI 4,63 ** 15.4 18.51 0.63 0.68 0.07 -2.90 3.2
Intercross: PAB
GY 2.14 *** 379 8.55 0.86 0.86 6504 3963 11279
SM 1490 **  32.6 59.46 0.78 0.79 34.4 27.96 41.98
DFF 6.46 ** 8.85 25.84 0.92 0.92 63.89 59.26 72.06
ASI 0.30 1.68 1.20 0.47 0.55 -0.40 -1.98 0.80

Intercross: PBA
GY 3.82*** 913 15.28 0.74 0.77 6960 3957 10864

SM 3.20* 13.2 12.79 0.57 0.63 29.25 25.82 31.62
DFF 1.18 ***  3.52 4.71 0.70 0.72 63.08 60.72 66.56
ASI 0.40 ** 1.29 1.62 0.65 0.70 0.11 -0.66 2.64

The findings reveal significant differences in additive genetic variance and narrow-
sense heritability between populations derived from intra- and inter-population crosses using
the BPP method. While Wang et al. (2018) demonstrated the effect of BPP on genome
representativeness in maize populations, this study shows that the method also effectively
enhanced the mean and additive genetic variability in PAB and PBA populations, a key insight
for breeding programs aiming to improve reciprocal recurrent selection potential.

The PAB population exhibited the highest expression of additive variance for grain
yield, seed mass, and days to female flowering, with PB as the parental source contributing
most to this variability. Additionally, PAB demonstrated a more balanced distribution of
additive variance across all traits. According to Pedro et al. (2023) and Almeida et al. (2024),
populations with greater additive variance and heritability tend to respond better to selection.
In contrast, the low and moderate heritability observed for ASI in the PA and PAB populations,
respectively, is due to non-significant genetic variability and suggests that this trait is more
influenced by environmental factors, as discussed by Li et al. (2023). This necessitates
alternative approaches to improve selection efficiency.

Table 2 presents the fitness parameters of the factor analysis based on genetic and
phenotypic correlation matrices of maize population traits. The chi-square values indicate that

Bartlett’s sphericity test was significant for all populations, both for phenotypic and genetic
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correlations. This confirms that the correlation matrices significantly deviate from the identity

matrix (Bartlett, 1951), validating the suitability of factor analysis.

Table 2 Bartlett's sphericity test for the suitability of factor analysis (FA) based on phenotypic (rf) and genetic (rg)
correlations of traits in half-sib maize progenies, derived from intracross (PA and PB) and intercross (PAB and
PBA) populations using the BPP method.

Type of Eigenvalues

Cross: Populations  correlations X? p.value FAl FA2
Intarcross: PA Rf 18.31 0.006 1.47 1.03

' Rg 70.56 0.001 1.74 1.43

Intracross: PB Rf 71.19 0.0001 2.07 0.96

' Rg 189.49 0.0001 2.44 0.85

, Rf 15.64 0.0158 1.53 1.05

Intercross: PAB Rg 2427  0.0005 1.70 0.98

. Rf 58.10 0.0001 1.86 1.01

Intercross: PBA Rg 14482  0.0001 2.12 1.22

X2 = chi-square test.

The magnitudes of the eigenvalues suggest that most of the variance is explained
by FAL in all populations, indicating underlying key traits that control phenotypic and genetic
variation among progenies within and between populations.

Figure 1 displays the distribution of maize progenies from populations PA, PB, PAB,
and PBA based on FA1 and FA2 factors, considering yield-related traits (GY and SM) and
flowering traits (ASI and DFF). The reciprocal parental populations, PA and PB, exhibited
distinct patterns of variability and associations between yield and flowering traits. The derived
hybrid populations, PAB and PBA, reflect the combination of traits inherited from the parental
populations. In population PA, phenotypic analysis revealed that FA1 (accounting
for 60.05% of variability) was strongly correlated with vyield, while FA2 (29.16%) was
associated with flowering, highlighting progenies from Groups 2 and 3. Genotypic
confirmation maintained this pattern (FAL = 55.29%; F2 = 40.01%), with superior progenies
in Groups 1 and 2.

In contrast, population PB displayed a different trend: FAl (85.29%) was
predominantly linked to flowering, while FA2 (13.16%) was related to yield, identifying
promising progenies in Groups 2 and 4. At the genotypic level, results were similar (FA1 =
89.33%; FA2 = 10.61%), with notable performance in Groups 1 and 4.



37

PA: FA f

cluster @ 1 @ 2 ® 3 4

25
<
o
x 00+
a
o~
<
Fy
2.5
2.5 0.0 2.5 5.0
FA1 (60.05 %)
PB: FA rf
s 8
o —_
— O
s S
1 =1
< <
= =~

i CloBter @ 1 @ 2 @3 @ 4

2 -2 -1 0 1 2
FA1 (85.29 %) FA1 (89.33 %)

Figure 2. Factor analysis based on phenotypic (rf) and genotypic (rg) correlations in maize progenies from PA
and PB intracross populations. The graphs display the projection of the progenies in the two-dimensional plane
formed by the two factors (Factor), with distinct clusters (groups) identified by colors. Each progeny is represented
by numbers, and the ellipses outline the clusters based on grain yield (GY), seed mass (SM), days to female

flowering (DFF), and anthesis-silking interval (ASI).

The PAB population, derived from the cross between PA and PB, exhibited an
intermediate pattern: FAL (53.67%) correlated with GY, DFF, and SM,
with GY and SM showing a negative relationship with DFF. FA2 (28.92%) was associated
with GY and ASI, with high-performance progenies concentrated in Group 2. Genetically, FAl
(62.42%) maintained the association with these three traits, while FA2 (20.08%) stood out for
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its linkage with ASI and SM, reinforcing the potential of FAL for selecting productive
progenies (Groups 1 and 2).

Conversely, the PBA population displayed a pattern similar to PA but with genetic
influence from PB. Phenotypically, FA1 (73.45%) was linked to flowering (DFF), while FA2
(24.58%) was associated with yield (GY). In the genotypic analysis, FA1 correlated with DFF,
ASI, and SM, whereas FA2 showed a strong correlation with GY, identifying Group 2 as the

target for selecting high-yielding progenies.
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Figure 3 Factor analysis Based on phenotypic (rf) and genotypic (rg) Correlations in maize progenies from PAB
and PBA intercross populations. The graphs display the projection of the progenies in the two-dimensional plane
formed by the two factors (Factor), with distinct clusters (groups) identified by colors. Each progeny is represented
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by numbers, and the ellipses outline the clusters based on grain yield (GY), seed mass (SM), days to female
flowering (DFF), and anthesis-silking interval (ASI).

The results demonstrate a clear distinction between Factor FA1 (primarily associated
with flowering traits) and Factor FA2 (associated with yield traits), enabling targeted selection
strategies. Population PA exhibited an inverse relationship between yield and flowering traits.
In contrast, PB showed a stronger influence of flowering in FA1 but retained productive
potential in FA2.

The hybrid populations (PAB and PBA) reflected the combination of parental traits:
PAB allowed the identification of genotypes with a balanced trade-off between yield and
efficient flowering, whereas PBA maintained the PA pattern but with greater genetic variability.

These findings confirm that the parental populations (PA and PB) possess
complementary traits transmitted to the hybrid populations (PAB and PBA), aligning with
previous reports on heterosis and genetic complementarity (Baldauf et al. 2018). Earlier studies
by Baldauf et al. (2018) emphasize that crosses between genetically distinct populations
produce hybrids with increased variability and adaptive potential across diverse environments.

Populations PA and PB reflect classic recurrent selection patterns, as discussed by
Almada et al. (2024), where progenies from short flowering cycles are often associated with
high yield. Progenies with shorter anthesis-silking interval (ASI) and earlier days to flowering
(DFF) tend to synchronize reproductive events more effectively, a critical factor in
environments prone to water and heat stress (Li et al. 2023; Zhuang et al. 2024) and in
interpopulation crosses, where male-female flowering synchrony can be decisive.

Phenotypic correlation-based analysis directly reflects observable traits and plant
behavior in the environment. This is crucial for identifying genotypes that perform well under
real field conditions, as noted by Cabral et al. (2011). They argue that traits that are genetically
correlated but do not exhibit significant phenotypic correlation may not respond to selection
since selection is based on phenotype.

On the other hand, according to Cruz et al. (2014), genetic correlation-based
analysis provides insights into the heritable potential of genotypes, allowing the identification
of traits that can be consistently passed on to future generations. Integrating these analyses

enables more robust selection, considering both phenotypic and the genetic performance of
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progeny. This facilitates informed decision-making, accelerating genetic gain. The separation
into distinct groups allows breeders to conduct more targeted and efficient selection, focusing
on progeny groups with desirable traits for the breeding program.

In Figure 4, the populations PA, PB, PAB, and PBA exhibited shared progenies selected
through factor analysis based on phenotypic and genetic correlation, accounting for 57.10%,
38.70%, 65.50%, and 20.80% of the progenies, respectively. These progenies
display simultaneous phenotypic and genetic expression for agronomic traits, positioning them
as ideal candidates for breeding programs.

The exclusive progenies in each group, selected based on phenotypic performance,
reflect a stronger influence of environmental and genetic effects, whereas those selected
via genotypic correlation indicate the influence of additive genetic variation. Falconer
(1996) emphasized that genotypic selection minimizes the impact of adverse environmental
conditions, enhancing the heritability of selected genotypes. However, phenotypic
selection remains relevant, particularly for adaptation to specific growing conditions (Cabral et
al., 2011). Nevertheless, selecting progenies for both phenotypic and genetic
expression increases the reliability of reproducibility in subsequent generations of maize

breeding.
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BA

Figure 4 Common progenies simultaneously selected based on the phenotypic (rf) and genotypic (rg) expression
of populations PA, PB, AB, and BA.

Conclusion

The PB population exhibits greater additive genetic variance potential for improving
grain yield, seed mass, days to flowering, and anthesis-silking interval through the Bulk Pollen
Pollination crossing method. Factorial analyses allowed the identification of corn progeny
variability patterns based on phenotypic and genotypic correlations, optimizing the selection of
high-performance progeny with simultaneous phenotypic and genetic expression in the
reciprocal recurrent selection program.
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Abstract This study evaluated the contribution of crosses and populations to the yield and genetic variability of
corn half-sib progenies using multilevel models (MLM). Four experiments were conducted between March and
July 2024 at the Scientific and Technological Development Center for Agriculture at the Federal University of
Lavras, located in southern Minas Gerais State, Brazil. 312 half-sib progenies were evaluated (78 from each
population), derived from intrapopulation crosses (A and B) and interpopulation crosses (AB and BA). Two
commercial double-cross hybrids were used as checks in an alpha-lattice design (10 x 8) with two replications.
Progeny prediction was performed using MLM, and validated through comparison with Ordinary Least Squares
Regression (OLS) and Random Forest (RF). The MLM more effectively captured the genetic variability of the
progenies within crosses and populations. Interpopulation crosses accounted for higher heterosis and progeny
yield. Compared to OLS and RF, MLM demonstrated high-performance in explaining the genetic variability of
progenies across hierarchical structure levels. Multilevel models proved to be a highly predictive tool, supporting
the accurate selection of high-yielding progenies. These findings reinforce the relevance of MLM in optimizing
strategies for corn genetic advancement.

Keywords Zea mays L. Multilevel models . Ordinary Least Square Regression . Random Forest

Predicao multinivel de progenies meio irméos de milho derivados de cruzamentos intra- e
interpopulacionais.

Resumo: Objectivou-se avaliar a contribuicao dos cruzamentos e populacoes na produtividade e variabilidade
genetica de progénies meio-irméaos de milho, utilizando modelos multiniveis (MLM). Quatro experimentos foram
conduzidos entre marco e julho de 2024, no Centro de Desenvolvimento Cientifico e Tecnoldgico da Agricultura
da Universidade Federal de Lavras, localizada no sul do Estado de Minas Gerais, Brasil. Foram avaliadas 312
progénies meio-irmas (78 de cada populacdo derivadas de cruzamentos intrapopulacionais: A e B, e de
cruzamentos interpopulacionais: AB e BA. Foram utilizados dois hibridos duplos comerciais como testemunhas,
em delineamento alpha-lattice (10 x 8), com duas repeti¢cGes. A predicao das progenies foi feita por meio de
modelos MLM validadas por comparacao com Ordinary Least Squares Regression (OLS) e Random forest (RF).
Os MLM capturaram de forma mais eficiente a variabilidade genética das progénies dentro de cruzamentos e
populacoes. Os cruzamentos interpopulacionais explicam a maior heterose e produtividade das progenies. Os
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MLM superaram OLS e RF, na contribuicao da variabilidade genética das progenies em diferentes niveis de
estrutura hierarquica. Os modelos multiniveis destacaram-se como ferramentas com maior poder preditivo e
suporte a selecdo acurada de progénies superiores. Esses resultados reforcam a relevancia dos modelos multiniveis
na otimizacdo de estratégias para o avango genético do milho.

Palvras-chave: Zea mays L. . Modelos multinivel . Ordinary Least Square Regression . Random Forest

Introduction

Corn (Zea mays L.) breeding faces the critical challenge of maximizing agricultural yield to meet growing
global demands for food security and sustainability. In this context, Reciprocal Recurrent Selection (RRS) stands
out as one of the most effective strategies, leveraging genetic variability through intra- and inter-population crosses
that promote continuous gains in progeny performance (Dos Reis et al. 2014; Yong et al. 2019; Pedro et al. 2023).
However, the success of this method fundamentally depends on the ability to accurately predict variability and the
yield potential of progeny, considering the hierarchical structure of breeding programs, which encompasses levels
of crosses, populations and progeny.

To address this, the development of robust statistical models capable of effectively capturing these
relationships while minimizing bias and improving selection accuracy is essential. Multilevel Models (MLM)
emerge as a promising solution due to their intrinsic ability to analyze hierarchically structured data, overcoming
limitations of traditional techniques such as Ordinary Least Squares (OLS) regression, which fails to adequately
account for dependencies among grouped observations (Hoffman and Walters 2022).

MLMs have been widely applied in several areas of knowledge, with emphasis on health, education and
psychology, economics and social sciences (Asampana Asosega et al. 2024). In agriculture, although less explored,
recent studies have demonstrated their effectiveness in agronomic predictions for different contexts, such as Hoang
et al. (2020) in spatial modeling of rice yield and Li et al. (2020) in wheat quality assessment. However, in the
specific context of corn breeding, particularly in RRS programs, the application of these models remains limited,
representing a significant scientific gap.

This study addresses this gap through two primary objectives: assess the contribution of different crossing
strategies (intracross and intercross) and populations to grain yield variability in corn progeny using Multilevel
Models (MLM). Compare the predictive performance of MLM against traditional methods (Ordinary Least
Squares: OLS and Random Forest: RF) for predicting grain yield of corn progeny.

The expected outcomes include identifying key hierarchical factors influencing yield and validating the
superiority of MLMs over OLS and RF approaches. These findings will have significant practical implications,
providing insights for developing more efficient RRS strategies that enhance corn breeding with greater precision

and sustainability.
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Material and methods

First assessment of corn populations

From November 2021 to March 2022, 102 full-sib corn progenies from the eighth cycle of reciprocal
recurrent selection (RRS) were evaluated. These progenies were derived from two populations: A (DKB
333B) and B (DOW 657), as part of the corn breeding program at the Federal University of Lavras (UFLA). The
trials were conducted at the experimental area of Muquém Farm (21°12'S, 45°59'W, altitude 918.84 m), located at
the Center for Scientific and Technological Development in Agriculture (CDCTA/UFLA), in Lavras, Minas
Gerais (MG), Brazil. The experimental design was an alpha-lattice with three replications and 24 blocks. Among
these 102 progenies, 15% were selected based on genetic divergence and agronomic performance (Pedro et al.
2023). Subsequently, in November 2022, the selected progenies were planted into heterotic groups A and B,
followed by controlled intercrossing within each group in a full diallel mating scheme. The resulting progenies
from intercrossing within each heterotic group were bulk-harvested, forming two distinct populations (A and B).

From November 2023 to January 2024, a total of 2,000 plants (1,000 from each population, A and B) were
cultivated in two 10 x 10 m blocks, spaced two meters apart. From these populations, four intra- and
interpopulation half-sib progeny populations were developed using the Bulk Pollen Pollination (BPP)
method (Wang et al. 2019). To generate intrapopulation progenies (A and B), pollen from 10 randomly selected
plants was collected, mixed, and used to pollinate the lower ear of a plant from the same population. The same
procedure was applied to population B. For interpopulation progenies, pollen from population A was used to
pollinate plants from population B, and vice versa. As a result, four half-sib progeny populations were established:
two from intracross (A and B) and two from intercross (AB and BA) populations. From each population, 78
progenies exhibiting good morphologic traits, well-filled ears, and sufficient kernel set on both ears were selected,

totaling 312 progenies for experimental evaluation (Fig. 1).

Intercross

Intracross

Fig. 1 Breeding scheme for intracross populations (A and B) and intercross populations (AB
and BA) using the Bulk Pollen Pollination method.
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Second assessment of corn populations

The 312 half-sib progenies and two commercial double-cross hybrids (checks) were evaluated in an alpha-
lattice design (10 x 8) with two replications in four experiments (78 each). Sowing and harvesting took place
between March 5 to 6, 2024, and June 2024, at a density of four seeds per linear meter in 4-meter-long plots spaced
0.6 m apart. The trials were conducted at the same location as the first evaluation, where the experimental area soil
is classified as Red-Yellow Latosol (Oxisol) with gently undulating topography, belonging to the Ferralsols group
according to the international taxonomic classification (FAO 2014). The climate is classified as rainy temperate
(Cwa) under the Koppen-Geiger system, with an average temperature of 22.96 °C and cumulative rainfall of 218.4
mm during the experimental period, as recorded by the Lavras weather station (21°13'34.0"S, 44°58'47.0"W).

Basal fertilization at planting consisted of 250 kg ha™' of fertilizer (8% N, 28% P.0s, and 16% K20). A
topdressing application of 200 kg ha™' of urea-N (45% N) was performed 25 days after sowing. Crop management

followed region-specific recommendations (Borém, 2017).

Evaluated traits and data analysis

The evaluated traits included grain yield (GY, t ha™!), seed mass (SM, g), and days to female flowering
(DFF). Data analysis was based on ordinary least squares (OLS) models, Random Forest (RF), and Multilevel
Models (MLM). The latter considered three hierarchical levels of random variance (Crosses, Populations, and

Progenies).
MLM1: Progeny nested within crosses
GYLJ = ,80 +,81 XSMU +,82 XDFFU +uJ + u,:j + Eij

Where: GY;;: Grain yield for the i-th progeny in the j-th cross; f,: Overall intercept; B;, B, Regression coefficients
for SM e DFF, respectively; u;: Random effect of the j -th cross, u; ~ N (0, 65.4s5)u;;: Random effect of the i-th

progeny within the j -th cross, w;; ~ N(0, 65, ,genie(cross))- €1;: Residual error, €;; ~ N(0, 62)

MLM2: Progeny nested within populations
GYie = Bo + 1 X SMy + B2 X DFFyye + g + U + €5

GYy,: Grain yield for the i- th progeny in the k -th population. u,: Random effect of the k-th population, u; ~

N(O,aﬁowlation). uy,. Random effect of the i- th progeny within the k -th population, wu~

2
N (0, Oprogenie (Population))'

MLM3: Progeny nested within populations and crosses
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GYijk = Bo + B1 X Myji + Bo X DF Fyjpe + wj + upe + wyjpe + €

Where: GY;j.: Grain yield for the i -th progeny in the j -th population and k -th cross. u;: Random effect of the j,
u; ~ N(0,0%0s5). uy: Random effect of the k -th population, u;,~ N(0, 62_Population). u;;,: Random effect of

the i -th progeny within the cross-population combination, u;;; ~ N(0, oﬁrogeme(Popuation/mss)).

The variance components estimated using the nlme package were:

o2 = Residual variance (error);
OFrogenie/Populations = Variance associated with the Progenies within Populations level;

OFrogenieicross = Variance associated with the Progenies within Cross level;
apzopulaﬁom(;ross = Variance associated with the Populations within Cross level,

OBrogenie/Population/Cross = Variance associated with the Progenies within the Populations and Crosses level;
apzopulaﬁon = Variance associated with the Populations level;

0é..s = Variance associated with the Cross level.

Multilevel Model (MLM) Metrics

The marginal and conditional R2 metrics were used to evaluate the proportion of variance explained by the fixed
effects and fixed + random effects of the model, respectively, as proposed by Johnson (2014).

O-fzixed
O-fzixed + oﬁandom + 0-62

2 —
RMarginal -

2 2
O-fixed + Orandom
2 2 2
O-fixed + Orandom + O¢

2 —
RConditional -

Where: of;,..,: Variance explained by fixed variables (fixed effects). 6.%,,4,,,: Combined variance explained by

random components. ¢2: Residual variance (error)

Intraclass correlation coefficient (ICC)
The intraclass correlation coefficient (ICC) was used to measure the proportion of total variance attributed to the

random effect components of the multilevel models (MLM).

0_2
© MLML ICCLrpsses = Cross

2 2 2
Ocross +0'Pr0genie(cross) +0e

2
o .
. _ Population
* MLM2: ICCPopulations =2 o2 )
Population™ “Progenie(Population) ™ Y€

. MLM3:
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1CC _ OCross
crosses — o2 + g2 42 . . + o2
cross Population Progenie(Population/cross) €

2
O-Population

ICCPopulations = + g2 + g2 + o2
Ocross T Opopulation O_Progenie(Population/cross) O¢

The calculations of R?, ICC, and variance decomposition were performed using the following packages:
Ime4 for fitting the multilevel models, MuMIn for computing marginal and conditional R?, and performance for
extracting the ICC.

The contribution of variance from random levels to the model was estimated as:

2
Utotal

o _ Tzl
Contribuition (%) = x 100
Ordinary Least Square (OLS)
Ordinary Least Squares (OLS) was used for multiple regression analysis, estimating the coefficients of

the relationship between the dependent and independent variables according to the equation:

Where: Y is grain yield, SM and DFF are the explanatory variables, B,, B, B, are the coefficients to be estimated,
€ is the random error.

The model was fitted using the stats package.

Random Forest (RF)

The Random Forest (RF) model is a machine learning algorithm used to predict grain yield based on
independent variables. The data were initially split into a training set (70%) to fit the RF model, where 300 decision
trees were constructed. Final predictions were obtained by averaging the predictions of all trees, which were built
using bootstrap samples and random subsets of explanatory variables. The model fitting process involved random
variable selection at each node split and the construction of deep trees to capture nonlinear interactions among
variables.

A validation set (15%) was used to fine-tune the model during the fitting process, aiding in the selection
of hyperparameters such as the number of trees and maximum depth. Meanwhile, a test set (15%) was reserved

for the final evaluation of the model’s performance on unseen data.

Dummy coding of variables and Stepwise regression based in OLS
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The variables 'Crossing' and 'Population’ were converted into binary variables for use in the OLS and RF models,

with independent variables selected via forward stepwise regression.

Model performance evaluation
The performance of the models was evaluated based on the following metrics:
Coefficient of determination (R2): Measured as the proportion of variance in observed values explained by the

model's predicted values:

_ 2ie1 (i — }A’i)z

R?=1-20
2ie (i = ¥)?

Where: y;: : Observed value, J;: Predicted value from the model, y: Mean of observed values, n: Total number of

observations.
Root Mean Square Error (RMSE): Used to assess the magnitude of error between observed and predicted values:

RMSE =

Where: n: Number of observations, Y;: Observed values, ¥;: Predicted values.

Progeny averages and heterosis

Heterosis was estimated by comparing the AB and BA hybrids with their respective parental populations,
A and B. First, the average yields of the parental populations (A and B) and the interpopulation hybrids (AB and
BA) were obtained. Heterosis was calculated as the difference between the average yield of the hybrids (AB or
BA) and the average yield of the corresponding parental populations (A and B). The absolute value of this
difference was then divided by the mean of the parental values and expressed as a percentage, according to the

equation:

GY rid — GY n ren
Heterosis (%) = < Hybrid Mean of pare ‘s> x 100

GYmean od parents

GYybria 1S the hybrid yield (AB or BA). GY yean of parents 1S the average yield of the parental populations

A and B. All analyses were performed using the R software (R Core Team 2023).

Results and Discussion



51

The results of the multilevel modeling (MLM) highlighted the impact of genetic variation sources across
three hierarchical random levels: crosses, populations and progenies. The fixed effects (SM and DFF) were also
significant for predicting grain yield, with SM exerting a positive effect and DFF a negative one, indicating that
increased SM and reduced DFF tend to predict the yield performance of corn populations positively.

In the MLM1 model, most of the variation was attributed to differences among progenies within crosses,
while crosses themselves had a smaller contribution, although both showed significant effects. In MLM2, most of
the variation was explained by differences among progenies within populations, whereas populations had a lesser
influence, though still with significant effects. In MLM3, most of the yield variance was explained by progenies
within populations and crosses. However, this last model masked the effect of crosses, highlighting the consistent
and significant contribution of populations to yield variability, as also observed in MLM2. Nevertheless, the
findings underscore the importance of crosses, which introduce additional heterogeneity confirmed in MLM1 and
are crucial in explaining part of the genetic variability in progeny yield in corn RRS.

The intraclass correlation coefficient (ICC) showed little variation among models and highlighted the
high proportion of variability explained by progenies within crosses, populations, or both. The conditional R2
indicated that fixed and random effects jointly accounted for most of the variability, though the magnitude
exhibited only minor variation across models. The residual variance in MLM2 and MLM3 was higher than in
MLM1, likely due to the increased complexity introduced by populations to explain corn yield variability.

The results confirm the influence of fixed predictors on yield, aligning with studies by various authors
(Pedro et al. 2023; Dube et al. 2023; Almeida et al. 2024), which emphasize the effect of SM and DFF traits on
GY improvement. MLM1 demonstrated the extent to which crosses contribute to significant genetic variability in
corn progenies, corroborating Mukri et al. (2022) who highlighted the importance of crosses in maximizing
heterosis. Studies such as those by Dube et al. (2023) and Li et al. (2021) also reveal substantial genetic variation
among progenies within populations.

In MLM3, the simultaneous inclusion of crosses and populations showed that populations have a greater
overall impact, though crosses broaden the available genetic variability for selection. These findings suggest that
breeding programs should prioritize selecting progenies within populations and crosses to fully exploit existing
variability while avoiding genetic base narrowing. The use of hierarchical models, as in this study, enables more
precise experimental design, aiding in identifying critical sources of genetic variation for enhancing corn yield in
SRR.



Table 1 Effects of SM, DFF, Cross, Populations, and progenies on corn grain yield
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Predictors - ML M1
Estimates Cl
(Intercept) 14 9.32 - 18.68 ***
SM 0.05 0.01-0.09 **
DFF 0.15 -0.21 — -0.08 ***
Random effects _ LRT (x2)
c? 2.37 (42.63 %) _
G progenie/Cross 2.66 (47.84 %) 102.39 ***
6% Cross 0.53 (9.53 %) 14.38 ***
ICC 0.57 B
Marginal R? / Conditional R? 0.055/0.598 _
Predictors MLM2
(Intercept) 15.36 10.52 — 20.19 ***
SM 0.07 0.03 - 0.11 **
DFF -0.18 -0.25 - -0.11 ***
Random effects _ LRT (x2)
c? 2.38 (44.32 %) _
G progenie/Populations 2.48 (46.17 %) 92.86 ***
G populations 0.51 (9.50 %) 23.64 ***
ICC 0.56 B
Marginal R? / Conditional R? 0.089/0.597 _
Predictors MLM3
(Intercept) 15.27 10.42 — 20.13 ***
SM 0.07 0.03—0.11 ***
DFF -0.18 -0.25 - -0.11 ***
Random effects _ LRT (¢2)
o2 2.38 (43.73 %) B
G progenie(Populations/Cross) 2.48 (45.59 %) 92.98 ***
G populations/Cross 0.38 (7.02 %) 9.41 **
° Cross 0.20 (3.67 %) 0.14
ICC 0.56 B
Marginal R? / Conditional R? 0.086 / 0.600 _
N progenies/ N poputations! N cross 312/4/2 _
Observations 624

ICC = intraclass correlation coefficient
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Table 2 Ordinary Least squares (OLS) estimates using Backward Stepwise Dummy predictors (DBS) method and
predictor importance from Random Forest (RF).

. DBS+OLS RF

Predictors
Estimates Importance

(Intercept) 17.17 ***
SM 0.08 *** 1.64
DFF -0.20 *** 1.48
Cross Intracross -1.77 1.37
Pop AB -0.71 ** 1.04
Pop B 1.22 *** 1.05

Among the MLM models, MLM3 was selected to compare the predictive ability of OLS and RF models
in assessing the variability of corn progeny yield, using R? and RMSE metrics (Fig. 2). The choice of MLM3 is
justified by the need to capture the yield potential of progenies within each population and cross.

The results confirm that SM and DFF are significant predictors of yield in both models. Among the
dummy variables, the negative coefficient of the predictor Cross_Intracross indicates that progenies from
intrapopulation crosses exhibit a significant reduction in yield compared to those from interpopulation crosses.
Meanwhile, the variable Pop AB shows a negative coefficient, suggesting low performance relative to population
BA, whereas Pop B displays a positive coefficient, indicating higher yield compared to Pop A.

Predictor importance analysis revealed Cross_Intracross and SM as the most relevant variables for OLS
and RF. This consistency underscores the strong relationship between these variables and yield.

Additionally, the results confirm the superiority of the multilevel model (MLM) in predicting yield,
outperforming both OLS and RF. The enhanced performance of MLM, evidenced by higher R2 values and lower
RMSE, stems from its ability to model the hierarchical structure of the data, enabling nested exploration of the
genetic variability of corn yield in SRR.

Comparing with OLS, RF demonstrated better performance across all populations, though it remained
low to MLM. The limited performance of OLS aligns with findings from Li et al. (2019) and Zhu et al. (2021)
who highlighted the inefficiency of OLS models in capturing the complexity of hierarchically structured data.
Although OLS models often perform well in most crops, they tend to underestimate variability, leading to less
accurate predictions (Liu et al. 2021).

When comparing this study to those of Li et al. (2019) and Zhu et al. (2021) which analyzed wheat yield
prediction using MLM and OLS, the consistent superiority of MLM in capturing structural variability is evident.
However, when assessing the performance of RF, a widely used model as demonstrated by Baio et al. (2023) and
Asamoah et al. (2024) the results are more contrasting. Baio et al. (2023) showed that RF achieved high accuracy
in predicting corn yield using environmental variables, while Asamoah et al. (2024) emphasized its effectiveness
in predicting nutrient use efficiency. Nevertheless, in the context of this study, RF proved ineffective in capturing

the genetic variability of progeny yield within a multilevel genetic structure.
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Fig. 2 Relationship between observed and predicted values from Multilevel model (MLM3), Random forest (RF)
and Ordinary least squares based on Dummy Backward Stepwise (DBS+OLS). MLM3 = Multilevel models
involving progenies within populations and crosses, R? = Coefficient of determination, RMSE = Root Mean Square
Error.

The yield potential of progenies from different corn populations and crosses is shown in Fig. 3. The
interpopulation crosses (intercross: AB and BA) exhibited the highest predicted yield averages (6.49 t ha™! and
6.83 t ha™', respectively), attributed to heterotic effects resulting from the genetic complementarity between
populations A and B. In contrast, intrapopulation crosses (intracross) in the parental populations A and B resulted
in the lowest yield averages, with A being the least productive (5.01 t ha™), followed by B (5.25 t ha™).
Nevertheless, population B stood out for having the highest genetic variability, indicating its relevance as a genetic
base.

These findings align with the literature, as demonstrated by Wang et al. (2017) who highlighted the
potential of interpopulation crosses to increase genetic variability and enable the selection of superior progenies.
The heterotic effect observed in populations AB and BA confirms the role of interpopulation crosses in enhancing
progeny productivity, as also reported by Reis et al. (2014), who emphasized heterosis as a key strategy in corn

breeding. According to Cruz et al. (2014) the agronomic performance of genotypes, combined with genetic
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divergence, is essential for maximizing gene complementarity and heterosis. Meanwhile, Reis et al. (2004) stressed
the importance of diverse genetic recombination to broaden genetic potential.

Reis et al. (2014) observed in crosses between divergent base populations A and B a heterosis of 12.30%
in cycle 0 and 24.90% in the third selection cycle. By the eighth cycle of these improved populations corresponding
to this study heterosis gains ranged from 26.56% to 33.10% compared to the base population, demonstrating the
potential of interpopulation crosses in enhancing variability and population means.

Finally, the results contrast with studies such as Bernardo (2001) who reported higher yield in intracross
populations compared to intercross populations, which was not observed in populations A and B in this study.
These discrepancies may be attributed to study duration, population type, crossing methodologies, climate,

population origin, and other controlled or uncontrolled factors.
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Fig. 3 Comparison of predicted grain yield (GY, kg ha) and variability among intra- and intercrossed corn
populations. Variability is represented by boxplots, with individual points indicating predicted GY values.

Based on the results from Fig. 4, it is possible to identify progenies with high-performance within and
across breeding populations, considering the selection of the top 20 best-performing progenies. Significant
differences were observed within each population, as determined by the Scott-Knott clustering test at a 5%
probability level.

The progenies with the highest predicted yield should be prioritized for recombination. In intracross

population A, the highest-yielding progenies exhibited values ranging from 6.25 t ha™! to 10.04 t ha™!, making them
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ideal candidates for inclusion in the breeding program. Selecting the best progenies facilitates the accumulation of
favorable alleles, promoting genetic gains in future generations.

In Intracross Population B, the predicted yield was higher than in Population A, ranging from 8.35 t ha™
t0 9.09 t ha™'. Although these progenies demonstrate high-yielding, recombining the best progenies from different
populations can enhance genetic variability, which is essential for the long-term sustainability of the breeding
program

The interpopulation crosses yielded promising results. In the AB intercross population, yields ranged from
8.20 t ha! to 10.87 t ha™!, while the BA intercross population achieved higher values, exceeding 9.00 t ha™! and
reaching up to 11.50 t ha™'. These crosses highlight the heterotic effect, which is critical for developing high-
yielding hybrids. The recombination of these progenies can significantly increase genetic variability and yield,
advancing recurrent selection progress. According to Reis et al. (2014), these results indicate genetic divergence
between parental populations and the presence of dominance, essential conditions for heterosis expression.

The selection intensity of progenies for recombination and evaluation has major implications in a breeding
program. Interpopulation crosses (AB and BA), with higher genetic variability, allow for lower selection intensity,
enhancing genetic diversity and the likelihood of developing superior hybrids. Kutka and Smith (2007) discuss the
optimal number of genotypes to intercross, recommending at least five pure lines to form parental groups. Masoni
et al. (2020) suggested crossing elite lines with local populations to generate variability, while Déring et al. (2015)
emphasized that smaller sets of high-performing lines can optimize yield. Cruz et al. (2014) added that parents
should be genetically divergent and potentially agronomic to maximize genetic gains.

The observed variability between populations underscores the importance of interpopulation crosses as a
key strategy for developing new hybrids, promoting high heterosis levels, greater yield gains, and improving RS

program efficiency.
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Fig. 4 Ranking of Intra- and Intercrossed Progenies from corn Populations Based on Predicted Grain Yield.

Conclusion

The genetic variability among progenies at the population level was the primary source of variability from
the crosses, highlighting the importance of selecting high-performnce progenies within each population and cross.
Interpopulation crosses are effective strategies for advancing corn breeding programs to maximize the genetic
variability of progeny yield in reciprocal recurrent selection. The multilevel models outperformed Ordinary Least
Squares and Random Forest in predicting grain yield. Multilevel models proved to be a better and essential tool
for predicting progeny yield variability within the hierarchical context of populations and crosses in the corn

reciprocal recurrent selection scheme.
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ABSTRACT

This study aimed to integrate high-throughput phenotyping, machine learning (ML) models,
and selection indices to predict yield and optimize simultaneous genetic gains for the most
important traits by selecting high-yielding multi-trait maize progenies. The experiment was
conducted in 2024 at Muquém Farm (UFLA, Lavras-MG, Brazil), using an alpha-lattice design
with 60 interpopulation progenies derived from crosses between populations A and B. Three
main approaches were employed: (i) ear phenotyping through image analysis, (ii) ML models
(Random Forest and Cubist) and OLS for comparison, and (iii) the MGIDI (Multi-trait
Genotype-ldeotype Distance Index) selection index, constructed based on the most relevant
traits identified by the models. The results demonstrated that all models were statistically
significant, with Cubist showing the best predictive performance. The most influential traits for
yield included Width and DFF (OLS), Width and DFM (Cubist), and Area, DFM, PH, and
Width (RF). Although Cubist and RF models showed greater individual genetic gain,
integrating Cubist and OLS with MGIDI maximized the selection response. It was concluded
that the proposed strategy, combining phenotyping, ML, and MGIDI, is effective for predicting
and selecting maize progenies, optimizing genetic gains. The methodology is replicable and
adaptable to other crops, advancing precision breeding programs.

Keywords: Zea mays L., Random Forest, Cubist, OLS, MGIDI.

Fenotipagem de alto rendimento de caracteristicas de espigas de milho para predicdo da
produtividade utilizando Aprendizado de Maquina baseado em arvores e indices de sele¢éo

Resumo: Este estudo objetivou integrar fenotipagem de alto rendimento, modelos de
aprendizado de maquina (ML) e indices de selecdo para predizer a produtividade e otimizar os
ganhos geneticos simultaneaos com as caracteristicas mais importantes por selecao de
progénies multi-trait superiores de milho. O experimento foi conduzido em 2024 na Fazenda
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Muqguém (UFLA, Lavras-MG), utilizando um delineamento alfa-latice com 60 progénies
interpopulacionais derivadas de cruzamentos entre as populagdes A e B. Foram empregadas
trés abordagens principais: (i) fenotipagem de espigas por analise de imagens, (ii) modelos de
ML (Random Forest e Cubist) e OLS para comparacéo e (iii) o indice de selecdo MGIDI (Multi-
trait Genotype-ideotype Distance Index), construido com base em variaveis mais relevantes
identificadas pelos modelos. Os resultados demonstraram que todos os modelos foram
estatisticamente significativos, com o Cubist apresentando o melhor desempenho preditivo. As
variaveis mais influentes na produtividade incluiram Width e DFF (OLS), Width e DFM
(Cubist) e Area, DFM, PH e Width (RF). Embora os modelos Cubist e RF tenham mostrado
maior ganho genético individual, a integracdo do cubist e OLS com o MGIDI maximizou a
resposta de selecdo. Conclui-se que a estratégia proposta, combinando fenotipagem, ML e
MGIDI, é eficaz para a predicéo e selecdo de progénies de milho, otimizando ganhos genéticos.
A metodologia é replicavel e adaptavel a outras culturas agricolas, oferecendo um avanco para
programas de melhoramento de precisdo.

Palavras-chaves: Zea mays L, Random forest, cubist, OLS, MGIDI.

1. Introduction

The pursuit of higher maize yield has benefited from advances in high-throughput
phenotyping, machine learning (ML), and selection indices. Digital phenotyping enables
automated, precise capture of large volumes of morphological traits that are difficult to measure
manually, as well as rapid evaluation of multiple genotypes, enhancing efficiency in maize
breeding (Makanza et al. 2018; Liang et al. 2021; Resende et al. 2024). However, using all
measured traits can lead to time consuming analyses and reduce selection accuracy due to
potential redundancies.

ML models are highly effective at handling high-dimensional data and identifying traits
with the strongest predictive power for yield, improving prediction efficiency and accuracy
(Babaie Sarijaloo et al. 2021; Dhaliwal and Williams 2024; Prasath et al. 2023). Yet, their
standalone application faces challenges, such as the need for technical expertise and difficulties
in translating results into practical breeding decisions.

Multi-trait selection indices have been widely used to optimize the selection of high-
performance progenies by combining multiple morphological traits (Cruz et al. 2014; Olivoto
and Nardino 2021). However, their effectiveness depends on including relevant traits,

underscoring the importance of prior trait screening and analysis.
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Thus, this study proposes integrating three approaches for predicting maize progeny
yield: (i) Phenotyping maize ears via image analysis, (ii) yield prediction using decision tree-
based ML models, and (iii) ML-guided multi-trait selection indices.

The synergy of these methodologies offers an innovative approach, leveraging the
strengths of each model to optimize simultaneous trait selection and maximize genetic gains in
maize breeding programs. This integrated strategy reduces selection redundancies and improves
precision in identifying high-performance multi-trait progenies, ensuring more efficient and

accurate outcomes.

2. Material and methods

From November 2023 to February 2024, two blocks (10 x 10 m each) of populations A
and B were established, spaced two meters apart, to generate interpopulation AB half-sib
progenies using the Bulk Pollen Pollination method. This involved mixing a random pollen
sample from 10 plants to pollinate the upper ear of a plant from population B, resulting in 60
interpopulation half-sib progenies From March 2024 to July 2024, the progenies were evaluated
in an alpha lattice design (10 x 6) with two replications at the experimental field of Mugquém
Farm (21°12'06.7"S, 44°58'45.2"W, elevation: 918.84 m), located at the Center for Scientific
and Technological Development in Agriculture at the Federal University of Lavras, in southern
Minas Gerais State, Brazil.

The experimental area has a Latossolo (Oxisol) soil type, according to Santos et al.
(2018). The climate is classified as humid temperate (Cwa), characterized by dry winters and
rainy summers. During the experimental period, the mean temperature and precipitation in the
area were 22.96 °C and 218.4 mm, respectively (data from Lavras weather station, code: 83687;
geographic coordinates: 21°13'34.0"S, 44°58'47.0"W).

The seeding rate was four seeds per linear meter in four-meter-long plots spaced 0.6
meters apart. Base fertilization was applied at 250 kg ha™' of NPK 8-28-16, and topdressing
was performed 25 days after planting using 200 kg ha™ of urea (45% N). Other crop
management practices followed regional recommendations (Borém, 2017). The evaluated traits
included grain yield (GY, ton ha™'), days to male flowering (DMF), days to female flowering
(DFF), and plant height (PH, cm).
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2.1. Maize ear phenotyping

The evaluated progenies were submitted for image capture, with three ears per
replication. A custom wooden box setup was used, featuring overhead artificial lighting, a
contrasting blue background, and a professional Canon EOS 60D camera with a 35 mm lens
positioned at the top center of the box. The camera was connected to a computer to save RGB
images in JPG format (Fig. 1A and B). The process began with the pre-processing of the saved
images, removing unnecessary margins using ImageJ software (Ferreira and Rasband, 2012)
(Fig. 1C). Next, image binarization was performed to separate the ears from the blue
background using spectral bands, including BGI, HUEZ2, CI, and NR. These bands were used
to determine the contrast required for isolating the ears. Subsequently, Otsu’s thresholding
method was applied, with Cl adjustment (Fig. 1D).

During the segmentation stage, the images were divided into two regions using the CI
and BGI bands. This segmentation was fine-tuned with inversion to ensure proper separation
of the ears from other image areas. Following this, segmented ears were identified. After
identification, ear measurements were taken, extracting multiple traits; however, only length,
width, and area were included in the models (Fig. 1F). Pixel measurements were converted to
centimeters using the image's pixel density (DPI). This conversion allowed the results to be
interpreted in real-world units. Image processing and analysis were conducted in R (Core Team,
2024) using the Pliman package (Olivoto, 2022).

To validate phenotyping, manual measurements of length and width traits were taken
using a conventional ruler and caliper, respectively. Subsequently, genetic variance,
heritability, and accuracy were estimated for all traits. Pearson’s correlation and mean absolute

error between manually obtained traits and image-based analysis were also calculated.
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Fig. 1. Computer (A), Original unprocessed image (B), Preprocessed original image (C),
Segmented image (D), Ear identification in the image (E), Measurement of ear length (blue
line), ear width (green line), and other corn ear traits (F).

2.2 Tree-based machine learning models

Analysis began with the construction of three ML models to predict grain yield (GY).
The developed ML models included Random Forest (RF), Cubist, and Ordinary Least Square
Regression (OLS) model for comparison purposes. Cubist is a predictive regression model that
combines concepts from Quinlan (1992, 1993). It starts with a tree structure, converting each
path intog rule. For each rule, a regression model is fittlgd based on the corresponding data.
Rules are pruned or merged, and the variables used in the pruned sections become predictors
for the linear regression models. This process aligns with the "M5" or "Model Tree" approach
(Max et al., 2024).

Next, validation was performed using Leave-One-Out Cross-Validation (LOOCV) via
the caret package (Max et al., 2024), where a single data point served as the test set while the
remaining points formed the training set. This process was repeated for each data point,

ensuring robust validation despite the small dataset size. After validation, the test data were
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stored to predict new out-of-training-sample data. The observed and predicted values were
calculated to evaluate model performance using Pearson correlation and root mean square error
(RMSE).

In the next step, the decision trees for the models were constructed. The trees were
generated using the iml package (Molnar, 2018), which provides tools for the interpretability
of ML models. Additionally, Principal Component Analysis (PCA) was applied to visualize the

clustering (nodes) of the progenies resulting from the decision trees.

2.3 Multi-trait selection indices

Subsequently, the most relevant traits for splitting the decision trees of each model were
identified. These traits were used to construct the Multi-Trait Genotype—Ideotype Distance
Index (MGIDI), as proposed by Olivoto and Nardino (2021). This index was employed to
identify high-performance mult-trait progenies and estimate selection gains based on the
desired ideotype. The traits associated with the ideotype included: Positive selection direction
for grain yield (GY), ear width (E_width), ear length (E_length), and ear area (E_area).
Negative selection direction for days to female flowering (DFF), days to male flowering (DMF)
and plant height (PH).

Progeny selection was performed individually for each model (Random Forest, Cubist,
and OLS) and also in a combined approach using the MGIDI index with a selection intensity
of 15%. The results were visualized in a Venn diagram, allowing for the assessment of
coincidence rates among selected progenies across the different models. This final step was
essential to validate the consistency of the ML models in progeny selection, as well as to test

their effectiveness and reliability in selection.

3. Results and discussion

Table 1 presents genetic and phenotypic parameters for maize traits measured manually
and digitally. Significant genetic variability was detected for all traits, with moderate to high
heritability and high selection accuracy, indicating strong breeding potential. Digital

measurements generally exhibited lower absolute error; however, ear width had a smaller error
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than ear length. Genetic parameters and means were consistent across measurement methods,
supporting the efficiency of digital phenotyping. The high heritability and accuracy observed
reinforce the reliability of these methods, aligning with findings from Yang et al. (2021) who
highlight the importance of high-throughput phenotyping for selecting complex traits.

A strong positive and significant correlation was observed between the two
measurement methods (Fig. 2A). However, the correlation was higher for ear width associated
with lower absolute error than for ear length (Table 1, Fig. 2A), which may be attributed to
potential inaccuracies in manual length measurements. The precision of image-based data was
discussed by Makanza et al. (2018) and Liang et al. (2021), who note that imaging technologies
can be as accurate as manual measurements when properly calibrated and adapted to field
conditions. Nevertheless, these authors emphasize that precision may vary depending on the

trait being measured.

Table 1

Phenotypic and genetic parameters of the traits (Grain yield: GY, Days to male flowering: DMF, Days to female
flowering: DFF, Plant height: PH, Ear width: E_width, Ear length: E_length, Ear area: E_area) in maize progenies.

Traits 62 (6%) h? (h3) Acl (Ac2) ul(u2) MAE
GY (thal) 2.19 *x* 0.77 0.89 6.75 _
E_area (cm?) 13.10 *** 0.58 0.76 44.64 -
E_width (cm) 0.045 (0.036)*** 0.57 (0.55) 0.75(0.74)  4.20 (4.11) 0.15
E_length (cm) 0.68 (0.74)*** 0.54 (0.61) 0.74 (0.78)  14.79 (13.59) 1.42
DMF (days) 4,70 *** 0.84 0.92 63.79 _
DFF (days) 5.49 *x* 0.84 0.917 63.46 _
PH (cm) 342 *x* 0.69 0.83 161.47 _

621, hi, Acl and ul= Genetic variance, heritability, accuracy, and mean of manual measurements. G, h3, Ac2

and u2= Genetic variance, heritability, accuracy, and mean of digital measurements. MAE: Mean Absolute Error.
*** Significant at 0.001 by the Likelihood Ratio Test. Values outside parentheses are manual measurements (both
manual and digital measurements were possible for E_width and E_length), while values inside parentheses are
digital measurements.

According to Makanza et al. (2018) and Resende et al. (2024), image-based phenotyping
accelerates breeding programs by enabling rapid and efficient data collection. This is
particularly relevant for crops like maize, where large numbers of progenies and traits must be
evaluated. Manual phenotyping, on the other hand, can introduce bias and variability due to
differences between observers or even within a single operator. Duddu et al. (2019) state that
standardizing measurements obtained through imaging reduces human bias, resulting in more

consistent and comparable data. Thus, image-based standardization provides a significant
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advantage in obtaining uniform data by eliminating variability introduced by multiple operators
or even a single operator.

Fig. 2B illustrates the relationship between observed and predicted grain yield in maize
progenies using Cubist, Random Forest (RF), and Ordinary Least Squares (OLS) models. All
three models showed a significant correlation between observed and predicted yield values. The
Cubist model outperformed the RF model, with both machine learning approaches proving
more effective than OLS. These results indicate that Cubist was more efficient in capturing
grain yield variability among maize progenies. For maize breeding programs, the ability to
predict grain yield with high accuracy is critical, particularly when identifying high-
performance progenies efficiently. The high performance of Cubist suggests it could be a
valuable tool for predicting and selecting progenies in maize breeding, leading to a faster and

more precise selection process.
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Fig. 2. (A) Relationship between manual and digital measurements. (B) Relationship between
observed and predicted yield based on Random Forest (RF), Cubist, and Ordinary Least Squares
(OLS) in maize progenies.

Fig. 3 presents the results of tree-based ML models and OLS, along with their
interpretability for selection purposes in maize breeding. These models highlight the most
important predictors influencing yield. The OLS model emphasized E_width and DFF, while
the Cubist model highlighted E_width and DFM. In contrast, the RF model identified E-area,
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DFM, E_width, and PH as the most significant predictors of grain yield (Figure 3: A, C, and
E). The OLS and Cubist models were simpler than the RF model, which exhibited greater
complexity in terms of the relationship between observed and predicted yield.

The findings of this study align with those of Khanal et al. (2021) and Chen et al. (2021)
who applied various ML models and identified the Cubist model as the most effective for
predicting maize yield, followed by the RF model. However, it is worth noting that Babaie
Sarijaloo et al. (2021) and Prasath et al. (2023) reached different conclusions, suggesting that
RF was the most suitable model for this purpose. This discrepancy may be attributed to the fact
that the latter studies did not include the Cubist model in their analyses, potentially limiting a
direct comparison between methods. Therefore, the superiority of the Cubist model observed
in our study, as well as in the works of Khanal et al. (2021) and Chen et al. (2021), suggests
that the Cubist model was essential for a more accurate assessment of maize yield.

The relevance of predictors such as PH (Reis et al., 2009), E_area, E_width (Makanza
etal., 2018; Resende et al., 2014), and DFF (Amaral et al. 2023) for yield prediction aligns with
the literature, which recognizes morpho-agronomic traits as key traits for predicting and
selecting maize progenies. The RF model captured E_area, whereas the OLS and Cubist models
emphasized E_width as the most influential predictors of yield. This suggests that ML and OLS
models identify distinct patterns in agronomic traits as primary yield predictors, reflecting
different approaches in capturing complex trait interactions. These differences are significant,
as they indicate that a combined use of these models could provide a more comprehensive
understanding of the key traits affecting yield.

Fig. 3 (B, D, and F) demonstrate the practical interpretability of the models by
displaying the predicted progenies at the terminal nodes of the decision trees. Principal
component analysis (PCA) further enabled the visualization of progeny-trait relationships and
highlighted the phenotypic divergence among different progeny groups at the terminal nodes.
This approach facilitates the identification and selection of high-performance and divergent
progenies, offering strategic insights for decision-making in breeding programs.

Studies by Belalia et al. (2019) and Leite et al. (2019) emphasize the importance of PCA
for dimensionality reduction in plant breeding, enabling more targeted selection of high-
yielding progenies. Research also indicates that interpretable ML models enhance researchers'

confidence in applying these tools to agriculture and plant breeding, where precise and
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explainable predictions are critical for decision-making (Blanco-justicia et al. 2020; Jones et al.
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Fig. 3. Predicted yield (t ha') of maize progenies using tree-based Machine Learning models:
Cubist (C and D), Random Forest (RF) (E and F), and Ordinary Least Squares (OLS) (A and
B). Decision Trees (A, C, and E) and graphical visualization (B, D, and F). Principal
Component Analysis (PCA).

Table 2 presents the impact of the ML and OLS models individually compared to
MGIDI, as well as the combination of these models with the MGIDI index on simultaneous
selection gains expressed as a percentage for key yield predictors and grain yield in maize.

For each model, the two best progeny nodes with the highest predicted performance
(Figure 3) were selected, and genetic gains were estimated for both. While the RF model was
not the best overall, it demonstrated superior genetic gain prediction compared to OLS, Cubist,
and MGIDI in the two best-selected nodes. However, in the node with the highest predicted
mean yield, RF was similar to Cubist, whereas the gains from OLS were comparable to those
from MGIDI.

The genetic gains resulting from the combination of these models with MGIDI
surpassed those obtained with the individual models, highlighting the importance of integration.
Although the RF+MGIDI combination showed considerable gains, the OLS+MGIDI and
Cubist+MGIDI combinations delivered the highest genetic gains by identifying high-
performance progeny with desirable traits such as E-width, DFF, and DMF. Nevertheless, the
similarity in gains between these two models suggests that DFF and DMF may be
interchangeable.
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Based on the results, maximizing predicted gains depends more on the traits prioritized
by the ML models for constructing selection indices, and the model with the highest predictive
power does not always lead to the greatest genetic gain when integrated with a selection index.
Individually, the Cubist model performed best, followed by RF and OLS in predictive ability.
However, when combined with selection indices, Cubist and OLS showed higher genetic gain
responses than RF. It is worth noting that, despite differences in predictive power, all models
exhibited significant predictive performance, which is essential for the optimal selection of
high-performance progeny.

Therefore, it is evident that when the MGIDI index was applied considering all traits,
the selection gains were lower, reinforcing the importance of using only the most relevant traits,
those identified by the ML models. This approach not only improves the accuracy of selection
gains but also simplifies the process by reducing 'noise' from irrelevant traits and maximizing
genetic gains.

Studies such as those by Chlingaryan et al. (2018) and Pham et al. (2022) suggest that
using the most important traits increases the predictive accuracy of models, promoting a
reduction in the number of traits and making the selection process more targeted and resource-
efficient. Thus, integrating machine learning models with selection indices, while utilizing only
the most significant variables, provides an efficient and focused method for predicting and

selecting high-performance progenies in the breeding program.
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Estimated heritability and percentage gains for traits from selecting the top 15% of maize progenies using decision
tree-based models (Cubist and Random Forest) and OLS, integrated by the Multi-Trait Genotype-ldeotype
Distance Index (MGIDI).

Modelo Trait FA Xo Xs pred Xs obs SG %
GY B 6.75 7.4 - 8.05 7.80-7.94 11.96 - 13.56
oLsS E_width 4.09 _ 4.18 - 4.46 1.50 - 6.16
DFF B 63.50 _ 61.21 - 62.73 -3.03--1.02
GY B 6.75 6.79 - 6.77 8.70-7.04 22.22-3.30
Cubist E_width _ 4.09 _ 4.26 - 4.27 2.83-3.00
DMF 63.80 _ 60.68 - 64.37 -4.12-0.75
GY B 6.75 8.55-7.92 8.70 - 8.29 22.22-17.54
E-area 3 44.60 _ 47.83 - 50.15 421-7.23
RF E_width _ 4.09 _ 4.26 - 4.37 2.83-4.66
DMF B 63.80 3 60.68 - 64.16 -4.12--0.48
PH 161.00 167.00 - 181. 90 2.55 - 8.89
GY FAL  6.75 8.70 9.26 28.80
OLS+MGIDI E_width FA1 409 4.30 4.40 5.12
DFF FAL 63,50 61.40 61.10 -3.17
GY FAL  6.75 8.70 9.26 28.80
Cubist+MGIDI E_width FA1 409 4.30 4.40 5.10
DFM FAl  63.80 61.90 61.60 -2.94
GY FAL  6.75 8.36 8.83 23.8
E_area FAl 4460 47.40 49.30 6.09
RF+MGIDI E_width FA1 409 4.24 4.29 3.71
DMF FA2  63.80 62.10 61.80 -2.73
PH FA2  161.00 152.00 146.00 -6.08
GY FA1 6.75 7.65 7.95 13.40
E area FA1 44.60 48.00 50.70 7.57
E_width FAL  4.09 4.25 4.33 3.94
MGIDI E_lenght FA1 13.40 14.10 14.60 5.25
DMF FA2 63.80 62.20 61.90 -2.44
DFF FA2 63.80 61.50 61.20 -3.03
PH FA3 161.00 161.00 161.00 0.00

-> Indicator of variation range, _ no data. FA: Factor. Xo and Xs: Overall mean and selected mean, respectively.
Obs and Pred: Observed and predicted yield, respectively. SG%: Percentage selection gain.

Figure 4 shows the overlap of the top-performing progenies identified in the two best

nodes of each model, as well as the combination of the models with the MGIDI index. The

results indicate that approximately 35% of the progenies were consistently selected by the RF
model and its combination with MGIDI. On the other hand, the OLS and Cubist models



73

captured all progenies from their combinations with MGIDI, with an overlap of 42.9% and
50%, respectively. This suggests that the OLS and Cubist models, when used independently,
were as effective in predicting high-performance progenies as their combinations with MGIDI,
significantly outperforming the simultaneous selection of all traits by MGIDI alone.

Additionally, these models provided insights into the formation of divergent groups,
which can be recombined to enhance genetic variability in the breeding program. The findings
suggest that incorporating ML models into breeding strategies, whether used alone or in
combination, optimizes selection efficiency and genetic gains in maize improvement. Recent
studies emphasize the importance of ML in predicting key traits and generating valuable
insights (Babaie Sarijaloo et al. 2021; Prasath et al., 2023).

RF RF + MGIDI
1 7 2
(55.0%)  (35.0%)  (10.0%)
oLs OLS + MGIDI Cubist Cubist + MGIDI
12 9 0 9 9 0
(57.1%) (42.9%) (0.0%) (50.0%)  (50.0%) (0.0%)

Fig. 4. Progeny selection coincidence index based on Decision Trees from Machine Learning
models (Cubist and RF) and OLS, and its integration with the Multi-Trait Genotype-Ideotype
Distance Index (MGIDI).
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4. Conclusion

The study demonstrated the effectiveness of integrating high-throughput phenotyping
with machine learning models. The most influential Ear width and Ear area. The Cubist and
Random forest models showed higher individual genetic gain. The integration of the Cubist and
Ordinary Least Squares models with the Multi-Trait Genotype—ldeotype Distance Index

optimized the response to simultaneous trait selection by identifying the best progenies.
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TERCEIRA PARTE

Considerac0es gerais

O estudo abordou a aplicacdo de metodologias estatisticas e de Machine Learning (ML)
para otimizar a Selecdo Recorrente Reciproca (SRR), visando a precisdo e a eficiéncia na
escolha das progénies de milho promissoras, capazes de maximizar 0os ganhos genéticos. A
quantificacdo do potencial genético das populacGes, as analises multicaracteristicas, 0 uso
integrado de fenotipagem de alto rendimento, Machine Learning e indices de selecéo, além da
abordagem de analise multinivel, foram estratégias cruciais para a otimizacdo da selecdo e a
obtencédo precisa de ganhos genéticos. O estudo valida o uso do ML como uma ferramenta
alternativa de grande relevancia no programa de SRR. Essa pesquisa pode ser replicada em

diferentes contextos de estudo do milho e de outras culturas agricolas.



