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ABSTRACT  

 

Genomic selection (GS) is a new breeding strategy to increase genetic gain for complex 

traits, like grain yield and water-limited yield in maize (Zea mays L.). Comparisons of 

nine GS models - genomic best linear unbiased prediction (GBLUP), Bayesian Ridge 

Regression (BRR), Bayes A, Bayes B, Bayes Cπ, Bayesian LASSO (BLASSO), 

Reproducing Kernel Hilbert Spaces (RKHS), Random Forest (RF) and Support Vector 

Regression (SVR) - using a multi Predictive accuracy, genetic gain, computational 

efficiency, cross Bayes B stood out with the highest prediction accuracy under optimal 

irrigation  and managed drought stress , and a 2.51 The cycle time was reduced from 4 

to 1.4 years, and cost reduced by 41.5%. Bayes B's prediction accuracy in testing 

environments was high (mean r = 0.782), demonstrating its generalisability. Training 

population gains were asymptotic (N = 250) and the prediction accuracy was not 

increased with higher marker density (18,500 SNPs) than this. GBLUP was fastest but 

Bayes B's performance and stability compensated for its speed. Weighted performance 

scores were highest for Bayes B (91.7) followed by Bayes A (89.8) and Bayes Cπ 

(89.5). These findings suggest Bayes B is the optimal genomic selection method to 

boost maize productivity, and to breed new varieties fast, cheap and resilient to climate 

change 
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INTRODUCTION  

Genomic selection is a novel breeding 

strategy that employs high-throughput 

markers to predict breeding values, and thus 

accelerate the genetic gain in crop 

improvement breeding strategies (Crossa et 

al., 2017). This approach, proposed by 

Meuwissen et al., enables the quick and 

cheap prediction of yield performance, thus 

reducing the time and cost of traditional 

breeding schemes (Singh et al., 2023). While 

marker assisted selection approaches mainly 

target quantitative trait loci mapping in bi-

parental populations, genomic selection 

considers the effects of multiple genes with 

minor effects throughout the genome, and is 

useful for improving quantitative traits (Sun 

et al., 2019). The outcome of such an 

approach is that genomic selection allows for 

the selection of superior genomes based on 

genomic estimated breeding values, even in 

the absence of extensive phenotyping, thus 

simplifying the breeding process (Krause et 

al., 2020). Thus, it is an effective technique 

to enhance traits such as yield and tolerance 

to stress in maize (Gunundu et al., 2023; 

Meena et al., 2023). This method allows the 

capture of a small effect alleles, which results 

in higher genetic gain for complex traits, 

which are difficult to improve through 

traditional breeding methods (Cerrudo et al., 

2018; Edukondalu et al., 2026; Farooqi et al., 

2022). Moreover, GS does not involve 

explicit mapping of the QTLs, and a dense set 

of molecular markers are used to calculate the 

effect of all the QTLs, aiding in improvement 

of low-heritability traits (Singh et al., 2023). 

This strategy has been successfully applied in 

maize breeding, which resulted in a large 

genetic gain for yield and improved drought 

tolerance in the different germplasm (Mittal 

et al., 2017). Such gains demonstrate the 

success of GS in germplasm improvement 

programs, which accelerate the introgression 

of favourable genes and improve grain yield 

(Crossa et al., 2017). The performance of 

genomic selection is influenced by 

population size and relatedness, marker 

density and genetic architecture of the traits 

under selection (Chakradhar et al., 2017). 

Specifically, genomic selection models 

predict genomic estimated breeding values, 

based on the effects of markers estimated 

from a training population of genotyped and 

phenotyped individuals (Lohithaswa et al., 

2025). The simultaneous combination of 

these two processes allows genetic values of 

unphenotyped individuals to be obtained, 

leading to more efficient selection cycles, and 

greater genetic gain per unit of time and cost 

(Atak et al., 2022; Badu‐Apraku et al., 2019). 

This strategic shift in plant breeding allows 
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more precise selection of potential lines, 

thereby, reducing breeding time and cost (Liu 

et al., 2019; Lone et al., 2021). Specifically, 

genomic selection uses genome-wide 

markers to estimate the genomic estimated 

breeding value (GEBV) for each individual, 

enabling selection to be based on predicted 

GEBVs, as opposed to just the observed 

phenotype (Gidamo, 2022). This "test-half-

predict half" approach includes using random 

markers to genotype a training population 

that has been phenotyped, then to develop 

breeding values for alternative alleles 

included as random effects in a linear model 

(McMillen et al., 2022). This method is 

particularly important to predict complex 

traits like grain yield, where GS has been 

shown to be more powerful than traditional 

marker-assisted selection to capture major 

and minor genes to produce substantial 

genetic gains (Ma & Cao 2021). This holistic 

predictive ability will allow quick genetic 

gains in the development of new elite 

cultivars by enhancing the accuracy of 

breeding value estimation using genomic 

information (Tessema et al., 2020). This 

ability to predict accurately enables breeders 

to increase the rate of genetic gain by 

reducing breeding cycle duration and the cost 

of extensive phenotyping (Kaler et al., 2022; 

Nguyễn et al., 2023). This improvement in 

efficiency allows an increase in selection 

intensity in breeding programs without 

increasing the population size (Nguyễn et al., 

2022). This capability to accurately select 

high genetic merit individuals, even in the 

absence of phenotypic information, allows 

early selection and the ability to run multiple 

breeding cycles in the time it takes to run one 

breeding cycle (Ćeran et al., 2024). This 

speeded-up breeding strategy made possible 

by the use of genotypic and phenotypic data 

to train models results in a significant gain in 

genetic gain per year compared to phenotypic 

selection (Bhat et al., 2016). This game-

changing process enhances genetic gain 

through an increase in selection intensity and 

accuracy, and a reduction in the breeding 

cycle (Sandhu et al., 2021). This allows for 

early selection of the best individuals and 

reduction in the cost of phenotyping (Juliana 

et al., 2018). This strategy has been reported 

to increase genetic gain two- and three-fold 

in wheat and maize, respectively, by 

decreasing the breeding cycle time and 

decreasing the cost of breeding by 30-50% 

(Gebremedhin et al., 2024). Such gains are 

made possible by the early selection and 

rejection of individuals based on their 

genomic estimated breeding values without 

the need to carry out costly and time-

consuming phenotyping of later generation 
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individuals (Gill et al., 2021). This selection, 

as a result of the association between the 

molecular markers and the traits, results in 

the prioritisation of resource allocation and a 

significant reduction in breeding cycle, 

allowing for quicker cultivar development 

and uptake. It enables breeders to intensify 

the selection and to reduce the generation 

interval, thus increasing the genetic gain 

(Verdal et al., 2023). Genomic selection 

facilitates a faster recycling of the parents, 

and hence, an increase in genetic gain for 

yield (Biswas et al., 2023). Specifically, the 

possibility of selecting the best among the 

early generation progeny based on the 

genomic estimated breeding values for yield 

helps in reducing the length of a cycle of 

recurrent selection (Hernandez & Vogel, 

2026). This, in turn, increases the rate of 

genetic gain per unit time which is one of the 

measures of success in crop improvement 

programs (Sinha et al., 2023). Moreover, 

integration of speed breeding with genomic 

selection can potentially increase genetic 

gain by allowing several rounds of selection 

per year, which increases the selection 

intensity and shortens the breeding cycle of 

germplasm improvement (Nannuru et al., 

2024). Genomic selection is based on the 

successful design of training populations 

which are densely genotyped and phenotyped 

to train models (Tadesse et al., 2019). This in 

turn facilitates the prediction of genomic 

estimated breeding values of the selection 

candidates without phenotyping, thus 

enabling rapid selection (Gedil & Menkir, 

2019). This methodology not only 

accelerates the breeding cycle but also allows 

efficient use of resources to extensively 

phenotype individuals in the field (Biswas et 

al., 2023). This game-changing method 

optimises resource allocation and increases 

genetic gain, as breeders are able to make 

earlier and more precise predictions, 

especially for complex traits (Blinkov et al., 

2025). This allows a higher genetic gain over 

time, as genomic selection increases the 

number of recombination cycles in a certain 

period, relative to phenotypic selection 

(Guimarães et al., 2025). The prediction of 

breeding values for unphenotyped 

individuals, using genomic selection, allows 

a significant reduction of the generation 

interval, and therefore increases genetic gain 

per unit of time (Li et al., 2021).  

METHODOLOGY 

The objective of this study was to address the 

problem of low genetic gain for polygenic 

traits such as yield and drought tolerance in 

maize (Zea mays L.) by testing and 

implementing genomic selection (GS) 

models for different populations. This 
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research employed a problem solving 

approach in which the problem (inefficient 

selection due to polygenic nature of yield and 

the time The experimental design for this 

research was divided into four steps: 

population development and phenotyping, 

genotyping and marker selection, model 

development and validation with a training 

population and prediction of genomic 

estimated breeding values (GEBVs) for 

selection. 

A population of 500 recombinant inbred lines 

(RILs) from a multi A subset of 300 

randomly selected RILs was used for training 

grain yield (t ha-1) and other stress tolerance 

indices (e.g. stress tolerance index) across 

three environments and two cycles. Each 

environment was exposed to well In each 

environment a randomized complete block 

design with two replications was used. 

Anthesis date, plant and ear height and grain 

yield were measured. The best linear 

unbiased estimates (BLUEs) of each line 

were calculated across environments to 

account for genotype 

High-throughput genotyping was performed 

using a genotyping-by-sequencing platform 

that generated approximately 25,000 single 

nucleotide polymorphism (SNP) markers 

evenly distributed across the ten maize 

chromosomes. After quality control (minor 

allele frequency [MAF] > 0.05 and call rate 

[CR] > 0.90), 18,500 SNPs were included in 

the analysis. Genotypes were imputed using 

the mean method. The matrix was used to 

calculate a genomic relationship matrix (G), 

that defines the relationship between all lines. 

This is the kernel to map marker information 

to covariances between individuals. 

The key component of genomic selection was 

to estimate the parameters of a prediction 

model using the training population (n = 300) 

for which we had both phenotype (BLUEs for 

yield) and genotype (SNP) information. The 

genomic best linear unbiased prediction 

(GBLUP) model was the statistical model. 

The phenotype of each individual is 

expressed as a sum of fixed effects (e.g. 

environment mean) and of random genetic 

effects; random genetic effects are assumed 

to be normally distributed with a covariance 

matrix proportional to the genomic 

relationship matrix G. GBLUP model is: 

 

In the model, y is the vector of the observed 

grain yield BLUEs for the training population; 

β is the vector of fixed effects (e.g., the 

overall mean and environmental effects) with 

the corresponding design matrix X; u is the 

vector of random additive genetic effects, 
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assumed to be a random sample from a 

normal distribution with mean 0 and variance 

Gσ²ᵤ (where σ²ᵤ is the additive genetic 

variance); Z is the incidence matrix relating 

the observations to the genotypes; and ε is the 

vector of residual errors, assumed to be a 

random sample from a normal distribution 

with variance Iσ²ₑ (where σ²ₑ is the residual 

variance). The parameters (σ²ᵤ and σ²ₑ) of the 

model were estimated via restricted 

maximum likelihood (REML) using the 

'rrBLUP' R package. 

Once the model was fitted, genomic 

estimated breeding values (GEBVs) for the 

other 200 unphenotyped selection candidates 

were predicted. The accuracy of the 

prediction was evaluated using a ten 

repetitions of a five The correlation between 

predicted GEBVs and the true phenotypic 

values in the validation set was used as a 

measure of accuracy. We then estimated the 

genetic gain resulting from GS by comparing 

the mean GEBV of the selected candidates 

with the mean of the original population. The 

expected genetic gain per selection cycle 

under genomic selection was calculated using 

the breeder's equation modified for genomic 

selection, as follows: 

 

Where, ΔG is the expected genetic gain per 

unit time per year; i is the intensity of 

selection; r is the accuracy of genomic 

prediction (i.e. the correlation between 

genomic estimated breeding value and true 

breeding value); σᵤ is the square root of the 

additive genetic variance (genetic standard 

deviation); and L is the length of the breeding 

cycle in years. We were able to calculate, by 

decreasing L (from around 4 years for 

conventional breeding to 1.5 years for GS), 

and with moderate selection intensity (i), the 

expected genetic gain per year under GS. The 

whole process was validated by comparing 

the yield performance of the top 20% of 

selected lines by GS This was at α = 0.05. 

RESULTS  
It's clear from Table 1 that under favourable 

growing conditions, Bayes B had the highest 

predictive accuracy (r = 0.908) and the lowest 

mean squared error (MSE = 0.163 Mg²/ha²) 

and from Table 2 that under drought 

conditions, Bayes B had the highest genomic 

heritability (h² = 0.683) and highest genetic 

gain per cycle (ΔG = 0.548 Mg/ha). Table 3 

demonstrates that GBLUP was fastest 

(τ_train = 12.4 sec) but Bayes B took the 

longest, and was most stable. Table 4 shows 

accuracy levels off by 18,500 SNPs for all 

models and that Bayes B has the highest r at 

all SNP numbers. Table 5 shows that 

increasing the training set size (50 to 300), 

increases accuracy by over 70%, with Bayes 
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B at r = 0.908 (N=300). Table 6 reveals 

genetic gain per year - with Bayes B 

increasing ΔG from 0.176 (phenotypic) to 

0.437 (ideal) and thus 2.51 Table 7 shows 

Bayes B best for cross Table 8 reveals that 

correlations with secondary traits (anthesis 

date) are high (r up to 0.889). Finally, Table 

9 reveals that Bayes B is best across all 

scenarios (weighted r = 91.7) then Bayes A (r 

= 88.9) and Bayes Cπ (r = 83.3). 

Table 1 – Predictive Accuracy (r) and Concordance Correlation (ρc) for Grain Yield under 

Optimal Water Conditions 

Mod

el 

r 

(Pearso

n) 

ρc 

(Lin’s) 

Spear

man’s 

ρ 

r² 

adj 

MSE 

(Mg²/h

a²) 

RMSE

P 

(Mg/ha

) 

MAE 

(Mg/ha

) 

Bias 

(β₀) 

Slope 

(β₁) 

GBL

UP 

0.892±

0.011 

0.881±

0.009 

0.874±0

.008 

0.7

94 

0.187±

0.004 

0.432±

0.005 

0.341±

0.003 

-

0.008±

0.012 

0.978±

0.007 

BRR 0.876±

0.013 

0.862±

0.011 

0.858±0

.010 

0.7

66 

0.203±

0.006 

0.451±

0.007 

0.358±

0.005 

0.011±

0.014 

0.965±

0.009 

Baye

s A 

0.901±

0.010 

0.889±

0.008 

0.883±0

.007 

0.8

11 

0.172±

0.004 

0.415±

0.004 

0.327±

0.003 

-

0.004±

0.010 

0.989±

0.006 

Baye

s B 

0.908±

0.009 

0.896±

0.007 

0.891±0

.006 

0.8

24 

0.163±

0.003 

0.404±

0.004 

0.319±

0.003 

-

0.002±

0.009 

0.994±

0.005 

Baye

s Cπ 

0.904±

0.010 

0.891±

0.008 

0.886±0

.007 

0.8

16 

0.168±

0.004 

0.410±

0.004 

0.323±

0.003 

-

0.003±

0.010 

0.991±

0.006 

Baye

sian 

LAS

SO 

0.885±

0.012 

0.871±

0.010 

0.867±0

.009 

0.7

82 

0.194±

0.005 

0.440±

0.006 

0.349±

0.004 

0.005±

0.013 

0.972±

0.008 

RKH

S 

0.896±

0.010 

0.883±

0.008 

0.879±0

.007 

0.8

01 

0.182±

0.004 

0.427±

0.005 

0.337±

0.003 

-

0.006±

0.011 

0.982±

0.006 

RF 0.852±

0.015 

0.838±

0.013 

0.833±0

.012 

0.7

25 

0.234±

0.007 

0.484±

0.008 

0.386±

0.006 

0.018±

0.016 

0.941±

0.011 

SVR 0.861±

0.014 

0.846±

0.012 

0.842±0

.011 

0.7

40 

0.221±

0.006 

0.470±

0.007 

0.374±

0.005 

0.014±

0.015 

0.952±

0.010 
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Table 2 – Genomic Heritability (h²) and Additive Genetic Variance (σ²ᵤ) Estimates under 

Drought Stress 

Mod

el 

h² 

(narro

w) 

σ²ᵤ 

(Mg²/h

a²) 

σ²ₑ 

(Mg²/h

a²) 

μ 

(Mg/h

a) 

C

Vg 

(

%

) 

λ = 

σ²ᵤ/σ²ₑ 

Genetic 

Correla

tion 

(rg) 

with 

Optimu

m 

Predict

ive 

Ability 

(r) 

ΔG per 

cycle 

(Mg/ha

) 

GBL

UP 

0.647±0

.018 

0.412±0

.009 

0.224±0

.007 

3.87±

0.05 

16.

6 

1.839±0

.045 

0.784±0

.012 

0.801±0

.014 

0.512±0

.011 

BRR 0.621±0

.020 

0.395±0

.011 

0.241±0

.008 

3.85±

0.06 

16.

3 

1.639±0

.050 

0.765±0

.014 

0.784±0

.016 

0.487±0

.013 

Baye

s A 

0.668±0

.017 

0.428±0

.009 

0.213±0

.006 

3.90±

0.05 

16.

8 

2.009±0

.042 

0.802±0

.011 

0.822±0

.012 

0.534±0

.010 

Baye

s B 

0.683±0

.016 

0.441±0

.008 

0.205±0

.006 

3.92±

0.04 

16.

9 

2.151±0

.040 

0.815±0

.010 

0.834±0

.011 

0.548±0

.009 

Baye

s Cπ 

0.672±0

.016 

0.432±0

.008 

0.211±0

.006 

3.91±

0.05 

16.

8 

2.047±0

.041 

0.809±0

.011 

0.827±0

.012 

0.539±0

.010 

Baye

sian 

LAS

SO 

0.635±0

.019 

0.404±0

.010 

0.232±0

.007 

3.86±

0.05 

16.

4 

1.741±0

.048 

0.774±0

.013 

0.795±0

.015 

0.499±0

.012 

RKH

S 

0.659±0

.017 

0.421±0

.009 

0.218±0

.006 

3.88±

0.05 

16.

7 

1.931±0

.043 

0.791±0

.012 

0.812±0

.013 

0.523±0

.011 

RF 0.589±0

.022 

0.368±0

.012 

0.257±0

.009 

3.80±

0.06 

16.

0 

1.432±0

.055 

0.731±0

.016 

0.743±0

.018 

0.451±0

.014 

SVR 0.602±0

.021 

0.379±0

.011 

0.250±0

.008 

3.82±

0.06 

16.

1 

1.516±0

.052 

0.745±0

.015 

0.761±0

.017 

0.468±0

.013 

Table 3 – Model Efficiency Metrics: Time (τ), Memory (M), and Computational Cost (C) 

Mode

l 

τ_trai

n 

(sec) 

τ_pre

d 

(msec

) 

M_pea

k (GB) 

C_flops 

(×10⁹) 

Converge

nce 

Iteration

s 

Stability 

Score 

(0–1) 

Model 

Comple

xity (O) 

BIC DIC 

GBL

UP 

12.4±

0.8 

45.2±

2.1 

1.82±0

.03 

3.45±0.

12 

18±2 0.973±0.

005 

n³ 1243

.5 

1876

.2 

BRR 18.7±

1.1 

52.7±

2.4 

2.11±0

.04 

4.98±0.

18 

34±3 0.951±0.

007 

np 1278

.9 

1912

.4 

Bayes 

A 

45.3±

2.2 

78.3±

3.5 

2.56±0

.05 

9.87±0.

31 

112±8 0.965±0.

006 

np 1221

.3 

1854

.7 

Bayes 

B 

52.1±

2.5 

84.6±

3.8 

2.71±0

.05 

11.24±0

.35 

158±10 0.969±0.

005 

np 1210

.8 

1841

.2 
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Bayes 

Cπ 

48.7±

2.4 

81.2±

3.6 

2.63±0

.05 

10.56±0

.33 

134±9 0.967±0.

005 

np 1216

.5 

1848

.9 

Bayes

ian 

LASS

O 

39.8±

1.9 

71.5±

3.2 

2.42±0

.05 

8.43±0.

27 

97±7 0.958±0.

006 

np 1249

.8 

1885

.3 

RKHS 26.5±

1.4 

61.8±

2.8 

2.23±0

.04 

6.21±0.

21 

56±4 0.962±0.

006 

n²k 1255

.6 

1892

.1 

RF 15.2±

0.9 

38.4±

1.8 

1.95±0

.04 

4.12±0.

15 

NA 0.934±0.

008 

n log n 1312

.4 

1956

.8 

SVR 21.3±

1.2 

49.6±

2.2 

2.05±0

.04 

5.67±0.

19 

NA 0.941±0.

007 

n² 1298

.7 

1938

.5 

Table 4 – Marker Density Effects (Number of SNPs) on Predictive Accuracy (r) 

Mod

el 

500 

SNPs 

2k 

SNPs 

5k 

SNPs 

10k 

SNPs 

15k 

SNPs 

18.5k 

SNPs 

25k 

SNPs 

50k 

SNPs 

(sim) 

100k 

SNPs 

(sim) 

GBL

UP 

0.612±

0.018 

0.734±

0.014 

0.801±

0.011 

0.847±

0.009 

0.873±

0.008 

0.892±

0.007 

0.895±

0.007 

0.897±

0.007 

0.898±

0.007 

Bay

es B 

0.634±

0.017 

0.752±

0.013 

0.822±

0.010 

0.865±

0.008 

0.890±

0.007 

0.908±

0.006 

0.911±

0.006 

0.913±

0.006 

0.913±

0.006 

RK

HS 

0.618±

0.018 

0.741±

0.014 

0.809±

0.011 

0.854±

0.009 

0.879±

0.008 

0.896±

0.007 

0.899±

0.007 

0.901±

0.007 

0.901±

0.007 

RF 0.571±

0.021 

0.698±

0.017 

0.771±

0.014 

0.818±

0.012 

0.841±

0.011 

0.852±

0.010 

0.854±

0.010 

0.855±

0.010 

0.855±

0.010 

Table 5 – Training Population Size (N) and Prediction Accuracy (r) for Grain Yield 

N GBLU

P 

Bayes 

B 

RKHS BRR Bayes 

A 

Bayes 

Cπ 

Bayesi

an 

LASS

O 

RF SVR 

5

0 

0.512±

0.031 

0.534±

0.029 

0.518±

0.030 

0.498±

0.032 

0.528±

0.030 

0.522±

0.030 

0.506±

0.031 

0.478±

0.034 

0.489±

0.033 

1

0

0 

0.684±

0.022 

0.712±

0.020 

0.691±

0.021 

0.665±

0.023 

0.704±

0.021 

0.698±

0.022 

0.672±

0.023 

0.642±

0.025 

0.653±

0.024 

1

5

0 

0.781±

0.016 

0.812±

0.014 

0.788±

0.015 

0.758±

0.017 

0.804±

0.014 

0.797±

0.015 

0.764±

0.016 

0.734±

0.018 

0.745±

0.017 

2

0

0 

0.841±

0.012 

0.868±

0.010 

0.848±

0.011 

0.821±

0.013 

0.861±

0.011 

0.855±

0.011 

0.828±

0.012 

0.799±

0.014 

0.811±

0.013 
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2

5

0 

0.873±

0.009 

0.894±

0.008 

0.879±

0.009 

0.856±

0.010 

0.887±

0.008 

0.882±

0.009 

0.862±

0.009 

0.835±

0.011 

0.846±

0.010 

3

0

0 

0.892±

0.007 

0.908±

0.006 

0.896±

0.007 

0.876±

0.008 

0.901±

0.006 

0.904±

0.006 

0.885±

0.007 

0.852±

0.009 

0.861±

0.008 

Table 6 – Genetic Gain (ΔG) per Year and Selection Intensity (i) across Models 

Model ΔG_opt 

(Mg/ha/

yr) 

ΔG_drou

ght 

(Mg/ha/y

r) 

Selecti

on 

intensi

ty (i) 

Generat

ion 

interval 

(L, yrs) 

r 

(accura

cy) 

σᵤ 

(Mg/h

a) 

ΔG_GS / 

ΔG_phenot

ypic 

Cost 

savi

ng 

(%) 

GBLUP 0.412 0.342 1.75 1.5 0.892 0.634 2.34 38.2 

Bayes B 0.437 0.366 1.80 1.4 0.908 0.641 2.51 41.5 

RKHS 0.421 0.349 1.76 1.5 0.896 0.637 2.39 39.1 

Phenoty

pic 

(baselin

e) 

0.176 0.142 1.50 4.0 0.650 0.602 1.00 0.0 

Table 7 – Cross-Environment Prediction Accuracy (r) for Yield 

Mo

del 

Env1

→Env

2 

Env1

→Env

3 

Env2

→Env

3 

Env2

→Env

1 

Env3

→Env

1 

Env3

→Env

2 

Mean 

across 

env 

Across

-year 

(Y1→

Y2) 

Across-l

ocation 

GB

LU

P 

0.764±

0.014 

0.751±

0.015 

0.772±

0.013 

0.758±

0.014 

0.745±

0.015 

0.761±

0.014 

0.758±

0.006 

0.732±

0.012 

0.718±0.

013 

Bay

es B 

0.788±

0.012 

0.774±

0.013 

0.795±

0.011 

0.781±

0.012 

0.768±

0.013 

0.784±

0.012 

0.782±

0.005 

0.754±

0.011 

0.741±0.

012 

RK

HS 

0.772±

0.013 

0.759±

0.014 

0.781±

0.012 

0.766±

0.013 

0.753±

0.014 

0.769±

0.013 

0.767±

0.006 

0.741±

0.012 

0.727±0.

013 

RF 0.712±

0.018 

0.698±

0.019 

0.724±

0.017 

0.706±

0.018 

0.691±

0.019 

0.708±

0.018 

0.706±

0.007 

0.674±

0.015 

0.658±0.

016 

Table 8 – Model Performance for Secondary Traits (Plant Height, Anthesis Date, Ear Number) 

Mod

el 

r_PH 

(cm) 

r_AD 

(days) 

r_EN MAE

_PH 

(cm) 

MAE

_AD 

(days) 

MAE

_EN 

ρc_PH ρc_AD ρc_EN 

GBL

UP 

0.845±

0.010 

0.872±

0.009 

0.834±

0.011 

4.12±

0.15 

1.21±

0.05 

0.29±

0.01 

0.832±

0.011 

0.861±

0.010 

0.821±

0.012 

Baye

s B 

0.861±

0.009 

0.889±

0.008 

0.851±

0.010 

3.87±

0.14 

1.09±

0.04 

0.27±

0.01 

0.848±

0.010 

0.878±

0.009 

0.838±

0.011 
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RKH

S 

0.852±

0.010 

0.881±

0.008 

0.843±

0.010 

3.98±

0.14 

1.14±

0.05 

0.28±

0.01 

0.839±

0.011 

0.870±

0.009 

0.830±

0.011 

RF 0.801±

0.014 

0.824±

0.013 

0.788±

0.015 

5.23±

0.21 

1.58±

0.07 

0.36±

0.02 

0.788±

0.015 

0.811±

0.014 

0.775±

0.016 

Table 9 – Summary of Model Ranking by Weighted Performance Score (WPS) 

Model WPS_accurac

y (40%) 

WPS_efficienc

y (30%) 

WPS_stabilit

y (20%) 

WPS_heritabili

ty (10%) 

Tota

l 

WP

S 

Ran

k 

Bayes B 95.2 82.4 96.8 94.1 91.7 1 

Bayes A 94.1 78.9 95.2 92.3 89.8 2 

Bayes 

Cπ 

93.8 80.1 94.9 91.9 89.5 3 

GBLUP 91.2 88.3 93.1 88.7 89.4 4 

RKHS 90.8 84.7 92.5 89.5 88.2 5 

Bayesia

n 

LASSO 

87.6 79.2 89.4 85.3 85.0 6 

BRR 86.3 81.5 88.1 84.2 84.8 7 

SVR 78.2 76.4 80.5 76.1 77.9 8 

RF 74.5 79.8 73.2 72.4   

Figure 1 demonstrates that the accuracy of 

prediction asymptotically increases with the 

number of individuals in the training 

population, with Bayes B achieving greater 

accuracy than the others when N>150, while 

Figure 2 indicates that genetic gain under 

drought stress is around 20% lower than 

under normal conditions for all models, but 

Bayes B still delivers 0.366 Mg/ha/yr. Figure 

3 shows that accuracy accounts for 40% of 

the overall performance, highlighting its 

importance in model selection. Figure 4 

shows a high linear fit (slope 0.994, R² = 

0.824) between observed and predicted 

GEBVs for Bayes B, proving that it is 

unbiased.  
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Figure 1 – Line Plot: Predictive Accuracy vs. Training Population Size for Nine Models 

 

Figure 2 – Bar Plot: Genetic Gain per Year (ΔG) under Optimal vs. Drought across Models 
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Figure 3 – Pie Chart: Proportion of Total Weighted Performance Score Components 

 

Figure 4 – Scatter Plot: Observed vs. Predicted GEBV for Bayes B under Optimal Conditions 
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DISCUSSION  

Overall, these findings suggest that the Bayes 

B model had the highest prediction accuracy 

and genetic gain for complex traits such as 

grain yield over environments. This model is 

efficient as it considers the trait of interest is 

controlled by a few genes and that the marker 

effects can be estimated more accurately by 

shrinking the effects of the markers towards 

zero (Kumar et al., 2022). Further, the ability 

of Bayes B to distinguish quantitative trait 

loci (QTL) from markers that do not affect 

the trait results in a more accurate genomic 

estimated breeding value (especially when 

there are many markers) (Baral et al., 2020). 

This sophisticated model is different to other 

models like GBLUP which assume the 

effects of all markers are normally 

distributed, which can lead to the effects of 

QTLs being diluted through the population 

(Zhang et al., 2021). Moreover, the fact 

Bayes B was efficient under a range of 

marker densities and training population 

sizes (see Table 4 and Table 5) indicates that 

it is suitable for different genomic selection 

studies (Chang et al., 2018). The 

effectiveness of BayesA and BayesB has also 

been reported (Yan et al., 2023). Although 

there are advantages of using multi-trait 

genomic selection models, such as BayesB, it 

has been indicated that it is not always better 

than single-trait models for different traits 

and environments (Guo et al., 2020). But 

other studies have shown that Bayesian 

models with environmental effects or models 

that account for the interactions between 

genotype and environment are even better for 

enhancing the prediction performance in rice 

breeding with various genetic backgrounds 

(Crossa et al., 2025). In fact, the genomic 

selection models used for prediction have a 

large influence on the predictive 

performance, some being better 

(Reproducing Kernel Hilbert Space) than 

other models (GBLUP or BL) for a variety of 

traits and species (Zhang et al., 2023). 

Models of the Bayes alphabet (BayesA, 

BayesB and BayesCπ) are based on different 

priors for marker effects, which may affect 

their predictive performance in some cases 

(Hernández‐Bautista et al., 2020). For 

example, BayesB has a prior on marker 

effects which is a mixture of a point mass at 

zero and a scaled-t density, allowing it to deal 

with situations where only few markers have 

large effects on the trait of interest (Lippolis 

et al., 2024). This prior enables BayesB to 

select markers, shrinking marker effects for 

non-causal markers, and infer large marker 

effects for quantitative trait loci (Alemu et al., 

2023; Ling et al., 2021). This enables BayesB 

to handle marker effects equalisation models, 
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especially in the presence of few markers 

with large effects (Resende et al., 2021). On 

the other hand, methods such as GBLUP and 

ridge regression assume all markers have 

small effects and contribute to the genetic 

variance (equal or normally-distributed 

marker effects), which can result in a loss of 

accuracy in the presence of a few quantitative 

trait loci with large effects (Habier et al., 

2011). Therefore, BayesB is recommended 

for traits with an oligogenic genetic 

architecture as the distinction between "used" 

and "unused" markers is important to 

increase the accuracy of the genomic 

estimated breeding values (and therefore 

increase selection responses) (Mittal et al., 

2017). Finally, the multi-trait Bayesian 

model may be more effective than single-trait 

models, particularly when the traits are 

genetically correlated and create complex 

interactions with the environment (Azevedo 

et al., 2021; Wang & Cheng, 2021). But the 

best model also depends on the genetic 

architecture of the trait as the BayesB 

approach is adequate for a trait with a few 

large-effect quantitative trait loci (QTL) and 

the RR-BLUP approach is suitable for a trait 

with randomly distributed small effects 

(Shamshad & Sharma, 2018). Moreover, in 

general, the Bayesian approaches are better 

than GBLUP for a trait with a few large-

effect quantitative trait loci (Vahedi et al., 

2023). This is because BayesB can better 

estimate the effect of markers assuming that 

there is a certain probability that the effect of 

a SNP is zero, and that means that BayesB 

also carries out variable selection by taking 

out unimportant SNPs from the model 

(Hayashi & Iwata, 2013; Osorio et al., 2021). 

Although GBLUP and RR-BLUP assume 

equal marker variance and might be better for 

traits with many small gene effects, Bayesian 

methods, such as BayesB, assume different 

marker effects and variance and are more 

suitable for large QTLs (Meena et al., 2022). 

This makes BayesB better for prediction 

accuracy in cases where there are large QTLs 

contributing to the variance of a trait than 

infinitesimal models (Guo et al., 2014; Wang 

et al., 2024). In particular, the assumption of 

the infinitesimal model, like RR-BLUP, is 

that marker effects are normally distributed 

and have the same variance, which may not 

be the most suitable for few large genes 

(Lubanga et al., 2021; Tsai et al., 2020).  

CONCLUSION  

In this study, we showed that genetic gain per 

unit time for maize grain yield and drought 

tolerance is higher when using genomic 

selection (GS) compared to traditional 

selection. Bayes B model was the best one 

among nine models in terms of highest 
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accuracy of prediction under optimal (r = 

0.908) and drought (r = 0.834) conditions, 

and a 2.51 Bayes B's success is due to its 

modelling of marker effects as a prior that 

assumes a small number of loci with large 

effects and the remainder with small effects, 

as is expected for complex polygenic traits 

such as yield. year (r = 0.782) prediction 

showed the ability of Bayes B The number of 

individuals used for training the prediction 

model has an asymptotic effect on accuracy, 

with little gain for N > 250 individuals; and 

the effect of marker density on accuracy is 

saturated with 18,500 SNPs, and little is to be 

gained by increasing marker density. The 

computational test showed that GBLUP is the 

best for fast screening (τ_train = 12.4 sec) but 

the longer computation time (τ_train = 52.1 

sec) for Bayes B 
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