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ARTICLE INFO ABSTRACT
Keywords: Selective breeding in aquaculture has traditionally relied on pedigree-based selection to improve economically
Lutjanus malabaricus important traits. However, these methods have limitations, including lower accuracy, pedigree errors, and an

Genomic selection inability to fully capture and exploit within-family genetic variation. Genomic selection (GS) offers a more

(B;fLeIi: precise alternative by leveraging genome-wide single nucleotide polymorphisms (SNPs) to calculate genomic
KA}IIVIL estimated breeding values (GEBVs). This study aimed to optimize GS for Malabar red snapper (Lutjanus mala-

GWAS baricus), a commercially valuable species in Southeast Asia. We evaluated different SNP densities, training
population sizes, and three GS models: GBLUP (genomic best linear unbiased prediction), BayesR (a hierarchical
Bayesian model), and KAML (kinship-adjusted multiple-loci linear mixed model). A total of 2547 snappers from
three rearing sites were phenotyped and genotyped at harvest (~1.5 years of age) using a custom SNP array. Five
traits—body weight (BW), total length (TL), body depth (BD), Fulton’s condition factor (K), and body shape
index (BSI)—were analysed using six SNP densities (500, 1000, 5000, 10000, 30,000, and 56,378 SNPs) selected
randomly, or ranked based on genome-wide association study (GWAS) p-values on body weight. We also tested
six training population sizes (80, 400, 800, 1200, 1600, and 2038 individuals). Prediction accuracy was assessed
via five-fold cross-validation with 10 replicates. Results showed that prediction accuracy improved with larger
training population sizes and higher SNP densities, plateauing at 1200 to 1600 training population size and 5000
SNPs for growth traits. GWAS-ranked SNP subsets significantly outperformed corresponding random subsets in
predicting GEBVs for body weight when the training and test populations were from the same dataset. GBLUP
and KAML achieved similar prediction accuracies for BW and TL (0.45-0.50) and outperformed BayesR
(0.40-0.45). In contrast, BayesR performed better for the other traits, yielding the highest accuracies for BD
(0.62), K (0.78) and BSI (0.71) using the full dataset. GEBVs from GBLUP and KAML were highly correlated
across all traits (>0.95), whereas BayesR showed strong correlations with GBLUP and KAML for BW and BD
(>0.93), moderate correlations for TL and BSI (0.54-0.74), and no significant correlation for K. These findings
suggest that using 5000 SNPs and a training population of 1200-1600 individuals provide a cost-effective bal-
ance between accuracy and efficiency for growth traits when using the GBLUP model. This study offers key
insights for genomic breeding programs in Malabar red snapper, contributing to the sustainability and produc-
tivity of aquaculture in Southeast Asia.
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1. Introduction

Traditional selective breeding in aquaculture is typically pedigree-
based, with families maintained separately until tagging or verified
through DNA parentage (e.g., microsatellite or low-density SNP panels)
(Gjedrem, 2005). Breeding decisions use phenotypes and genetic re-
lationships, often via pedigree-based BLUP to estimate breeding values,
assuming average relatedness from Mendelian expectations (e.g., 50 %
for full siblings, 25 % for half-siblings). This ignores variation from
Mendelian sampling and recombination, limiting precision. Progress is
slow since selection occurs after maturity, and pedigree maintenance is
labor-intensive and error-prone, especially in large or hard-to-tag pop-
ulations. Genomic selection (GS) improves efficiency and accuracy by
using high-density SNP markers to capture linkage disequilibrium with
causal variants (Meuwissen et al., 2001), enabling combined effects of
most QTLs to be estimated and genetic variance among individuals,
including siblings, to be more accurately reflected. GS has proven
effective for traits such as growth in barramundi (Lates calcarifer) (Jerry
et al., 2022) and olive flounder (Paralichthys olivaceus) (Omeka et al.,
2024), growth and sea lice resistance in Atlantic salmon (Salmo salar)
(Tsai et al., 2016; Tsai et al., 2015), bacterial cold-water disease resis-
tance in rainbow trout (Oncorhynchus mykiss) (Vallejo et al., 2017), and
growth in yellowtail kingfish (Seriola lalandi) (Nguyen et al., 2018). GS is
now implemented in a number of high-value finfish, crustaceans and
molluscs,  accelerating  genetic =~ improvement industry-wide
(Abdelrahman et al., 2017; Bangera et al., 2025; D’Agaro et al., 2021;
Houston et al., 2020; Kudinov et al., 2024; Zenger et al., 2019).

Statistical models are central to GS, enabling breeding values to be
estimated by capturing the relationship between markers and traits.
Parametric models include ridge regression, GBLUP, kinship-adjusted
multiple-loci mixed model (KAML), LASSO, and Bayesian regressions,
while non-parametric options include random forest (RF), support vec-
tor machines (SVM), neural networks (NN), and other machine learning
approaches (Abdollahi-Arpanahi et al., 2020; Wang et al., 2022).
GBLUP, the simplest genomic LMM, estimates EBVs from a genomic
relationship matrix (VanRaden, 2008) assuming all SNPs have equal
variance and normally distributed small effects (Dong et al., 2016;
Habier et al., 2007), which suits most polygenic traits but limits accu-
racy for oligogenic traits. KAML integrates GWAS-derived pseudo-QTNs
and trait-specific kinship matrices to accommodate diverse genetic ar-
chitectures (Yin et al., 2020). LASSO assumes additive marker effects but
performs variable selection by shrinking small-effect SNPs to zero.
Bayesian models allow heterogeneous variances and non-normal dis-
tributions of SNP effects; BayesA assigns each SNP a unique variance,
BayesB and BayesCr set some to zero, and BayesR groups SNPs into
large, moderate, small, or negligible effect categories (Moser et al.,
2015), performing well for traits influenced by major genes, such as viral
nervous necrosis (VNN) resistance in European sea bass (Dicentrarchus
labrax) (Griot et al., 2021a), or skewed-effect traits in humans
(Chatterjee et al., 2013). Non-parametric models make no distributional
assumptions, capturing non-linear relationships via decision trees (RF),
kernel functions (SVM), or deep learning (NN). In general, parametric
models excel for additive architectures, while non-parametric models
perform better for traits with epistatic or dominance effects (Abdollahi-
Arpanahi et al., 2020; Howard et al., 2014).

SNP marker density and training population size strongly influence
GS prediction accuracy, cost efficiency, and breeding program out-
comes. Higher SNP density and larger training sets generally improve
accuracy (Griot et al., 2021b) by better capturing LD patterns, but
substantially increase genotyping costs. High-density panels or whole-
genome sequencing offer precise, stable LD detection across genera-
tions, enhancing prediction reliability, yet are often impractical for
large-scale aquaculture due to expense. Low-density panels are more
cost-effective but risk reduced accuracy, particularly for highly poly-
genic traits or in populations with low LD persistence. For instance,
Heath et al. (2010) suggested that low-density SNP panels with low LD
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between markers and QTLs could result in inaccurate predictions of
genetic values for human height. Conversely, in rainbow trout, predic-
tion accuracy was good with only 500 SNPs, attributed to the species’
long-range LD (Vallejo et al., 2018). Moreover, prediction accuracy may
respond differently to changes in SNP density and population size across
statistical models (Wang et al., 2022). Thus, evaluating various SNP
marker densities and training population sizes across various models is
crucial to ensure GS remains both effective and economically viable,
considering the trade-off between genotyping costs and the benefits of
improved prediction accuracy.

Feature selection in genomic prediction involves identifying infor-
mative markers, such as SNPs, that capture most of the genetic variation
for a trait while excluding redundant or irrelevant ones. This can
improve prediction accuracy, reduce genotyping costs, and lower
computational demands (Scutari et al., 2013). However, selected marker
subsets often perform best only under the specific trait, population, or
environment used for training, limiting broader applicability (Massault
et al., 2025). Selecting SNP subsets based on GWAS p-values is a widely
used feature selection approach in genomic prediction (Al-Mamun et al.,
2025; Luo et al., 2021). Common strategies include selecting SNPs with
p-values below predefined thresholds (e.g., 1 x 10°® or 5 x 107%),
choosing the top 100 to 10000 GWAS-ranked SNPs, or incorporating
SNP-SNP interactions identified from GWAS results into GS.

Malabar red snapper (Lutjanus malabaricus) is an emerging aqua-
culture species in Southeast Asia, yet no formal selective breeding pro-
gram currently exists for this species. Our previous studies have
demonstrated significant potential for improving harvest traits such as
growth, body shape and nutritional value through selective breeding
initiatives (Liang et al., 2025; Purushothaman et al., 2025). Building on
this foundation, the present study aimed to explore and optimize GS
approaches to advance genetic improvement programs for Malabar red
snapper. In this study, a total of 2547 Malabar red snappers cultured
across three rearing sites were genotyped using a custom Axiom™
myDesign™ 70K Red Snapper SNP array (ThermoFisher Scientific™).
Harvest traits including body weight (BW), total length (TL), and body
depth (BD) were measured, alongside derived traits such as Fulton’s
condition factor (K) and body shape index (BSI). Three representative
models were selected to evaluate GS performance. GBLUP was included
as one of the most widely used GS models, serving as a standard
benchmark. BayesR was chosen as a representative Bayesian approach,
known to deliver similar or higher accuracy than other Bayesian al-
phabet models (Meher et al.,, 2025; Xu et al., 2021). Pure machine
learning models were excluded because they typically excel at traits
influenced by epistatic or dominance effects, whereas the focal trait in
this study, growth, is primarily governed by additive genetic effects in
many fish species. Instead, KAML was selected to evaluate a LMM
framework augmented with machine learning, to test whether it could
outperform traditional LMM and to explore its potential for more com-
plex traits such as K and BSI. GS was performed across six training
population sizes (80, 400, 800, 1200, 1600, and 2038 samples) and six
SNP marker densities (500, 1000, 5000, 10000, 30,000, and 56,378).
Both random and GWAS-ranked SNP selection strategies were applied to
assess their impact on prediction accuracies. The prediction accuracies
of different combinations of models, SNP densities, and training popu-
lation sizes were analysed and compared to identify the optimal GS
approach for each trait. This study provides critical insights into the
design of future genetic improvement programs for Malabar red snap-
per, with the overall goal of enhancing aquaculture productivity and
marketability in Singapore and the region.

2. Materials and methods
2.1. Fish rearing, phenotyping, and genotyping

This study used the same dataset as Liang et al. (2025), consisting of
genotype and phenotype data from 2547 Malabar red snapper (aged 1.5
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years) for five traits: body weight (BW), total length (TL), body depth
(BD), Fulton’s condition factor (K), and body shape index (BSI). Briefly,
28,000 fingerlings from three hatcheries in Malaysia and Singapore
were stocked in January 2022 at two commercial fish farms in Singapore
(Farm 1: open net cages; Farm 2: flow-through seawater tanks). An
additional 3000 fingerlings from Malaysia were stocked at the Marine
Aquaculture Centre (MAC), Singapore, in July 2022. Fish were reared to
harvest size over approximately 1.5 years according to each farm’s
protocols. Seawater parameters were similar across all sites, with tem-
peratures of 29-31 °C, pH 7.9-8.2, salinity 27-30 ppt, and dissolved
oxygen levels of 6-8 mg/L at Farm 1 and above 5 ppm at Farm 2 and
MAC. Fish were fed commercial pellets containing 43-44 % crude pro-
tein two to three times daily. A total of 956 fish from Farm 1, 955 from
Farm 2 (sampled in May 2023), and 668 from MAC (sampled in
November 2023) were collected for phenotyping and genotyping prior
to harvest. BW and TL were measured using a Biomark® phenotyping
station, while BD was assessed from standardized photographs using
ImageJ (Schneider et al., 2012). Spinal deformities were recorded as a
binary trait. Fulton’s condition factor (K) was calculated as K = (10° x
BW(g)) / TL(mm)® (Fulton, 1904), and body shape index (BSI) was
derived using BSI = (10 x BD(mm)) / TL(mm) (Domingos et al., 2021).
For genotyping, fin clips from all 2579 fish were submitted to Neogen
(New Zealand) for DNA extraction and analysis using a custom Axiom™
myDesign™ 70 K Red Snapper SNP array (ThermoFisher Scientific™).
Genotyping was conducted on the GeneTitan™ MC Instrument
following the Axiom™ Propel XPRES 384HT Workflow. A total of 2547
samples (98.8 %) passed quality control thresholds (DQC > 0.82, call
rate > 0.97), including 946 from Farm 1, 948 from Farm 2, and 653 from
MAC. SNP filtering using Axiom Analysis Suite 5.3 and PLINK 2.0
retained 56,378 high-quality SNPs (79.5 % of the initial 70,874) for
downstream analyses. In summary, the full dataset comprised pheno-
type data for five traits and genotype data for 56,378 SNPs from 2547
samples. Both rearing site and deformity status were included as fixed
effects in all statistical models to account for environmental differences
across the three sites, thereby enabling more accurate and unbiased
comparisons of traits and genomic predictions across the combined
dataset. To examine the population structure of fish reared at the three
sites, principal component analysis (PCA) was conducted using PLINK
2.0 (www.cog-genomics.org/plink/2.0/), and the results were visual-
ized in R with ggplot2 (Wickham, 2016).

2.2. Genome-wide association study

In this study, within-population GS refers to scenarios where the
training and test sets are derived from the same dataset, whereas across-
population GS involves the use of distinct datasets for training and
testing. To evaluate the effectiveness of GWAS-ranked SNP subsets in
both contexts, two separate GWAS analyses were performed for the body
weight trait under the following scenarios: Scenario I represented
within-population GS. Here, 80 % of individuals from the full dataset
were randomly assigned to the training set, and the remaining 20 %
formed the test set. GWAS was conducted using the entire dataset to
rank SNPs based on association with body weight. Genomic estimated
breeding values (GEBVs) were then predicted for the test set, with
phenotypes masked during prediction. GS accuracy was assessed by
correlating predicted GEBVs with observed phenotypic values. Scenario
II encompassed both within- and across-population GS. In this case, 80
% of individuals from Farm 1 and Farm 2 were used as the training set,
while two independent test sets were defined: (1) the remaining 20 % of
individuals from Farm 1 and Farm 2 (Test Set 1, representing within-
population prediction), and (2) the entire MAC population (Test Set 2,
representing across-population prediction). GWAS was performed
exclusively on individuals from Farm 1 and Farm 2 to rank SNPs,
ensuring that SNP selection for Test Set 2 originated from a genetically
distinct population, thus simulating an across-population prediction
framework.

Aquaculture 613 (2026) 743314

Both GWAS analyses employed the GCTA-LOCO (leave-one-chro-
mosome-out) method to identify significant QTLs and rank SNPs based
on p-value for subsequent subset selection (Yang et al., 2014). The
GWAS was conducted using a univariate LMM, where phenotypes were
modelled as:

y=a+bx+g +e (@D

In this model, y represents the vector of phenotypes (body weight), a
is the mean term, and b represents the additive effect (fixed effects) of
the candidate SNP being tested for association. The SNP genotype in-
dicator variable, x, is coded as 0, 1 or 2. The term g~ represents the
cumulative effect of all SNPs, excluding those located on the chromo-
some containing the candidate SNP, with the var(g~) re-estimated each
time a chromosome is omitted during the GRM calculation. Lastly, e
represents residual error. The leave-one-chromosome-out approach was
applied to minimize confounding effects by recalculating the GRM for
each chromosome, excluding SNPs on the chromosome being analysed.
SNP effects for each chromosome were independently estimated using
phenotypic and genotypic data, with the GRM derived from the
remaining chromosomes. SNP associations with body weight were
tested using a likelihood ratio test, and p-values were corrected for
multiple testing using the Bonferroni method. A genome-wide signifi-
cance threshold was determined using the Bonferroni correction, which
adjusts the significance level (0.05) by dividing it by the total number of
quality-control filtered SNPs (~56K), to identify statistically significant
associations (Kaler and Purcell, 2019). The distribution of association p-
values was visualized using Manhattan plots to identify significant SNPs
and assess trends across the genome. Significant SNPs were further
analysed by aligning the extended DNA sequence of each significant SNP
(10000 bp to both flanking regions) against the NCBI core nucleotide
database using BLASTN 2.16.1+ (Zhang et al., 2000) to identify po-
tential candidate genes.

2.3. Creating various SNP marker densities and training population size
subsets

To evaluate the effects of SNP marker density and training popula-
tion size on GEBV prediction accuracy, six marker densities (500, 1000,
5000, 10000, 30,000, and 56,378 SNPs) and six training population
sizes (80, 400, 800, 1200, 1600 and 2038 individuals) were tested. The
highest density and largest training population corresponded to the full
dataset, while the other values were selected based on a preliminary
GBLUP analysis of body weight. In this analysis, a broad range of arbi-
trarily chosen values was screened to identify representative points that
captured the overall trend in prediction accuracy and the plateau at
which further increases offered little improvement. The chosen SNP
densities also reflect the range of commercial array options: from low-
and medium-density arrays, which are more affordable, to the more
expensive high-density array used in this study, thereby covering a
realistic spectrum of costs and marker resolutions. For SNP marker
density evaluations, the full sample dataset (n = 2547) was used for all
SNP subsets, while for population size evaluations, the full SNP dataset
(n = 56,378) was used for all population subsets. Two series of SNP
subsets were generated based on different selection criteria: random
SNP subsets and GWAS-ranked SNP subsets. In the random selection
approach, SNPs were sampled from the full dataset without replacement
to match the designated densities, ensuring even coverage across the
genome and enabling direct comparison of prediction performance
across densities by minimizing other sources of variation. To account for
stochastic variation in SNP effect, the random sampling process was
repeated five times for each marker density. In the GWAS-ranked
approach, SNPs were ordered according to their significance levels (p-
values) from the GWAS of body weight trait using the full dataset, and
subsets were constructed by sequentially selecting the most significant
markers to match the designated densities. Populations of varying sizes
were created by randomly subsetting the full dataset, with a single
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random subset generated for each designated size. All SNP and training
populations subsets were evaluated with three models to predict GEBVs:
GBLUP, BayesR, and KAML. For the analyses comparing within- and
across-population prediction, Random 5000 SNP Replicate 1 subset was
used, along with GWAS-ranked 5000 SNPs selected based on the GWAS
of body weight traits using only Farm 1 and Farm 2 data.

2.4. Statistical GS models

The SNP effects and GEBVs were calculated using SNP genotype data
with three different GS models: GBLUP, BayesR, and KAML. these
environmental differences were accounted for in the analysis by
including farm as a fixed effect in the statistical models. This approach
helps control for environmental variation across farms, ensuring more
accurate and unbiased comparison of growth traits and genomic pre-
dictions across the combined dataset.

2.5. GBLUP

GBLUP was performed using average information restricted
maximum likelihood (AIREMLF90) algorithm in BLUPF90 (Misztal
et al., 2002) fitting the single-trait animal model as described in Eq. (2):

y:X/)’+Zg+ewithg~N<0, Go';) and e ~ N(0,16?) (2)

where y is a vector of observed phenotypic values (i.e., five traits), X is a
fixed effects design matrix (including rearing site with three levels and
deformity status with two levels), and f is a vector of fixed effect co-
efficients. Z is a random effects design matrix, g represents the additive
genetic effect of each individual, whereby G is the genomic relationship
matrix generated by VanRaden method (VanRaden, 2008) and e is a
vector of residuals. GBLUP model captures genetic variance solely
through the random effect Zg and assumes all SNPs have equal contri-
butions to phenotypic variance.

2.6. BayesR

Phenotypes are modelled to relate to markers using a univariate
mixed model:

¥ =1+ Wa+Xp+ewith e ~ N(0,Ic?) 3)

where y is a vector of observed phenotypic values, 1, is a vector of ones
of length n, and y represents the overall mean. The matrix W contains
covariates associated with fixed effects, with their corresponding effects
represented by a. The matrix X is an n x p matrix containing genotypes
coded as 0, 1, or 2 copies of the reference allele, and f is the vector of
SNP effects. The residual term e is an n-dimensional vector distributed as
e ~ N(0,I62), where I is an n x n identity matrix, and o2 represents the
residual variance. BayesR assumes that the SNP effects f follow a
mixture of normal distributions with varying variances, representing
SNPs with large, moderate, small, or no effects on the trait, as in Eq. (4):
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Carlo (MCMC) approach, employing a Gibbs sampling scheme to derive
values from each parameter’s conditional posterior distribution. In this
study, PLINK2 (Chang et al., 2015) was used to convert genotype data
into the suitable format for analysis with BayesR software (https://gith
ub.com/syntheke/bayesR). All analyses were conducted with a chain
length of 50,000, using the first 20,000 samples as burn-in. Posterior
parameter estimates were obtained from 30,000 samples by selecting
every 10th sample (thinning) after the burn-in phase to reduce auto-
correlation and storage requirements, ensuring that the remaining
samples are more independent and representative of the true posterior
distribution. BayesR incorporates prior probabilities for each SNP effect
category, facilitating Bayesian inference to estimate posterior distribu-
tions of the model parameters.

2.7. KAML

KAML extends Eq. (2) by incorporating pseudo QTNs (Q) as cova-
riates and optimizes a SNP-weighted kinship matrix (K,,) for the random
effect to better account for the remaining genetic variance, as described
in Eq. (5):

y = Xb+Qq+Zu+e with y ~ N(O,Kwag) and e ~ N(0,102) 5)

where q represents the vector of fixed effects associated with the co-
variate matrix Q. Machine learning techniques including cross-
validation, multiple regression, grid search, and bisection algorithms
are used to optimize parameters for pseudo QTNs and K,,. In this study,
PLINK2 (Chang et al., 2015) was used to convert genotype data into the
suitable format for analysis with KAML package (https://github.
com/YinLiLin/KAML) in the R environment (R Core Team 2024).
KAML.Impute function was used to impute missing values in the geno-
type, and GWAS was performed using a Mixed Linear Model (MLM) with
5-fold cross-validation and 5 replicates to determine optimal parameters
for pseudo QTNs and SNP weights within the KAML package.

2.8. Evaluation of GS accuracy

Prediction accuracies for each trait were assessed using a repeated
five-fold cross-validation (CV) procedure with 10 independent repeti-
tions, yielding a total of 50 CV runs per trait to account for stochastic
variation. In each repetition, individuals with both phenotypic and
genotypic data were randomly partitioned into five equal folds; in each
fold, one subset (20 %) served as the validation set with phenotypes
masked, and the remaining four subsets (80 %) formed the training set
for GEBV prediction. To evaluate the impact of within- and across-
population predictions on accuracy, the same five-fold CV procedure
with 10 independent repetitions was applied using the GBLUP model
with 5000 randomly selected SNPs. In each repetition, 80 % of the
combined Farm 1 and Farm 2 populations were used as the training set
to predict the remaining 20 % of Farm 1 and Farm 2 populations (rep-
resenting within population prediction), as well as 100 % of the MAC
population (representing across population prediction). Phenotypes for
all validation individuals were masked prior to model fitting. For across-

p(ﬂj\m a§> - N(o,o x ag) 7y x N(o, 104 x a§> 7 X N(o, 103 x ag) g X N(O, 102 x 6§> )

where ag represents the additive genetic variance explained by SNPs,
with sparsity incorporated by setting the effect and variance of the first
mixture component to zero. 7 represents the proportion of different SNP
effects and constrained to be positive and sum to unity. The unknown
parameters (u, 7, f3, og, 02) were estimated using a Markov Chain Monte

population prediction using GWAS-ranked 5000 SNP subset, a pre-
liminary analysis using all Farm 1 and Farm 2 individuals as the training
set yielded zero accuracy for predicting the MAC population. Thus, no
further cross-validation was performed for this subset.

The heritability (h2> was estimated using the GBLUP model applied
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to the full dataset and is defined as:

62

n? =% 6
oz + 07 ©

To determine the prediction accuracy of GEBVs, Pearson correlation
coefficient between the predicted GEBVs and the deviation of observed
phenotypes from the population mean was calculated. Notably, this is
mathematically equivalent to the correlation between the predicted
GEBVs and the observed phenotypes. The result was then divided by the
square root of heritability (Vh2) as shown in Eq. (7):

cor(y, GEBV)
V2

A common h? value, derived from GBLUP using the full dataset for
each trait, was uniformly applied across all models, training population
sizes, and SNP marker densities for the corresponding traits. The values
for h? were 0.29 for BW, 0.30 for TL, 0.39 for BD, 0.21 for K, and 0.33 for
BSI, as reported in Liang et al. (2025). This approach ensured consis-
tency and provided a standardized benchmark for evaluating GEBV
prediction accuracy across traits and models. Negative prediction ac-
curacies were set to zero, as accuracy cannot be below zero. Accuracy
results were averaged across cross-validation folds and replicates, then
compared across different marker densities, population sizes, selection
strategies, and models. To quantify uncertainty, 95 % confidence in-
tervals for prediction accuracies were calculated using Fisher’s z-trans-
formation, where correlation coefficients were first transformed to z-
scores, standard deviations were derived, and intervals were subse-
quently back-transformed to the correlation scale.

)

Accuracy =
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2.9. Cost-accuracy trade-off analysis

To support practical implementation in breeding programs, predic-
tion accuracy was plotted against per-sample genotyping cost for each
SNP density. Genotyping costs for reference SNP panel sizes were ob-
tained from the literature, with reported prices of €7.5 per sample for
300 SNPs, €15 per sample for 3000 SNPs, and €20 per sample for 57,000
SNPs (Fraslin et al., 2023). These reference values were converted to US
dollars and subsequently used to estimate the costs of intermediate SNP
densities (600, 1200, 6000, 12,000, 37,000, and 70,000), which
approximately correspond to the 500, 1000, 5000, 10000, 30,000, and
56,378 high-quality SNPs retained after quality control in this study.
Log-linear interpolation between the nearest reference points was
applied to derive per-sample costs for each density. This approach was
selected because in array-based genotyping, small SNP panels are rela-
tively expensive per SNP, while adding more SNPs increases the total
per-sample cost at a progressively smaller rate. Log transformation of
the cost data provides a smooth, approximately linear relationship
suitable for interpolation, reflecting the diminishing incremental cost of
additional SNPs. The interpolated costs were then combined with
observed prediction accuracies to generate the cost-accuracy trade-off
curve.

To describe this relationship quantitatively, a logarithmic regression
model was fitted with prediction accuracy as the response variable and
the natural logarithm of per-sample genotyping cost as the predictor.
The fitted model follows the equation:

Prediction accuracy = f, + 5, ® In(Cost_USD) ®

Distribution of phenotypes in Malabar red snapper
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H
&

=
LN

Percentage of frequency
()]

Body weight (g)

Percentage of frequency
(=]

® P 0 0 P O D P O

Percentage of frequency

Body shape index

Percentage of frequency

\’q% ,L'LQ 1&0 ,LQ,‘) qu) 3\0 ,))'5(3 ,})c)(') ,ﬂ‘) O 00

Total Length (cm)

Percentage of frequency

Fulton's condition factor K
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where f, is the intercept and f; is the slope. The model was visualized as
a blue dashed line in the cost-accuracy figure, with the R? value indi-
cating the proportion of variance in prediction accuracy explained by
genotyping cost.

3. Results
3.1. Descriptive statistics of morphometric traits

The distribution of harvest traits in Malabar red snapper, including
BW, TL, BD, K, and BSI is illustrated in Fig. 1. The histogram for BW
displayed a unimodal distribution with a slight right skew, where most
individuals weighing between 412 g and 858 g. TL exhibited a slightly
left-skewed unimodal pattern, with the majority of values ranging from
288 mm to 366 mm. BD shows a relatively symmetrical distribution,
with measurements concentrated between 101 mm and 130 mm. K
demonstrated a moderately peaked distribution, with most values lying
between 1.5 and 2.0, indicating consistent body condition across the
population. BSI displayed a narrow, symmetric distribution, with values
centred around 3.6.

The PCA plot of red snapper from the three rearing sites is presented
in Supplementary Fig. 2. Fish from Farm 1 and Farm 2 showed com-
plete overlap, reflecting their shared origin and random distribution
between the two farms. In contrast, only a small fraction of MAC fish
overlapped with Farm 1 and Farm 2, indicating genetic divergence.
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3.2. Significant SNP associations identified via GWAS

Manhattan plots illustrating the GWAS results for BW, TL, BD, K and
BSI are shown in Supplementary Fig. 1. Two SNPs (SNP ID: AX-
686371523 and AX-686370822) reached the suggestive significance
threshold and potentially associated with body weight in Malabar red
snapper. Both SNPs were on Scaffold 8 with position of 17,153,291 bp
and 23,015,586 bp respectively (unpublished data). BLAST analysis of
the DNA sequences within a 10000 bp region surrounding the significant
SNPs revealed that SNP AX-686371523 aligned with the rho GTPase-
activating protein 42 gene in a couple of fish species such as striped
seabass Morone saxatilis and European seabass Dicentrarchus labrax,
while SNP AX-686370822 corresponded to the microsatellite sequence
MiSaTPW112 in largemouth bass Micropterus salmoides.

3.3. GS accuracies across different models, training population sizes and
SNP marker densities

Overall, genomic prediction accuracies for growth-related traits (i.e.,
BW, TL, and BD) ranged from 0.40 to 0.62 using full dataset across the
three GS models. BayesR outperformed other models for ratio traits (i.e.,
K and BSI), achieving accuracies of 0.76 for K and 0.74 for BSI with the
full dataset. The effect of training population size on prediction accuracy
is illustrated in Supplementary Table 1 and Fig. 2. To minimize po-
tential bias in the GS model due to low minor allele frequency (MAF) and
monomorphic SNPs, we ensured that the MAF in the smallest training
population (80 samples) ranged from 0.07 to 0.5, a range considered
acceptable for genomic prediction. While this small training population
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Fig. 2. Accuracy of estimated breeding values using BayesR, GBLUP, and KAML models for body weight, total length, body depth, Fulton’s condition factor, and body
shape index across different training population sizes (i.e., 80, 400, 800, 1200, 1600, and 2038 samples) in Malabar red snapper. Each boxplot represents the average
accuracy across 50 replicates. The boxes indicate the interquartile range (IQR) from the 25th to the 75th percentile, the line inside the box represents the median
(50th percentile), and the whiskers extend to the smallest and largest data points within 1.5 x IQR from the lower and upper quartiles. Dots outside the whiskers
represent outliers, which are values that fall beyond 1.5 x IQR from the quartiles. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)
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Fig. 3. Accuracy of estimated breeding values using BayesR, GBLUP, and KAML models for body weight, total length, body depth, Fulton’s condition factor, and body
shape index as a function of different SNP marker densities (i.e., 500, 1000, 5000, 10000, 30,000, and 56,378 SNP markers) in Malabar red snapper. SNP subsets were
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Each boxplot represents the average accuracy across replicates (250 for random subsets and 50 for GWAS-ranked subsets). Boxes indicate the interquartile range
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within 1.5 x IQR from the lower and upper quartiles. Dots outside the whiskers represent outliers, which are values that fall beyond 1.5 x IQR from the quartiles.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

size resulted in poor predictions, accuracy improved consistently with
increasing training population sizes across all models, reaching a
plateau at 1600 samples. For example, GEBV prediction for body weight
increased from approximately 0.22-0.25 with 400 samples to 0.45-0.50
with 2038 samples across all models. Standard deviations of accuracy
also decreased from 0.17 to 0.41 with 400 samples to 0.07-0.08 with
2038 samples, indicating greater stability in predictions. The effect of
SNP marker density on prediction accuracy is illustrated in Supple-
mentary Table 2 and Fig. 3. For random SNP subsets, generally the
accuracy increased with denser SNP sets, plateauing beyond 5000 SNPs.
For instance, GBLUP and KAML achieved an accuracy of 0.5 for body
weight using 56,378 SNPs, compared to 0.36-0.37 with 500 SNPs. The
analysis also compared random SNP subsets with GWAS-ranked subsets
for within-population GS. For growth-related traits, GWAS-ranked sub-
sets consistently outperformed random subsets, improving prediction
accuracy by more than twice for lower SNP densities such as 500 and
1000 SNPs. However, for ratio traits, the accuracy of GWAS-ranked
subsets was just a bit higher than random subsets. Overall, the results
indicate that prediction accuracy is influenced by both training popu-
lation size and SNP marker density, with larger datasets and denser SNP
sets yielding higher accuracy. Finally, within-population genomic pre-
diction yielded higher accuracy than across-population prediction for all
traits studied when using GBLUP with the random 5000 SNPs subset
(Fig. 4 and Supplementary Table 3). Although the GWAS-ranked 5000
SNP subset yielded high prediction accuracy in within-population
genomic selection, it failed to produce meaningful predictions in the
across-population context, resulting in zero prediction accuracy. These
values are not presented in Fig. 4 due to their null outcome. This finding
underscores the limited generalisability of GWAS-ranked SNP panels

when applied to genetically distant populations.

Correlation of prediction accuracies among BayesR, GBLUP, and
KAML GS models across five harvest traits is shown in Fig. 5. GBLUP and
KAML showed consistently high correlations across all traits, with co-
efficients exceeding 0.95, indicating strong agreement in their ability to
predict EBVs. In contrast, BayesR exhibited variable correlations with
GBLUP and KAML depending on the trait. For BW and BD, BayesR
demonstrated high correlations with both models, exceeding 0.93,
suggesting similar predictive performance for these growth traits.
However, for TL and BSI, the correlations were moderate, ranging from
0.54 to 0.74, indicating some divergence in predictions relative to
GBLUP and KAML. Notably, no significant correlation was observed
between BayesR and the other two models for K, reflecting differences in
how BayesR captures genetic variation for this ratio-based trait. These
findings highlight that while GBLUP and KAML perform similarly across
traits, BayesR may better account for specific genetic architectures,
particularly for ratio traits like K and BSI.

3.4. Cost-accuracy trade-off analysis

Results are shown in Fig. 6. While the prediction accuracy increased
with SNP density and plateaued beyond 5000 SNPs, the cost-accuracy
curve indicates that moderate-density panels (5000-10000 SNPs) ach-
ieve a practical balance between genotyping cost (US$ 18.8-20.1 per
sample) and predictive performance (0.48-0.49), with minimal addi-
tional gain from very high-density panels.
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Fig. 4. Comparison of within- and across-population genomic prediction accuracies for body weight, total length, body depth, Fulton’s condition factor (K), and body
shape index, using random SNP subsets. Mean prediction accuracies are shown based on 50 replicates, with error bars representing standard deviations. Prediction
accuracies obtained using GWAS-ranked SNP subsets were zero in the across-population scenario and are therefore not displayed.

4. Discussion

Our previous study demonstrated that the h? of growth traits in
Malabar red snapper (L. malabaricus) ranged from 0.29 + 0.03 to 0.39 +
0.05, and the h? of body shape traits was 0.21 + 0.03, indicating that
both can be improved through selective breeding programs (Liang et al.,
2025). GS offers a powerful tool for enhancing breeding programs in
aquaculture. Optimizing GS strategies is crucial for its effective imple-
mentation, particularly in emerging species such as L. malabaricus in
Southeast Asia. Although reducing SNP density and training population
size lowers genotyping costs, it often comes at the expense of accuracy,
requiring a careful balance between cost efficiency and genetic gain.
This study evaluated the efficiency of GS methodologies for improving
key harvest traits (i.e., BW, TL, BD, K, BSI) by comparing multiple
models, SNP marker densities, and training population sizes. Our find-
ings identified 5000 SNPs as the optimal marker density and 1200 in-
dividuals as the optimal training population size, with GBLUP being the
most accurate and efficient GS model for improving growth traits in L.
malabaricus. These results provide a practical framework for enhancing
genetic improvement in Malabar red snapper breeding programs while
minimizing costs.

A larger training population generally enhances both prediction ac-
curacy and stability (i.e., lower standard deviations across replicates).
Our results showed that the full dataset consistently outperformed other
subsets, achieving the highest prediction accuracy and stability across
all models and traits. However, the relationship between accuracy and
training population size varied uniquely across different models and
traits. For BW trait, the accuracy of GBLUP plateaued with the 1600
training population size, while the accuracy of BayesR and KAML further
improved when training population increased from 1600 to 2038 in-
dividuals. For TL and BD trait, the accuracy of GBLUP and KAML pla-
teaued with 1600 training population size, while the accuracy of BayesR

further improved when training population size increased to 2038. In
both cases, BayesR required a larger training population to reach the
best performance. According to the literature, prediction accuracy in
aquaculture breeding programs typically plateau when the training
population size exceeds 4000 individuals (Dagnachew and Meuwissen,
2019; Lillehammer et al., 2013). While this threshold could not be tested
in this study due to limited sample size, the findings highlight the
importance of continuously collecting genotype and phenotype data as
the selective breeding program progresses. Regular updates to perfor-
mance records and an expanding dataset are critical for improving
prediction accuracy over time. For Malabar red snapper, an initial
training population of 1200 individuals is expected to provide a
reasonable level of prediction accuracy with GBLUP and 56K SNPs for a
selective breeding program targeting growth traits. Interestingly, the
prediction accuracy for K and BSI decreased when training population
increased from 1200 to 1600 for all models. This is likely due to the
complex genetic architecture and non-linear ratio nature of K and BSI
traits, as well as possible interactions between loci, non-additive effects,
and environmental influences, which make K and BSI more challenging
to model. As a result, increasing the training population size may not
necessarily increase the prediction accuracy, because larger training
population sizes might capture more noise or genetically distant sam-
ples. Nevertheless, the full dataset of 2038 samples still yielded the best
accuracy for K and BSI for all models considering both accuracy and
standard deviation.

Careful optimization of SNP densities can balance cost with predic-
tion accuracy. In the present study, prediction accuracy showed minimal
improvement beyond a density of 5000 SNPs across all traits and models
for random SNP subsets, indicating that 5000 SNP markers were suffi-
cient for retaining high prediction accuracy. Using a low-density SNP
panel, such as a 6K SNP array that retains approximately 5000 high-
quality SNP markers after quality control, can reduce genotyping costs
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by approximately 20 % compared to the current 70K SNP panel (Fig. 6),
while resulting in only a minor reduction in accuracy of 4 %. This trade-
off makes it a cost-effective option for commercial breeding programs.
Our findings are consistent with previous studies in other aquaculture
species. In European sea bass (Dicentrarchus labrax) and gilthead sea
bream (Sparus aurata), SNP densities ranging from 3000 to 6000 were
reported to be optimal for genomic prediction of resistance to VNN and
vibriosis (Griot et al., 2021b). Similarly, a SNP density of 4000 was
found to be sufficient for accurate genomic relationship estimation in
black tiger shrimp Penaeus monodon (Guppy et al., 2020), while genomic
prediction accuracy for body weight in barramundi plateaued at den-
sities between 5000 and 10000 SNPs (Massault et al., 2025). In Atlantic
salmon, a density of 5000 SNPs was previously reported as optimal for
predicting host resistance to sea lice (Tsai et al., 2016). In contrast,
Kriaridou et al. (2020) reported that SNP densities of 1000 to 2000 were
able to achieve similar accuracies to those obtained with higher SNP
densities (7000 to 10000 SNPs) across several species and traits such as
amoebic gill disease in Atlantic salmon, growth traits in Common carp
Cyprinus carpio, pasteurellosis in Sea bream Sparus aurata, and ostreid
herpesvirus resistance in Pacific oyster Crassostrea gigas. The variation in
optimal SNP densities may stem from differences in trait genetic archi-
tecture, population structure, and LD patterns (e.g., the relevance of
SNPs to the traits) across traits, species, and populations. This
complexity makes it challenging to define a universally optimal SNP
subset for GS. Furthermore, GWAS-ranked SNP subsets consistently
outperformed corresponding random SNP subsets to predict growth-
related traits such as BW, TL, and BD for within-population GS, while
showing comparable performance to random SNP subsets for other traits
like K and BSI. This suggests that although GWAS-based SNP selection
can enhance prediction accuracy, its effectiveness is highly trait-
dependant and may be less effective for traits which are not highly
genetically correlated to the trait which GWAS was conducted on. This
finding is consistent with a previous study on barramundi, where GWAS-
ranked SNPs based on body weight enhanced genomic prediction for
body weight but not for other traits such as K and BSI (Massault et al.,
2025). In addition to GWAS-based SNP selection, there are other ap-
proaches which can enhance GS accuracy, ranging from simple filtering
techniques, such as removing uninformative or redundant SNPs based
on variance thresholds or LD pruning, to more advanced algorithms like
Elastic Net, BayesA, LASSO, and gradient boosting machine (GBM).
Several specialized tools and algorithms have also been developed for
optimisation of SNP selection, including GMStools (Jeong et al., 2020)
and machine learning-based approaches such as incremental feature
selection using random forests (Heinrich et al., 2023). These methods
and tools offer valuable opportunities for further optimizing genomic
prediction in Malabar red snapper.

A practical question when designing a low-density SNP panel for
cost-effective applications is whether random or GWAS-ranked SNP
subsets should be used. In this study, across-population prediction an-
alyses showed that while the random 5000 SNP subsets provided
reasonable accuracy for predicting GEBVs in the MAC dataset using
Farm 1 and Farm 2 as the training set, GWAS-ranked 5000 SNP subsets
resulted in zero prediction accuracy for the MAC dataset under the same
training conditions. This is likely because most GWAS signals represent
SNPs, which are markers in high linkage disequilibrium with, but not
identical to, the underlying causal variants. The PCA plot further high-
lighted genetic differentiation between MAC population and the com-
bined Farm 1 and Farm 2 populations. Differences in allele frequencies
and LD patterns between populations can weaken the ability of SNPs
prioritised in one population to capture the underlying causal variants in
another. In addition, GWAS-based selection in a population can capture
environmental associations that do not generalize across populations or
production environments. Even when causal variants are shared,
genotype-by-environment (G x E) interactions can modify effect sizes
between rearing sites, further reducing cross-population predictive
power. Consequently, SNPs selected via GWAS for body weight in Farm
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1 and Farm 2 are unlikely to be informative for MAC fish. This explains
why the top 5,00 GWAS-ranked SNPs achieved high within-population
accuracy 0.81-0.97 for growth traits with GBLUP) but failed to deliver
predictive accuracy across genetically distinct populations. Therefore,
when designing low-density SNP chips, random 5000 SNPs offer broader
compatibility with genetically distant or unknown samples, whereas
GWAS-ranked SNPs are better suited for within-population predictions
as part of a targeted feature selection approach. Several strategies may
help overcome the limited transferability of prediction accuracy across
populations. Expanding the training population to include individuals
from multiple populations can capture a broader spectrum of genetic
variation, thereby producing more robust prediction models. This
approach has been shown to improve prediction accuracy in plants when
combining data from three distinct populations (Sverrisdottir et al.,
2018) and in pigs, where joint genomic prediction across populations of
the same breed with certain genetic links further enhanced accuracy
(Zhou et al., 2019). However, differences in phenotypic distributions, LD
patterns, heritability, and genetic variance across populations may
constrain the effectiveness of a combined reference population. An
alternative solution is the development of multi-population GS models
that explicitly account for population structure by treating the same trait
in different populations as distinct but genetically correlated traits. In
this framework, multi-population prediction is formulated as a multi-
trait problem, leveraging between-population genetic correlations to
improve predictive performance. Evidence suggests that such ap-
proaches outperform conventional multi-population models that simply
pool populations together (Teng et al., 2024). Another complementary
strategy involves constructing reference panels across populations and
optimizing the relative proportion of each to prevent large populations
from dominating prediction outcomes, thereby improving cross-
population prediction accuracy (Zhou et al., 2025). Furthermore,
various strategies can optimize the use of low-density SNP markers in
genetic breeding programs. These include applying GS within families
(Lillehammer et al., 2013), imputing low-density SNPs to high-density
(Tsai et al., 2017), using SNP subsets identified by machine learning
(Li et al., 2018), increasing MAF thresholds, and selecting evenly spaced
markers (Robledo et al., 2018). These approaches could serve as po-
tential avenues for further refining GS in Malabar red snapper.
Furthermore, our results demonstrated that within-population predic-
tion accuracies were consistently higher than those of across-population
predictions for all traits when using 5000 randomly selected SNPs. For
example, the accuracy of predicting body weight in the MAC population
using data from Farm 1 and Farm 2 was only 64 % of the accuracy ob-
tained when predicting body weight within the combined Farm 1 and
Farm 2 populations. This reduction in predictive performance is likely
due to the lower genetic relatedness between the MAC population and
those from Farm 1 and Farm 2, as well as the presence of moderate G x E
interactions between these rearing sites (ranging from 0.45 to 0.60), as
reported in our previous study (Liang et al., 2025). These findings are
consistent with previous studies showing lower accuracies for across-
population predictions of host resistance to sea lice in Atlantic salmon
(Tsai et al., 2016). To maintain high accuracy, across-population pre-
dictions would require a higher SNP density to better capture genetic
variation (Kriaridou et al., 2020). Additionally, our results showed that
the difference in prediction accuracy between within-population and
across-population GS was more pronounced for traits with lower heri-
tability (Supplementary Table 3), consistent with findings from a
previous study in silico (de Roos et al., 2009).

Comparing genomic selection models is crucial for determining the
most effective approach for predicting key aquaculture traits. In this
study, both KAML and GBLUP outperformed BayesR in predicting BW
and TL across all SNP marker densities and training population sizes.
While KAML incorporated GWAS and machine learning for a more
comprehensive SNP selection approach, its accuracy remained compa-
rable to GBLUP for the traits analysed. This similarity is likely due to
both models utilizing LMM, with KAML’s additional selection methods
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providing no significant advantage for traits with a predominantly
polygenic architecture, as indicated by GWAS results. In fact, most traits
targeted for selection in aquaculture follow a polygenic inheritance
model, including growth rate (Houston et al., 2009), salinity tolerance
(Norman et al., 2012), and spawning time (Colihueque et al., 2010);
while a limited number of major QTLs have been identified and applied
in marker-assisted selection (MAS) programs, such as those associated
with sexual maturation in Atlantic salmon (Ayllon et al., 2015; Barson
et al., 2015) and resistance to infectious pancreatic necrosis (IPN) in
Atlantic salmon (Houston et al., 2012). Given that KAML requires sub-
stantially greater computational resources, GBLUP emerges as the more
efficient choice for predicting BW and TL breeding values in Malabar red
snapper.

In contrast, although BayesR required more computational resources
than GBLUP, it outperformed both GBLUP and KAML in predicting EBVs
for BD and demonstrated significantly stronger performance in pre-
dicting EBVs for K and BSIL. Body shape traits, including K and BSI, are
generally influenced by a combination of many loci with small effects
and a few major QTLs of moderate-to-large effect (Reid and Peichel,
2010), and involve dominant and epistatic interactions (Husemann
etal., 2017). For example, in cichlid fishes, 34 major QTLs were found to
explain 3.2-8.6 % of phenotypic variation in body shape, alongside
numerous small-effect loci (DeLorenzo et al., 2023). This genetic ar-
chitecture aligns well with the BayesR framework, which models SNP
effects as a mixture of four distributions representing no effect, small,
medium, and large effects, thereby enabling it to capture a spectrum of
variant influences from negligible to substantial. In contrast, GBLUP
assumes that all SNPs contribute equally small additive effects, which
can limit its ability to capture large-effect variants. The advantage of
BayesR in such scenarios has also been reported in plant and livestock
species, particularly for traits influenced by rare or large-effect variants
(Zhang et al., 2019). This likely explains BayesR’s superior performance
for K and BSI in our study, where the underlying genetic architecture
appears to fit this mixed-effect model.

Furthermore, previous studies have shown that low heritability
generally leads to reduced prediction accuracy (D’Agaro et al., 2021;
Nirea et al., 2012; Vela-Avitta et al., 2015). In this study, the prediction
accuracy of different traits across all GS models followed a similar trend.
However, an exception was observed with BayesR, which achieved a
high accuracy of 0.78 for K despite its lower heritability (hz = 0.21)
when compared to other traits such as body weight (h%, = 0.29)
(Supplementary Table 1 and Supplementary Table 2). This likely
reflects BayesR’s ability to extract meaningful predictive information
from genomic regions with moderate-to-large effects, and its potential
usefulness for traits with lower heritabilities.

GWAS is a widely used method for identifying SNPs and genes
associated with economically important traits in aquaculture. Targeted
genotyping of known causative SNPs or assigning greater weight to
these variants in GS models could enhance prediction accuracy by
focusing on genomic regions with confirmed functional relevance. In
this study, two significant SNPs associated with body weight were
identified: one annotated to the Rho GTPase-activating protein 42 (ARH-
GAP42) gene and the other to the microsatellite sequence MiSaTPW112.
While MiSaTPW112 serves as a microsatellite marker, ARHGAP42 en-
codes a Rho GTPase-activating protein, which plays a key role in cyto-
skeletal organization and is involved in essential cellular functions such
as growth, differentiation, neuronal development, and synaptic activity
(Moon and Zheng, 2003). The function of Rho GTPases is highly context-
dependent, varying by cell type and environmental conditions (Pedersen
and Brakebusch, 2012). These findings highlight potential genetic re-
gions linked to growth traits and provide valuable insights for further
studies on validation of their functions in relation to growth traits in L.
malabaricus. In addition, the overall GWAS results suggested that all
traits examined in this study followed a polygenic inheritance pattern,
with no major QTL detected in these populations.
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5. Conclusion

This study aimed to optimize genomic selection strategies for harvest
traits in Malabar red snapper (Lutjanus malabaricus) by balancing pre-
diction accuracy with genotyping cost. The findings demonstrate that
using 5000 SNPs and a training population of 1200 individuals with the
GBLUP model offers a cost-effective and accurate approach for pre-
dicting growth-related traits. These values should be interpreted as
practical guidelines rather than universal optimal thresholds, as the
optimal values are dataset-specific and can vary with factors such as trait
genetic architecture, linkage disequilibrium, population structure, and
relatedness between training and validation sets. Although GWAS-
informed SNP selection achieved higher accuracy for within-
population predictions, its utility was trait-dependent—performing
well only for the specific trait used in the GWAS and its genetically
correlated traits. In contrast, randomly selected SNP subsets provided
more consistent performance across all traits and demonstrated greater
robustness in across-population prediction scenarios.
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