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A B S T R A C T

Genomic prediction utilizes genome-wide markers to facilitate genomic selection in aquaculture, enabling more 
precise and accelerated genetic gains compared to traditional pedigree-based methods. Training population size 
and marker density influence genomic prediction accuracy, and both contribute to the overall cost of selection 
programs. Scuticociliatosis, caused by the parasite Miamiensis avidus, poses a major threat to olive flounder 
aquaculture and can be managed through selective breeding. We evaluated the effects of marker density and 
training population size on prediction accuracy using 10 genomic prediction models, including pedigree-based 
best linear unbiased prediction (BLUP [PBLUP]), genomic BLUP (GBLUP), Bayesian methods (BayesA, BayesB, 
BayesC, Bayesian Lasso, Bayesian Ridge Regression), regularized regression (Ridge Regression and Elastic Net 
[EN]), and random forest (RF). The analysis was conducted using 474 genotyped individuals comprising 60 
paternal half-sib families. Model performance was evaluated using 5-fold cross-validation repeated 10 times. 
GBLUP and Bayesian methods consistently outperformed PBLUP, EN, and RF across all survival traits. GBLUP 
achieved a significantly higher prediction accuracy (0.64–0.72), which is more than twice that of PBLUP 
(0.06–0.31). The highest predictive ability (0.558 ± 0.006) was achieved with the top 1000 GWAS-ranked 
markers for the GBLUP model, highlighting the importance of informed marker selection. Contrastingly, 
random marker selection exhibited no clear gains in predictive performance. Predictive ability was improved by 
increasing training population size, with no significant differences between 3- and 5-fold cross-validation at 
larger sample sizes (p < 0.001). These findings underscore the importance of selecting appropriate genomic 
prediction models tailored to the genetic architecture of survival traits, and the benefit of GWAS-informed 
marker selection to maximize genomic prediction ability in olive flounder aquaculture breeding programs.

1. Introduction

Genomic selection is revolutionizing aquaculture breeding by using 
genome-wide markers to predict the genetic merit of individuals, 
enabling the early and accurate identification of superior broodstock 
and accelerating genetic gains for economically important traits such as 

growth, disease resistance, and environmental adaptability (Yáñez et al., 
2014). Contrary to traditional pedigree-based methods, genomic selec
tion uses genome-wide markers to calculate genomic estimated breeding 
values (gEBVs), enabling higher accuracy in candidate selection and 
greater genetic gain, with reported improvements of up to approxi
mately 10 % for body-weight traits (Zenger et al., 2019). This approach 
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is particularly advantageous in aquaculture species with large family 
sizes, such as shrimp (Litopenaeus vannamei) and Atlantic salmon (Salmo 
salar), because genomic selection enables large-scale communal 
breeding while mitigating realized inbreeding risk by up to 81 % when 
combined with optimized mating and contribution strategies 
(Vandeputte and Haffray, 2014; Verbyla et al., 2022). Pedigree-based 
best linear unbiased prediction (BLUP) [PBLUP] uses expected re
lationships from the pedigree and can capture both between- and 
within-family genetic differences; however, when many full-sibs lack 
their own phenotypes (as in lethal disease challenges), its ability to 
distinguish Mendelian sampling differences among them is limited. In 
contrast, genomic prediction uses dense genome‑wide marker data to 
build a genomic relationship matrix (GRM) that more accurately reflects 
realized relationships, enabling better capture of within‑family genetic 
variance and more accurate estimation of breeding values (Zenger et al., 
2019). Genomic prediction can be implemented either by replacing the 
pedigree relationship matrix with a marker-based GRM (GBLUP) or by 
estimating single nucleotide polymorphism (SNP) effects in a reference 
population and applying them to selection candidates (SNP-BLUP or 
ridge regression [RR]-BLUP), both yielding gEBVs that enable earlier 
and more accurate selection (Hosoya et al., 2021; Somsiam et al., 2024). 
By integrating low-cost genotyping and advanced statistical models, 
genomic selection optimizes traits critical for sustainability, including 
disease resistance and environmental adaptability (Allal and Nguyen, 
2022). Its commercial implementation, for example, in Tasmanian 
salmon breeding, demonstrated marked gains in productivity and ge
netic diversity, indicating that genomic selection is critical for resilient 
aquaculture systems considering climate change (Verbyla et al., 2022).

Genomic prediction models enable more accurate estimates of 
breeding values by capturing the contribution of genome-wide markers 
to complex traits, offering particular advantages in populations where 
direct evaluation of disease resistance is difficult or expensive (Song 
et al., 2023). Despite these advances, the optimal application of these 
models remains challenging, as several factors such as marker density, 
training population size, and algorithm choice substantially affect pre
diction accuracy and the design of cost-effective breeding programs 
(Zhang et al., 2019). Higher SNP densities and larger training pop
ulations increase the accuracy of genomic prediction, while model and 
trait-specific factors (e.g., heritability, genotyping error, algorithm 
choice) are also crucial (Massault et al., 2025). Comprehensive evalua
tions confirm that the model performance depends on the underlying 
genetic architecture of the traits (Song and Hu, 2022). Prior research has 
shown that advanced models such as GBLUP and Bayesian methods 
frequently outperform pedigree-based BLUP, particularly when 
GWAS-informed SNPs are used to predict complex traits in aquaculture. 
For example, Dong et al., (2016) found increased prediction accuracy for 
growth traits in large yellow croaker when SNPs with the largest effects 
were used. Yoshida and Yáñez, (2022) reported enhanced prediction for 
growth under thermal stress in rainbow trout using preselected GWAS 
variants. Kriaridou et al., (2020) showed that increasing the training 
population size raised genomic prediction accuracy but gains dimin
ished and plateaued when the training set reached approximately 
1200–1600 individuals, indicating an inflection point for cost-effective 
cohort design.

In aquaculture, genomic prediction for disease resistance traits, 
especially under vaccinated conditions that simulate production envi
ronments, remains relatively underdeveloped (Jiang et al., 2025). Scu
ticociliatosis, due to Miamiensis avidus, is recognized as a major cause of 
economic loss in olive flounder (Paralichthys olivaceus) production, 
where selective breeding for genetic resistance is increasingly viewed as 
a sustainable complement to vaccination strategies (Kodagoda et al., 
2025). The high prevalence of M. avidus and the routine adoption of 
vaccination as a management strategy underscore the need to evaluate 
genomic prediction performance directly in vaccinated cohorts in order 
to optimize selected broodstock for the environments and biosecurity 
regimes encountered in real-world production systems. Evidence from 

salmonids shows that resistance expressed with and without vaccination 
is only partially correlated. This is demonstrated by the relatively low 
genetic correlations for resistance to bacterial diseases such as furun
culosis when comparing vaccinated and unvaccinated fish. These find
ings indicate that these responses represent partly distinct traits and that 
selection in unvaccinated challenge tests may not maximize realized 
gains in vaccinated farms (Drangsholt et al., 2012, 2011). Vaccination 
can modify both phenotypic variability and the genetic architecture of 
resistance, potentially altering the genetic markers and models most 
effective for selection. Host genetic variation is a major factor influ
encing vaccine efficacy and disease resistance in aquaculture species, 
with differences in vaccine response among families reflecting under
lying genetic diversity. Some families display pronounced survival 
benefits following immunization, whereas others derive limited pro
tection (Figueroa et al., 2020). Building on this insight, selective 
breeding programs in olive flounder offer the potential to harness host 
genetic variation to improve vaccine responsiveness and strengthen 
disease resistance across farmed populations.

While genomic selection has been recently implemented in national 
olive flounder breeding programs in South Korea, its application has 
focused mainly on growth, thermal tolerance, and viral resistance traits 
(Liyanage et al., 2025; Omeka et al., 2024; Udayantha et al., 2025). 
Studies on genomic selection targeting parasitic resistance remain 
limited, despite scuticociliatosis being the most prevalent parasitic dis
ease affecting olive flounder aquaculture on Jeju Island, South Korea. 
While multivalent vaccines against M. avidus have helped to reduce 
mortality, their efficacy remains constrained by antigenic diversity and 
host genetic variation in immune responsiveness (Shivam et al., 2021; 
Sohn et al., 2023). This underscores the need for complementary genetic 
strategies to accelerate genetic gain in resistance, as our previous GWAS 
on a vaccinated population revealed low-to-moderate heritability, a 
polygenic basis, and significant marker–trait associations for scuticoci
liatosis resistance (Kodagoda et al., 2025).

This study, being the first of its kind, aimed to comprehensively 
evaluate genomic prediction for scuticociliatosis resistance in a vacci
nated olive flounder breeding population by: comparing alternative 
prediction models and trait definitions, and assessing the impact of 
marker density and training population size on the accuracy of survival- 
based genomic predictions to inform cost-efficient selection programs. 
We compared 10 models, including conventional approaches such as 
PBLUP and GBLUP, with Bayesian, regularized regression, and machine 
learning methods, and explored the use of GWAS-informed markers to 
develop computationally efficient genomic selection strategies. We also 
assessed correlated survival-related traits, binary survival, days post- 
challenge to death (DPC Date), and hours post-challenge to death 
(DPC Time), as potential proxies for predicting scuticociliatosis resis
tance. Overall, our work provides practical insights into model selection 
and data requirements for effective genomic selection and integration 
into commercial olive flounder breeding programs targeting improved 
disease resistance.

1.1. Methodology

1.1.1. Base population and husbandry
The base population (dF0) was produced by crossbreeding parent 

candidates from a broodstock of olive flounder individuals maintained 
under commercial breeding conditions at a breeding center on Jeju Is
land, South Korea, as outlined in our previous study (Kodagoda et al., 
2025). Briefly, a controlled crossbreeding design was implemented 
using 16 mating groups, each consisting of 12 dams and 5 sires. GRMs 
were constructed from SNP genotypes using the gaston R package 
(Perdry and Dandine-Roulland, 2015) following the method proposed 
by VanRaden (2008). Mate allocation was optimized using these 
GRM-based genomic relatedness coefficients, with maximum thresholds 
of 0.15 between sexes and 0.25 within sexes. Fertilization was achieved 
via strip spawning by pooling gametes from all individuals within each 
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group and incubating them in tanks. All broodstock underwent 
high-density SNP genotyping using a custom-designed 70 K Axiom 
myDesign SNP array (Thermo Fisher Scientific, MA, USA) and were 
individually tagged with radio-frequency identification microchips 
(Trovan, London, UK) to enable precise parentage assignment and GRM 
estimation for progeny analysis (Kodagoda et al., 2025).

Larvae of mixed families were reared under standardized aquacul
ture conditions until 90 days post-hatching. Subsequently, the finger
lings were raised until they were approximately 10 cm long. The water 
temperature was maintained at 18–22 ℃ using filtered underground 
seawater. Rigorous biosecurity protocols, including routine health 
checks and water quality monitoring, ensured disease-free conditions 
throughout the rearing period.

1.2. Experimental design and dataset

The phenotypic and SNP data were obtained from the Flounder 
Genomic Selection Project (2022), as described in our previous work 
(Kodagoda et al., 2025). Data from 474 fish, phenotyped and genotyped, 
were used to develop and validate genomic prediction models. Pheno
typic data were collected following vaccination with a formalin-killed 
M. avidus vaccine and subsequent challenge with live M. avidus 
(JJB1403) strain via intraperitoneal injection at 4 × 105 cells per fish. 
Additionally, 100 unvaccinated fish were included as controls and 
challenged together with vaccinated fish following the same procedure. 
The challenge experiment was conducted for up to 13 days, with fish 
mortality recorded every 2 h. Monitoring was terminated when survival 
curves plateaued with no mortalities for 24–48 consecutive hours and 
surviving fish showed no clinical signs of active infection. Unvaccinated 
controls ended on day 7 (77 % cumulative mortality), while vaccinated 
fish reached criteria on day 13 (52 % cumulative mortality by day 12) to 
capture complete survival distribution and vaccine protection kinetics.

Fish that survived until the end of the experiment were classified as 
survivors. Three survival traits were evaluated: Binary Survival (1 for 
survivors, 0 for mortalities), days post-challenge to death (DPC Date, e. 
g., a value of 2 for fish surviving 2 days post-challenge), and hours post- 
challenge to death (DPC Time, e.g., a value of 54 for fish surviving 2 days 
and 6 h post-challenge) (Kodagoda et al., 2025). These three survival 
traits provide a comprehensive measure of disease resistance as the ul
timate breeding objective, capturing both complete resistance (Binary 
Survival) and disease progression timing (DPC Date and DPC Time) 
while integrating outcomes from all immune pathways. Fin clips were 
collected from all the vaccinated and challenged fish for subsequent 
genomic DNA extraction. Morphological records were collected from all 
fish following the disease challenge experiment, including measure
ments from fish upon mortality and from survivors at the end of the 
challenge period. Morphological records included body weight (g), 
measured using a digital balance; standard length (cm), measured from 
the tip of the snout to the caudal peduncle using digital calipers; and 
maximum body width (cm), measured at the widest point of the body 
using digital calipers. Clinical signs, including ascites, ulceration, fin 
loss, and hemorrhage, were recorded to confirm disease-related mor
tality. Tank number was also recorded to account for environmental 
effects. All experimental procedures were conducted considering the 
institutional animal care guidelines of the Jeju National University 
(Approval Number 2024–0054).

1.3. Genomic DNA extraction, genotyping, quality control, and genotype 
matrix construction

Genomic DNA was extracted from the fin clips (~ 50 mg) collected 
from 581 fish (474 progeny and 107 broodstock) using the DNeasy 
Blood & Tissue Kit (Qiagen, Munich, Germany), following the manu
facturer's instructions. DNA purity and concentration were determined 
using a Thermo Scientific Multiskan Sky Microplate Spectrophotometer 
(Thermo Fisher Scientific) and samples were diluted to 50 ng/μL with 

nuclease-free water (Thermo Fisher Scientific).
All 581 individuals were genotyped using the custom Affymetrix 

Axiom myDesign 70 K SNP array at BluGen Aquaculture Genomics, 
South Korea (see Section 2.3) (Kodagoda et al., 2025; Liyanage et al., 
2022). Raw genotype data were processed using the Axiom Analysis 
Suite 5.3, with standard quality filters applied to exclude poorly clus
tered variants using established criteria: dish quality control (DQC 
≥0.80), sample call rate (≥0.95), and plate-level passing rates (≥0.95). 
Only high-confidence polymorphic SNPs classified in the Poly
HighResolution category were retained after assessing clustering per
formance and allele distributions.

Further quality control (QC) was performed using PLINK v1.9 (https: 
//www.cog-genomics.org/plink/) to exclude the SNPs with a minor 
allele frequency (MAF) < 0.05, genotyping rate < 0.10, or Har
dy–Weinberg equilibrium deviations (p ≤ 0.01). After QC filtering, a 
final dataset comprising 52,046 high-quality SNPs and 581 samples (474 
progeny and 107 broodstock) was retained, yielding a call rate of 0.99. 
The genomic SNP density across the genome (24 chromosomes) was 
visualized using the CMPlot R package (Yin et al., 2021), with green 
indicating conserved regions of low SNP density and red highlighting 
regions of high SNP density (Supplementary Figure 1).

A standardized genotype matrix Z (individuals × markers) was 
constructed from the QC-filtered SNPs to prepare the dataset for 
genomic prediction analyses. SNP genotypes were encoded additively as 
− 1 (homozygous for the reference allele), 0 (heterozygous), and 1 
(homozygous for the alternative allele), representing allele dosage 
suitable for downstream statistical modeling. This matrix was used to 
construct GRMs, fit Bayesian regression models, and implement penal
ized and machine learning approaches (S. Wang et al., 2025).

A GRM, quantifying the proportion of the genome shared between 
individuals, was computed from the standardized genotype matrix (Z), 
which was imported using the bed.matrix() function from the gaston 
package in R (https://cran.r-project.org/package=gaston). The GRM 
was calculated using the GRM() function in the same package, following 
the method proposed by VanRaden (2008) (VanRaden, 2008). The in
verse of the GRM was subsequently obtained using the ginv() function 
from the MASS package (https://cran.r-project.org/package=MASS). 
The GRM was used to visualize population structure through a heatmap 
and to construct a phylogenetic tree (VanRaden, 2008).

1.4. Parentage assignment and relationship Matrix construction

Parentage assignments were determined using QC-filtered genotyp
ing data from 1000 SNPs across parents and progenies. A custom R script 
implemented the opposite homozygote count method (Hayes, 2011), 
followed by validation using Cervus software v3.0.7 (http://www.fie 
ldgenetic.com/pages/aboutCervus_Overview.jsp) to resolve ambiguous 
assignments.

The corresponding parentage assignments were used in PBLUP for 
pedigree reconstruction. The additive relationship matrix (A) was 
computed using the A.matrix() function from the AGHmatrix R package 
(https://cran.r-project.org/package=AGHmatrix), following the Hen
derson method, with support for flexible ploidy and inverse matrix 
estimation (Kalinowski et al., 2007).

1.5. Estimation of gEBV and model optimization

For the estimation of single-trait gEBVs, nine prediction methods 
(statistical and machine learning methods) were evaluated for survival 
traits in this study. They included PBLUP, GBLUP, and five Bayesian 
methods: BayesA (BA), BayesB (BB), BayesC (BC), Bayesian Lasso (BL), 
and Bayesian Ridge Regression (BRR), two regression approaches: ridge 
regression (RR) and elastic net (EN), and the machine-learning method: 
random forest (RF). Model performance was assessed as the correlation 
coefficient between predicted and observed values, using 5-fold cross- 
validation, based on varying numbers of high-quality SNP data.
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1.5.1. GBLUP and PBLUP
gEBVs for each survival trait were obtained using single-trait PBLUP 

and GBLUP models, which were implemented through the mixed.solve() 
function from the rrBLUP package in R (https://cran.r-project.org/pac 
kage=rrBLUP) (Endelman, 2011), applying the mixed linear animal 
model formulated as: 

y = μ + Zu + e                                                                              (1)

where y is the vector of phenotypic observations, μ is the overall 
mean, Z is the incidence matrix relating observations to random genetic 
effects, u is the vector of individual breeding values, and e is the vector 
of random residuals. The breeding values u were assumed to follow u ~ 
N (0, Kσₐ2), where σₐ2 represents the additive genetic variance and K is 
the relationship matrix defining the covariance structure among in
dividuals. To assess the influence of different relationship matrices, two 
versions of K were tested: (i) A matrix constructed from traditional 
parentage records for PBLUP, and (ii) the GRM derived from SNP marker 
data for GBLUP (see Sections 2.4 and 2.5). Residuals were assumed to 
follow e ~ N (0, Iσe

2), where σ2
e is the residual variance, and I is the 

identity matrix. Narrow-sense univariate heritability (h2) was estimated 
for each trait using both PBLUP and GBLUP models following the 
formula: 

h2 =
σ2

a
σ2

p
=

σ2
a

σ2
a + σ2

e
(2) 

where h2 is the narrow sense heritability, σ2
a , σ2

p , and σ2
e are the additive 

genetic, phenotypic, and residual variances, respectively.
Additionally, genetic correlations were estimated for all pairwise 

combinations of six traits (Binary Survival, DPC Date, DPC Time, 
Weight, Length, and Width) using bivariate restricted maximum likeli
hood (REML) models implemented in GCTA (v1. 93.2), with the GRM 
constructed from genome-wide SNP data. The bivariate model was 
expressed using the following formula: 
[ y1

y2

]

=

[ μ1

μ2

]

+

[
Z1 0
0 Z2

][ u1

u2

]

+

[ e1

e2

]

(3) 

where y1 and y2 are vectors of phenotypes for the two traits, μ1 and μ2 
are the intercepts or fixed effects, Z1 and Z2 are incidence matrices 
relating observations to random genetic effects u1 and u2, and e1 and e2 
are vectors of residuals. The genetic correlation (rg) was calculated as 
the genetic covariance (σg12) between two traits divided by the square 
root of the product of their genetic variances (σ2

g1 and σ2
g2): 

rg =
σg12̅̅̅̅̅̅̅̅̅̅̅̅
σ2

g1
σ2

g2

√ (4) 

1.5.2. Bayesian model
Bayesian generalized linear regression models (BA, BB, BC, BL, and 

BRR) were implemented using the BGLR package (https://cran.r-pr 
oject.org/package=BGLR) (Pérez and De Los Campos, 2014). Unlike 
GBLUP, standard BRR assumes a homogeneous Gaussian prior for all 
marker effects. The Bayesian framework models phenotypic variation 
as: 

y = μ + Σ (from j = 1 to n) Zⱼ gⱼ + e                                               (5)

where Zj is the genotype vector for SNP j, gj is its marker effect size, 
and e ~ N (0,Iσ2

e) is the residual error. Each Bayesian model employed a 
distinct prior on the marker effects, gj.

BA assumed that all SNPs contributed to phenotypic variation, 
modeling marker effects via a scaled t-distribution; gj ~ tʋ (0,S), where ʋ 
(degrees of freedom) and S (scale parameter) governed the genetic 
variance (σ2g) and tail thickness. BB and BC presumed sparse genetic 
architectures, assigning non-zero effects via mixture priors (a point mass 

at zero combined with Gaussian slabs). BL applied a Laplace prior for 
marker-wise shrinkage: gj ~ Laplace (0, λ), λ controlling the sparsity 

level. BRR assumed a constant variance structure 
(

gi ∼ N
(

0, σ2
g

))
,

inducing stronger shrinkage for SNPs with extreme minor allele fre
quencies. While contrasting with GBLUP's locus-specific variance as
sumptions, BRR's Gaussian prior aligns with the infinitesimal model 
underlying GBLUP and RR (Thavamanikumar et al., 2015).

1.5.3. Penalized regression and machine learning models
RR was employed using a penalized least-squares approach with an 

L2-norm penalty to estimate regression coefficients using the rrBLUP 
package in R. The GBLUP, RR, and BRR models were considered theo
retically equivalent under specific parametrizations, although differ
ences were observed in hyperparameter tuning and software 
implementations. EN was employed to combine L1- and L2-norm pen
alties, where α = 1 corresponds to lasso (sparse selection) and α = 0 to 
RR (shrinkage), using the glmnet package in R (https://cran.r-project. 
org/package=glmnet). As a supervised machine learning approach, RF 
was used with decision trees to model additive genetic effects, formu
lated as Y = F(x) + μ + Ψ, where μ captures polygenic random effects 
and Ψ represents residual noise (https://cran.r-project.org/package=r 
andomForest). F(x) represents additive genetic contributions through 
ensemble tree-based predictions (Zhang et al., 2024).

1.5.4. Marker configuration and density optimization
To evaluate the effect of marker density on predictive performance, 

all prediction models were evaluated using SNP subsets of varying sizes 
(500, 1 K, 5 K, 10 K, 20 K, 30 K, 40 K, and 50 K markers). For each 
density, the standardized genotype matrix Z (encoded as –1, 0, and 1) 
was reconstructed using only the selected SNP subset, enabling direct 
comparison across marker selection scenarios. Two strategies were 
employed to generate these SNP subsets. First, a random subsampling 
approach (random selection) simulated reduced-density SNP panels by 
randomly selecting markers from the full set while maintaining repre
sentative genome-wide coverage.

Second, a trait-informed selection strategy (GWAS-ranked) ranked 
SNPs by ascending p-values from three separate GWAS analyses per
formed for each survival trait (Binary Survival, DPC Date, and DPC 
Time) to identify markers associated with scuticociliatosis resistance, 
prioritizing markers with the strongest statistical associations to each 
target trait (Habier et al., 2009; Wang et al., 2018). This resulted in three 
trait-specific marker sets for genomic prediction evaluation.

1.5.5. Training population size and evaluation of genomic predictive ability
To assess the predictive performance of genomic prediction models, 

repeated cross-validation strategies were implemented with systematic 
variation in training population size. The full dataset of 474 individuals 
was randomly partitioned into training (reference) and testing (valida
tion) sets using 3- and 5-fold cross-validation, each repeated 10 times 
with different random seeds to minimize partitioning bias. Within each 
replicate, phenotypes for validation individuals were masked, and pre
dictions were generated using the respective models (Meuwissen et al., 
2001).

Predictive ability (r) was calculated as the Pearson correlation co
efficient between predicted gEBVs and observed phenotypes (y) in the 
validation sets (r = cor(gEBV, y)). Predictive accuracy was calculated by 
scaling predictive ability by the square root of heritability: r/√h2 (or cor 
(gEBV, y)/√h2) to estimate the correlation between predicted breeding 
values and true breeding values. By varying the number of folds, we 
systematically evaluated model performance across different training 
population sizes.

1.5.6. Statistical analysis
The nonparametric Friedman test was employed to evaluate statis

tical significance in predictive performance among genomic prediction 
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methods, evaluated over repeated cross-validation on the same dataset, 
with Kendall's coefficient of concordance (W) calculated to assess the 
consistency of method rankings across the cross-validation folds 
(Schrauf et al., 2021). Pairwise differences between methods and their 
rankings were further examined using the post-hoc Nemenyi test.

2. Results

2.1. Descriptive statistics, parentage assignment, and genomic relatedness

The challenge experiment was conducted for 12 days, during which 
survival analysis revealed a stepwise decline over time, with a median 
survival of 12 days, indicating that 50 % of the subjects remained alive 
after 12 days (Figure 1The vaccinated group exhibited a higher survival 
probability over time and a longer median survival compared with those 
of the unvaccinated control (3 days) (Fig. 1). From the vaccinated 
cohort, 474 phenotyped and genotyped fish were selected to develop 
and validate genomic prediction models. Their descriptive statistics are 
summarized in Table 1.

Parentage assignment of the study population (474) from dF0 
progeny identified 60 paternal half-sib families of approximately 10 fish 
per family (Fig. 2A). Based on visual inspection of the GRM heatmap, 
five subpopulations were identified as distinct blocks along the diagonal, 
indicating clusters of more closely related individuals within families. 
Genomic relationships averaged near zero and ranged from − 0.27 to 
1.28 (Fig. 2B), with positive values indicating above-average relatedness 
and negative values indicating below-average relatedness within the 
population.

Heritability estimates were obtained from univariate GBLUP models 
fitted separately for each trait. Morphological traits exhibited moderate 
heritabilities (Length: 0.39 ± 0.07, Width: 0.34 ± 0.07, and Weight: 
0.37 ± 0.07), while survival traits exhibited lower heritabilities (binary 
survival: 0.08 ± 0.05, DPC Date: 0.10 ± 0.05, and DPC Time: 0.11 
± 0.06). Genetic correlation among traits was estimated using bivariate 
models (Fig. 2C). Strong positive genetic correlations were observed 
among morphological traits, and between survival and time-based traits 
(Survival–DPC Date, rg = 0.84; Survival–DPC Time, rg = 0.84, and DPC 
Date–DPC Time, rg = 0.75). Moderate positive correlations were 
observed for Width and Survival (rg = 0.57), with weaker or non- 

significant correlations between other trait combinations (Fig. 2C). 
Heritability estimates from bivariate models with Width were highly 
consistent with univariate estimates for all survival traits (Binary Sur
vival: 0.10 ± 0.05, DPC Date: 0.11 ± 0.05, DPC Time: 0.11 ± 0.05), 
with differences within the range of standard errors. The moderate 
positive genetic correlation between width and survival suggests that 
selection for increased body width could simultaneously improve dis
ease resistance, enabling joint genetic improvement of morphological 
and survival traits through multi-trait genomic selection.

2.2. Prediction model evaluation for gEBV estimation

The predictive performance of 10 genomic prediction methods for 
gEBV estimation was evaluated based on the data from 474 genotyped 
individuals and 52,046 quality-controlled SNPs, using 5-fold cross- 
validation repeated 10 times (Fig. 3). Statistically significant differ
ences in predictive abilities were observed across methods for the three 
survival traits: Binary Survival, DPC Date, and DPC Time (p < 0.001). 
Mean predictive ability values for three traits are presented in Supple
mentary Table 1. For all traits, Bayesian regression methods and GBLUP 
consistently outperformed traditional pedigree-based and machine 
learning approaches. Specifically, for Binary Survival, BRR was the 
highest performing method with a predictive ability value of 0.204 
± 0.03, followed by BL (0.203 ± 0.02) and BA (0.195 ± 0.01) (Fig. 3). 
Contrastingly, PBLUP, EN, and RF exhibited significantly lower perfor
mance than Bayesian and GBLUP methods (p < 0.001). For DPC Date, 
BB achieved the highest predictive ability (0.230 ± 0.03), followed by 
BL (0.226 ± 0.04) and GBLUP (0.226 ± 0.03), whereas EN and PBLUP 
exhibited the lowest precision (p < 0.001). For DPC Time, BA yielded 
the highest predictive ability (0.240 ± 0.02), followed by BRR (0.238 

Fig. 1. Kaplan–Meier survival probabilities overtime following challenge experiment (days post-challenge) for vaccinated versus unvaccinated control groups. The 
log-rank test was performed to assess differences in survival, with a p < 0.005 indicating a statistical difference between groups.

Table 1 
Descriptive statistics for the recorded binary survival, days post-challenge to 
death (DPC Date), and hours post-challenge to death (DPC Time).

Trait No of samples Min Max Mean SD

Binary Survival 474 0 1 0.47 0.50
DPC Date 474 1 13 8.88 4.42
DPC Time 474 0.79 12.13 197.08 102.40

Y.K. Kodagoda et al.                                                                                                                                                                                                                           Aquaculture Reports 47 (2026) 103464 

5 



± 0.03) and BC (0.235 ± 0.02), whereas EN, RF, and PBLUP exhibited significantly lower values (p < 0.001).

Fig. 2. Overview of genetic structure and trait correlations related to scuticociliatosis resistance in olive flounder. (A) Summary of parentage assignments with 
paternal identities (Sire ID). (B) Heatmap of the genomic relatedness of fish based on genomic relationship matrix. (C) Heatmap of genetic correlations among six 
scuticociliatosis resistance-related traits, estimated using bivariate restricted maximum likelihood (REML) in genome-wide complex trait analysis (GCTA). Diagonal 
values indicate heritability (h2) with standard errors. Color intensity reflects correlation strength; asterisks indicate statistical significance (p < 0.05).

Fig. 3. Comparative predictive performance of 10 genomic prediction methods (PBLUP, GBLUP, BA, BB, BC, BL, BRR, RR, EN, RF) for three survival traits: (A) Binary 
Survival, (B) DPC Date, and (C) DPC Time. Predictive ability was estimated using 5-fold cross-validation, based on data from 474 genotyped individuals and 52,046 
quality-controlled SNPs. The boxes illustrate second and third quartiles, and the whiskers represent interquartile ranges. Red dots represent the mean predictive 
ability. For each trait, Significant differences among prediction methods were assessed using the Friedman test (p < 0.001), followed by Nemenyi post-hoc com
parisons. Methods sharing the same letter are not significantly different (p < 0.05). Letters are assigned alphabetically with “a” being the best performing group.
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Table 2 presents predictive ability and prediction accuracy alongside 
the estimated heritabilities for the three survival traits, comparing 
PBLUP and GBLUP methods. Overall, predictive abilities ranged from 
0.01 to 0.10 for PBLUP and 0.18–0.23 for GBLUP, while prediction ac
curacies ranged from 0.06 to 0.31 and 0.64–0.72, respectively (Table 2). 
Notably, GBLUP exhibited significantly higher prediction accuracies 
than PBLUP (p < 0.05) for all three survival traits: Binary Survival (0.64 
± 0.03), DPC Date (0.72 ± 0.05), and DPC Time (0.68 ± 0.05).

2.3. Effect of marker configuration and density optimization

The effect of different marker densities and marker selection strate
gies (random selection or GWAS-ranked) on predictive ability was 
evaluated for three survival traits using the GBLUP method with 5-fold 
cross validation (Fig. 4). GWAS-based marker selection consistently 
outperformed random marker selection across all three survival traits 
using GBLUP. Predictive ability increased with the number of top 
GWAS-ranked markers, peaking at 1000 markers (Binary Survival: 
0.534 ± 0.03; DPC Date: 0.553 ± 0.03; DPC Time: 0.558 ± 0.06) before 
declining with additional markers (Fig. 4). In contrast, random marker 
selection showed no clear improvement with increasing marker 
numbers and consistently performed significantly lower (p < 0.001) 
(Fig. 4). The highest predictive abilities were achieved with top 1000 
GWAS-ranked markers using the GBLUP method: 0.534 ± 0.03, 0.553 
± 0.03, and 0.558 ± 0.06 for the three traits: Binary Survival, DPC Date, 
and DPC Time, respectively (Fig. 4A–C).

Furthermore, the predictive abilities with top 1000 GWAS-ranked 
markers were compared across nine genomic prediction methods. 
Based on their mean rank scores, the overall performance ranking for the 
three survival traits was: GBLUP, BA, BRR, RR, BC, BB, BL, EN, and RF 
(Fig. 5). The mean predictive ability values across the nine genomic 
prediction methods, using the top 1000 GWAS-ranked markers, are 
presented in Table 3. Binary survival trait exhibited comparatively 
lower performance than the DPC Date and DPC Time traits across all 
prediction methods (Fig. 5). The data on the 16 top-ranked GWAS- 
identified markers for three survival traits are summarized in Supple
mentary Table 2.

2.4. Effect of population size on predictive ability

The effect of training population size on the predictive performance 
of the GBLUP model with the top 1000 GWAS markers was evaluated 
under 3- and 5-fold cross-validation schemes (Fig. 6). Training popula
tion size significantly affected GBLUP predictive ability in a trait- 
dependent manner (Friedman test, p < 0.001) (Fig. 6). For DPC Time, 
populations ≥ 200 individuals achieved optimal performance 
(0.50–0.55 predictive ability) with no significant improvement beyond 

200 individuals for both cross-validation schemes. In contrast, DPC Date 
showed continued improvement up to 300 individuals with 0.53–0.58 
predictive ability. Binary Survival exhibited the highest variability and 
required populations ≥ 350 individuals for stable predictions, with 
moderate predictive ability (0.50–0.55). Small training populations 
(n = 50–100) resulted in significantly reduced accuracy across all traits, 
with 5-fold CV providing more robust predictions than 3-fold CV at these 
sample sizes. These findings indicate trait-specific minimum population 
requirements ranging from 300 to 350 individuals for effective genomic 
prediction in scuticociliatosis resistance.

3. Discussion

Genomic prediction models are crucial for accurately estimating 
breeding values of complex polygenic traits with moderate heritability, 
such as disease resistance in aquaculture (Zenger et al., 2019). These 
models leverage dense SNP information to explain the genetic variance 
of complex traits more precisely than pedigree-based methods, ac
counting for major and minor effect loci (Griot et al., 2021). This leads to 
higher prediction accuracy and enables the selection of candidates with 
precise breeding values, accelerating genetic gain even for traits that are 
difficult or expensive to measure directly, such as survival traits after 
disease challenge (Houston et al., 2020). While pedigree records provide 
expected relationships based on Mendelian inheritance, genomic data 
reveal the actual segregation of chromosomal segments, accounting for 
Mendelian sampling variation and detecting cryptic relatedness or 
admixture that may not be evident from pedigree alone (Hayes, 2011; 
VanRaden, 2008). This improved characterization of realized genetic 
relationships enhances prediction accuracy, particularly in aquaculture 
populations where pedigree records may be incomplete or population 
substructure exists due to breeding schemes or wild introgression (Mao 
et al., 2023).

Phenotyping for disease resistance often requires expensive and 
labor-intensive challenge tests or field evaluations, complicating the 
establishment of sufficient, well-phenotyped training populations 
essential for reliable genomic selection (Griot et al., 2021; Ødegård 
et al., 2011). Moreover, the genetic architecture of resistance traits is 
complex and polygenic, involving many loci with small to large effects. 
While this complexity poses challenges for marker-assisted selection 
that relies on identifying specific causal variants, genomic selection can 
effectively capture these distributed genetic effects through 
genome-wide marker information (Meuwissen et al., 2001).

The present study aimed to optimize genomic prediction for scuti
cociliatosis survival traits, despite their low heritability (0.08–0.11), by 
combining a 70 K high‑density SNP array with GWAS-informed putative 
causative markers and evaluating multiple genomic and machi
ne‑learning models to improve prediction accuracy and reliability. In 
highly polygenic traits, model choice, sample size, and marker density 
play crucial roles, enabling accuracy to exceed expectations based on 
heritability estimates (Calus et al., 2008). Although low heritability 
constrains baseline prediction accuracy, genomic prediction can still be 
improved by incorporating causative variants (if known) or markers in 
strong linkage disequilibrium with the traits of interest (de los Campos 
et al., 2013), utilizing flexible statistical models such as Bayesian ap
proaches that better accommodate complex genetic architectures, and 
expanding or refining the training population to include closely related 
individuals (Guarini et al., 2018). Dense SNP coverage enables genomic 
models to capture small-effect QTL distributed genome-wide, which 
collectively explain substantial genetic variance even when individual 
effects are modest (Gebreyesus et al., 2021).

Overall, integrating genomic information with optimized modeling 
strategies can substantially improve the prediction of low-heritability 
traits, as consistently shown across species. Despite low–moderate her
itability (~0.14) for Vibriosis resistance in Pacific oysters, genome‑wide 
SNP data in a Bayesian genomic selection model increased progeny 
survival rate by 18.42 % and survival time by 12.73 % compared to 

Table 2 
Predictive ability, prediction accuracy, and estimated heritability (h2) for three 
survival traits from Pedigree-based best linear unbiased prediction (PBLUP), 
Genomic-based BLUP (GBLUP) models, using 52,046 quality-controlled SNPs 
and 5-fold cross-validation.

Traits Estimated 
Heritability 
(h2)

Predictive Ability 
[cor(gEBV,y)]

Prediction Accuracy 
[cor(gEBV,y)/√h2]

PBLUP GBLUP PBLUP GBLUP PBLUP GBLUP

Binary 
Survival

0.033 
± 0.016

0.079 
± 0.050

0.01 
± 0.03

0.18 
± 0.04*

0.06 
± 0.02

0.64 
± 0.03*

DPC Date 0.103 
± 0.026

0.103 
± 0.055

0.09 
± 0.02

0.23 
± 0.03*

0.28 
± 0.04

0.72 
± 0.05*

DPC_Time 0.104 
± 0.027

0.106 
± 0.056

0.10 
± 0.03

0.22 
± 0.03*

0.31 
± 0.04

0.68 
± 0.05*

Notes: For each trait, statistically significant differences between the two pre
diction methods were evaluated using the Wilcoxon signed-rank test. Star marks 
(*) in the table indicate significant differences at p < 0.05.
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controls (Yang et al., 2024). In striped catfish, genomic and AI models 
using ~6.5 K SNPs substantially outperformed pedigree-based evalua
tion for predicting low-heritability Edwardsiella ictaluri resistance, with 
prediction accuracy further improved by incorporating large-effect SNPs 
(Vu et al., 2021).

Aquaculture breeding programs increasingly aim to enhance disease 
resistance to reduce dependence on vaccines over the long term. How
ever, current production systems continue to rely heavily on vaccina
tion, and host genetic variation in vaccine-mediated protection implies 
that selection must be evaluated under conditions representative of 
commercial practice (Figueroa et al., 2020). In many marine finfish 
species, including salmonids, vaccines remain fundamental due to high 
pathogen pressure, and selection based solely on unvaccinated challenge 
tests may yield suboptimal gains under farm conditions where fish are 
typically vaccinated (Nguyen, 2024).

While the long‑term goal is to reduce dependence on vaccination by 
increasing innate resistance, current production systems rely on vac
cines, and host genetic variation in vaccine-mediated protection means 
that selection decisions must be based on performance in vaccinated 
populations to ensure realized gains under farm conditions (Figueroa 
et al., 2020). In many marine finfish systems including salmonid, vac
cines remain essential due to high pathogen pressure and selection based 

only on unvaccinated challenge tests can result in suboptimal gains 
under field conditions where fish are vaccinated (Nguyen, 2024). Given 
the current high prevalence of M. avidus in Korean olive flounder pro
duction and the widespread use of vaccination as standard management, 
evaluating genomic prediction directly in vaccinated cohorts ensures 
that selected broodstock are optimized for the conditions that they will 
experience in commercial production (Song et al., 2025). Host genetic 
variation also explains heterogeneity in vaccine protection; some fam
ilies or genotypes respond much better to vaccination than others, 
reinforcing the need to evaluate resistance in vaccinated rather than 
assuming uniform vaccine effects (Safonova et al., 2022). In Atlantic 
salmon, where low genetic correlations (0.32 ± 0.13) were observed 
between resistance to furunculosis in vaccinated and unvaccinated fish 
(Drangsholt et al., 2012, 2011), and vaccine protective capacity against 
Piscirickettsia salmonisis exhibited significant variation (Figueroa et al., 
2020), indicating that resistance with and without vaccination is partly 
different traits; thus selection on unvaccinated fish may not maximize 
response in vaccinated farms.

Genomic selection and vaccination should therefore be viewed as 
complementary strategies; genomic selection can increase baseline 
resistance and reduce outbreak risk and mortality, potentially allowing 
vaccine use to be reduced in the long term, but in the short–medium 

Fig. 4. Comparative predictive performance of the GBLUP model across different marker configurations (50, 100, 500, 1000, 5000, 10,000, 20,000, 30,000, 40,000, 
and 50,000 SNPs) selected either at random (light green) or based on GWAS significance (purple) for three traits: (A) Binary Survival, (B) DPC Date, and (C) DPC 
Time. Predictive ability was estimated using 5-fold cross-validation in 474 genotyped individuals. Boxplots show the second and third quartiles, whiskers represent 
interquartile ranges, and red dots indicate mean predictive ability. Significant differences among marker sizes were detected using the Friedman test (p < 0.001), 
followed by Nemenyi post-hoc comparisons. Marker sizes sharing the same letter are not significantly different (p < 0.05). Letters are assigned alphabetically with “a” 
being the best performing group.
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term, breeding must be evaluated under current biosecurity regimes. 
Studies in terrestrial livestock, where genomic prediction of vaccine- 
mediated immune responses and antibody traits (for example, New
castle disease vaccination in chickens and PRRSV vaccination in pigs), 
have shown that these traits are heritable and predictable, support the 
idea that survival or resistance measured under vaccination is an 
appropriate breeding goal, and position the present study as an analo
gous effort focused on survival under vaccination as the relevant 
expression of resistance in olive flounder aquaculture (Hako Touko 
et al., 2021; Hickmann et al., 2021).

In our study, predictive abilities were compared across different 
models to identify the best-fit approach for survival traits. The evaluated 
models included PBLUP (traditional), GBLUP (comprehensive), 
Bayesian methods (flexible), regularized regressions, such as EN and RR 
(penalized), and RF (nonparametric). GBLUP and Bayesian methods 
consistently outperformed PBLUP, EN, and RF across all survival traits 
analyzed, corroborating previous reports showing that genome-wide 
marker information (GBLUP) and adaptive shrinkage with variable ef
fect selection (Bayesian methods) enhance prediction accuracy for sur
vival traits compared with pedigree- or machine learning-based 
approaches (Haque et al., 2025; Liyanage et al., 2025; Vu et al., 2022).

Despite low heritability, GBLUP remains effective for survival traits 
by exploiting dense marker information, within-family segregation, and 
model flexibility in ways that pedigree-based selection cannot, resulting 
in realized prediction accuracy that often exceeds expectations based on 
heritability alone (Joshi et al., 2021). Dense genome-wide SNP panels 
capture Mendelian sampling variation within and across families, which 
is largely invisible to PBLUP, thereby increasing the proportion of ge
netic variance that can be exploited even when heritability is low 
(Gebreyesus et al., 2021). Although heritability estimates for DPC Time 
were similar between methods, GBLUP exhibited significantly higher 
prediction accuracy (~129 % increase over PBLUP), reflecting the 
ability of GBLUP to capture realized genetic relationships from actual 
allelic variation (G-matrix) rather than expected relationships based on 
pedigree records (A-matrix), thereby accounting for Mendelian sam
pling and linkage disequilibrium with causal loci. This advantage is 
particularly pronounced in populations with shallow pedigrees, such as 
ours spanning a single generation, where parents are treated as unre
lated in PBLUP despite sharing common ancestry from the domesticated 
founder population (Jerry et al., 2022). By estimating realized genetic 
relationships from genome-wide SNPs, GBLUP more accurately captures 
true relatedness and improves genetic evaluation accuracy. Similar im
provements have been reported in aquaculture: GBLUP increased pre
diction accuracy by 8–13 % for viral nervous necrosis resistance in 

Fig. 5. Comparative predictive performance of genomic prediction methods (GBLUP, BA, BB, BC, BL, BRR, RR, EN, RF) for 3 survival traits: Binary Survival, DPC 
Date, and DPC Time, using the top 1000 GWAS-ranked SNPs. Predictive ability was estimated via 5-fold cross-validation in 474 genotyped individuals. Significant 
differences among traits within each prediction method were assessed using the Friedman test (p < 0.001), followed by Nemenyi post-hoc comparisons. Red letters 
above bars indicate significance groups for each method, where traits sharing the same letter are not significantly different (p < 0.05). Red numbers denote the mean 
ranks (1 = best) assigned by the Friedman test. Error bars represent standard errors. Kendall's W values in the legend reflect concordance effect sizes within traits, 
indicating the consistency of method rankings.

Table 3 
Mean predictive ability values of nine genomic prediction methods using top 
1000 GWAS-ranked SNPs and 5-fold cross validation.

Prediction Method Binary Survival DPC Date DPC Time

GBLUP 0.534 ± 0.03a 0.553 ± 0.03a 0.558 ± 0.03a

BA 0.532 ± 0.04a 0.554 ± 0.03a 0.555 ± 0.02a

BB 0.524 ± 0.03b 0.546 ± 0.05b 0.551 ± 0.02a

BC 0.523 ± 0.04b 0.548 ± 0.04b 0.553 ± 0.02a

BL 0.524 ± 0.04b 0.543 ± 0.04b 0.553 ± 0.06a

BRR 0.530 ± 0.05b 0.550 ± 0.04b 0.555 ± 0.03a

RR 0.525 ± 0.03b 0.550 ± 0.02a 0.559 ± 0.03a

EN 0.479 ± 0.06b 0.518 ± 0.04b 0.526 ± 0.03b

RF 0.377 ± 0.07b 0.405 ± 0.06b 0.414 ± 0.02b

Notes: For each trait, statistically significant differences among the methods 
were detected using the Friedman test (p < 0.001) with Post-hoc Nemenyi tests 
grouped methods based on significant differences. Methods sharing the same 
superscript letter are not significantly different (p < 0.05), while different letters 
indicate significant differences in predictive performance. Superscript letters are 
assigned alphabetically, with “a” representing the best performing group. Ab
breviations: Genome-wide association studies (GWAS), Single nucleotide poly
morphisms (SNPs), Pedigree-based best linear unbiased prediction (PBLUP), 
Genomic-based BLUP (GBLUP), BayesA (BA), BayesB (BB), BayesC (BC), 
Bayesian Lasso (BL), Bayesian Ridge Regression (BRR), Ridge regression (RR), 
elastic net (EN), random forest (RF).
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European sea bass compared to pedigree-based selection (Palaiokostas 
et al., 2018). Similar studies in gilthead seabream demonstrated 
27–53 % accuracy improvements for pasteurellosis resistance using 
genomic selection methods, including GBLUP (Palaiokostas et al., 
2016). GBLUP assumes normally distributed additive effects with equal 
variance across all markers and uses a GRM to capture realized re
lationships beyond pedigree records. In contrast, Bayesian methods 
model marker effects with flexible prior distributions, effectively 
capturing traits influenced by loci with large or variable effects and 
complex genetic architectures. (Abdollahi-Arpanahi et al., 2022).

According to our previous study, resistance to scuticociliatosis in 
olive flounder is a polygenic trait, characterized by multiple small-effect 
loci distributed across several chromosomes, supporting the strengths of 
GBLUP and Bayesian methods in capturing complex genetic architec
tures through modeling numerous small effects (Kodagoda et al., 2025). 
Conversely, machine learning methods such as RF typically effective in 
datasets characterized by strong non-linear interactions or large effect 
sizes but not effective in aggregating small, additive genetic signals 
across thousands of SNP markers, which are common in survival trait 

prediction (Peng et al., 2025). In scenarios where trait architecture is 
predominantly additive, the advantage of these machine learning 
models diminishes, resulting in reduced predictive accuracy relative to 
linear approaches such as GBLUP or Bayesian regressions (Saadat et al., 
2024). Moreover, the RF method is more prone to overfitting, particu
larly in situations where the number of markers greatly exceeds the 
number of genotyped individuals (Montesinos-López et al., 2021). EN 
exhibited reduced predictive accuracy for traits with a predominantly 
polygenic architecture involving many small additive effects, as its 
variable selection and shrinkage may inadequately aggregate these 
subtle signals compared to methods such as GBLUP that explicitly model 
genome-wide relationships, consistent with previous findings that 
revealed that parametric models outperform penalized regression in 
such contexts (Meuwissen et al., 2001; Montesinos-López et al., 2025).

The underperformance of EN and RF relative to GBLUP/Bayesian 
methods can be attributed to mismatches between these methods' as
sumptions and the polygenic architecture of scuticociliatosis resistance 
traits. EN's sparsity-inducing L1/L2 penalties, designed to perform var
iable selection by shrinking many coefficients to zero, are poorly suited 

Fig. 6. Comparative predictive performance of the GBLUP model using the top 1000 GWAS-ranked SNPs across various population sizes (50, 100, 150, 200, 250, 
300, 350, 400, and 474) evaluated by 3-fold (red) and 5-fold (blue) cross-validation for three traits: (A) Binary Survival, (B) DPC Date, and (C) DPC Time. Boxplots 
depict the interquartile range (second and third quartiles), whiskers show the data range excluding outliers, and yellow dots indicate mean predictive ability. 
Significant differences among population sizes were detected using the Friedman test (p < 0.001), followed by Nemenyi post-hoc comparisons. Red and blue letters 
indicate statistically distinct groups for 3- and 5-fold cross-validation, respectively. Population sizes sharing the same letter within each CV strategy are not 
significantly different (p < 0.01).
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to highly polygenic traits where genetic variance is distributed across 
thousands of small-effect SNPs rather than concentrated in a few 
moderate-to-large effect loci (Wang et al., 2019). In the context of our 
dataset (52,046 SNPs, N = 474), EN likely discarded many small but 
truly causal variants, resulting in over-shrinkage and loss of additive 
genetic signal that GBLUP and Bayesian approaches retain by distrib
uting shrinkage across all markers. Similarly, RF struggled in this "large 
p, small n" (many more SNPs than individuals) setting where tens of 
thousands of correlated SNPs and limited training samples lead to 
overfitting and high variance; most decision trees were built on largely 
uninformative predictors and could not efficiently exploit the weak, 
diffuse additive signal as effectively as linear whole-genome regression 
(Costa et al., 2022). While EN and RF can outperform linear genomic 
models when traits exhibit sparser genetic architectures with major 
QTLs, strong non-additive effects (dominance, epistasis, G×E in
teractions), or when training populations exceed 1000 individuals, these 
conditions were not met for our survival traits. Collectively, these 
findings demonstrate that linear genomic models are better suited for 
predicting scuticociliatosis resistance in olive flounder, where polygenic 
architecture with predominantly additive effects, and limited training 
population size relative to high SNP density.

Unlike single immune markers like antibody response that capture 
only specific pathways and often correlate poorly with actual survival 
outcomes, survival traits integrate all defense mechanisms and directly 
reflect the ultimate breeding objective of disease resistance under 
practical production conditions (Fjalestad et al., 1993). Consistent with 
previous reports, a higher predictive ability was observed for continuous 
and time-to-event traits (DPC Date and DPC Time) than that for Binary 
Survival in this study. Continuous traits typically exhibit higher heri
tability and additive genetic variance, as they capture richer phenotypic 
variation, enabling models such as GBLUP or Bayesian methods to better 
resolve polygenic signals (Toghiani et al., 2017; Vallejo et al., 2017; Vu 
et al., 2022). For example, previous studies on aquaculture species have 
demonstrated that survival time achieved higher prediction accuracy 
than that of binary survival status due to reduced phenotypic truncation 
and improved modeling of genetic architecture (Ren et al., 2022). Binary 
survival compresses complex biological variation into two categories 
(0/1 outcomes), reducing heritable variance and introducing challenges 
such as class imbalance and over-shrinkage of small effects (Dai et al., 
2021; Schubach et al., 2017). Although survival models like Cox 
regression can handle censored data, they are seldom integrated into 
genomic prediction, limiting their utility for binary traits (Irlmeier et al., 
2022). Improving predictions for binary survival may require threshold 
models or resampling strategies, as shown in previous studies (Nguyen 
and Vu, 2022).

Despite the advances in low-cost genotyping platforms and genotype 
imputation strategies, optimizing training population design and effec
tively utilizing dense SNP data is crucial for overcoming current chal
lenges and maximizing genetic gain in disease resistance breeding 
programs (Huang et al., 2025; Nguyen, 2024). For example, Lu et al., 
(2020) demonstrated that preselecting SNPs through GWAS and inte
grating them into single-step GBLUP and Bayesian models significantly 
improved genomic prediction accuracy for disease resistance in floun
der. Our results demonstrate that predictive ability improved with 
marker selection based on GWAS significance, achieving the highest 
performance with the top 1000 GWAS-ranked markers. Beyond this 
threshold, performance declined due to the inclusion of markers with 
small or null effects that introduce noise rather than signal when using 
standard GBLUP with uniform SNP weighting. Weighted GBLUP 
(wGBLUP) that assign differential weights to SNPs based on their esti
mated effects could potentially mitigate this issue by down-weighting 
less informative markers while retaining the benefits of higher marker 
density (Wang et al., 2012; Zhang et al., 2010). Future studies that 
explore these weighted genomic prediction approaches may extend the 
advantage of larger marker panels beyond the 1,000-SNP threshold and 
further improve prediction accuracy for disease resistance. 

Contrastingly, randomly selected markers exhibited no clear increasing 
trend, highlighting the importance of informed marker selection. 
GWAS-prioritized SNPs incrementally improved the correlation be
tween observed and predicted phenotypes, achieving superior predic
tive performance with fewer markers than using the full marker set or 
solely top GWAS hits. This approach effectively balances model 
simplicity and accuracy, highlighting the value of integrating 
GWAS-derived marker prioritization into prediction pipelines (Jeong 
et al., 2020). Informed selection, particularly based on GWAS, enhances 
genomic prediction by focusing on phenotype-relevant variants and 
reducing data dimensionality.

The practical implications of GWAS-informed marker selection 
depend on breeding program objectives and economic constraints. For 
trait-specific selection programs focused on a single breeding goal (e.g., 
disease resistance alone), custom low-density chips containing 
1000–5000 trait-relevant SNPs could provide cost-effective genotyping 
while maintaining high prediction accuracy. However, for multi-trait 
selection programs, which are typical in aquaculture breeding where 
growth, disease resistance, and quality traits are simultaneously 
improved, a “combined chip” approach is more advantageous. Such 
chips would integrate markers associated with multiple traits of eco
nomic importance, identified through GWAS or linkage analysis across 
different phenotypes (Boichard et al., 2012). Our results across three 
scuticociliatosis resistance traits (binary survival, DPC Date, DPC Time) 
support this combined approach, while some QTL regions were 
trait-specific, others showed pleiotropic effects across survival-related 
phenotypes, suggesting shared genetic architecture that could be 
captured by a unified marker panel.

Marker selection can improve prediction accuracy for low‑herit
ability traits by focusing the GRM on SNPs that track the latent genetic 
structure shared across trait. For low‑heritability traits, genetic corre
lations with other traits and SNP–trait associations are often estimated 
imprecisely because environmental noise dominates. Selecting a subset 
of markers that best capture the common variation across traits reduces 
noise in the marker set and yields a GRM that better reflects the un
derlying genetic covariances, which increases realized prediction accu
racy for the focal low‑heritability trait (Klápště et al., 2020). Selecting 
markers based on GWAS significance to optimize predictive ability can 
be effective for moderate to lowly heritable traits, as prioritizing infor
mative markers strengthens the genomic relationship signal. For traits 
with complex genetic architecture, weaker marker-trait associations, 
and higher environmental noise, gains in genomic prediction accuracy 
can be limited. Previous studies have demonstrated that considering the 
specific genetic architecture, such as incorporating major effect loci or 
weighting markers by their functional relevance, can improve prediction 
outcomes (Lin et al., 2022; Morgante et al., 2018). Morgante et al. 
(2018) reported that prediction accuracy improved when genomic 
models are informed by the genetic architecture deduced from mapping 
the top variants with major effects and interactions in the training the 
data, particularly when mapping resolution is sufficient (Morgante et al., 
2018). However, when the genetic control is highly polygenic and 
non-additive, or environmental variance is substantial, prediction ac
curacy typically decreases despite model improvements (Wang et al., 
2025; Yin et al., 2020).

A sufficiently large and well-phenotyped training population is 
crucial for reliable genomic prediction, but sample size represents a 
critical cost factor in disease resistance breeding. Challenge tests 
necessitate animal sacrifice, significant infrastructure, and labor, mak
ing large-scale phenotyping expensive (Houston et al., 2020). Our 
analysis revealed that predictive ability plateaus at approximately 300 
individuals, beyond which, marginal accuracy gains diminish substan
tially relative to additional costs. Consistent with our findings, previous 
studies have shown that accuracy gains diminish once the training 
population adequately captures genetic variation and relationships. 
(Akdemir and Isidro-Sánchez, 2019; Edwards et al., 2019). Therefore, in 
this study, a training population of ~300 represents a cost-effective 

Y.K. Kodagoda et al.                                                                                                                                                                                                                           Aquaculture Reports 47 (2026) 103464 

11 



breeding design, allowing resources beyond this threshold to be redir
ected toward improving phenotyping precision, evaluating additional 
families, or shortening generation intervals, and investments likely to 
yield greater genetic gain per unit cost than further expanding training 
population size (Fernández-González et al., 2023; Werner et al., 2020).

4. Conclusion

We optimized a genomic prediction framework to implement 
genomic selection for complex low to moderately heritable survival 
traits of scuticociliatosis resistance in vaccinated olive flounder. 
Genomic prediction (GBLUP and Bayesian models) significantly out
performed pedigree-based prediction, with survival time traits 
achieving higher ability than that of binary survival. GWAS-based 
marker prioritization substantially improved genomic prediction abil
ity by enriching models with phenotype-relevant SNPs, with predictive 
gains increasing up to an optimal set of ~1000 top-ranked markers. 
Predictive ability increased with training population size but plateaued 
at approximately 300 individuals, representing the use of a sufficient 
training data set for reliable evaluation. Collectively, the results high
light the critical need for optimizing phenotyping strategies, marker 
configuration, and training population design to advance selective 
breeding programs aimed at complex disease resistance traits in aqua
culture species.
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