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Introduction

Genetic evaluation of admixed populations usually requires genetic groups to be assigned to
animals with missing pedigree information, and groups are often based on breed, origin, and
birth year (Westell ef al., 1988; Masuda et al., 2022). With the advent of genomic data, new
strategies can be used to identify groups (e.g., breeds, populations) and to assess effective
methods that account for differences in the breed of origin of the alleles (BOA) in genomic
prediction models. Previous studies have tried to incorporate genomic-based principal
components (Moghaddar ef al., 2017) and genomically derived breed composition using
Admixture software (Hong et al., 2025) to describe the population structure in the genomic
models. However, the breed composition estimation from Admixture may be biased in
unsupervised analysis if the breeds are not clearly defined, which could incorrectly capture the
population structure. To overcome this issue, tracking haplotypes according to the BOA can be
used to accurately estimate the breed proportion of the animals. Several methods have been
suggested to estimate BOA 1n livestock populations; however, incorporating BOA in genetic
evaluation on commercial datasets is computationally demanding (Vandenplas et al., 2016;
Eiriksson et al., 2021). A simulation framework can be used to track the BOA to estimate the
true breed proportion and groups. Hence, this study aimed to simulate an admixed population
to assess the use of clustering, principal components, and breed proportion methods in genomic
prediction.

Materials & Methods

Simulation outline. A historical sheep population of 3,000 animals, descended from 20 sires
and 1,000 dams, was simulated using QMSim v2 for 10 generations (Sargolzaei and Schenkel
2009) with 26 autosomal chromosomes, 2,600 QTLs, 49,400 SNPs, a mutation rate of 2.5 x
107, effective population size (Ne) of 100, and crossover interference of 25cM.

To create admixed populations, the historical population was divided into three populations
(A, B, and C), and three traits (T1, T2, and T3) were simulated using a customised R script
with phenotypic variance of 9.0 and a heritability of 0.3 for all uncorrelated traits. Haplotypes
of these three populations were coded uniquely according to the BOA and used to estimate the
true breed proportion (TBP) for each animal. In each population, 500 dams were selected, along
with 20, 40, and 60 sires, respectively, for populations A, B, and C, to create different effective
population sizes between the populations. Each generation generated 1,000 animals. Single
trait selection based on true breeding values (TBV) was performed for each population, with
populations A, B, and C selecting upon traits T1, T2, and T3, respectively. Populations A and
B were simulated for 5 generations, followed by a cross in generation 6 (AB cross), with further
inter-crossing, i.e., generation 7 was AB X AB, and selection based on T1 until generation 9.
Population C was simulated up to generation 9, followed by a cross with the AB population in
generation 10 (ABC cross), with inter-crossing and selection based on T1 until generation 15.
The simulation was replicated 10 times.
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Genomic models. Genotype information from generations 9 to 15 (N = 8,000) was used for
genomic best linear unbiased prediction (GBLUP) and clustering analyses. Principal
component analysis (PCA) was performed on animals from generations 9 to 15 using PLINK
(Purcell et al., 2007) and visualised using ggplot2 (Wickham, 2009) in R. The genomic
relationship matrix (GRM) was calculated using the VanRaden (2008) method. Genetic groups
were defined based on pedigree-based groups (PG) from the simulation, or by using genomic
methods, such as a principal component analysis of the GRM, or based on breed proportion
estimated from unsupervised Admixture v1.3 software (K = 3) (ADMX), where K is the
number of ancestral populations (Alexander et al., 2009). A hierarchical clustering with the
Wald agglomerative method was used, based on principal components (HCPC) derived from
the GRM using the FactoMineR package in R (Le et al.,, 2008). The effectiveness of cluster
identification by the HCPC method was determined by the confusion matrix, which compares
the pedigree-based groups (true group classification) and the assigned groups from HCPC
using the R package caret (Kuhn 2008).

GBLUP analyses were performed on the trait T1 to estimate heritability and variance
components using ASRemlIR v4.1 (Butler et al., 2017). The base model was GBLUP, including
the GRM without additional group effects, which was used as a baseline to compare other
genomic models. The group effects were fitted as fixed effects in separate GBLUP models, and
were defined either by the first and second principal components (PCA 1, PCA 1&2), based
on the HCPC method, based on known pedigree (PG), or true breed proportion (TBP), and
breed proportion estimated from unsupervised Admixture (ADMX).

Forward validation. Forward validation was undertaken with animals from generations 9 to
14 (N = 7,000) serving as the reference, and animals from generation 15 (N = 1,000) as the
target. Prediction accuracies of target animals were estimated as the correlation between the
genomic estimated breeding value (GEBV) and phenotype adjusted for fixed effects, divided
by the square root of the heritability computed separately for each genomic model. The
genomic prediction accuracy for each method was averaged over 10 replications, and the
empirical standard error (SE) was calculated as the standard deviation of the individual
replicate results divided by the square root of the number of replicates. Increases in the
prediction accuracy from tested models were used as an indicator of the best strategy to capture
the population structure.

Results & Discussion

Population structure and phenotypic variation. The principal component analysis revealed
three different clusters (C, crosses of AB and ABC), with PC1 and PC2 explaining 16.1 % and
8.38 % of the variation, respectively. The animals in the ABC cross were clustered between
population C and animals from the AB cross. The phenotypic averages for C, AB, and ABC in
replicate 1 were 8.95 (generation 9), 17.66 (generation 9), and 16.08 (generation 10-15),
respectively. To further illustrate the difference in populations, Fig.1 describes the distribution
of allele frequency across loci for purebred populations A, B, and C before crossbreeding, at
generations 5, 5, and 9, respectively. The wide dispersion of allele frequencies across loci
reflects the difference in allele frequencies among populations.

Genomic prediction. The HCPC method identified three distinct clusters, which were fitted
as factors into the model. The method had a 98% accurate group assignment as determined by
the confusion matrix. Pedigree-based models (PG) fitted three groups, containing animals from
populations C, AB, and ABC, respectively. The genomic prediction accuracy and variance
components for the seven genomic models averaged across 10 replicates are presented in Table
1. Results showed a prediction accuracy of 0.47 for the PG and the baseline GBLUP model
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without genetic groups. The categorical group information from the HCPC and PG models did
not improve prediction accuracy. However, when the group was fitted in the GBLUP models
(HCPC, TBP, PCA 1, ADMX, and PCA 1&2), a decline in prediction accuracy of 1%, 1%,
7%, 12%, and 14%, respectively, was observed compared to the GBLUP model without group
(i.e., just GRM) fitted.
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Figure 1. Scatter plot of allele frequency in populations A (generation 5), B (generation 5),
and C (generation 9) for replicate 1

The decline in accuracy observed in the models that used principal components (PCA 1 and
PCA_1&2), true breed proportion (TBP), and admixture proportions (ADMX) might be due to
double-counting of the population structure, as the population structure was already accounted
for in the GRM. A similar trend was reported in Australian Merino sheep (Moghaddar et al.,
2017), with reduced correlation between GEBV and adjusted phenotype in the GBLUP model
when an increasing number of PCs was fitted. Another study in crossbred pigs found a reduced
correlation between GEBV and the adjusted phenotype when the GBLUP model included
principal components and admixture proportion as fixed effects (Hong et al., 2025).

These results suggest that fitting GRM is enough to capture the population structure of an
admixed population. Future research is needed to investigate the use of group information when
the pedigree is incomplete, but genotypes are available in a single-step genetic evaluation.



Table 1. Estimates of heritability (h?), additive genetic (62), and residual (2) variances,

correlation of GEBV with adjusted phenotype (Adj Pheno), and prediction accuracy.

G wen e sen Syl v
No groups  0.33 (0.01) 2.97(0.09)  6.02(0.02) 0.28 0.47
PCA 1 0.29 (0.01) 2.53(0.09)  6.11(0.02) 0.22 0.40
PCA 1&2  0.27(0.01) 2.25(0.09)  6.18 (0.02) 0.17 0.33
HCPC 0.32 (0.01) 2.87(0.09)  6.05(0.02) 0.26 0.46
PG 0.31 (0.01) 2.79(0.09)  6.08(0.02) 0.26 0.47
ADMX 0.26 (0.01) 2.23(0.09)  6.20(0.02) 0.18 0.35
TBP 0.30 (0.01) 2.64(0.09)  6.10(0.02) 0.25 0.46

* For abbreviations used in models, see text.

Conclusions

This study explored the use of genomic models to derive group allocation from genomic data
for prediction analysis. The results revealed that the PG models, when fitting groups, achieved
the same prediction accuracy compared to the base GBLUP model without genetic groups (i.e.,
just GRM). These findings suggest that the GRM sufficiently captures the population structure
of the admixed population with available genotypes on all animals. Future studies should focus
on exploring the use of genomic-based categorical group information in a single-step genomic
evaluation to assess improvement in the prediction analysis.
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