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Introduction

With advances in genotyping and sequencing technologies, whole-genome sequences and dense
single nucleotide polymorphism (SNP) panels are efficiently and routinely being generated for use
in animal improvement. However, the benefits of generating this information have not consistently
translated into improved accuracy of genomic estimated breeding values (GEBV) used in selection
and breeding decisions. Pre-selection of the most informative SNPs may help realize the value of
richer genomic information. For the mixed linear models, increasing the number of SNP to
calculate genomic relationships does not improve the estimation of additive relationships,
therefore limiting the gain of prediction accuracy of GEBVs(Su et al., 2012). Consequently,
methods have been proposed to optimize the selection of informative SNP markers sequence data
or dense SNP genotypes such as using GWAS results, fixation index (Fst) and biological relevance
(Chang et al., 2019; Fragomeni et al., 2019; Toghiani et al., 2025; Toghiani et al., 2017). These
methods showed some promise in improving the accuracy of GEBVs. However, most of these
studies were simulation based, and more research is needed to prioritize SNP markers using real
data. Additionally, several studies have shown that population structure is an important factor in
the accuracy of estimated genomic breeding values. Therefore, the aim of this study is to evaluate
SNP marker pre-selection strategies on the accuracy of GEBV in closed inbred populations.

Materials & Methods

We evaluated two SNP prioritization strategies for genomic prediction of birth weight (BW),
weaning weight (WW) and yearling weight (YW) in two closed inbred beef cattle populations:
Line 1 Hereford (n = 1,192) with an inbreeding level of 0.32 and a composite breed referred to as
CGC (50% Red Angus, 25% Charolais, 25% Tarentaise; n = 2,776) with an inbreeding level of
0.11. Animals from Line 1 and the CGC population were genotyped using SNP panels of differing
densities. To have the same number of SNP marker coverage across datasets, all genotypes were
imputed to a common SNP panel using Beagle v5.5 (Browning et al., 2021). After quality control,
67,617 and 68,888 SNPs remained for Line 1 and CGC, respectively.
The statistical model used in the analysis is GBLUP, as follows:

y=Xb +Za +Wm+ e,
where y is the vector of phenotypes, b is the vector of fixed effects consisting of sex and
contemporary groups (birth year and dam age), X is the incidence matrix of fixed effects, a is the
vector of additive genetic effects, m is the vector of maternal genetic effects. Z is the incidence
matrix of random direct effects and e is the vector of residual effects. W is the incidence matrix of
maternal effects. Additionally, it was assumed that additive genetic effects a and m were
distributed as N (0, Go2) and N(0, Go?2) respectively, with o2 being the direct genetic variance,
02, is the maternal genetic variance. The residuals e were distributed as N (0, I62) with 62 being
the residual variance
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Marker prioritization was first conducted using the fixation index (Fst) to identify loci exhibiting
strong differentiation across generations. Within each population, animals were grouped into two
cohorts based on birth year: individuals born before 2010 and those born after 2010, spanning a
total birth-year range from 1990 to 2023. SNPs in the upper 10% of the Fst distribution were
selected and either used exclusively to construct the genomic relationship matrix (G) or combined
with the full SNP set while applying differential weights proportional to their Fst values. Marker
weights were derived following the approach of Chang et al. (2019).

A second prioritization strategy relied on SNP effects estimated from genome-wide association
analyses. SNP effects were obtained from genomic estimated breeding values (GEBV) as
described by (Wang et al., 2012). Markers corresponding to the top 10% of absolute SNP effect
estimates were selected and incorporated either alone in G or jointly with all SNPs using effect-
based weighting schemes. SNP weighting followed the methodologies outlined by Wang et al.
(2012).

Results

The prediction accuracies of GEBVs are shown in Table 1. The accuracy for birth weight including
all SNP markers was 0.43, and including only a subset of prioritized SNP markers through Fst or
SNP effects the accuracy increased to 0.48. For weaning weight, using all SNP markers or a subset
of prioritized SNPs did not change the prediction accuracy. For yearling weight, the accuracy using
all SNP markers was 0.32, and using prioritized markers the accuracy increased to 0.35.

Table 1. Accuracy of genomic prediction using prioritized SNP markers and weighted G.

Line 1 CGC

Method! nSNPs? BW WW YW nSNPs? BW WW YW

All SNP 67,617 043 0.38 0.32 68,888 0.44 0.35 0.30
(Unweighted) (0.03) (0.03) (0.04) (0.04) (0.01) (0.0

Pre-Selected 6,761 0.48 0.38 0.35 6,888 0.44 0.37 0.34
(Fst) (0.02) (0.03) (0.02) (0.03) (0.02) (0.01)

Pre-Selected 6,761 0.48 0.38 0.34 6,888 0.45 0.36 0.30
(SNP effect) (0.01) (0.02) (0.03) (0.01) (0.04) (0.02)

Weighted G 67,617 043 0.37 0.34 68,888 0.42 0.30 0.29
(Fst) (0.02) (0.01) (0.03) (0.02) (0.02) (0.03)

Weighted G 67,617 045 0.36 0.32 68,888 0.40 0.32 0.30
(SNP effect) (0.01) (0.02) (0.02) (0.03) (0.01) (0.0

"Prediction accuracy of the model is calculated as Pearson’s correlation between corrected phenotypes and genomic
estimated breeding values in the validation data set.

“Number of SNP markers in each method. Standard deviations are in parentheses.
BW: birth weight; WW: weaning weight; YW: yearling weight

The weighting of G resulted in small improvements of the prediction accuracy and in some cases
decreased accuracy. For instance, the prediction accuracy in Line 1 of BW using unweighted G
was 0.43 and weighting using Fst did not change the accuracy. On the other hand, weighting G by
SNP effects slightly increased the accuracy to 0.45. For weaning weight, the accuracy slightly
decreased when weighting G using Fst or SNP effects. For the CGC population, the accuracy
slightly increased when using a subset of prioritized SNP markers. However, accuracy decreased
across all traits when weighting G using Fst or SNP effects.



Generally, prediction accuracy increased using prioritized SNP markers in the more inbred
population (Line 1 Hereford) than in the less inbred population (composite breed).

The fit of the different models and bias measurements are presented in Table 2. When G was
weighed by Fst or GWAS based SNP effects, the regression slope of genomic estimated breeding
values on corrected phenotypes was low compared to the other methods which suggests an
underestimation of GEBV. For Line 1, using all SNP in G resulted in a regression coefficient of
0.95 and weighting G by Fst or SNP effects decreased the regression coefficient to 0.78 and 0.82
respectively. Similar trend was observed for other traits and in the CGC population. On the other
hand, this was not the case when only a subset of prioritized SNPs was used in computing G.

Table 2. Mean square error and slope of the regression of genomic estimated breeding values on
corrected phenotypes for different G computation scenarios.

BW WW YW
Method g1l MSE®  B1' MSE? B!  MSE2
Line 1 Al SNP 0.95 (0.06) 131 1.09(0.03) 4.62 092(0.03) 1934
Pre-Selected (Fst) 0.91(0.03) 144 1.12(0.02) 471 0.91(0.05) 20.26
Pre-Selected (SNP effect) 0.92 (0.04) 122 0.92(0.04) 440 0.90(0.02) 22.84
Weighted G (Fst) 0.78 (0.02) 1.41 0.67(0.02) 5.01 0.69(0.05) 23.29
Weighted G (SNP effect) 0.82(0.03) 130 0.72(0.05) 520 0.66(0.02) 25.37
CGC _ AllSNP 0.92 (0.02) 148 1.16(0.01) 490 1.20(0.02) 2344
Pre-Selected (Fst) 0.93(0.02) 1.82 1.08(0.05) 528 133(0.03) 21.35
Pre-Selected (SNP effect) 0.91 (0.04) 1.91 1.02(0.04) 632 1.16(0.01) 24.56
Weighted G (Fst) 0.77(0.02) 1.68 0.80(0.01) 5.68 0.68(0.02) 25.17

Weighted G (SNP effect) 0.73 (0.01) 1.89 0.84 (0.02) 6.24 0.73 (0.01) 26.50

'Regression slope of genomic estimated breeding values on corrected phenotypes for animals in the validation dataset
to measure the inflation of genomic prediction. Standard deviations are in parentheses.

2Mean squared error of genomic estimated breeding values and corrected phenotypes in the validation dataset as a
measure of the fit of the model.

BW: birth weight; WW: weaning weight; YW: yearling weight

Discussion

In Line 1, the results showed that using a subset of prioritized SNP markers improved accuracy for
some traits or remained unchanged (Table 1). Prediction accuracy typically plateaus once a certain
number of SNPs are included to capture genetic relationships, because GBLUP accuracy primarily
derives from the relationship information contained in G. Chang et al. (2018) showed in
simulations that fewer SNPs can sometimes yield higher accuracy. In the present study, using only
prioritized SNPs did not generally increase accuracy in the CGC population, aside from a small
improvement for YW; the improvement seen in Line 1 but not in CGC likely reflects differences
in population structure given the inbreeding in Line 1 is 0.32 and 0.11 in CGC.
Applying weights to G did not outperform using a subset of prioritized SNPs in terms of accuracy.
This contrasts with several simulation studies that reported accuracy gains from weighting G
(Fragomeni et al. 2017; Chang et al. 2019; Fragomeni et al. 2019). Giving greater weight to SNPs
based on FST or GWAS based SNP estimated effects can inadvertently emphasize markers that
are poor proxies for QTL in the validation population, which can lower prediction accuracy relative
to an unweighted G.



Model-fit and bias assessments indicated that weighting G led to underestimation of GEBYV, a
finding consistent with Chang et al. (2019) when FST-based weights were used. Overall,
prioritizing informative SNPs can improve GEBV accuracy, but the level of improvement depends
on population structure. The weighting of G can decrease prediction accuracy as seen in this study
since it alters the scale and signal in G, potentially biasing its representation of additive genetic
relationships.

Conclusion

To our knowledge, this is the first study to evaluate prioritization of SNP makers in closed highly
inbred populations. Prioritization of informative SNP markers can help utilize the full benefit of
sequence data and higher density genotype arrays. The study showed that prediction accuracy has
increased for some traits especially for the Line 1. This highlights the role of population structure
such as inbreeding level in prediction accuracy of genomic estimated breeding values.
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