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Introduction

The single-step genomic best linear unbiased prediction (ssGBLUP) method is widely used in
genomic evaluations as it integrates pedigree, genomic, and phenotypic information within a
single evaluation framework. A key assumption of ssGBLUP is that single-nucleotide
polymorphisms (SNPs) follow a normal distribution with homogeneous variance (VanRaden,
2008). However, while this assumption simplifies model implementation and reduces
computational complexity, it may not fully capture the underlying genetic architecture of
complex traits affected by loci with variable effect sizes. Conversely, the Bayesian genomic
prediction approach utilizes flexible prior distributions for SNP effects, thereby enhancing the
detection of genomic regions with moderate to large effects (Meuwissen et al., 2001). The
substantial computational demands of Bayesian methods limit their practical use in routine
genetic evaluations. Accordingly, ssGBLUP remains the preferred approach for large-scale
national evaluation systems, where computational efficiency and performance with large
datasets are critical. This is particularly important in Ireland, where extensive genotyping and
phenotypic data enable routine genomic evaluations in large dairy and beef cattle populations.
To combine the computational efficiency of ssGBLUP with enhanced emphasis on biologically
important genomic regions, SNP weighting strategies have been proposed. These approaches
assign greater weight to markers identified as important from genome-wide association studies
(GWAS) or related genomic analyses. This study, therefore, investigates the effect of SNP
weighting in the single-step model on the accuracy of genomic predictions for calving difficulty
traits.

Materials & Methods

Calving difficulty in Irish dairy and beef herds is scored on a four-point scale (1 =no assistance;
4 = veterinary assistance). Four different calving traits are defined based on the dam and breed
group: dairy heifers (DH), dairy cows (DC), beef heifers (BH), and beef cows (BC). Birth
weight (BW; kg) and birth size (BSIZE; 1-5 scale) were also included as correlated predictor
traits in a multi-trait evaluation. Table 1 summarizes the number of records and descriptive
statistics for each trait. The total number of animals in the pedigree was 27,651,328, including
2,258,091 genotyped animals. GEBVs were estimated using ssGTBLUP, which
simultaneously integrates genomic, pedigree, and phenotypic information and provides SNP
effect estimates (Méntysaari et al., 2020; Vandenplas et al., 2023). SNP weights for the
weighted ssGTBLUP (wssGBLUP) were calculated using the VanRaden (2008) formula:
W, o = 1.25%k72 where S; ), = 52—;1)

and g;  1s the k™ SNP effect of trait i and sd(g;) is the standard deviation of SNP effects of
trait i. The SNP effects g;, were obtained either from the routine ssGTBLUP evaluation or
from single-trait GWAS performed on 7,076 genotyped Al sires with trait-specific SNP effects
estimated using GCTA (Yang et al., 2011). For all the computations, the MiX99 software
(MiX99 development team, 2024) was used.
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Table 1. Number of records and descriptive statistics for six different traits.

Trait' Mean Std Min Max Phenotypes
DH 1.31 0.60 1.00 4.00 1,928,393
DC 1.22 0.51 1.00 4.00 5,914,518
BH 1.40 0.71 1.00 4.00 985,052
BC 1.26 0.57 1.00 4.00 6,156,164

BSIZE 3.15 0.68 1.00 5.00 1,856,238
BW 41.68 8.06 20.00 115.00 206,913

! Traits: dairy heifers (DH), dairy cows (DC), beef heifers (BH), and beef cows (BC), birth weight (BW; kg)
and birth size (BSIZE; 1-5 scale).

Assessing the prediction performance

To assess model prediction accuracy, a forward-prediction validation approach was applied,
where the phenotypes of animals born four years prior to the evaluation were masked in
reduced datasets and compared with full-data routine evaluations, following the methodology
of Legarra et al. (2008). Genomic prediction accuracy was assessed at both animal and sire
levels using correlations between GEBVs obtained from full and reduced datasets, as well as
between reduced-dataset GEBVs and sires’ daughter yield deviations (DYD) derived from the
full dataset. Evaluation bias was assessed by calculating the regression slopes of DYD on
GEBYV for the validation sires. In addition, the impact of the weighted ssGBLUP method on
GEBVs was assessed by comparing GEBVs from routine and SNP weighted single-step
models across different breeds.

Results & Discussion

Three single-step genomic evaluation scenarios were compared to assess the impact of marker
weighting on validation performance: (1) the routine single-step genomic BLUP (ssGTBLUP),
which assumes equal variance across all SNP markers; (2) a weighted ssGTBLUP
(wssGBLUP), in which SNP weights were derived from marker effects estimated in the routine
ssGTBLUP evaluation; and (3) a GWAS-derived weighted ssGBLUP (gwssGBLUP), in which
SNP weights were derived from trait-specific SNP effects estimated in an independent single-
trait GWAS. Validation statistics at the animal level, together with the number of validation
animals per trait, are presented in Table 2. Incorporating SNP weighting improved prediction
accuracy across all six traits (DH, DC, BH, BC, BSIZE, BW). wssGBLUP consistently
increased correlations between GEBVs from reduced and full data sets compared to routine
ssGTBLUP (e.g., for DH, correlation rose from 0.68 to 0.78, with the regression slope
improving from 0.57 to 0.66). Similar trends were observed for the other traits, with weighted
approaches generally enhancing both correlation and regression slope. gwssGBLUP provided
intermediate gains, suggesting that single-trait GWAS weights may not fully capture
pleiotropic or interactive SNP effects.

Sire-level prediction accuracies for routine ssGTBLUP, wssGBLUP, and gwssGBLUP are
summarized in Table 3. Weighted approaches (wssGBLUP and gwssGBLUP) generally
improved prediction accuracy over routine ssGTBLUP, as shown by higher correlations
between sire GEBVs and DYD, for example correlations increased from 0.17 to 0.19 for DH,
0.16 to 0.18 for DC, and 0.15 to 0.17 for BC. The largest gain was observed for BW (0.31 to
0.35 with wssGBLUP; gwssGBLUP intermediate at 0.33). Regression slopes followed similar
trends, with weighted ssGBLUP producing values closer to unity, indicating reduced bias and
better calibration. GWAS-derived weighting generally resulted in slightly lower regression
slopes than wssGBLUP, suggesting that single-trait GWAS based on a subset of animals may
not fully capture the highly polygenic architecture of calving traits, including pleiotropic effects
and interactions among loci. In contrast, wssGBLUP derives SNP weights from the single-step
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evaluation itself, potentially providing a more stable representation of genome-wide genetic

effects.

Table 2. Correlations and slopes (+SE) for GEBV of validation animals using three different

approaches: ssGTBLUP, wssGBLUP, gwssGBLUP.

Traitl Nq.Validation Merit  ssGTBLUP wssGBLUP  gwssGBLUP
animals
DH 39280 Gl L 00003 066500006 061 00003
DC LOTLSSS  GUL 02s00004 092200002 08900017
BH 18053 gl 0600001 065200012 06300015
BC L0903 UL 06t 00004 072200005 07000004
BSIZE 9718 UL 06600003 075200004 0710000
BW 60330 Gih 061200007 074200014 07150002

! Trait: dairy heifers (DH), dairy cows (DC), beef heifers (BH), and beef cows (BC). Birth weight (BW) and birth
size (BSIZE).

Table 3. Correlations and slopes (£SE) for GEBV of validation sires using three different
approaches: ssGTBLUP, wssGBLUP and gwssGBLUP.

No. Validation

Traitl Sires Merit  ssGTBLUP wssGBLUP gwssGBLUP
i Las Cor  0.17£00052 0.19%0.0007 0.19%0.0006
’ Slope  0.40=0.0049 043 =0.0007 0.42 = 0.0007

be 508 Cor  0.16+0.0038 0.18+0.0003 0.17 % 0.0002
’ Slope  0.41+0.0033 0.40=0.0003  0.39 £ 0.0002

Bn ase Cor  0.17+0.0082 01800011 0.18%0.0012
Slope  0.47+0.0086 0.49+0.0010 048 = 0.0013

se 0750 Cor  0.15+00044 0.17+0.0004 0.16% 0.0004
’ Slope  0.37=0.0046 0.39=0.0004 038 = 0.0004

Cor  0.18+00042 0.21+0.0004 0.20% 0.0004

BSIZE 2,435 Slope  0.51+0.0042 0.54+0.0003 0.53 £ 0.0004
Bw o 305 Cor 03100170 0.35+00013 033%0.0012
Slope  0.56%0.0173  0.59+0.0011  0.58 = 0.0013

! Trait: dairy heifers (DH), dairy cows (DC), beef heifers (BH), and beef cows (BC). Birth weight (BW) and birth
size (BSIZE).

Sire-level validation correlations and slopes were consistently lower than animal-level values,
reflecting the stricter and more realistic validation based on correlations between sire GEBV
from truncated data sets and daughter yield deviations from the full data set. Animal-level
validation, based on correlations between truncated and full GEBV, primarily reflects model
consistency and therefore yields higher apparent accuracies. As expected, higher-heritability
traits such as BW and BSIZE showed consistently higher correlations and slopes across all
approaches, reflecting improved capture of additive genetic variance by markers. In addition,
the correlation between routine GEBVs and weighted GEBVs was extremely high,
approaching 1. For the main breeds, including both beef and dairy populations, correlations
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ranged from 0.982 to 0.999. The mean and standard deviation of GEBVs were very similar
between routine and SNP weighted evaluations across all traits, particularly for Al sires,
indicating that while weighting slightly adjusted individual GEBVs, overall ranking and
distribution remained largely unchanged.

The results of the current study, showing that SNP weighting in single-step genomic
evaluations improves prediction accuracy relative to routine unweighted ssGBLUP, are
consistent with reports from both dairy and beef cattle populations. In dairy cattle, Chegini et
al. (2025) demonstrated that incorporating marker-specific weights in ssGBLUP further
enhances prediction accuracies for complex health and production traits compared with
standard single-step models, indicating that differential SNP contributions can better capture
genetic variance for traits with major loci or heterogeneous architecture.

In beef cattle, Mehrban et al. (2021) reported that wssGBLUP increases genomic prediction
accuracy for economically important traits such as carcass weight in Hanwoo cattle compared
with unweighted ssGBLUP, particularly when quantitative trait loci with larger effects are
present, consistent with greater gains observed for traits influenced by strong QTL signals.
These comparative results support our observation that wssGBLUP consistently outperformed
routine ssGTBLUP in terms of both correlation and regression slope metrics. At the same time,
the gains from GWAS-derived weights were more modest, which aligns with evidence that
single-source weighting based on single-trait GWAS may capture some, but not all, causal
variation. Further GWAS derived weight approaches will focus on a multi-trait approach,

Conclusions

Overall, our results in dairy and beef cattle highlight the value of SNP marker weighting
strategies within the ssGBLUP framework. wssGBLUP consistently improved prediction
accuracy and regression slopes at both animal and sire levels, with the largest gains for higher-
heritability traits such as BW and BSIZE, while GWAS-derived single-trait weights gave
intermediate improvements. Although SNP weighting may slightly adjust GEBVs, the very
high correlation with routine evaluations indicates minimal potential for animal re-ranking.
These results suggest that the effectiveness of weighting depends on trait architecture,
heritability, and association signal strength, supporting its potential to enhance genomic
selection in livestock breeding programs.
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