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Introduction 

Genomic selection revolutionized the dairy cattle breeding by integrating single nucleotide 

polymorphism (SNP) markers into genetic evaluations in the prediction of genomic estimated 

breeding values (GEBVs) (Meuwissen et al., 2001; Džermeikaitė et al., 2025). Genomic 

selection achieves high prediction accuracy, especially for young animals without own 

performance records. However, genomic prediction accuracy depends strongly on large 

number of genotyped and phenotyped animals (Zhou et al., 2025). Therefore, pooling 

genotypes from different breeds for multi-breed genomic prediction (MBGP) is a strategy used 

to increase the data size particularly for populations with limited genotypes (Li et al., 2025). 

Several studies on MBGP reported limited improvements due to differences in allele 

frequencies, linkage disequilibrium (LD) structure, and genetic backgrounds among breeds (Li 

et al., 2025). Therefore, several methods were explored to improve MBGP accuracy (Londoño‐

Gil et al., 2025) and modifications to genomic relationship matrices (GRM) to account for 

differences in population structure among breeds (Wientjes et al., 2017; Sahana et al., 2025). 

The single-step genomic best linear unbiased prediction (ssGBLUP) model, using a unified 

relationship matrix (H) that combines the pedigree (A) and genomic (G) relationship matrices 

(Aguilar et al., 2010) is also used for MBGP (Londoño‐Gil et al., 2025). However, combining 

A and G in ssGBLUP suffers from incompatibilities of these matrices, particularly in MBGP 

(Londoño‐Gil et al., 2025). This has been addressed through adjustments such as blending, 

tuning and scaling parameters, as well as the inclusion of inbreeding and unknown parent 

groups (UPG) in ssGBLUP (Nilforooshan, 2022; Londoño‐Gil et al., 2025). 

Despite extensive research on MBGP globally, limited information is available for South 

African (SA) dairy cattle populations, particularly regarding ssGBLUP-based multi-breed 

evaluations. The objective of this study was to evaluate the accuracy of alternative GRM and 

alternative ssGBLUP models as strategies to enhance MBGP in SA dairy cattle. 

 

Materials & Methods 

Data. Phenotypic and pedigree data were obtained from the Integrated Registration and 

Genetic Information System. After editing, records consisted of 696,413 Holstein and 593,423 

Jersey were retained for the first three lactations. The traits considered were 305-day milk, 

protein and fat yields as shown in Table 1. Genotypes were generated using the Illumina 50K 

v3 chip. Standard quality control was applied, resulting in 26,600 SNPs for 2,574 animals 

(1,428 Holstein, 1,146 Jersey). Animals without both parents (UPG) included 207 Holstein and 

43 Jersey cattle, all of which were retained in the analyses. 
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Table 1. Characteristics of the data used to assess multi-breed genomic prediction. 

Trait (kg) No of HYS1 Range Mean (SD2) Heritability  

Milk  

38,432  

1,000 – 25,993 6,624.8 (2,669.7) 0.21 

Protein  21 - 857.19 265.55 (97.42) 0.14 

Fat  23 - 833.88 223.51 (82.49) 0.16 
1 Herd-year-season (HYS) 
2 Standard deviation (SD) 

 

Prediction models. Three-trait repeatability best linear unbiased prediction (BLUP) model 

was used to generate estimated breeding values (EBVs) as follows: 

y = Xb + Za + Wpe + e         (1) 

where y is the vector of observations for the traits; X, Z and W are the known incidence 

matrices for fixed, random effects and permanent environmental effects, respectively; b is the 

vector of fixed effects (Herd-year-season, parity, age at calving, breed); a is the vector of 

additive genetic effects for each animal, following a normal distribution N (0,Aσa
2), with A as 

a pedigree-based additive genetic relationship matrix and σa
2 as the additive genetic variance, 

pe is the vector of permanent environmental effects and e is the vector of the residual effect, 

with a normal distribution N (0, Iσe
2 ), with I and σe

2 as the identity matrix and residual 

variance, respectively. 

The ssGBLUP model was used to estimate GEBVs, similarly to the BLUP, where the A matrix 

is replaced by the H matrix (Aguilar et al., 2010) and the its inverse is: 

𝐇-1 = 𝐀-1 + [
𝟎 𝟎
𝟎 τ𝐆−1 − ω𝐀22

−1]       (2) 

where A-1 is the inverse of the A matrix for all the animals; G is the GRM constructed based 

on VanRaden (2008); A22
-1 is the inverse of the A matrix for only genotyped animals. Tuning 

followed method of Chen et al. (2011), where the average of the diagonal elements of the G 

matrix equals that of the A matrix, and the average of the off-diagonal elements of both 

matrices are also equal. The scaling factors of 1 are applied to both A and G matrices. Blending 

followed the formula: G = (1 − β)G + βA22, where β represents the fraction of residual 

polygenic variance that is unaccounted for by G (Lourenco et al., 2020). The optimization of 

ssGBLUP (modifying the H matrix) and the comparison of GRM (modifying the G matrix) 

were conducted as separate analyses. 

 

Optimized ssGBLUP model. The standard three-trait ssGBLUP model was compared to an 

optimized version (ssGBLUP_Opt) incorporating modifications to the construction of the 

inverse of the H matrix. The ssGBLUP_Opt accounted for inbreeding and UPG, increased 

blending parameter β from 0.05 to 0.10, applied tuning following Legarra (2016) with mean 

diagonal elements of G equal to one and mean off-diagonal elements equal to zero, and 

optimized scaling parameters to τ = 0.90 and ω = 0.60 (τ = ω = 1 in the ssGBLUP model). 

 

Comparison of GRM. Three GRM were compared in three-trait ssGBLUP models: 

ssGBLUP, ssGBLUP_W, and ssGBLUP_Z. These models differ only in the construction of 

the G matrix, which represents genomic relationships among genotyped animals, while the 

remaining components of the ssGBLUP model remained the same.  

 

ssGBLUP. The GRM follows VanRaden (2008) and includes all genotyped animals without 

breed-specific modifications, serving as the reference for comparisons. 
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ssGBLUP_W. This GRM follows Wientjes et al. (2017) and consists of four blocks: diagonal 

blocks represent within-breed relationships for Holstein and Jersey, while off-diagonal blocks 

capture between-breed relationships: 

𝐆𝐑𝐌 (𝐬𝐬𝐆𝐁𝐋𝐔𝐏_𝐖)  = [

𝐖Holstein𝐖Holstein
′

∑ 2p1i (1−p1i ) 

𝐖Holstein𝐖Jersey
′

√∑ 2p1i (1−p1i ) √∑ 2p2i (1−p2i ) 

𝐖Jersey𝐖Holstein
′

√∑ 2p1i (1−p1i ) √∑ 2p2i (1−p2i ) 

𝐖Jersey𝐖Jersey
′

∑ 2p2i (1−p2i ) 

] (3) 

where W is the matrix of centered genotypes and 𝑝𝑖the allele frequency of the second allele of 

SNP 𝑖. 
 

ssGBLUP_Z. The off-diagonal blocks representing between-breed covariances were set to 

zero, removing genetic relationships between Holstein and Jersey while preserving within-

breed relationships. This approach maintains allele positions and allows breed-specific 

genomic prediction without altering the SNP structure: 

𝐆𝐑𝐌 (𝐬𝐬𝐆𝐁𝐋𝐔𝐏_𝐙)  = [

𝐖Holstein𝐖Holstein
′

∑ 2p1i (1−p1i ) 
0

0
𝐖Jersey𝐖Jersey

′

∑ 2p2i (1−p2i ) 

]    (4) 

 

Validation. Phenotypes of validation animals were excluded, and GEBVs were re-estimated 

using ssGBLUP with the reduced dataset. Accuracy was defined as the Pearson correlation 

between EBVs from the full BLUP evaluation and GEBVs from the reduced-data evaluation. 

Validation was performed using Holstein and combined Holstein–Jersey populations. All 

analyses used a Holstein and Jersey reference population, with breeding values estimated using 

BLUPF90 (Misztal et al., 2002).  

 

Results 

Prediction accuracies for milk, protein, and fat traits differed across models and validation 

populations (Table 2). In the GRM comparison, the ssGBLUP had the highest accuracies 

(0.20–0.27) than ssGBLUP_W and ssGBLUP_Z when only Holstein was used as a validation. 

The ssGBLUP_Z had the highest accuracies (0.26–0.27) compared to the ssGBLUP and 

ssGBLUP_W for Holstein–Jersey validation. For the model comparison, the ssGBLUP_Opt 

had the highest accuracies for Holstein validation (0.33–0.39) compared to the ssGBLUP 

(Table 2). Similarly, the ssGBLUP_Opt had low accuracies same as the ssGBLUP for 

Holstein–Jersey validation. 

 

Table 2. Prediction accuracies for different GRM and ssGBLUP models  

 

Trait 

ssGBLUP  ssGBLUP_W  ssGBLUP_Z  ssGBLUP_Opt 

Holstein Hol–Jer1  Holstein Hol–Jer  Holstein Hol–Jer  Holstein Hol–Jer 

Milk 0.20 −0.33  0.11 −0.22  0.12 0.26  0.33 −0.33 

Protein 0.27 −0.36  0.12 −0.27  0.11 0.27  0.38 −0.35 

Fat 0.23 −0.36  0.13 −0.24  −0.02 0.27  0.39 −0.35 

1 Holstein–Jersey validation 

 

Discussion 

This study confirms that, despite using a combined Holstein–Jersey reference population, 

MBGP does not necessarily improve accuracy, as prediction accuracies were higher in the 
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Holstein validation than in the combined Holstein–Jersey validation. This is consistent with 

previous studies showing that improvements in accuracy of MBGP is limited due to differences 

in allele frequencies and LD patterns between breeds (Calus et al., 2018). The ssGBLUP_W 

with the GRM designed to account for differences in population structure among breeds 

(Wientjes et al., 2017) resulted in low accuracy in this study, probably due to limited genetic 

connectedness between SA Holstein and Jersey cattle. In contrast, the ssGBLUP_Z model 

improved prediction accuracy in the Holstein–Jersey validation, highlighting the importance 

of excluding between-breed covariance when genetic relationships between breeds are low 

(Sahana et al., 2025). Consequently, the greatest improvements were achieved using the 

ssGBLUP_Opt model. Similar benefits of H matrix optimisation have been reported in other 

studies (Londoño‐Gil et al., 2025). Therefore, these results confirm that ssGBLUP parameters 

require population-specific optimisation. 

 

Conclusions 

This study shows that MBGP in SA dairy cattle is challenging as expected due to limited 

relatedness between Holstein and Jersey breeds. The ssGBLUP provided moderate accuracy 

for Holstein validation but failed for Holstein–Jersey validation. The ssGBLUP_Opt 

substantially improved Holstein accuracies, demonstrating the importance of optimising H 

matrix parameters. For Holstein–Jersey validation, a GRM assuming zero relatedness between 

breeds resulted in improved prediction accuracy. These results indicate that methodological 

refinements can improve the MBGP. In addition, increasing the number of genotyped animals 

remains essential. 
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