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Introduction

Crossbreeding has long been a cornerstone strategy in livestock breeding, applied across
multiple species to enhance genetic diversity, improve performance, and promote
sustainability (VanRaden, et al., 2020). In dairy cattle breeding, it has gained increasing
attention due to its significant contributions to functional traits that underpin herd health and
longevity (Serensen et al., 2008; Haile-Mariam and Pryce, 2015). The benefits of
crossbreeding largely stem from heterosis, where crossbred offspring outperform the average
of their purebred parents (Falconer and Mackay, 1996). This phenomenon is particularly
pronounced in traits with low heritability, such as calving traits, where traditional additive
genetic selection yields slower progress (Berry et al., 2014). Crossbred dairy cattle have
demonstrated enhanced reproductive efficiency, reduced calving difficulty, and longer
productive lives, which translate into improved profitability and sustainability (Buckley et
al., 2014; Haile-Mariam and Pryce, 2015).

A key challenge in genetic evaluations involving crossbred populations is the limited
availability of direct phenotypic records for many crossbred animals. To address this, indirect
prediction methods are employed, which leverage information from correlated traits,
purebred populations, or genomic data to estimate breeding values for crossbred animals
(Steyn et al., 2021).

This study aimed to predict genomic breeding values for calving traits in crossbred dairy
cattle by back-solving SNP effects using single-step GBLUP (ssGBLUP) methods.
Genotypic data from Holstein (HO), Jersey (JE), and Holstein-Jersey (HOXJE) crossbred
animals were incorporated in the ssGBLUP analysis to estimate these SNP effects.

Materials & Methods

The analyzed traits were calving ease (CE), gestation length (GL), and stillbirth (SB), with
phenotypic records ranging from 4,408,115 (SB) to 8,812,994 (GL). Phenotypic and pedigree
data were directly obtained from producers in the United States through on-farm software
using proprietary scripts. Pedigree data from 8,443,224 animals supported breeding value
estimation through a multiple-trait model, capturing the genetic correlations among these
traits to enhance prediction accuracy. Genotypic data used for genomic evaluation included
955,053 HO, 268,082 JE, and 28,979 HOXJE crossbred animals. These data were obtained
from the Zoetis genotyping laboratory (Kalamazoo, Michigan, USA), where samples from
commercial herds were submitted for genomic testing. DNA extraction and genotyping were
performed using Illumina BeadArray SNP chips, with marker densities ranging from
approximately 3,000 to over 80,000 SNP markers. Animals genotyped with lower-density
SNP chips (<40,000 markers) for HO and JE were imputed to a common set of 45,245 SNP
markers using Flmpute (Sargolzaei et al., 2011). SNPs were filtered based on call rate and
minor allele frequency thresholds, excluding markers with call rates below 90% and minor

allele frequencies below 0.01, following criteria similar to those described by Vukasinovic et
al. (2017).
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Genomic breed composition for both purebred and crossbred animals was estimated using a
supervised admixture analysis implemented in ADMIXTURE (Alexander et al., 2009),
assuming fixed allele frequencies for each breed in the reference population. Genotypes were
retained for analysis if the proportion of HO, JE, or a combination of both was at least 80%
based on the genomic breed composition.

Statistical Model. The calving traits were analyzed using the following multivariate linear
model:
y=Xb+Zia+Zrct+Zspet+Zshy+Zsss+e (D)

where y is a vector of observations for the three calving traits (CE, GL, and SB); b is a vector
of fixed effects (year x season of calving, parity, and sex of calf) associated with the three
traits considered; a is a vector of random direct additive genetic effects for the traits; ¢ is a
vector of random crossbreeding of calf effect; pe is a vector of random permanent
environmental effect; Ay is a vector of random herd x year effect; ss is a vector of random
service sire effect; X is an incidence matrix for fixed effects; Zi, Z2, Z3, Z4, and Zs are
incidence matrices, respectively, to the random effects, direct additive genetic, crossbreeding
of calf, permanent environmental, herd x year, and service sire; and e is a vector of random
residual effects. We assumed that a~N(0,H® > u), where H is the relationship matrix
combining genotyped and non-genotyped animals in ssGBLUP, and X a is the (3x3) additive
genetic variance-covariance matrix; ¢~N(0,/Q > c) , where [ is the identity matrix, and > ¢
is the (3x3) crossbreeding of calf variance-covariance matrix; pe~N(0,/Q > pe) , where I is
the identity matrix, and > pe is the (3x3) permanent environment variance-covariance matrix;
hy~N(0,IQ > hy), where I is the identity matrix, and X hy is the (3x3) herd x year interaction
variance-covariance matrix. e~N(0,/®Q > ¢), where I is the identity matrix, and > e is the
(3x3) residual variance-covariance matrix. Variance components were estimated using
multiple-trait analysis across the three calving traits, including SB as a threshold trait and the
remaining traits as linear. Variance components were estimated using thrgibbs1f90 version
2.116 (Misztal et al., 2014a), without genomic information. The model included inbreeding,
retained heterosis, trait-specific fixed effects, and random additive direct and permanent
environmental effects. Parental breed proportions and inbreeding coefficients were calculated
using OptiSel (Wellmann, 2019).

Genomic evaluation. Trait analyses were conducted using a multivariate linear model based
on ssGBLUP methodology. In ssGBLUP, the inverse of the traditional pedigree relationship
matrix, A”1, is replaced by the inverse of the H matrix, which integrates both pedigree (A)
and the genomic relationship (G) information, as described by Legarra et al. (2009) and
Aguilar et al. (2010). To accommodate the large number of genotypes, the Algorithm for
Proven and Young animals (APY) was applied (Misztal et al., 2014b). The core group
consisted of 30,000 randomly selected animals, proportionally representing purebreds and
crossbreds. The original solutions from the program, EBV, were halved to calculate the
Predicted Transmitting Ability (PTA). This PTA was then expressed as the deviation from
the genetic base, defined as the average PTA of all animals born in 2020 with phenotypic
records for that trait. SNP effects were back-solved from a multibreed evaluation
incorporating all HO, JE, and crossbred animals. Indirect predictions (IP) of the validation
animals (576 crossbred animals) were calculated using the resulting SNP effects. The
predictive ability of IP was calculated as the Pearson correlation between IP and GEBV of
the validation animals.



Results & Discussion

The predictive abilities of indirect predictions derived from ssGBLUP are summarized in
Table 1. The correlations between genomic predicted transmitting abilities obtained for
crossbred animals using regular ssGBLUP and IP were 0.97 for calving ease (CE), 0.99 for
stillbirth (SB), and 0.98 for gestation length (GL). These results demonstrate strong
agreement between direct genomic predictions and indirect predictions, underscoring the
reliability of IP for crossbred animals. Slopes from regressing IP-based PTAs on ssGBLUP
PTAs were near 1 (SB: 1.023; CE: 0.984; GL: 0.974), with R? values of 0.98 (SB), 0.934
(CE), and 0.967 (GL), indicating close agreement between methods (Figure 1).

Despite HO animals greatly outnumbering JE and HOXJE crossbreds, crossbred predictions
showed strong concordance with ssGBLUP (PTA correlations 0.97-0.99). This suggests that
the inclusion of purebred genotypes in the evaluation enhances the accuracy of genomic
predictions for crossbreds, likely due to the improved estimation of SNP effects and genetic
relationships across populations.

Table 1. Summary statistics, including mean, minimum (Min), maximum (Max), standard
deviation (SD), and predictive ability (Pearson correlation between estimated genomic PTA
and indirect predictions) are presented based on a validation dataset of 576 HOXJE crossbred
animals.

ssGBLUP IP

1
Trait Mean Min Max SD Mean Min Max SD Corr
SB PTA -1.698 -4925 1.713 1206 -1.789 -5.133 1.870 1.246 0.99
CE PTA -0.032 -0.140 0.074 0.036 -0.024 -0.125 0.079 0.036 0.97
GL PTA -0.181 -3.101 2.277 0907 -0.111 -2951 2384 0.899 0.98
!'SB = stillbirth; CE = calving ease; GL = gestation length.
SB_PTA CE_PTA GL_PTA
! Slope = 1.023 Slope = 0.984 Slope = 0.974
R?=0.98 008 R?=0.934 2 R2=0.967
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Figure 1. Comparison of genomic predicted transmitting abilities from direct ssGBLUP
versus indirect predictions for stillbirth (SB_PTA), calving ease (CE_PTA), and gestation
length (GL_PTA) in HOXJE crossbred cattle.

Evidence from other species supports our results. For instance, in pigs, Hidalgo et al. (2015)
demonstrated that the accuracy of genomic predictions for crossbred animals improved when
both parental breeds were included in the reference population, compared to using either
purebred animals alone or only crossbreds. Pocrnic ef al. (2019) further corroborated this by
demonstrating increased predictive ability for crossbred pigs when combining data from both
pure lines. However, their study focused on F1 crossbreds with more extensive genotype and
phenotype data than typically available in dairy cattle evaluations. The principle behind these
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improvements lies in the enhanced representation of genetic diversity and linkage
disequilibrium patterns when purebred and crossbred animals are jointly analyzed. Including
imputed purebred genotypes in ssGBLUP evaluations enables more accurate estimation of
SNP effects, which in turn improves the indirect prediction of genomic breeding values for
crossbreds (Steyn et al., 2021; VanRaden et al., 2020).

Moreover, indirect prediction methods provide a practical solution to the challenge of limited
phenotypic data in crossbred populations, enabling the use of genomic information to infer
breeding values even when direct phenotypes are scarce or unavailable.

Overall, these findings highlight the value of combining purebred and crossbred genomic
data in a unified evaluation framework. Indirect predictions derived from ssGBLUP models
incorporating imputed purebred genotypes offer a robust approach to improving genetic
evaluations and selection decisions in crossbred dairy cattle populations.

Conclusions

The approach of back-solving SNP effects from ssGBLUP-derived GEBVs and using those
effects for prediction provides a cost-effective, scalable way to strengthen genomic selection
programs, especially in populations with complex breed compositions, such as crossbreds.
Leveraging indirect predictions and integrating diverse genomic information, this approach
enables more accurate and robust genetic evaluations. Future research may focus on
incorporating additional layers of functional genomic data, such as transcriptomics and
epigenetics, and investigating the effects of various genotype imputation strategies. These
advancements have the potential to further improve the accuracy and reliability of genomic
predictions, ultimately supporting more efficient and sustainable breeding programs.
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