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Graphical Abstract

Summary
This paper reviewed studies in genomic selection of multibreed and crossbred populations. Across-breed 
predictions are poor. Use of putative sequence data seems to have a small impact on genomic accuracy. An 
accurate evaluation of any breed type requires a reference population that includes that breed type.

Highlights
• We found low accuracy of genomic evaluation of crossbreds based on purebred data.
• We found higher accuracy for crossbreds based on crossbred data.
• Use of putative sequence variants had a small impact on genomic accuracy. 
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Abstract: Several types of multibreed genomic evaluation are in use. These include evaluation of crossbreds based on purebred SNP 
effects, joint evaluation of all purebreds and crossbreds with a single additive effect, and treating each purebred and crossbred group as a 
separate trait. Additionally, putative quantitative trait nucleotides can be exploited to increase the accuracy of prediction. Existing studies 
indicate that the prediction of crossbreds based on purebred data has low accuracy, that a joint evaluation can potentially provide accurate 
evaluations for crossbreds but could lower accuracy for purebreds compared with single-breed evaluations, and that the use of putative 
quantitative trait nucleotides only marginally increases the accuracy. One hypothesis is that genomic selection is based on estimation of 
clusters of independent chromosome segments. Subsequently, predicting a particular group type would require a reference population of 
the same type, and crosses with same breed percentage but different type (F1 vs. F2) would, at best, use separate reference populations. 
The genomic selection of multibreed population is still an active research topic.

Genotyping in the US dairy industry is now widespread. Although 
the initial purpose of genotyping was for genetic selection, the 

cost has decreased enough for many farmers to use genotyping for 
management purposes. As of September 2020, genotyped dairy 
cattle in the United States exceeded 4.5 million, of which 86% 
are Holsteins, 12% are Jerseys, and the remainder comprises other 
small breeds and crossbred animals (CDCB, 2020). Approximately 
2% of dairy genotypes were of crossbred animals (VanRaden et al., 
2020). Due to the increased demand to accommodate the financial 
investment already made by genotyping crossbred animals, they 
were included in national genomic evaluations in 2019 (VanRaden 
et al., 2020). However, the genomic evaluation is separate for 
each purebred and for all the crossbreds, although the nongenomic 
evaluation that provides input for the genomic evaluation is joint 
for all animals.

Instead of running separate evaluations, a comprehensive evalu-
ation including all the purebreds and crossbreds could provide 
many benefits. The data on each purebred could improve evalu-
ations of other purebreds and crossbreds. The data on crossbreds 
could improve the evaluations of crossbreds and, if the number of 
genotyped crossbreds increases, could even improve the evalua-
tion of purebreds. The requirements of the comprehensive evalua-
tion include biases not greater and reliability not smaller than those 
from separate evaluations. The purpose of this study was to review 
current studies in multibreed evaluations, evaluate methods in use, 
state which assumptions they use, and determine which methods 
show the most promise. Although accurate imputation may be a 
barrier to accurate crossbred genomic prediction, especially in 
databases holding only one of the pure parental breeds, the imputa-
tion is not part of this review.

Several general methods were used for the genomic evaluation 
of multibreed and crossbred populations; see Lund et al. (2014) for 
an earlier review. The general methods include weighting purebred 
SNP effects by breed proportions for crossbred animals (VanRaden 

et al., 2020; Karaman et al., 2021; Steyn et al., 2021), the use of a 
single genomic relationship matrix containing all breeds and breed 
groups (Olson et al., 2012; Hozé et al., 2014; Steyn et al., 2019), 
and treating different breeds as different traits in a multitrait model 
(Olson et al., 2012; Calus et al., 2018; van den Berg et al., 2020). 
Many modifications were applied to those general methods includ-
ing adjusting for breed-wise allele frequencies and accounting for 
pedigree-based breed proportions (Makgahlela et al., 2014), tak-
ing breed-specific effects or breed origin of alleles into account 
(Lopes et al., 2017; Karaman et al., 2021), accounting for linkage 
disequilibrium (LD; Zhou et al., 2014; Rahimi et al., 2020), and us-
ing 2 genomic matrices, one of which contains the most important 
markers and the second the remaining markers (Khansefid et al., 
2014; Raymond et al., 2020). In particular, the use of quantitative 
trait nucleotides (QTN) derived from sequence data could yield 
nearly 100% accuracy across breeds (Goddard, 2017). Some of 
these methods are described in greater detail below.

If phenotypes of crossbreds are relatively scarce, one option is 
the indirect prediction for crossbreds based on purebred data by 
weighting the SNP effect based on the breed proportion of each 
pure breed (VanRaden et al., 2020; Karaman et al., 2021; Steyn et 
al., 2021). For example, consider a crossbred animal composed of 
50% Holstein, 25% Jersey, and 25% Brown Swiss. The indirect 
prediction is the sum of the SNP effect based on Holstein weighted 
by 0.5, the SNP effect based on Jersey weighted by 0.25, and the 
SNP effect based on Brown Swiss weighted by 0.25. This method 
indirectly assumes that SNP are markers to QTL, and the value 
of markers for crossbreds is a weighted average of those of the 
founder pure breeds.

A joint multibreed evaluation uses a single genetic effect for all 
the genotyped animals, either an additive animal effect where all 
genotyped animals share a single genomic relationship matrix or 
the same SNP effects across all breeds (Olson et al., 2012; Hozé et 
al., 2014; Steyn et al., 2019). The joint evaluation indirectly relies 
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on 2 potentially exclusive assumptions: (1) that QTL effects—and 
by extension SNP effects—are similar for all breeds, and (2) that a 
medium-density SNP chip (e.g., 50k) is large enough to account for 
all breeds including the crossbreds. The joint model should include 
effects that account for breed differences and, in the case of cross-
breds, for heterosis and recombination loss. Accounting for differ-
ent allele frequencies for breeds could be used for compatibility 
of genomic and pedigree relationships (Makgahlela et al., 2014).

Another option in the multibreed evaluation is treating each 
breed as a different trait (Olson et al., 2012; Calus et al., 2018; van 
den Berg et al., 2020). A multibreed model allows for an arbitrary 
correlation structure among the breed types including null cor-
relations among the purebreds and nonzero correlations between 
the crossbreds and their parental breeds. The multibreed model is 
common in the pig and poultry industry, where crossbreds are lim-
ited to F1 (Christensen et al., 2014) and may be applicable in dairy 
production systems when crosses beyond F1 are not of interest.

A modification to any of the evaluation methods would be iden-
tification and use of QTN, usually derived from sequence data. It 
assumes indirectly that while many QTN are similar in location 
and magnitude by breed, markers to QTN vary in phase per breed, 
resulting in different estimates of SNP effects (van den Berg et 
al., 2016). Thus, if a large number of QTN are identified and their 
effects well estimated, the genomic predictions can be accurate for 
other purebreds and crossbreds. The success with the use of QTN 
depends not only on their identification but also on assigning a 
higher variance to each QTN to avoid shrinkage (Brøndum et al., 
2015; Fragomeni et al., 2017).

Many studies have been carried out using the methods above, 
some with fairly large data sets. Their results allow us to evaluate 
the assumptions in the methods and subsequently give a better pic-
ture of how genomic selection works, especially in the multibreed 
context. For example, accounting for different allele frequencies 
was not found to be effective but accounting for compatibility of 
pedigree and genomic information was crucial (Lourenco et al., 
2016). Perhaps the most obvious result is that genomic prediction 
across breeds is not effective. For example, Olson et al. (2012) 
looked at the efficiency of genomic prediction for Holsteins and 
Jerseys based on different reference populations. They concluded 
that the prediction reliabilities for one breed based on the refer-
ence population of another breed are low, and combining reference 
populations does not increase reliabilities over a single breed. 
Similar conclusions were reached in beef (Kachman et al., 2013), 
sheep (Moghaddar et al., 2014, 2019), and other dairy populations, 
even when using highly specialized techniques (Raymond et al., 
2018; Karaman et al., 2021; Meuwissen et al., 2021).

Some insight on why across-breed predictions are poor can be 
gained from a study by Steyn et al. (2019), who simulated 5 dif-
ferent populations. Despite each population sharing identical QTN 
locations and substitution values, the across-breed accuracy was 
low. Their study showed that genomic prediction in populations 
with a small effective population size, such as dairy, is primarily 
by mechanisms other than by LD to QTN.

The method of breed proportions was applied to the US dairy 
population (VanRaden et al., 2020). For prediction of SNP effects 
per breed, only genotypes of purebreds were used, as the use of 
genotypes of crossbreds reduced reliabilities for the purebreds. 
In general, the measure of reliability for the crossbreds was low, 

exceeding the parent average by at most 0.05, and the measures 
were ≤0.02 for SCS and daughter pregnancy rate. Karaman et al. 
(2021) showed that this method was less accurate than a simple 
joint relationship matrix containing all animals or including all ani-
mals while accounting for breed origin of alleles. Low reliability 
of the method suggests that either SNP effects of the crossbreds are 
not simply averages of their respective purebred ancestors or that 
prediction is mainly by factors other than markers to QTN.

Although the data on crossbreds were not directly used in predic-
tions by breed proportion, all data (genotypes and phenotypes) are 
used in the joint multibreed evaluations. Winkelman et al. (2015) 
used such a method for the evaluation of the New Zealand dairy 
population consisting of Holsteins, Jerseys, and their crosses. The 
accuracies of prediction were high for purebreds and crossbreds 
and, for some traits, the accuracies were higher for the crossbreds 
than for the purebreds. The study suggests that high accuracy for 
crossbreds would be achieved only with crossbred data in the refer-
ence population. Similar conclusions were reached by Khansefid 
et al. (2020). In a study by Steyn et al. (2021), the population 
included 90k Holsteins, 9k Jerseys, and <2k crosses. Predictivity 
for one purebred was high if that breed was included in the refer-
ence population, it was low when it was not, and using a combined 
reference of 2 purebreds reduced the predictivity compared with 
using only 1. For crossbreds, predictivity was similar whether the 
reference population was any single purebred, both purebreds, or 
only a cross. Because accuracy with the cross population was the 
same as with much larger purebred populations, it seems that an 
accurate prediction of a breed type requires the reference popula-
tion of that breed type.

With many breeds, the number of possible types of crossbreds 
can be very high, and there is a temptation to include all breeds and 
crossbreds in a joint multibreed evaluation. In beef, such an evalu-
ation for the Irish breeds includes 47 breeds plus crossbreds (Berry 
et al., 2016; Mäntysaari et al., 2017) and, for Igenity, it includes at 
least 10 breeds plus crossbreds (Saatchi et al., 2014). While the first 
evaluation used a ~50k SNP chip, the second used <3k selected 
SNP. Assuming that predictivity from breed to breed is low, which 
means nearly separate SNP solutions for each breed, a joint evalu-
ation would result in effectively using a reduced number of SNP 
per breed, potentially reducing accuracy compared with purebred 
evaluations. Steyn et al. (2019) found that the reliability is lower 
compared with a single breed evaluation when a joint evaluation 
uses many breeds with small number of randomly selected SNP.

Recently, Cesarani et al. (2021) ran a 5-breed single-step evalua-
tion using complete US data with over 3 million genotyped animals. 
The breeds were of greatly unbalanced sizes, with Holstein com-
prising 90% of the data and Ayrshire comprising 0.1% of the data. 
With appropriate options [core animals in the algorithm for proven 
and young (APY) having enough animals from each breed], the 
reliabilities were as good as those from single-breed evaluations. It 
is possible that no reduction in accuracy despite many breeds was 
aided by the APY algorithm, where the unneeded impact of one 
breed on the other was limited by the reduction in dimensionality. 
A subsequent study will determine whether including the crossbred 
data with such a method will provide acceptable evaluations for the 
crossbreds without negatively affecting the purebreds.

Using putative sequence information had a positive but still 
very small impact on across-breed reliabilities (Meuwissen et al., 
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2021). In the latter study, relatively large populations of Austra-
lian cattle were used to identify putative QTN and evaluate their 
effect on reliability within and across breeds. Methods included 
BayesR, which can assign a different variance to each SNP, reduc-
ing shrinkage to properly identified QTN, and an improved method 
to BayesR named BayesGC. Reliabilities of prediction for single 
breeds were high with genomic BLUP (GBLUP; 0.71 for Holsteins 
and 0.64 for Jersey), which mostly ignores the putative QTN, and 
increased by, at most, 0.01 with BayesR and 0.04 with BayesGC, 
which potentially account for putative QTN. Reliabilities for an 
unrelated breed (Australian Red Cow) were low (0.23 for GBLUP 
and 0.27 for BayesR), indicating the small value of putative QTN 
on prediction across breeds. A study by Khansefid et al. (2020) 
looked at the accuracy of genomic selection for various purebreds 
and crossbreds, with 3 types of SNP information and analyses ei-
ther by GBLUP or by a Bayesian model. Predicted accuracies for 
crossbreds were the highest with the crossbred data. The Bayesian 
model improved prediction accuracy for the crossbreds based on 
the purebred data but less so with purebred and crossbred data; the 
improvements were smaller with SNP information that included 
putative QTN variants.

If accuracies are calculated for all breeds or all types of cross-
breds together, they may be inflated if the model does not account 
for the breed type (Bermann et al., 2021). The breed type is defined 
here as either a purebred or a specific type of crossbred, where 
F1 and F2 are different breed types. Assume that accuracies are 
calculated by predictivity, which is a correlation of genomic EBV 
and phenotypes adjusted for fixed effects (Legarra et al., 2008). If 
the fixed effects do not include the breed effect, the predictivity 
mostly predicts the missing breed effect. In the extreme case, the 
accuracy calculated as the ratio of predictivity and a square root of 
heritability may be >1. Accounting for breed types of crossbreds 
may be hard because their number can be high (e.g., F1, F2, various 
reciprocal crosses, 3-way crosses). Without accounting for breed 
types, genomic EBV would predict the breed type well, but predic-
tion within a breed type may be poor.

The cited studies indicate that (1) there is little predictivity 
from breed to breed even if QTL are identical; (2) the accuracy of 
crossbreds based on purebreds is low; (3) using crossbred refer-
ence populations to predict crossbreds seems to be successful; and 
(4) using putative QTN only marginally improved accuracy. This 
can be explained by the nature of genomic selection in populations 
with a small effective population size. Genomic selection is based 
primarily on predicting clusters of the most common chromosome 
segments in each population (Daetwyler et al., 2010; Pocrnic et al., 
2019), and less on LD to QTN. Additionally, the number of detect-
able QTN with estimable effect and without pleiotropy for traits 
under selection is likely small (Georges et al., 2019; Misztal et al., 
2020). Thus, it is important for all breeds and types of crossbreds to 
be present in the reference population. Extending the idea, accurate 
prediction of crosses requires a reference population that includes 
the relevant cross types. Genomic multibreed evaluation is still an 
active research topic.
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