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ABSTRACT: Accuracy of predicting crossbred 
performance within and across Montbéliard x 
Charolais and Holstein x Charolais claves was 
studied. Accuracies obtained with BLUP and 
GBLUP were compared within population. GBLUP 
showed higher accuracies ranging from 0.386 to 
0.475. Genomic prediction within one crossbred 
population tended to give the highest accuracies. 
Genomic prediction across crossbred populations had 
the lowest accuracy as compare to genomic 
prediction within one crossbred population, with a 
decrease from 12.8 to 27.2%. This decrease in 
accuracy was due to different effect of the Charolais 
genes when the dam is Montbéliard or Holstein. For 
crossbred populations having one common parental 
breed, genetic correlation can be estimated from 
pedigree information. This estimation was suggested 
as an indication to assess the possibility to perform 
genomic prediction across crossbred populations and 
the gain in accuracy when pooling different 
crossbred populations into one reference population. 
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INTRODUCTION 

 
To manage the replacement of their dairy 

cattle herds, farmers can choose to inseminate dairy 
cows having low milk production potential with 
semen of purebred beef sires. In France, purebred 
Charolais sires are mated to the two main dairy cow 
breeds, i.e. Holstein and Montbéliard. For this 
purpose Charolais sires are selected based on the 
performance of crossbred calves. Using genomic 
information would allow predicting breeding values 
of Charolais bulls for their crossbred performance, 
i.e. a phenotype not expressed in the purebred 
Charolais. Currently Charolais bulls are selected 
based on the performance of their crossbred 
offspring but genomic information could result in 
abandoning progeny testing and reducing costs 
associated with data collection. 

To implement genomic prediction in such 
a situation, one could predict breeding values 
within each crossbred population independently. 
However, it may be difficult to realize a reference 
population of sufficient size for each crossbred 
population separately. Alternatively, genomic 
prediction could be developed by combining both 
crossbred populations into a single reference 
population. However, studies that pooled reference 
populations consisting of different purebreds 
showed no or limited benefits in terms of accuracy 

of the genomic predictions (Pryce et al. (2011); 
Chen et al. (2013)). Accuracy of genomic 
prediction based on a reference population 
consisting of two crossbred types has not yet been 
reported. In this situation both crossbreds contain 
genes from a common breed, i.e. a scenario which 
also occurs in pig and poultry breeding schemes. 

The objective of this study was to 
investigate accuracy of predicting crossbred 
performance based on genomic information for two 
linked crossbred populations, using real data. Three 
scenarios which differ with respect to the 
contribution of both crossbreds to the reference and 
the validation population were considered. 
 

MATERIAL AND METHODS 
 

Data. Phenotypes were collected on 2,211 
calves from which 1,111 were males and 1,100 
were females. Calves originated from 88 purebred 
Charolais AI sires mated to dams from the 
Montbéliard or Holstein breed. Number of 
Montbéliard x Charolais calves was 1,764 and 
number of Holstein x Charolais calves was 447. 
Traits considered in the current study were bone 
thinness (scale from 1 to 5), height (scale from 1 to 
5), and muscular development (scale from 1 to 9). 
The traits were scored on calves at three weeks of 
age by two qualified classifiers. One classifier 
scored 925 Montbéliard x Charolais calves and 241 
Holstein x Charolais calves. The other classifier 
scored 839 Montbéliard x Charolais calves and 206 
Holstein x Charolais calves. 

All 2,211 calves and their 88 sires 
purebred Charolais sires were genotyped with the 
Illumina BovineSNP50 Beadchip (Illumina Inc., 
San Diego, CA, USA). Only SNPs with a minor 
allele frequency of at minimum of 2% and a call 
rate of at minimum of 95% were included in the 
analysis, leaving 44,508 SNPs for further analysis. 

Estimation of breeding values. Each trait 
was analyzed using a linear animal model with the 
fixed effects being sex (2 classes), dam breed (2 
classes), classifier (2 classes), and a combination of 
birth year (from 2010 to 2012) and season of birth 
(6 classes).  

Regular BLUP breeding values were 
calculated using pedigree information based on 
paternal relations as interest is in prediction EBVs 
for the Charolais breed. Pedigree information was 
traced back with a minimum of three generations.  



Genomic breeding values were calculated using 
GBLUP (VanRaden, (2008)) where the marker-
based genomic relationship matrix G was 
constructed using observed allele frequencies from 
all genotyped animals i.e. the Montbéliard x 
Charolais calves, the Holstein x Charolais calves, 
and the Charolais purebred sires. Variance 
components were set at values reported by Vallée et 
al. (2013) and were same for BLUP and GBLUP. 
Analysis were performed using the BLUPF90 
package (Misztal et al. (2002)) 

Scenarios for reference and validation 
populations. A 10 fold cross-validation was used to 
split the population of calves into a reference and a 
validation population. Calves were randomly split 
and therefore calves in the validation population 
could have paternal half-sibs present in the reference 
population. The size of the reference population was 
kept constant for all scenarios. In the first scenario, 
Montbéliard x Charolais calves (n= 1,588) were used 
to predict phenotypes of calves from the same 
crossbred. In scenario 2, Montbéliard x Charolais 
(n=1,185) and Holstein x Charolais crossbred calves 
(n= 402) were combined and used as reference 
population. Phenotypes of Montbéliard x Charolais 
crossbreds (2a) and Holstein x Charolais crossbreds 
(2b) were predicted. In scenario 3, Montbéliard x 
Charolais crossbreds (n= 1,588) were used as a 
reference population to predict Holstein x Charolais 
phenotypes. Calves constituting the reference 
population were the same for each replicate between 
scenario 1 and scenario 3. Calves constituting the 
validation population were the same for each 
replicate between scenario 1 and scenario 2a, and 
between scenario 2b and scenario 3. Number and 
type of calves used in each scenario are summarized 
in Table 1. 

BLUP and GBLUP were performed on 
scenario 1 to allow comparison of results between 
the two methods. GBLUP was performed on 
scenarios 2a, 2b and 3 to allow comparison of results 
when prediction was performed within or across 
crossbred populations. Accuracy of prediction was 
calculated as the correlation between the estimated 
breeding values and the phenotypic values divided 
by the square root of the heritability. Bias was 
assessed by the regression of phenotypes on the 
estimated breeding values. Accuracy and bias were 
calculated for each of the ten replicates and then 
averaged. 
 

RESULTS AND DISCUSSION 
 

Use of crossbred data to predict 
performance. Accuracies obtained for the different 
scenarios and traits ranged between 0.281 and 0.492 
(Table 1). In the current study, reference and 
validation populations shared half-sibs from the 
same paternal families. This will result in an inflation 
of the accuracies reported in Table 1 (Daetwyler et 

al. (2013)), however, it is expected to affect the 
different scenarios to the same extend. Size of the 
reference population was kept constant for all 
scenarios to allow comparison of accuracy. Smaller 
size of the validation population in scenario 2b and 3 
only will affect the standard errors of the accuracies. 

Bias was limited for all situations; 
regression coefficients were between 0.798 and 
1.083. Accuracies of breeding values showed an 
increase of 12.9 to 21.1% under scenario 1 when 
using genomic information (GBLUP) as compared to 
pedigree information (BLUP). This confirms, based 
on real data, the potential to use genomic information 
of crossbred animals to predict crossbred phenotypes 
(Dekkers (2007); Ibanez-Escriche et al. (2009), 
Toosi et al. (2010); Zeng et al. (2013)). As compared 
to genomic prediction in purebred populations, the 
crossbred situation is expected to have a few 
complications. One of them being that dominance is 
expected to be more important in crossbreds than in 
purebreds (Falconer et al. (1996)). These 
complications were not accounted for in the models 
used. Therefore, more advanced modelling including 
dominance effects or fitting breed-specific SNP 
effects (Ibanez-Escriche et al. (2009); Zeng et al. 
(2013)) might lead to improved accuracies. 

Use of admixed crossbred populations. 
When the reference and validation populations 
consisted of the same crossbred population (scenario 
1) accuracies tended to be highest (0.475 for bone 
thinness, 0.386 for height, and 0.445 for muscular 
development) (Table 1). On the contrary, when the 
validation population consisted of a different 
crossbred population than the one represented in the 
reference (scenario 3), lower accuracies were 
observed (0.401 for bone thinness, 0.281 for height, 
and 0.388 for muscular development). Decrease in 
accuracy ranged from 12.8 to 27.2%.When the 
validation population consisted of a crossbred 
population that was partly included in the reference 
(scenario 2a and 2b), intermediate accuracies were 
observed. Loss of accuracy using admixed 
populations might be due to different allele 
frequencies between populations. Accounting for 
breed-specific allele frequencies when building the G 
matrix (Harris and Johnson (2010)) might lead to 
improved accuracies. Studies which used distinct 
purebred breeds in the reference and validation 
populations also reported loss of accuracy. The loss 
in accuracy was attributed to differences in QTL 
effects and differences in LD between markers and 
QTL between breeds (Pryce et al. (2011); Chen et al. 
(2013)). These differences could also exist between 
Montbéliard and Holstein dam breeds and could 
explain the decrease in accuracy. However, this 
decrease is expected to be lower than observed in 
purebred populations as genetic difference only 
concern the part transmitted by the dam.  

Genetic correlation between crossbreds 
Although in each scenario reference and validation 



populations contained genes from the Charolais 
breed, these genes might not have the same effect 
when the dam is Montbéliard or Holstein. The 
estimated genetic correlation between Montbéliard x 
Charolais and Holstein x Charolais is 0.70 for bone 
thinness, 0.80 for height 0.80, and 0.99 for muscular 
development (Vallée et al. (2013)). Therefore, bone 
thinness and height can be seen as genetically 
different traits in the two crossbred populations. 
These traits also showed a larger loss in accuracy 
(21.1 and 27.2 %) when the reference and validation 
populations consisted of different crossbreds 
(scenario 1 versus scenario 3) as compared to 
muscular development (12.8%). The genetic 
correlation reflects the concordance of the QTL 
effect on the trait in different populations (Karoui et 
al. (2012)). A genetic correlation different from unity 
therefore is expected to result in a loss of accuracy 
when genomic prediction is performed across 
populations.  
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Table 1: Accuracy of breeding values estimated for different combinations of crossbred populations.  

Scenario Reference Validation – 10 fold Method Bone 
thin. Height Musc. 

dev. 

1 Mb x Ch (n= 1.588) Mb x Ch (n= 176) BLUP 
GBLUP 

0.3921 
0.475 

0.323 
0.386 

0.394 
0.445 

2a Mb x Ch (n= 1.185) + 
Ho x Ch (n= 402) 

Mb x Ch (n= 176) GBLUP 0.492 0.340 0.429 

2b Ho x Ch (n= 45) GBLUP 0.319 0.342 0.421 

3 Mb x Ch (n= 1.588) Ho x Ch (n= 45) GBLUP 0.401 0.281 0.388 

Mb = Montbéliard, Ho = Holstein, Ch = Charolais  
Bone thin: bone thinness, Musc. dev.: muscular development 
1 average over 10 replicates 
Standard error of accuracies ranged between 0.014 and 0.066 
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