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ABSTRACT: The 677 bucks progeny tested and the 148 
candidates from French Alpine and Saanen dairy goats were 
genotyped with the Illumina goat SNP50 Bead-Chip. Using 
a GBLUP single step approach, three models were used in 
this study: 1) a multi-breed model in which Alpine and 
Saanen were considered as the same breed, 2) a per-breed 
model with one evaluation per breed and 3) a multiple trait 
model in which a trait in Alpine was genetically correlated 
(ρ=0, ρ=0.99 or ρ estimated) to the same trait in Saanen. 
Prediction quality assessed by cross validation were better 
using single step than two step approach. The three models 
used performed similarly except for biases. Model accura-
cies of candidates were improved by using single step ap-
proach and were better using multi-breed model than other 
ones.  
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Introduction 
 

The recent availability of the Illumina goat SNP50 
Bead-Chip (Tosser-Klopp et al., 2012) provided the oppor-
tunity to study genomic selection in French dairy goat spe-
cies. A first study of genomic selection in dairy goats 
(Carillier et al., 2013) using a two-step genomic approach 
did not lead GEBV accuracies to reach level of accuracy of 
parent average breeding values, obtained from official eval-
uation, for the candidates (0.63 in average for milk yield). 
A single step method proposed by Legarra et al (2009) 
using directly all female performances performed better 
than two step approach (Gao et al., 2012). Alpine and 
Saanen breeds were genetically evaluated together in offi-
cial genetic evaluation. However differences in genetic 
parameter (Bélichon et al., 1999) and in genetic characteris-
tic (Carillier et al., 2013) make the interest of multi-breed 
genomic evaluation questionable. Studies (Hayes et al., 
2009a; Brøndum et al., 2011) did not conclude clearly on 
the interest to use multi-breed genomic evaluation. The 
objective of this study was to compare single step approach 
using three models: 1) a multi-breed model with Saanen 
considered as the same breed as Alpine, 2)  a per-breed 
model, and 3) a multiple trait one (Karoui et al., 2012) with 
genetic correlation between Alpine and Saanen. 

 
Materials and Methods 

 
Data. From the 852 bucks genotyped (369 Saanen and 483 
Alpine) genotyped with the Illumina SNP50 BeadChip 
(Tosser-Klopp et al., 2012) and born between 1993 and 
2011, 148 were not progeny tested yet. Traits studied were 
milk yield, fat yield and protein content, somatic cell score 
(SCS) and udder floor position. Maximum numbers of 

performances used were 4 178 315 from Alpine breed and 
3 173 516 from Saanen one, coming from the official genet-
ic evaluation of January, 2013. Pedigree used in this study 
consisted in 2 981 809 animals considering up to 29 genera-
tions with 43 unknown parents groups.  
 

In this study GEBV of animals were estimated us-
ing genomic Best Linear unbiased Prediction (BLUP) 
method with blup90iod program (Misztal et al., 2002).  

 
Multi-breed model. The first model was dedicated 

to multi-breed genomic prediction:
eWpZuXβy +++= , where y was the vector of all 

females performances from the two breeds, β the fixed 
effects (herd, age and month at delivery: within year, lacta-
tion number and region; length of dry period and breed for 
milk production traits and SCS ; herd, age at scoring, lacta-
tion stage and breed for type trait), p permanent environ-
mental effects, u the breeding values and e a vector of ran-
dom normal errors. Genomic breeding values u were nor-
mally distributed with ²)( uVar σHu = , where H was the 
genetic relationship matrix combining information of SNP 
markers and pedigree implemented as in Legarra et al. 
(Legarra et al., 2009) derived from allele frequencies con-
sidered in the whole population.  

 
Per breed model. This Per-breed model was simi-

lar to the previous one (without the breed effect) except that 
Alpine and Saanen were evaluated separately: 

alpalpalpalpalpalpalpalp epWuZβXy +++=  and 

saasaasaasaasaasaasaasaa epWuZβXy +++= .The rela-
tionship matrices were derived with allele frequencies con-
sidered in each breed.  

 
Multiple trait model. The third model used in this study 
was similar to the one used in Karoui’s study (Karoui et al., 

2012):
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Hub  and pb were the perma-

nent environmental effect and ε the random normal errors. 
Three genetic covariances between Alpine and Saanen 
breeds ( alpsaau ,σ ) were used in this study: 1) the estimated 
covariance 2) covariance was set to 0, and 3) covariance set 
to have a genetic correlation (ρ) value of 0.99.  
 



Analysis. The cross validation consisted in 425 
males from the training set and the 252 males from the 
validation set. Quality of predictions was evaluated looking 
at Pearson correlations between GEBV and daughter yield 
deviations (DYD) and regression coefficients of DYD on 
GEBV. Accuracies of GEBV or “model accuracies” were 
estimated as in Misztal’s study (Misztal et al., 2012) and 
derived for the 148 young males not progeny tested yet and 
born between 2010 and 2011. 

 
Results and Discussion 

 
Pearson correlations (Table 1) between GEBV and DYD 
for the 252 validation males estimated ranged from 0.42 for 
milk yield to 0.70 for protein content. Prediction accuracies 
using a per-breed model were similar or slightly better than 
with a multi-breed model except for protein content (- 1%). 
The prediction accuracies obtained with the multiple trait 
models were close to the one obtained with per-breed and 
multi-breed models. Using this model, the different values 
of genetic covariance between Alpine and Saanen breeds 
did not have a great impact on Pearson correlations between 
DYD and GEBV which was consistent with (Karoui et al., 
2012) study. Using the single step approach instead of the 
two-step one from Carillier et al.’study (2013) using 
GBLUP method, increased the Pearson correlations for all 
traits by 10% for milk yield to 60% for udder floor position. 
 
Table 1. Pearson correlations between DYD and GEBV 
for the 252 validation males. ρ is the genetic correlation 
between Alpine and Saanen goats used in the multiple 
trait model.  
 
 

Regression slopes (Table 2) were estimated from 

0.48 for milk yield to 1.17 for protein content. Biases ob-
tained with per-breed model were closer to 1 than with 
multi-breed and multiple trait models. For multiple-trait 
model, regression coefficients using ρ estimated or equal to 
0 were similar. These biases were consistent with those 
obtained using multi-breed model. Using a genetic correla-
tion of 0.99 improved biases for almost all traits except for 
protein content. However they were not as good as in per-
breed model. These biases were worse than the one estimat-
ed in a previous study (Carillier et al., 2013)	  with the two-
step approach from 3 to 14%.  

 
 
 

Table 2. Regression coefficients of DYD on GEBV for 
the 252 validation males. ρ is the genetic correlation 
between Alpine and Saanen goats used in the multiple 
trait model. 

 
 

Figure 1 shows the average model accuracies es-
timated on the 148 candidates using reference population of 
677 males. These accuracies ranged from 0.62 for SCS to 
0.74 for protein content. Using per-breed model, they were 
lower from 1% to 3% than the one derived with multi-breed 
model except for SCS and udder floor position. This was 
due to the smallest size of the reference population in each 
breed. With multiple trait model, best accuracies were ob-
tained with ρ=0.99, ρ estimated and ρ=0 ranked in this 
order. These accuracies were lower than the one founded in 
multi-breed model from 1% to 4% except for SCS and 
udder floor position. These model accuracies were higher 
than the accuracy of candidates’ parent average breeding 
values for all traits. Using single step compare to two-step 
approaches from Carillier et al.’study (2013) increased 
model accuracy from 28% for udder type traits and SCS to 
37% for milk and fat yields.  

 

 
Figure 1 - Average model accuracy derived for the 148 
candidate bucks. 
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 Multi-
breed 

Multiple trait Per 
breed 

Trait ρ=0.99 ρ 
estim 

ρ=0 

Milk yield 0.43 0.43 0.42 0.43 0.43 
Fat yield 0.44 0.45 0.46 0.46 0.46 
Protein % 0.70 0.68 0.70 0.70 0.69 
SCS 0.47 0.47 0.47 0.47 0.47 
Udder floor  0.59 0.59 0.59 0.59 0.59 

 Mul-
ti-

breed 

Multiple trait Per 
breed 

Trait ρ=0.99 ρ 
estim 

ρ=0 

Milk yield 0.58 0.76 0.48 0.49 0.77 
Fat yield 0.62  0.67 0.62 0.61 0.69 
Protein % 0.95 0.92 0.94 0.94 1.17 
SCS 0.67 0.68 0.64 0.64 0.71 
Udder floor  0.76 0.86 0.80 0.80 0.90 



Conclusion 
 
Three models (multi-breed, per-breed and multiple 

traits) using a single step approach for genomic evaluation 
were compared in this study. Quality of prediction was 
similar in the three models except for bias which was better 
using a per-breed model. Biases were larger than with a 
two-step approach derived in a previous study. Average 
model accuracy estimated for candidates using a single step 
approach exceed the accuracy of parent average breeding 
values in official evaluation. Considering the small size of 
the population used in the per-breed model, expected accu-
racies were quite important. The best model accuracies 
were obtained using a multi-breed model. This model is the 
easiest to implement: one evaluation instead of two (multi-
breed vs per-breed) and fastest than the multiple trait one. 
Considering biases of prediction, improvement have to be 
done to implement such a model in official evaluation. 
Approaches taking into account heterogeneity of variance 
and/or information from causal mutation, major genes 
(DGAT1 and casein variant) and polygenic part could be 
explored in the future. 
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