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ABSTRACT: The objective of this study was to assess the 
quality of genomic predictions for rebreeding success or 
failure after calving, age at first calving, and early 
pregnancy occurrence in Nellore females. There were 1,853 
individuals that had 305,348 SNPs each used in genomic 
selection analyses. Three genomic prediction methods were 
used: GBLUP, a Bayesian method (BAYESCπ), and a lasso 
method (IBLASSO) were used to estimate SNP effects. The 
dependent variables were: adjusted phenotype (CPHEN), 
and deregressed breeding value (DEBV). Predictive 
abilities were assessed by the average correlation between 
CPHEN and genomic estimated breeding value (GEBV) 
and by the average correlations between DEBV and GEBV 
in the validation population. Regression coefficients of 
CPHEN on GEBVs in the validation population were 
indicators of prediction bias of GEBV. BAYESCπ was 
more suitable for estimation of SNP effects and GEBVs for 
all traits. Estimation of GEBV using CPHEN as dependent 
variable led to more accurate estimates. 
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INTRODUCTION 

Reproductive traits directly influence the 
profitability of beef cattle production systems. The amount 
of products available to send to the market, the generation 
interval and the selection intensity depend on the 
reproductive rates of the herd.  In addition to influencing 
the rate of genetic improvement, maintenance of cows is an 
important component of the production costs, which 
increase as the reproductive rates of the herd decrease. In 
traditional breeding programs, the prediction of breeding 
value (EBV) is performed using only phenotypic and 
pedigree information. Meuwissen et al. (2001) proposed the 
use of genotypic information from SNP markers covering 
the whole genome in order to predict the genomic breeding 
value (GEBV) and apply genomic selection. The genomic 
selection has the potential to provide breeding values with 
higher accuracy than traditional selection, especially for 
those traits that are expressed in one sex, have high cost of 
measurement and/or have low heritability, as is the case for 
reproductive traits. Moreover, it enables the selection of 
younger animals with reasonable accuracy, allowing the 
reduction of generation interval (Schaeffer (2006)). 

The objective of this study was to assess the 
quality of genomic predictions for reproductive traits in 
Nellore cattle, using different methods and dependent 
variable to train the marker effects. 

 

MATERIALS AND METHODS 
Phenotypic data. For this study, data from 

Nellore heifers belonging to Agropecuaria Jacarezinho 
LTDA were used. Heifers rebreeding (HR) is a binary trait 
and was defined by assigning the value 2 (success) or 1 
(failure) for heifers that calved or not, respectively, given 
that they had calved previously. The trait early pregnancy 
occurrence (P16) was defined based on the conception and 
calving of the heifer, provided that it had entered the 
breeding season around the age of 16 months. For heifers 
that calved up to 31 months of age it was assigned the value 
2 (success) and for those who failed to calve, the value 1 
(failure) was assigned. Age at first calving (AFC), 
measured in days, was obtained by the difference between 
the date of first calving and the date of birth of the heifer. 
For HR, the contemporary group (CG) was defined by 
farm, year and season of birth of the heifer, and sex of its 
previous calf. For P16, the CG was defined by farm, year 
and season of birth. For AFC, the CG consisted of farm, 
year and management group at birth, weaning and yearling. 

Reference population and genotypic data. Data 
from 2,056 females born between 2007 and 2009, which 
were genotyped with the Illumina Bovine HD assay 
(Illumina, San Diego, CA, USA), were used. The quality 
control (QC) of genotypes was performed iteratively 
according to the following exclusion criteria for the SNPs: 
non-autosomal regions (22,851 SNPs excluded); genecall 
score < 0.70 (32,856 SNPs excluded); Call Rate (CR) < 
0.98 (18,982 SNPS excluded); minor allele frequency < 
0.02 (362,148 SNPs excluded), p-value for the Hardy-
Weinberg equilibrium test < 10-5 (9,466 SNPs excluded); 
highly correlated (r² > 0.995) with other SNPs from the 
same window containing 100 consecutive SNPs (26,341 
SNPs excluded). Samples with CR lower than 0.90 were 
also excluded from the analysis. The QC process was 
repeated until no SNP or sample was excluded, resulting in 
a final data set of 1,853 heifer and 305,348 SNPs. 

Data analysis. Three methods were used to 
estimate the marker effects: GBLUP (Meuwissen et al. 
(2001)), BAYESCπ (Habier et al. (2011)) and IBLASSO 
(Legarra et al. (2011)). Two pseudo-phenotypes were used 
as dependent variable, namely: phenotypes adjusted for 
BLUE (Best Linear Unbiased Estimator) solutions obtained 
from solving mixed model equations (CPHEN), and 
deregressed breeding values (DEBV) calculated as in 
Garrick et al. (2009). In order to obtain the solutions of 
fixed effect to correct the phenotypes, a genetic analysis 
was carried out. The model for each trait included fixed 
contemporary group (CG) effects, random animal effects 
and a random residual error effect. For HR, the definition of 
CG was herd, year and season of birth of the cow, and the 
sex of the calf. For P16, the CG was defined as herd, year 



and season of birth. For AFC, the definition of CG was 
herd, year and management group at birth, weaning and 
yearling. For HR, the linear effect the number of days after 
calving until the beginning of the second breeding season 
was also included in the analysis.  For P16, the linear effect 
of the age of the heifer at the beginning of the breeding 
season was considered as a covariate. 

For genomic selection analyses, when CPHEN 
was used as pseudo-phenotype, the model included the 
random polygenic effect of each animal in the pedigree, 
random marker effects and a random residual effect. When 
DEBV was used as pseudo-phenotype, the model included 
random marker effects and a random residual effect. 

Analyses were performed using the software GS3 
developed by Legarra et al. (2011). A total of 300,000 
MCMC iterations were used, with burn-in period of 30,000 
and the results were saved every 30 cycles. 

Cross-validation. A 10-fold cross-validation 
procedure was applied to compare the methods. The 
genotyped animals were randomly assigned to 10 groups 
with approximately equal size. In each repetition of the 
validation process, nine groups comprised the training 
population used to estimate the SNP effects and the 
remaining group formed the validation population, which 
had the  genomic breeding value (GEBV) predicted based 
on SNP effects estimates obtained in the training 
population. The process was repeated 10 times, until each 
group comprised the validation population once (Legarra et 
al. (2008); Verbyla et al. (2010); Resende et al. (2012)). 

Comparison criteria. Three criteria were used to 
compare the methods: 1) the average correlation between 
GEBV and CPHEN; 2) the average correlation between 
GEBV and DEBV; and 3) the regression coefficient of 
CPHEN on GEBV. The three criteria were calculated 
considering only the animals from the validation 
population. Higher values of correlation and regression 
coefficients closer to 1 indicate better predictive ability. 

 
RESULTS AND DISCUSSION 

Predictive abilities measured by the average 
correlation between the CPHEN and GEBV are presented 
in Table 1. Values ranging from 0.20 to 0.24 were 
estimated for HR, and 0.26 to 0.30 for AFC. For these two 
traits, BAYESCπ slightly outperformed the other two 
methods. When CPHEN was used as dependent variable to 
train the marker effects, IBLASSO and BAYESCπ showed 
similar predictive ability. As the predictive ability is 
directly proportional to the magnitude of the heritability of 
the trait (or the accuracy of pseudo-phenotypes), greater 
predictive abilities were found for P16, with average 
correlations ranging from 0.52 to 0.55. As for the other 
traits, BAYESCπ and IBLASSO presented similar or 
superior results than GBLUP. Hypothesis testing, assuming 
equal correlations as the null hypothesis, indicated that the 
average correlations between corrected phenotypes and 
GEBV were not significantly different between BAYESCπ 
and IBLASSO. 

The average correlations between the DEBV and 
GEBV as indicators of predictive are presented in Table 2. 
The estimates ranged from 0.27 to 0.37 for HR, 0.37 to 0.42 
for AFC and 0.52 to 0.58 for P16. Regardless of the 

pseudo-phenotype used to train the markers, BAYESCπ 
was the most accurate method to predict deregressed 
breeding values, for all traits. IBLASSO presented 
intermediate results and GBLUP presented slightly smaller 
average correlation values. Using CPHEN to train the 
markers resulted in better predictive ability for all traits and 
methods. 

The regression coefficient of CPHEN on GEBVs 
were estimated and used as indicators of bias of prediction 
of the methods. Values above 1 indicate underestimation of 
GEBV and below 1 indicate overestimation. The values 
found for all methods and pseudo-phenotypes followed the 
same pattern. There was a trend of overestimation of 
GEBVs when DEBV was used as the dependent variable to 
train the marker effects. Hypothesis testing, assuming that 
the regression coefficients were equal to zero as the null 
hypothesis, suggested that the GEBVs were not biased for 
all traits, methods and (pseudo)phenotypes.  

Bayesian methods for variable selection, as is the 
case of IBLASSO and BAYESCπ, offer a more realistic 
assumption about the genetic architecture of the trait 
(VanRaden et al. (2009); Legarra et al. (2011)). In the 
present study, which was designed using only reproductive 
traits, it is expected that they exhibit similar genetic 
architectures. The superiority of IBLASSO and BAYESCπ 
regarding GBLUP for all traits can be explained by a 
simpler genetic architecture, with few loci with major 
effects (Resende et al. (2012)). 

Table 1. Average correlation between corrected phenotypes 
and GEBV predicted by GBLUP, IBLASSO and 
BAYESCπ, using different dependent variable (y) to train 
the SNP effects on reproductive traits.  
Trait y h2 GBLUP IBLASSO BAYESCπ 

HR CPHEN 0.18 0.22 0.24 0.24 
DEBV 0.20 0.21 0.23 

AFC CPHEN 0.20 0.27 0.30 0.30 
DEBV 0.26 0.27 0.28 

P16 CPHEN 0.51 0.52 0.55 0.55 
DEBV 0.53 0.52 0.53 

HR: heifers rebreeding. 
AFC: age at first calving. 
P16: early pregnancy occurrence at 16 months of age. 
h2: coefficient of heritability. 
CPHEN: corrected phenotype. 
DEBV: deregressed breeding value. 

Table 2. Average correlation between deregressed EBV and 
GEBV predicted by GBLUP, IBLASSO and BAYESCπ, 
using different dependent variable (y) to train the SNP 
effects on reproductive traits.  

Trait Y GBLUP IBLASSO BAYESCπ 

HR CPHEN 0.29 0.34 0.37 
DEBV 0.27 0.33 0.35 

AFC CPHEN 0.38 0.39 0.42 
DEBV 0.37 0.39 0.41 

P16 CPHEN 0.54 0.57 0.58 
DEBV 0.52 0.55 0.58 

HR: heifers rebreeding. 
AFC: age at first calving. 
P16: early pregnancy occurrence at 16 months of age. 
CPHEN: corrected phenotype. 
DEBV: deregressed breeding value. 
 



In several studies it was observed that only a few 
SNPs actually have a greater effect on reproductive traits. 
In the works of Clempson et al. (2011a) and Clempson et 
al. (2011b), the authors demonstrated that SNPs locates in 
genes related to lipid metabolism were associated with 
reproductive traits in dairy cattle. Similar results were 
found in beef cattle by Fortes et al. (2010). Costa (2013), 
working with the same herd of this study, found 42 
significant SNPs for HR and 19 for AFC. The 42 SNPs 
together explained 11.35% of the phenotypic variance of 
the HR and the 19 significant SNPs for AFC explained 6.42 
% of the phenotypic variance of this trait. It is important to 
say that these traits have low to moderate heritabilities, 
which means that they are strongly affected by the 
environment), i.e., a small portion of the phenotypic 
variance is explained by genetic variance (Boligon et al. 
(2012)) . 

 
CONCLUSION 

For the measures of reproductive performance 
assessed in Nellore cattle the Bayesian method showed 
better predictive ability when compared to GBLUP. 
BAYESCπ presented similar or better results than 
IBLASSO.  
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Table 3. Regression coefficients of CPHEN on GEBV 
predicted by GBLUP, IBLASSO and BAYESCπ, using 
different dependent variable (y) to train the SNP effects on 
reproductive traits. 

Trait Y GBLUP IBLASSO BAYESCπ 

HR CPHEN 0.87 0.92 0.87 
DEBV 1.02 1.15 1.20 

AFC CPHEN 0.88 1.14 0.81 
DEBV 1.11 1.12 1.20 

P16 CPHEN 0.84 0.89 0.81 
DEBV 1.09 1.09 1.17 

HR: heifers rebreeding. 
AFC: age at first calving. 
P16: early pregnancy occurrence at 16 months of age. 
CPHEN: corrected phenotype. 
DEBV: deregressed breeding value. 
 


