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ABSTRACT: Data of 640 Nellore males evaluated for dry 
matter intake (DMI) and average daily gain (ADG) and 
genotyped in Illumina BovineSNP50 were analyzed under 
three different Bayesian approaches to estimate markers 
effects. Almost no difference in the magnitude or rank of 
markers’ effect estimations was observed. The higher per-
centage of additive genetic variance explained by markers’ 
effect was 5.30% for DMI by Bayes B and 1.18% for ADG 
by Bayes C. A set of 364 SNPs that were top 1% for addi-
tive genetic variance explained for DMI and ADG present-
ed correlations of 0.17 and 0.32, respectively, between 
estimates of classical breeding values and genomic breed-
ing values. Among those, 15 SNPs were in common for 
both traits and the exploration of their region identified 
QTL regions previously described to be associated with 
residual feed intake, average daily gain and body weight. 
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Introduction 
 

One of the great promises of genomic selection is 
the possibility to include in breeding programs traits that 
have difficult and high cost of measuring. Feed intake and 
growth rate are important traits to beef cattle production 
chain, however, the selection for feed efficiency was not 
effectively conducted in Nellore breed, especially for its 
costs. Bayesian multiple regressions, that differ in the speci-
fication of prior distribution assumed to markers effects, 
have been successfully applied to the genomic prediction of 
breeding values (Meuwissen, Hayes and Goddard (2001)). 
Additionally, it can be useful to select a set of markers to 
compose a low density SNP chip commercially applied. 
The goal of this study was to compare marker effects esti-
mations based on three different prior distributions (Bayes 
A, B and C) for dry matter intake and average daily gain in 
Nellore cattle (Bos indicus). Additionally, the predictive 
ability of a small set of markers was evaluated and QTL 
regions were described for SNPs associated with both traits. 

 
Materials and Methods 

 
Data. A total of 681 Nellore males (Bos indicus), 

born between 2005 and 2010, with 611.5±100.4 days old 
and 388.9±45.7 kg were evaluated for dry matter intake 
(DMI) and average daily gain (ADG) on 11 experiments 
conducted between the years of 2007 and 2012 with the 
periods of data collection ranged from 70 to 90 days de-
pending on the experiment. DMI was measured daily sub-

tracting the quantity of food supplied by the amount of 
leftovers, and adjusted to dry matter. ADG was calculated 
based on periodic weighing procedures and represents the 
angular coefficient of linear regression of weights on days 
of experiment. 

 
Pseudo-data. Animals’ records corrected by envi-

ronmental effects, estimated on single trait analyses per-
formed by MTDFREML software (Boldman et al. (1995)) 
under animal model, were used as dependent variable for 
genomic selection analysis. Fixed effects fitted were con-
temporary group composed by experiment and sexual con-
dition (young	  bulls	  or	  castrated	  steers),	  age and weight at 
the begging of the experiment were taken into account as 
quadratic covariates. 

 
DNA extraction, genotyping and quality con-

trol. EDTA vacuum tubes were used to DNA extraction by 
NaCl precipitation (Olerup and Zetterquist (1992)). Only 
samples that had the ratio A260/280 between 1.8 and 2.0 
were accepted. DNA was quantified and samples were 
diluted to a minimum concentration of 50 ng/µL and maxi-
mum of 150 ng/µl. Genotyping was performed in Illumina 
BovineSNP50 with 54,609 SNPs. After quality control, in 
which SNPs on sex chromosomes, with a minor allele fre-
quency below 2%, with call rate below 95% and the Fisher 
exact test for Hardy-Weinberg equilibrium less than 1x10-5 
were excluded analysis, remaining in analyzed data set 
28,231 SNPs in 640 animals.	  

 
Genomic selection. Three different Bayesian ap-

proaches (Bayes A, B and C) were used to estimate markers 
effects by GenSel program (Garrick and Fernando, (2013)). 
Pearson’s and Spearman’s rank correlation coefficients 
were used to compare markers’ effect estimations between 
Bayesian methods. The percentage of additive genetic vari-
ance explained by markers’ effect estimated under different 
prior distributions was also calculated. 

 
Prediction of breeding values. 3-fold cross-

validation approach, splitting the data set randomly, was 
used to evaluate the predictive ability of 364 SNPs that 
explained the most part of additive genetic variance for 
DMI and ADG. The cross-validation procedure used two of 
the three subsets for training set and the remaining subset 
was used for validation set. This procedure was realized 
three times changing the subset used to test the predictive 
ability of the model. Pearson’s correlation between classical 
breeding values estimated by animal model and genomic 



breeding values estimated by Bayes B method was used to 
evaluate the predictive ability of those markers. 

 
QTL regions.  The exploration of the region 

searched for genes to 500 kb for each side of 15 SNPs asso-
ciated with both traits was realized. Cattle Genome Browser 
(http://www.animalgenome.org/cgi-bin/gbrowse/bovine/) 
and UCSC Genome Browser (Meyer et al. (2013)) based on 
Bos taurus genome assembly UMD 3.1 was used to list the 
genes within these 1 Mb region.  

 
Results and Discussion 

 
The scatter plots between markers’ effects estimat-

ed under the three different prior distributions (Figures 1 
and 2) suggest greater similarity between Bayes A and C 
estimates for DMI and between Bayes B and C for ADG. 
These were confirmed by Pearson’s and Spearman’s rank 
correlation coefficients presented in Tables 1 and 2. Alt-
hough there is a slight difference in the magnitude of the 
effects estimated between Bayes A and B and Bayes B and 
C for CMS and between Bayes A and B and Bayes A and C 
for GMD, the markers' rank did not show large variation 
between the different methods within traits. 

 

 
Figure 1. Scatter plot of markers effects estimated by 
Bayes A (BA), Bayes B (BB) and Bayes C (BC) for dry 
matter intake (DMI). 

 

 
Figure 2. Scatter plot of markers effects estimated by 
Bayes A (BA), Bayes B (BB) and Bayes C (BC) for aver-
age daily gain (ADG). 
 
 
Table 1. Pearson’s correlation (above diagonal) and 
Spearman’s rank correlation (bellow diagonal) for 
markers effects estimated by Bayes A (BA), Bayes B 
(BB) and Bayes C (BC) for dry matter intake (DMI). 

 BA BB BC 
BA  0.66 0.98 
BB 0.97  0.77 
BC 0.99 0.98  

 
 
Table 2. Pearson’s correlation (above diagonal) and 
Spearman’s rank correlation (bellow diagonal) for 
markers effects estimated by Bayes A (BA), Bayes B 
(BB) and Bayes C (BC) for average daily gain (ADG). 

 BA BB BC 
BA  0.73 0.86 
BB 0.98  0.95 
BC 0.97 0.98  

 
 
Markers effects obtained by Bayes B explained the 

most additive genetic variance (5.30%) of DMI and, for 
ADG, were by Bayes C with 1.18% (Table 3). Considering 
the top 1% markers for additive genetic variance explained 
(282 SNPs), 4.39% and 0.74% of additive genetic variance 
of DMI and ADG was, respectively, explained, when Bayes 
B was applied (Table 3).  Among these markers, 184 for 
DMI and 195 SNPs for ADG were in common regardless 
Bayesian method considered and they explained 4.00% and 
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0.69% of additive genetic variance of each trait, respective-
ly, under Bayes B method. From those, 15 markers were in 
common for both traits, and then 364 SNPs were selected. 
Pearson’s correlation adopted to evaluate their predictive 
ability (Table 4) was higher to ADG than DMI for all sub-
sets, suggesting a better predictive ability of that trait by 
those markers.  

 
Table 3. Percentage of additive genetic variance (%𝝈𝒂𝟐) 
of dry matter intake (DMI) and average daily gain 
(ADG) explained by markers effects estimated by Bayes 
A (BA), Bayes B (BB) and Bayes C (BC). 

Trait Method %𝜎!! * %𝜎!! ** %𝜎!! *** 

DMI 
BA 2.81 0.54 0.41 
BB 5.30 4.39 4.00 
BC 2.57 0.90 0.76 

ADG 
BA 0.53 0.10 0.08 
BB 0.96 0.74 0.69 
BC 1.18 0.71 0.63 

*Considering all analyzed markers (28,231 SNPs); **Top 1% markers for 
additive genetic variance explained (282 SNPs); ***Markers that were in 
top 1% regardless Bayesian method (184 SNPs for DMI and 282 SNPs for 
ADG).  
 
 
Table 4. Estimates of Pearson’s correlation for selected 
SNPs by 3-fold cross-validation for dry matter intake 
(DMI) and average daily gain (ADG). 

Trait Subset 1 Subset 2 Subset 3 Mean 
DMI 0.20 0.07 0.23 0.17 
ADG 0.37 0.24 0.35 0.32 

 
 
The exploration of 1Mb region of the 15 SNPs that 

were in common for DMI and ADG permitted to identify 
QTL regions already described to be associated with resid-
ual feed intake (Sherman et al. (2009)), average daily gain 
(Casas et al. (2001)) and body weight (Casas et al. (2009); 
McClure et al. (2010)). These associations will be properly 
analyzed in future studies.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Conclusion 
 
These preliminary results suggested that there is a 

slight difference among prior distributions assumed to 
markers effect for DMI and ADG in this population using 
the analyzed SNP panel. The selected set of SNPs presented 
limited predictive ability of breeding values, especially for 
DMI. QTL regions previously described to be associated 
with both traits were also identified here. 
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