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ABSTRACT: The goal of this study was to perform  
genome-wide association (GWA) analyses of age at first 
calving in Nelore cattle using the  weighted single step 
GBLUP method under two scenarios, including (n=43,482) 
or not (n=1,813) the phenotypic information from 
ungenotyped animals, and to compare the most important 
genomic regions identified in both scenarios. For each 
scenario, three different weightings were tested, with 
increasing shrinkage for SNPs explaining lower variance. 
The GWA analyses considered 333,878 SNPs distributed 
along the autosomes. Additional phenotypic information 
from ungenotyped animals influenced the results of GWA 
analyses, especially when higher shrinkage was applied to 
SNPs explaining lower variance. Besides some coincidence, 
the most important genomic regions indicated by the 
analyses considering or ignoring phenotypes from 
ungenotyped animals were not the same. 
Key words: Bos indicus; complex traits; sexual precocity; 
single step GBLUP. 
 

Introduction 
Age at first calving (AFC) is closely associated 

with the success of beef cattle production systems and is 
still a bottleneck in Bos indicus herds. Genetic gain of AFC 
is challenging mainly because the trait is sex limited and 
presents low heritability (especially if the heifers are lately 
exposed for reproduction). Trying to overcome this, 
genome-wide association (GWA) studies of AFC have been 
performed (Sasaki et al. (2013)) with the hope to detect 
genomic regions highly associated to the trait, and use this 
information as a tool to possibly increase genetic gain. 

In general, GWA studies are performed 
considering (pseudo) phenotypes only from genotyped 
animals.  Recently, Wang et al. (2012) proposed a method 
in which all available phenotypes, even from ungenotyped 
animals, can be used in GWA studies. The method is a 
weighted version of the single step GBLUP (ssGBLUP – 
Misztal et al. (2009)), commonly applied to genomic 
selection. The ssGBLUP integrates the genomic 
relationship and pedigree matrices and phenotypic 
information of the genotyped and ungenotyped animals in a 
single step procedure, without the need to calculate a 
pseudo phenotype in a previous step. Although ssGBLUP is 
a competitive method for genomic predictions (Lourenco et 
al. (2014)), it assumes equal variances for all markers, 
which may not be the most appropriate assumption for 
GWA studies, particularly with dense panels. Wang et al. 
(2012) proposed a relaxation of ssGBLUP in which 
different weights can be attributed to each marker. 

Using phenotypes from ungenotyped animals 
directly, without the need to incorporate this information 
through a multiple step approach, seems to increase the 

predictive ability of genomic selection (Vitezica et al. 
(2011)), but it is unclear how this procedure affects the SNP 
effect estimates in GWA studies. 

The goal of this study was to perform GWA 
analyses of AFC in Nelore cattle using weighted ssGBLUP 
under two scenarios, including or not the phenotypic 
information from ungenotyped animals, and to compare the 
most important genomic regions identified in both 
scenarios. 

 
Materials and Methods 

Genotypes. A total of 2,035 Nelore females were 
genotyped with the Illumina Bovine HD panel. The 
exclusion criteria considered in the quality control (QC) of 
the genotypes were: i) for SNPs: from non-autosomal 
regions, mapped to the same position, presenting a p-value 
for the Hardy-Weinberg equilibrium test lower than 10-5, 
with GC score lower than 0.7, call rate lower than 0.95 and 
minor allele frequency lower than 0.02; ii) for samples: 
with call rate lower than 0.9, without phenotype for AFC 
and being a replicate. The remaining number of SNPs and 
samples after QC were 333,878 and 1,813, respectively.  

Phenotypes and pedigree. Phenotypic 
information of AFC (in days) was obtained from Aliance 
Nelore database. Two scenarios were established. The first 
including all cows with observed AFC (SI), totaling 43,482 
females, and another considering only cows with observed 
AFC and available genotype (SII), totaling 1,813 females. 
The pedigree file considered in both scenarios had 237,602 
animals.  

Statistical analyses. The GWA analyses were 
conducted using the weighted ssGBLUP method proposed 
by Wang et al. (2012), which is based on the following 
model: , where  is a vector of 
phenotypic observations (AFC, in days), X is an incidence 
matrix relating phenotypes to fixed effects, β is a fixed 
effects vector, including contemporary group and age of 
dam as covariate (linear and quadratic effects), Za is an 
incidence matrix that relates animals to phenotypes, a is the 
vector of additive direct genetic effects, and e is the vector 
of residuals. The covariance between a and e was assumed 
equal to zero and their variances were considered, 
respectively, equal to  and , where  and  are 
the additive direct and the residual variances, respectively, 
H is the matrix which combines pedigree and genomic 
information (Aguilar et al. (2010)), and I is an identity 
matrix. As previously stated, the above model was applied 
considering all the available phenotypes in SI and only the 
phenotypes of the genotyped cows in SII. For a fairly 
comparison between scenarios, as fixed effects would not 
be as good estimated in SII as in SI, the phenotypic 



observations in SII were pre-adjusted for the fixed effect 
estimates obtained in a previous “BLUP analysis” 
considering all the available phenotypes. Thus, the β vector 
of the GWA analysis in SII contained just an intercept, and 
the y vector the pre-adjusted AFC. The “BLUP analysis” 
assumed the same model described above with the 
exception that the variance of a was assumed equal to , 
where A is the regular numerator relationship matrix. For 
both scenarios, SI and SII, the solutions of SNP effects (û) 
were obtained such as in VanRaden et al. (2009) and 
Stranden and Garrick (2009): , where D 
is a diagonal matrix with weights for SNPs, Z is a matrix 
relating genotypes of each locus, and  is the vector of 
predicted breeding values of genotyped animals. The D 
matrix and the SNP and animal effects were iteratively 
recomputed following the method ssGBLUP/S2 proposed 
by Wang et al. (2012). Three iterations (w1, w2 and w3) 
were performed for each scenario, resulting in an increasing 
shrinkage from w1 to w3 for the SNPs explaining lower 
variance. Actually, w1 represented the situation where the 
same weight (w1=1) was given to all SNPs, and served as 
the basis to initially calculate the proportion of variance 
explained by each SNP, subsequently used to calculate the 
weights of the next iteration. The BLUPF90 family 

programs (Misztal et al. (2012)) were used to run the 
analyses. The results from GWA analyses of both scenarios 
were compared based on SNP effects estimates and on 
proportions of variance explained by SNPs within 
consecutive 1Mb windows. A total of 2,525 windows were 
considered for all the autosomes, with an average density of 
132±44 SNPs per window. 

 
Results and Discussion 

The SNP effect estimates of scenarios SI and SII 
using the different weights (w1 to w3) are presented in 
Figure 1. As observed by Wang et al. (2012) in a simulation   
study, the total genetic variance was distributed for a 
smaller number of SNPs as the weights and subsequently 
the animal and SNP effects were recomputed. As a 
consequence, solutions from w1 are more similar to those 
expected from a trait following an infinitesimal model, and 
solutions from w3 are closer to what would be expected for 
an oligogenic trait. Unfortunately, the applied method does 
not allow inferring which weight led to better estimates. 
Wang et al. (2012) recognized that their proposed method 
calculates the weights in a suboptimal manner and 
suggested some refinements using, for example, Bayesian 
procedures. As stressed by Gianola et al. (2009), 
unrevealing the “genetic architecture” underlying the traits 
is not trivial even with the adoption of Bayesian procedures, 
as the priors dominate the inference when we have few 
observations and want to estimate simultaneously a huge 
number of SNP effects.  

An interesting result illustrated in Figure 1 is that 
the influence of using or not the phenotypes from 
ungenotyped animals became stronger as the shrinkage on 
SNPs explaining lower variance was higher, i.e. SNP effect 
estimates from scenario SI were more similar to those from 
SII in w1 than in w2 and w3. This occurred because within 
each scenario the weights of further iterations were 
calculated as a function of the SNP effects estimated in the 
previous iteration (Wang et al. (2012)). Consequently, the 
differences were larger on every subsequent iteration. A 
remarkable result was that the SNP with the highest 
estimated effect was coincident irrespective of the scenario 
and the weight adopted (Figure 1). More details about this 
SNP will be further provided. 

Table 1 presents, for each scenario, the top 10 
1Mb windows explaining the highest proportion of the AFC 
genetic variance. For conciseness, just the results from w2 
and w3 are presented. A stronger shrinkage on SNPs 
explaining lower variance redistributed the variance and 
resulted in larger variances being explained by the most 
important regions. In SI, the proportion of variance 
explained by the top 10 windows was equal to 7.53% for 
w2 and 23.26% for w3. These figures were, respectively, 
equal to 8.07% and 34.70% in SII. Although the most 
important genomic regions indicated by the different 
analyses were not the same, some coincidence was 
observed. The windows 27 of chromosome (BTA) 23, 115 
of BTA 5 and 4 of BTA 7 were identified as important 
regions in all the different analyses (Table 1). The window 
27 of BTA 23 contains a SNP with the highest estimated 
effect in all analyses. This SNP is located in the base pair 
position 26,837,639, within the annotated gene G-protein-

Figure 1. SNP effect estimates for GWA analyses of age at 
first calving considering (SI) or ignoring (SII) phenotypes 
from ungenotyped animals, using the weighted single step 
GBLUP method under three different weightings: w1 
(top), w2 (middle) and w3 (bottom). 



coupled receptor associated sorting protein gene 2-like 
(LOC615242), which was found to be associated with 
reproductive  traits in beef (McClure et al. (2010)) and 
dairy cattle taurine breeds (Seidenspinner et al. (2009)). 

The results of the present study show that the use 
of phenotypes from ungenotyped animals, in addition to 
phenotypes from genotyped animals, affects the SNP effect 
estimates and the mapping of the most important genomic 
regions. This is probably more pronounced for low 
heritable traits, as AFC in the present study (h2=0.14). 
However, it is not clear with which extend this additional 
information improves the estimates. The importance of 
using phenotypes from ungenotyped animals on GWA 
analyses needs to be better investigated, for example, in 
simulation studies. 

 

Conclusion 
Additional phenotypic information from 

ungenotyped animals influences the results of GWA 
analyses, especially when higher shrinkage is applied to 
SNPs explaining lower variance. Besides some coincidence, 
the most important genomic regions indicated by the 
analyses considering or ignoring phenotypes from 
ungenotyped animals were not the same. 
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Table 1. Top 10 windows explaining the highest 
proportion of variance of age at first calving on GWA 
analyses considering (SI) or ignoring (SII) phenotypes 
from ungenotyped animals, using two different weights 
(w2 and w3) in the weighted single step GBLUP method. 

ank 
w2 w3 

SI SII SI SII 
Ch/Wi/pvar* Ch/Wi/pvar Ch/Wi/pvar Ch/Wi/pvar 

t  8/107/1.01 18/5/1.17 23/27/7.86 23/27/9.66 
d  23/27/0.99 5/115/1.16 3/5/2.30 12/3/6.43 
d  18/56/0.87 8/107/1.08      18/5/2.06 13/71/3.42 
h 18/5/0.84 23/27/0.94 18/8/2.06 5/115/3.14 
h 5/16/0.80 7/4/0.78 5/115/1.75 3/12/2.72 
h 5/17/0.62 17/50/0.67 7/4/1.74 7/41/2.48 
h 5/115/0.61 6/44/0.61 21/69/1.40 2/18/2.39 
h 7/4/0.61            14/63/0.59 18/45/1.39 7/4/1.60 
h 3/5/0.59              12/3/0.55 17/63/1.38 21/23/1.57 
0th 18/55/0.58 3/28/0.53 23/28/1.32 1/27/1.29 

* Ch=chromosome; Wi=1Mb window within the chromosome; 
pvar= proportion of variance explained by the SNPs within the 
window. 
 


