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ABSTRACT: Records for carcass weight (CW), rib eye
area (REA), backfat thickness (BFT), and marbling
(MARB) were recorded for 1,594 Nellore males (821 genotyped). The single-step GBLUP approach was used to estimate (co)variance components by REML using a multi-trait
model including the effects of contemporary group, direct
additive genetic, and slaughter animal age. A Manhattan
plot of the variance explained by 50 adjacent SNP windows
was used to assess potential genome regions with major
effects on each trait. Low heritability was verified for all
traits and genetic correlations were moderate among REA,
BFT, and MARB, and were low between them with CW.
The highest genome association were found on chromosome 1 and 5 for CW, on 5 for REA, on 8 and 14 for BFT,
and on 5, 6, 14, and 16 for MARB, which represent potential genome regions harboring genes affecting the traits.
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Introduction
Genomic selection (GS) is performed based on the
genomic breeding values (GBVs) predicted from a very
dense set of genetic markers covering the whole genome,
which potentially explains all the additive genetic variance
(Meuwissen et al. (2001)). Thus, GS offers an important
tool for livestock improvement through increase in genetic
gains, especially for selection of traits that are difficult or
expensive to measure, such as carcass traits. An important
consideration in current studies with GS is the fact that, as
not all animals can be genotyped, the analyses have been
performed with multiple steps, which use genomic predictions from pseudo-data and marker information (Legarra et
al. (2009)), hindering animal evaluation process and consolidation of GS in national genetic evaluations. In this context, Misztal et al. (2009) proposed the single-step approach
which combines all available phenotypic, pedigree and
genomic information with the potential of delivering more
accurate evaluations for young animals (Forni et al. (2011)).
The idea is to obtain mixed model equations solutions using
a pedigree-based relationship matrix modified by contributions from the genomic relationship matrix (Aguilar et al.
(2010)). In this context, multi-trait analysis can allow more
accurate prediction of GBVs than single-trait analysis considering genomic selection for multiple correlated traits
(Hayashi and Iwata (2013)). Therefore, the objectives of
this study were to perform a single-step multi-trait genomic
selection analysis to estimate genetic (co)variance components, and use SNP solutions to investigate potential ge-

nomic regions harboring QTLs with major effects for carcass traits in Nellore cattle.
Materials and Methods
Data. The dataset used in this study was composed
of 1,594 Nellore males with phenotype records, for the
following post mortem traits: carcass weight (CW), rib eye
area (REA), backfat thickness (BFT), and marbling
(MARB). The animals were offspring of 254 sires and 1489
dams, from ten farms and three different breeding programs
(DeltaGen, Paint e Nelore Qualitas). The slaughter was
carried out when the animals were around two years of age
(735 ± 84.5 days). Contemporary groups (CG) had at least
three animals, and were defined by combinations of year,
farm of birth, and management group at yearling.
A subset of 821 animals had both phenotypic and
genomic information. Genotypes were generated based on a
panel with 777.962 SNPs from the Illumina® Bovine HD
chip. Only autosomal SNPs with genecall score (GC) higher than 0.70 were considered for further analyses. Fifty-four
SNP pairs that had the same map coordinates were excluded from the dataset. Samples with call rates < 0.90 were
excluded from the analysis as well. Quality control of genotypes was carried out through an iterative process using the
following SNP exclusion criteria: MAF ≤ 0.02; HWE pvalue ≤ 10-5; Call Rate ≤ 0.98. SNPs meeting these criteria
were further screened to interrogate their correlation with
other syntonic SNPs located within a 100 marker window,
allowing only one marker from each pair of highly correlated SNPs (r² > 0.995) to remain in the SNP dataset. The
resulting dataset retained 310,164 SNPs for further analyses.
Statistical analyses. Variance and covariance
components were estimated by restricted maximum likelihood using multi-trait genomic selection model and
REMLF90 program (Misztal et al. (2002)). For all traits, the
model included CG effect as random, in addition to the
additive genetic effects. The multi-trait model can be expressed in matrix notation as:
y = Xβ + Z1b + Z2a + е
where y is the vector of observations for each trait; β is the
vector with regression coefficients of slaughter animal age;
b is the vector with the CGs effects, assumed b ~ N (0, D
I), where D is the matrix of CG (co)variances; a is the

vector of animal direct genetic effects, assumed a ~ N (0, G
H), where H is a matrix that combines pedigree and genomic relationships, and G is the additive genetic
(co)variances matrix; e is the vector of residual effects,
assumed e ~ N (0, E I), where E is the matrix of environmental (co)variances; and Z1 and Z2 are incidence matrices that link observations to their respective random effects.
The inverse of the numerator relationship matrix
A-1 was replaced by H-1 to create a combined pedigreegenomic relationship matrix (Aguilar et al. (2010)):
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where H-1 is the inverse of the modified relationship matrix,
G-1 is the inverse of the genomic relationship matrix, and
𝐴!!
!!   is the inverse of the pedigree-based relationship matrix
for genotyped animals. The G matrix was obtained according to VanRaden (2008), given by:
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where Z is obtained from subtraction of P from M. M is the
matrix of genotypes, with columns representing markers
and rows representing individuals. Each element in Mij was
coded as 0, 1 or 2 if the genotype of individual i for SNP j
was homozygous for the first allele, heterozygous, or homozygous for the second allele, respectively. P is a matrix
with averages in each column i.e. twice the second allele pj
frequencies (VanRaden (2008)).
The postGSf90 program was used to obtain SNP
effects and estimate variances of SNP effects (Wang et al.
(2012)). Manhattan plot of the variance explained by 50
adjacent SNP windows was used to assess potential genome
regions with major effects on each trait.
Results and Discussion
Genetic Parameters. Results indicate low heritabilities for all traits (Table 1). It is noteworthy to mention
that treating CG as random is expected to increase estimates
of phenotypic variance because now phenotypic variance is
defined by including variation across CG (Tempelman
(2010)). However, previous analyses indicated better predictive ability treating CG as random.
Table 1. Genetic variance (in the diagonal), heritability
(within parentheses), genetic covariance (above the
diagonal) and genetic correlations (below the diagonal)
for carcass weight (CW), rib eye area (REA), backfat
thickness (BFT), and marbling (MARB).
CW
REA
BFT
MARB

CW
66.7(0.16)
0.13
-0.30
-0.03

REA
4.29
17.3(0.25)
0.12
0.53

BFT
-2.09
0.42
0.74(0.11)
0.44

MARB
-0.04
0.35
0.06
0.03(0.09)

Moderate genetic correlations were estimated between MARB and REA (0.53) and between MARB and
BFT (0.44), indicating that a large portion of the genes
affect multiple traits simultaneously. CW presented low but
positive genetic correlation with REA and low but negative
genetic correlation with BFT, and none association with
MARB. In general, the results were similar to those obtained from a traditional animal model with pedigree and
phenotypic data only (results not shown). It is worth mentioning that few researches have been published with genomic selection in multi-trait studies (Calus and Veerkamp
(2011); Jia and Jannink (2012); Hayashi and Iwata (2013))
and none was found in Nellore cattle.
One of the biggest advantages of genomic selection is the possibility to use genomic information to accurately predict the genetic merit of animals, without the need
of recording their own phenotypic performance or from
close relatives (Meuwissen et al. (2001)), what has already
brought good results for selection of young bulls in dairy
cattle (Hayes et al. (2009)). However, in beef cattle the low
accuracy of GEBV limits the benefit of genomic selection
given that the number of animals in the reference population is generally not large enough. This is especially true for
phenotypes that are difficult or expensive to measure as
carcass traits (Bolormaa et al. (2013)). In this case the single-step multi-trait genomic selection model has the advantage of using all information simultaneously in the process of estimation of genetic parameters for each trait, as
well as SNP solutions and genomic breeding values for
each animal.
In beef cattle the evaluation of bulls for carcass
traits requires offspring information as the candidates to
selection cannot be directly evaluated. In this context, the
SNP solutions obtained from the single-step mixed model
analysis combining pedigree and genomic information
allow the evaluation and selection of young bulls, with and
important effect on generation interval.
Association Analysis. SNPs effects were estimated from the gEBVs obtained, and a Manhattan plot of the
variance explained by 50 adjacent SNP windows was used
to assess potential genome regions with major effects on
each trait (Figure 1, 2, 3, and 4). For CW, the largest signal
was observed on chromosomes 1 and 5, for REA on chromosome 5, for BFT on chromosomes 8 and 14, and for
MARB on chromosomes 5, 6, 14 and 16. An interesting
finding was that the coordinates for CW and REA are the
same on chromosome 5, and for BFT and MARB are the
same on chromosome 14, being indicative of possible pleiotropy that may contribute to the genetic correlation estimated for those traits. Casas et al. (2003) also observed
significant QTL on chromosome 5 for REA, and evidence
of putative QTL on chromosome 14 for BFT and MARB in
cattle.

The present study indicated some potential genome regions with major effects that might be important to
understanding genetic determinants affecting each trait.
However, it is worth mentioning that this is a descriptive
approach, which requires additional investigation, for example to identify biologically relevant pathways that can be
associated with each trait.
Conclusion
Figure 1. Manhattan plot of the variance explained by
50 adjacent SNP windows for carcass weight (CW).

The heritabilities were similar to estimates obtained by traditional animal model. Genetic correlations
indicated moderate associations between REA, BFT and
MARB and low association between them with CW. A
preliminary association studies detected potential genome
regions harboring genes affecting the traits.
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Figure 2. Manhattan plot of the variance explained by
50 adjacent SNP windows for rib eye area (REA).

Figure 3. Manhattan plot of the variance explained by
50 adjacent SNP windows for backfat thickness (BFT).

Figure 4. Manhattan plot of the variance explained by
50 adjacent SNP windows for marbling score (MARB).
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