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The objective of this studywas to compare SNP-BLUP, BayesCπ, BayesC and Bayesian Lassomethodologies to pre-
dict the direct genomic value for saturated, monounsaturated, and polyunsaturated fatty acid profile, omega 3
and 6 in the Longissimus thoracismuscle of Nellore cattle finished in feedlot. A total of 963 Nellore bulls with phe-
notype for fatty acid profiles, were genotyped using the Illumina BovineHD BeadChip (Illumina, San Diego, CA)
with 777,962 SNP. The predictive ability was evaluated using cross validation. To compare the methodologies,
the correlation between DGV and pseudo-phenotypes was calculated. The accuracy varied from −0.40 to 0.62.
Our results indicate that none of the methods excelled in terms of accuracy, however, the SNP-BLUP method al-
lows obtaining less biased genomic evaluations, thereby; this method is more feasible when taking into account
the analyses' operating cost. Despite the lowest bias observed for EBV, the adjusted phenotype is the preferred
pseudophenotype considering the genomic prediction accuracies regarding the context of the present study.
© 2017 Published by Elsevier Ltd.
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1. Introduction

Nowadays, there is a continuing and growing concern about exces-
sive fat consumption and its impact on human health, especially those
from animal sources. The high consumption of saturated fatty acids
(SFA) is associated with high serum cholesterol and low density lipo-
proteins levels (LDL), which are risk factors for the occurrence of cardio-
vascular diseases (Katan, Zoock, & Mensink, 1994). The predominant
SFA in the cattle meat fat are myristic, palmitic, and stearic fatty acids
(FAs) (Lawrie, 2005; Rossato et al., 2009). The polyunsaturated fatty
acids (PUFA) present in the beef fat such as linoleic (C18:2n-6) and
linolenic (C18:3n-3), and monounsaturated (MUFA) as oleic acid
(C18:1n-9), provide protection to the cardiovascular system, once the
balanced consumption of them is associated with reduce serum choles-
terol and an increase in high density lipoprotein (HDL) (Pensel, 1998;
Tapiero, Nguyen-Ba, Couvreur, & Tew, 2002).
Furthermore, the fat presented in ruminantsmeat is a natural source
of conjugated linoleic acid (CLA) isomers (French, O'Riordan, &
Monahan, 2000), which are synthesized in the rumen (Tamminga &
Doreau, 1991) and has favorable effects on human's health, increasing
the immunostimulatory, antimutagenic, and antioxidant activities (Ip,
1997). There is a growing market demand for sources of healthier
lipid profile, and several strategies have been used to improve the beef
FA profile, such as dietary manipulation and animal breeding. In these
sense, Cesar et al. (2014) and Aboujaoude et al. (2016) reported that se-
lection for beef FAs profile in Nellore cattle is very feasible, since there is
additive genetic variation for most beef fatty acids in Nellore cattle.
However, the high cost to obtain the phenotypic information and the
fact that this trait can be only obtained after slaughter limits the genetic
improvement trough traditional selection. Although the FAs profile is
not considered as selection criteria, genomic selection is a relevant
tool to increase genetic progress for this trait, because the animal can
be evaluated early in life, even at birth, reducing the generation interval
and at a low cost.

Several methods have been proposed to predict the genomic breed-
ing values (GEBV) such us SNP-BLUP (Single Nucleotide
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Table 1
Descriptive statistics for fatty acid composition (g/100 g) in Longissimus thoracis muscle
from Nellore cattle.

Traita Chain structure Sample
size

Mean SDb

Myristic acid C14:0 867 2.13 0.54
Palmitic acid C16:0 867 21.03 2.49
Palmitoleic acid C16:1 893 2.18 0.79
Stearic acid C18:0 783 13.63 3.32
Myristoleic acid C14:1 824 0.32 0.22
Elaidic acid C18:1 n-9 483 2.90 5.07
Oleic acid C18:1 934 17.60 14.77
Vaccenic acid C18:1 n-7 878 15.05 15.33
Linoleic acid C18:2 n-6 865 8.32 3.63
Conjugated linoleic acid (CLA) C18:2 cis-9

trans-11
727 0.26 0.11

α-Linolenic acid C18:3 n-3 858 0.59 0.25
γ-Linolenic acid C18:3 n-6 569 0.08 0.08
Eicosatrienoic acid C20:3 n-3 862 0.49 0.19
Docosahexaenoic acid C22:6 n-3 865 0.95 0.39
Sum of saturated fatty acid (SFA) 868 40.66 6.12
Sum of monounsaturated fatty acid
(MUFA)

868 37.55 8.05

Sum of polyunsaturated fatty acid
(PUFA)

868 13.42 5.57

Sum of omega 3 (n-3) 868 3.81 1.55
Sum of omega 6 (n-6) 868 9.35 4.44
Ratio of n-6 and n-3 (n-6/n-3) 868 2.54 0.97
Ratio of PUFA and SFA (PUFA/SFA) 868 0.35 0.20
BF 1564 4.02 2.7
IMF 1812 0.82 0.42

a Concentration of fatty acids as a percentage of total fatty acids (FAME) quantified; BF:
subcutaneous fat thickness (mm)measured between the 12th and 13th ribs; IMF: total in-
tramuscular fat (%) in the Longissimus thoracis muscle.

b Standard deviation.
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Polymorphisms-Best Linear Unbiased Predictor), LASSO (Least Absolute
Shrinkage and SelectionOperator) and Bayesianmethods. SNP-BLUP as-
sumes a normal distribution for SNP effect, with average equal to zero
and common variance for all markers (Meuwissen, Hayes, & Goddard,
2001). LASSOassumes a double exponential distribution for the SNPs ef-
fect (Park & Casella, 2008; De los Campos et al., 2009). BayesC and
BayesCπ, which considered a variable with binomial distribution that
reports whether a marker (SNP) has (1) or not (0) effect on the trait
under study, with π variable probability to be zero and a normal distri-
butionwith probability 1-π, assuming that part of the effectmarkers fol-
lows a normal distribution. The BayesC differs from BayesCπmainly due
to the value of π being fixed in the first one and estimated from the an-
alyzed data in BayesCπ. All of these methods differ in the assumptions
about the genetic model associated with quantitative traits, and the
best method is the one that reflects the biological nature of polygenic
traits, in terms of genic effects (Resende, Lopes, da Silva, & Pires, 2008).

Studying an Angus population, Saatchi et al. (2013) concluded that
genomic selection for beef FA profile using Bayesian models is feasible.
Recently, Onogi et al. (2015) evaluated the predictive ability of genomic
selection in FA composition of Japanese Black cattle, using single-step
genomic best linear unbiasedmethod. The genomic selection has poten-
tial to increase the genetic gain for hard measure traits, as FA profile,
however, the most suitable model to evaluate those traits are still
being studied. It is important to highlight that in tropical and subtropical
regions the indicine breeds are the predominant source of beef and, up
to date, there are no studies about genomic selection for beef FA profile
in Nellore cattle under tropical conditions. Therefore, the objective of
this study was to compare the predictive ability of SNP-BLUP, Bayesian
Lasso, BayesC, and BayesCπmethods for beef FA profile of Nellore cattle
finished in feedlot.

2. Material and methods

2.1. Data

A total of 937 Nellore bulls finished in feedlot for a minimum period
of 90 days and slaughtered with an average of 24 months of age, were
analyzed. The animals belonged to eight different farms located in the
Southeast, Northeast, and Midwest regions of Brazil, which participate
in three beef cattle breeding programs (Nellore Qualitas, Paint and
Delta Gen). In these breeding programs animals are selected based on
growth, finishing, and sexual precocity traits.

Breeding seasons differed among these farms; therefore, calving sea-
sonswere concentrated fromAugust to October in some farms and from
November to January in others. Weaning was performed at seven
months of average age. Animals were raised on grazing conditions
using Brachiaria sp. and Panicum sp. forages, and had free access tomin-
eral salt. At approximately 1 year of age, the breeding animals were se-
lected and the remaining animals were kept in feedlot with a
forage:concentrate ratio ranging from 50:50 to 70:30, depending on
the farm. In general, whole-plant corn or sorghum silage was used as
high quality forage; and corn grains and/or sorghum, and soybeans, soy-
bean meal, or sunflower seeds were used as protein concentrate.

The farmers used a mean live weight between 500 and 550 kg as
criteria for slaughtering the animals. The slaughters were carried out
in commercials slaughterhouses, in accordance with the Brazilian Fed-
eral Inspection Service procedures. After 48 h post mortem stored be-
tween 0 and 2 °C, samples from 2.54 cm thick were removed from the
Longissimus thoracismuscle, between the 12 and 13th ribs fromeach an-
imal, were placed in plastic bags, and stored at −80 °C until further
analyses.

2.2. Fatty acid profile analyses

The meat FAs were extracted from intramuscular fat of the
longissimus thoracis muscle using the method by Folch, Lees, and
Stanley (1957) and the methyl esters were formed according to
Kramer et al. (1997). The FA profile in meat was performed at the
Meat Science Laboratory (LCC) in the Department of Animal Nutrition
and Production at FMVZ/USP.

The FAs were quantified using a gas chromatography (GC-2010 Plus
- Shimadzu AOC 20i auto-injector) with a SP-2560 capillary column
(100 m × 0.25 mm in diameter with 0.02 mm thickness, Supelco,
Bellefonte, PA). The initiating temperature was 70 °C with gradual
warming (13 °Cmin−1) up to 175 °C, holding for 27min, and later a fur-
ther increase of 4 °C·min−1 until 215 °C was reached and held for
31 min. Hydrogen (H2) was used as the carrier gas with 40cm3·s−1.
Fatty acids were identified by comparison of retention time of methyl
esters of the samples with standards of FAs C4–C24 (F.A.M.E mix
Sigma®), vaccenic acid (V038-1G, Sigma®), linoleic acid (UC-61 M
100 mg), conjugated linoleic acid (CLA) (UC-60M 100 mg, Sigma®)
and tricosanoic acid (Sigma®). Fatty acidswere quantified by normaliz-
ing the area under the curve ofmethyl esters using Software GS solution
2.42. Fatty acids contentwere expressed in percentage of total FAmeth-
yl ester quantified.

Based on the quantified acids (Table 1), twenty one FAs (14 individ-
uals and 7 groups of FAs) were selected due to their importance in
human health.
2.3. Genotyping of animals

Animals were genotyped using the Illumina BovineHD BeadChip
(Illumina, San Diego, CA) with 777,962 SNP. Quality control was per-
formed excluding those SNPsmarkers with unknown genomic position,
located on sex chromosomes, monomorphic and markers with minor
allele frequency (MAF) less than 0.05, call rate less than 90%, and excess
of heterozygosity. Samples with a call rate less than 90% were also ex-
cluded. After quality control, there were 934 samples (Table 1) and
470,007 SNPs left in the dataset for analyses.
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2.4. Estimation of SNPs effects and genomic value prediction

To evaluate the prediction ability within the four different methods
(SNP-BLUP, Bayesian Lasso, BayesC, and BayesCπ), the cross-validation
methodology was used. To perform the cross-validation, the data set
was randomly divided into four subsets of similar size and the validation
was done in each subset at a time. This process was repeated four times
and each group was once considered to be the validation group. An ex-
ception has been made for the arachidonic FA, where the cross-valida-
tion was composed of two training groups and one validation group
due to the reduced data after quality control. The SNP effects were pre-
dicted in the training population with known phenotype and genotype.
The DGV of animals in the validation set was predicted based on the
SNPs effects values estimated on the training population. The Fig. 1
shows the distribution of animals in the training and validation set in
each cross-validation design made by principal components analyses
which was performed based on the genomic matrix.

The estimated breeding value (EBV) and adjusted phenotype (Yc)
were used as pseudophenotypes. The deregressed EBV was not consid-
ered as pseudophenotype once close to 50% of genotyped animals had
unknown sire due to the presence of multiple sire mating system. The
Yc was adjusted using an animal model considering the fixed effects
of contemporary group (crop, farm andmanagement group at yearling)
and the covariate age at slaughter in each trait:

Y ¼ Xbþ e

where Y is a vector of phenotypic values of given quantitative traits, b is
a vector of fixed effects and covariate, X is the incidence matrix of fixed
effects, and e is the random residual vectorwith distributionN~ (0,σ2

e).
The EBV was estimated based on BLUP method, using an animal

model considering the random additive direct and residual effects, the
fixed effects of contemporary group, and the covariate age at slaughter
(linear). Single-trait analyses were performed:

Y ¼ Xbþ Zaþ e

where Y is a vector of phenotypic values of given quantitative traits, b is
a vector of fixed effects and covariate, a is a vector of random animal ef-
fect with distribution N ~ (0, σ2

e), X and Z are incidence matrixes of
Fig. 1. Distribution of training and validation set in each cross-validation design made
fixed and randomeffects, respectively, and e is the random residual vec-
tor with distribution N ~ (0, σ2

e).
The general model for the genomic predictions can be expressed as

follows:
Y=1 μ+Xg+ewhere Y is the vector of pseudo-phenotypes (EBV

or Yc); 1 is the vector of 1 s; μ is the overall mean; X is the matrix
(n × p) that consists of p SNPs for n animals; g is the random vector of
SNP effects, and e is the random residual vector with distribution
N ~ (0, Iσ2

e), where I is an identitymatrix and σ2
e is the residual matrix.

The genotypeswere coded as 0, 1, 2 for genotypes AA, Aa (or aA) and aa,
respectively.

A chain of 500,000 iterations, with a burn-in period of 80,000 itera-
tions was used for Gibbs sampling, and all samples were stored in the
GS3 software developed by Legarra, Ricard, and Filangi (2013). The
prior distribution assigned to g differs depending on the method
(Bayesian ridge regression, BayesC or Bayesian Lasso), as explained
below:

SNP-BLUP: The SNPs effects are estimatedwith BLUP a priori assum-
ing a normal distribution and equal variance for all markers. The vari-
ances from the SNPs effects were obtained according to Legarra (2014):

σ2
g ¼ σ2

u

2∑qj 1−qj

� �

where (σu
2) is the previous genetic variance, qj is the allele frequency at a

given marker j, and X is the SNPs matrix.
Bayesian Lasso: Thismethodwas proposed by Tibshirani (1996) and

modified by Legarra, Granie, and Croiseau (2011). The prior SNPs effects
(gi) can be represented by the following equation:

Prðgijτ2Þ � N ð0; τ2i Þe Prðτ2i Þ ¼ λ2

2 expð−λ2jτ2i jÞ
The prior SNPs effects distribution is an exponential. Lambda (λ) is

the sharpness parameter, which determines the distribution of the
SNP effect. A priori, λ is a gamma distribution between 0 and 107. The
parameterization consists of the estimation of individual SNPs variance
(τi2), which is conditional on settlement of the λ parameter.

BayesCπ: For this method, which used the π estimated from the an-
alyzed data set, an additional variable is included (δi), which informs
whether the marker has an effect (1) or not (0). The prior distribution
of δ is binomial, with probability of π being zero (no effect). When the
probability is 1-π, it is assumed that this portion of the markers with
by principal components (PC1 and PC2) analyses based on the genomic matrix.
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effect follows a normal distribution. In this method, it is assumed that
variance is common to all SNPs, following a scaled inverse chi-squared
a priori distribution with va degrees of freedom and scale parameters
S2a.

BayesC: This method presents the assumption that π is fixed
(Kizilkaya, Fernando, & Garrick, 2010; Legarra, 2014). In the present
study, the π was fixed at zero.

For all methods, the DGVwas predicted from the estimated SNPs ef-
fects using the following equation:

DGV ¼ ∑
n

j
Xijĝi

where n is the number of SNPs; Xi is the genotype of animal i for SNP j
(coded as 0, 1 or 2), and ĝj is the estimated SNP substitution effect for
SNP j that was estimated from the training population.

The correlation coefficient between Yc or EBV and DGVwere used to
evaluate and compare the prediction ability of the methods. The analy-
ses that used Yc as response variable, the prediction accuracy was ob-
tained by dividing the correlation between Yc and DGV by the square
root of the heritability (h) of the trait, as described by Legarra, Robert-
Granié, Manfredi, and Elsen (2008). The linear regression coefficient of
the pseudophenotype on DGV was considered to express the bias mag-
nitude of DGV relative to the pseudophenotype. Values close to one are
considered the most desirable. Both correlation and bias were used to
evaluate and compare the prediction ability of the methods.

3. Result and discussion

3.1. Fatty acid profile

The descriptive statistics for composition of the most relevant indi-
vidual SFA, MUFA and PUFA, and for the sum of the SFA, MUFA, PUFA,
n-3, n-6, n-6/n-3 ratio, and PUFA/SFA ratio are presented in Table 1.

Our results agreed with those reported by Kelly, Tume, Newman,
and Thompson (2013) and Cesar et al. (2014) who also observed
C16:0, C18:0 and C18:1 in the highest concentrations, however, in dif-
ferent proportions as ours (Table 1). The difference in FAs proportions
observed by these authors could be due to the different degrees of car-
cass adipose tissue (Wood & Enser, 1997; Prado, Moreira, Matsushita, &
Souza, 2003), since lower fat deposition can result in higher PUFA and
lower oleic acid deposition (Rule, 1997). According to Lawrie (2005),
the individual SFAs predominant in cattle meat are C16:0, C14:0 and
C18:0, as found in this study. The C14:0 and C16:0 are associated with
an increase in circulating LDL cholesterol due to interference with he-
patic LDL receptors (Woollett, Spady, & Dietschy, 1992; Katan et al.,
1994).

The MUFAs such as C18:1 and C18:1 n-7, and the PUFA such as
linoleic were found in the highest concentrations in this study (Table
1). The C18:1 n-7 is a naturally occurring trans-fat found in red meat,
and has been reported as having beneficial health effects on humans
(Lock, Horne, Bauman, & Salter, 2005; Kelly et al., 2013). Compared
with other studies, the C18:2 n-6 concentration obtained in this study
was higher (8.32%), since Prado et al. (2003) and Cesar et al. (2014) ob-
served 3.74% and 1.60% for C18:2 n-6 concentration, respectively.

According to Wood and Enser (1997), a potential benefit of feeding
diets rich in linolenic acid is that it could lead to an increased synthesis
of long-chain PUFA such as eicosapentaenoic and docosahexaenoic acid,
which are n-3 FAs involved in decreasing the blood thrombotic tenden-
cy. The n-3 concentration (3.81%) was higher than those reported by
Cesar et al. (2014) (0.44%), Ekine-Dzivenu et al. (2013) (0.18%), and
Prado et al. (2003) (5.39%). Rossato et al. (2010) showed that zebu
breeds genetically have higher levels of higher n-3 FA than Angus
meat. The n-6/n-3 ratio was lower than 4.84 found by Cesar et al.
(2014), and higher than 1.58 found by Rossato et al. (2010). For
human health, the optimal n-6/n-3 ratio ranges from 1 to 4 depending
on the disease considered (Simopoulos, 2002).

In the present study, the state of saturation was predominated by
SFAs (40.66%), followed by the MUFAs (37.55%) and PUFAs (13.42%).
Prado et al. (2003) reported similar results in Nellore breed: 43.93%,
42.33% and 12.08% for SFAs, MUFAs and PUFAs, respectively. However,
the quantities reported by these authors were relatively high, and a
slightly difference was observed between MUFA and SFA. Pitchford,
Deland, Siebert, Malau-Aduliand, and Bottema (2002) and Cesar et al.
(2014) also found similar concentrations for SFA (47%), 47.23% and
48.34% for MUFA, in taurine and Nellore breeds, respectively. Beef and
lamb meat normally have a low PUFA/SFA ratio due to their
biohydrogenation of unsaturated FAs in the rumen and mean values
may range largely depending on genetic and non-genetic factors
(Smet, Raes, & Demeyer, 2004).

Prado et al. (2003), Kelly et al. (2013), and Cesar et al. (2014) found a
lower proportion of PUFA, 12.08%, 1.26%, and 2.87%, respectively, than
the one obtained in the present study (13.42%). This difference is prob-
ably due to the high concentration of linoleic FA, as previously ex-
plained. Silva, Prado, Matsushita, and Souza (2002) working with
crossbred heifers (European x zebu), found on MUFAs the most abun-
dant FAs (40 to 55%) among all analyzed, with the greatest proportion
for oleic. This difference is probably due to the experimental diets
used in each study (Silva et al., 2002). Studies have shown that in feedlot
finishing systems, Bos taurus meat presents lower percentages of SFA,
higher percentages of MUFA, and similar levels of PUFAs compared to
Bos indicus meat (Perry, Nicholls, & Thompson, 1998; Menezes et al.,
2009; Rossato et al., 2010; Bressan et al., 2011). According with
Feitosa et al. (2016) who worked with the same data set used in this
study, themean± SD values for shear force (5.17± 1.4), intramuscular
fat content (0.82± 0.42%) and back fat thickness (4.02± 2.7mm) indi-
cated that the beef acceptability could compromised in some interna-
tional markets. However, the Nellore beef has attributes that are
beneficial to human health such as low intramuscular fat content and
a beef fatty acid profile with high levels of the n-3 series and an ade-
quate dietary quality based on the n-6/n-3 and PUFA/SFA ratios.
3.2. Genomic predictive ability

The accuracy of pedigree based BLUP evaluation were lower com-
pared to SNP-BLUP model, varying from 14 to 62% and from 3 to 82%,
when the EBV and Yc were used as pseudophenotype, respectively.
These results demonstrated that the genomic prediction would lead to
an increase in accuracy above that achieved with standard BLUP.
Wiggans, Vanraden, and Cooper (2011) reported reliability gains for
milk traits above parent average ranging in young bulls from 2.7 to
47.6 percentage units for Holsteins, 9.6 to 29.2 percentage units for Jer-
seys, and 3.0 to 25.8 percentage units for Brown Swiss. In beef cattle,
Garrick (2011) stated that genomic prediction offers accuracies that ex-
ceed those of pedigree-based parent average of young selection candi-
dates, and it can be equivalent to progeny tests based on up to 10
offspring.

Comparing the prediction methods using different
pseudophenotypes for the SFA (Table 2), the Yc showed the best predic-
tion ability. When comparing the prediction methods with the best
pseudophenotype, the SNP-BLUP showed the best prediction ability
for themyristic and palmitic FA,while theBayesianmethodswere supe-
rior for stearic and sum of SFA.

When using different pseudophenotypes to compare MUFA (Table
3), the Yc showed the best prediction ability for the elaidic and total
sum ofMUFA; with the exception formyristic, palmitoleic, and vaccenic
FA. For the SNP-BLUP method, when the Yc was superior or close, it
showed the best prediction ability; regarding the EBV as the best
pseudophenotype for the myristic FA, the SNP-BLUP was superior to
Bayesian methods.



Table 2
Accuracies of genomic predictions measured by Pearson's correlation between
pseudophenotype and direct genomic breeding values (r(Yi,DGV)), and standard error
(SE) for beef saturated fatty acids of Nellore cattle based on different methods.

Fatty acid
(g/100 g)

Type r(Yi,DGV)a ± (SE)

SNP-BLUP Bayesian
LASSO

BayesC BayesCπ

C14:0 Yc 0.30 (0.03) 0.19 (0.07) 0.15 (0.08) 0.15 (0.10)
EBV 0.20 (0.02) 0.16 (0.06) 0.10 (0.07) 0.16 (0.08)

C16:0 Yc 0.25 (0.06) 0.13 (0.06) 0.15 (0.03) 0.19 (0.10)
EBV 0.14 (0.03) 0.07 (0.04) 0.03 (0.05) 0.09 (0.04)

C18:0 Yc 0.16 (0.14) 0.28 (0.03) 0.13 (0.13) 0.19 (0.15)
EBV 0.05 (0.03) 0.07 (0.03) −0.01 (0.04) 0.03 (0.04)

Sum of SFA Yc 0.20 (0.19) 0.12 (0.07) 0.17 (0.11) 0.24 (0.12)
EBV 0.17 (0.04) 0.04 (0.05) 0.10 (0.02) 0.09 (0.03)

a For the Yc as response variable, r(yi,DGV) was divided by the square root of heritability
of the trait; Yc phenotype adjusted forfixed effects, EBV estimated breeding value, SFA sat-
urated fatty acid.
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The Yc for PUFA (Table 4) revealed similar prediction ability as those
revealed by EBV for almost all FA, with an exception forα-linolenic acid
and CLA in which the EBV was superior. This exception, however, must
consider the reduced sample size, whichmight limit the accuracy. SNP-
BLUP and Bayesian methods showed close results regarding the predic-
tion ability for linoleic,α-linolenic, docosahexaenoic, sum of n-6 and n-
3, n-6/n-3 ratio, eicosatrienoic, PUFA/SFA ratio, and sum of PUFA; while
the SNP-BLUP method showed better prediction ability for CLA and γ-
linoleic FA.

Overall, when using EBV in reduced samples size such as C14:0,
C16:0, C14:1, linoleic, C18:2 cis-9 trans-11, and C18:3 n-3, the SNP-
BLUP method showed superiority to Bayesian methods for almost all
FA. On the other hand, when considering the Yc, the opposite was ob-
served. Different from the result obtained in this study for Bayesian
methods, Saatchi et al. (2013) observed high accuracies in Angus cattle
for C14:0 and C16:0. Neves et al. (2014) disclosed that Lasso and BayesC
methods were superior to SNP-BLUP method in growth traits for 685
Nellore animals, suggesting the segregation of major genes effect for
the studied traits as the reason for the superiority of Bayesian methods.

The divergence between studies suggests that the difference within
the methods is due to the genetic architecture of the trait i.e., the accu-
racy tends to increase as themodel adjusts itself to the genetic architec-
ture of the trait (Lund, Sahana, Koning, Su, & Carlborg, 2009). For traits
that are affected by moderate to major genes effect, higher accuracies
can be reached through Bayesian methods (Neves et al., 2014). Traits
that are controlled by many genes with small effects, the SNP-BLUP
method shows better prediction ability (Clark, Hickey, & van der Werf,
2011). Nonetheless, Daetwyler, Pong-Wong, Villanueva, and
Woolliams (2010) in a simulation study proposed that the Bayesian
Table 3
Accuracies of genomic predictions measured by Pearson's correlation between pseudophenoty
unsaturated fatty acids of Nellore cattle based on different methods.

Fatty acid
(g/100 g)

Type r(Yi,DGV)a ± (SE)

SNP-BLUP Bayesian LA

C14:1 Yc 0.03 (0.03) −0.02
EBV 0.42 (0.03) 0.02

C16:1 Yc −0.23 (0.23) −0.37
EBV 0.03 (0.03) −0.01

C18:1 n-9 Yc 0.12 (0.12) 0.11
EBV 0.07 (0.04) 0.00

C18:1 Yc 0.33 (0.07) 0.34
EBV 0.16 (0.05) 0.09

C18:1 n-7 Yc 0.14 (0.05) 0.04
EBV 0.13 (0.04) 0.03

Sum of MUFA Yc 0.12 (0.03) 0.10
EBV 0.07 (0.02) 0.10

a For the Yc as response variable, r(yi,DGV) was divided by the square root of heritability of th
monounsaturated fatty acid.
method's superiority over the SNP-BLUPmethods depends on the num-
ber of QTL for the trait. If the QTL number is higher than the effective
number of chromosomal segments, the SNP-BLUPmethod shows better
or similar prediction ability than Bayesian methods. In addition, the
computational time displays an advantage of SNP-BLUP methods,
Colombani et al. (2013) and Neves et al. (2014) figured out that Bayes-
ian methods were less time effective.

In terms ofmagnitude of the observed results, Bolormaa et al. (2013)
reported that although the prediction accuracy is still low in beef cattle
compared with dairy cattle, this should not be a limiting, since genomic
selection can improve traits which are difficult to measure, such as beef
FA profile. Although the results presented here have a low to moderate
accuracy, when considering the high cost of measurement and the diffi-
culty of selecting animals for meat quality traits such as FA, the imple-
mentation of genomic selection in Nellore might be a viable alternative.

3.3. Inflation/deflation of genomic prediction

By considering the Yc for SFA (Table 5), the regression coefficient es-
timates (b (Yc,DGV)) for both theBayesianmethods aswell as for the SNP-
BLUP were, on average, below to one for all FA. When considering EBV,
the Bayesian methods (LASSO and BayesCπ) showed a regression coef-
ficient (b(EBV,DGV)) close to one for C14:0, and lower to one for C16:0,
C18:0 and sum of SFA, being inflated. The SNP-BLUP method showed
(b(EBV,DGV)) superior to one for sum of SFA, being deflated.

When considering the Yc for MUFA, the b(Yc,DGV) (Table 6) were
lower to one for all considered FA and for all methods, being inflated.
Considering EBV, b(EBV,DGV) estimate were inflated in all analyzed
methods for C16:1, C18:1 n-9, C18:1 n-7, and sum of MUFA. Estimate
were deflated for C14:1 using the SNP-BLUP method, and inflated for
C18:1 using Bayesian methods.

The b(Yc,DGV) estimate for PUFA (Table 7) considering the Ycwere, on
average, lower to one when inflated; except for C18:2 cis-9 trans-11,
C18:3 n-6, C20:3 n-3, and PUFA/SFA ratio in which values were higher
than one, being deflated. Considering EBV, the b(EBV,G) estimate using
SNP-BLUP method were close to one for C18:2 n-6, C18:2 cis-9 trans-
11, C18:3 n-3, C20:3 n-3, C22:6 n-3, sum of n-3 and n-6, and n-6/n-3
ratio; and lower to one for C18:3 n-6, and superior to one for sum of
PUFA. Using Bayesian methods, estimate were close to one for C18:2
cis-9 trans-11, C22:6 n-3, sum of n-3 and n-6, and PUFA; deflated for
PUFA/SFA ratio, and inflated for C18:2 n-6, C18:3 n-3 and C18:3 n-6,
and C20:3 n-3.

Overall, the SNP-BLUP method demonstrated a regression coeffi-
cient estimate closest to one than Bayesianmethods, obtaining a less bi-
ased estimate, which favors its adoption in genetic selection for FA
profile in Nellore meat. When the predictions are deflated and higher
than one, in practice, the difference between progenies from selected
pe and direct genomic breeding values (r(Yi,DGV)), and standard error (SE) for beef mono-

SSO BayesC BayesCπ

(0.08) 0.08 (0.06) −0.01 (0.06)
(0.02) 0.10 (0.02) 0.05 (0.01)
(0.13) −0.54 (0.25) −0.50 (0.33)
(0.06) 0.00 (0.04) 0.09 (0.01)
(0.04) 0.13 (0.05) 0.10 (0.06)
(0.03) 0.02 (0.06) 0.06 (0.01)
(0.15) 0.33 (0.02) 0.32 (0.06)
(0.04) 0.07 (0.05) 0.09 (0.04)
(0.05) −0.06 (0.08) −0.11 (0.05)
(0.03) −0.01 (0.06) 0.06 (0.04)
(0.02) 0.13 (0.05) 0.07 (0.04)
(0.02) 0.06 (0.03) 0.05 (0.03)

e trait; Yc phenotype adjusted for fixed effects, EBV estimated breeding value, MUFA



Table 4
Accuracies of genomic predictions measured by Pearson's correlation between pseudophenotype and direct genomic breeding values (r(Yi,DGV)), and standard error (SE) for beef polyun-
saturated fatty acids of Nellore cattle based on different methods.

Fatty acid
(g/100 g)

Type r(Yi,DGV)a ± (SE)

SNP-BLUP Bayesian LASSO BayesC BayesCπ

C18:2 n-6 Yc 0.25 (0.10) 0.23 (0.06) 0.22 (0.06) 0.12 (0.11)
EBV 0.21 (0.02) 0.13 (0.06) 0.11 (0.06) 0.11 (0.07)

C18:2 cis-9 trans-11 Yc 0.13 (0.06) −0.11 (0.13) −0.04 (0.09) −0.07 (0.10)
EBV 0.21 (0.02) 0.08 (0.04) 0.10 (0.01) 0.18 (0.03)

C18:3 n-3 Yc −0.01 (0.09) 0.00 (0.05) 0.06 (0.07) −0.03 (0.04)
EBV 0.14 (0.01) 0.07 (0.05) 0.06 (0.03) 0.07 (0.05)

C18:3 n-6 Yc −0.02 (0.04) −0.05 (0.06) 0.10 (0.03) 0.09 (0.01)
EBV 0.01 (0.01) 0.00 (0.05) 0.08 (0.03) 0.05 (0.04)

C20:3 n-3 Yc −0.06 (0.12) 0.13 (0.06) 0.12 (0.04) 0.19 (0.08)
EBV 0.12 (0.03) 0.06 (0.05) 0.09 (0.03) 0.10 (0.03)

C22:6 n-3 Yc 0.10 (0.08) 0.18 (0.11) 0.15 (0.13) 0.18 (0.12)
EBV 0.36 (0.18) 0.36 (0.19) 0.33 (0.22) 0.31 (0.21)

Sum of n-3 Yc 0.12 (0.02) 0.24 (0.11) 0.11 (0.12) 0.25 (0.10)
EBV 0.07 (0.06) 0.07 (0.06) 0.05 (0.07) 0.12 (0.05)

Sum of n-6 Yc 0.32 (0.09) 0.26 (0.07) 0.34 (0.07) 0.24 (0.08)
EBV 0.22 (0.03) 0.14 (0.08) 0.22 (0.03) 0.15 (0.07)

n-6/n-3 Yc −0.07 (0.12) −0.02 (0.06) −0.12 (0.15) 0.19 (0.06)
EBV 0.11 (0.05) −0.02 (0.01) 0.05 (0.05) 0.07 (0.05)

Sum of PUFA Yc 0.50 (0.13) 0.45 (0.12) 0.56 (0.07) 0.48 (0.10)
EBV 0.24 (0.03) 0.15 (0.08) 0.16 (0.07) 0.15 (0.09)

PUFA/SFA Yc 0.28 (0.15) 0.17 (0.13) 0.21 (0.12) 0.13 (0.17)
EBV 0.32 (0.14) 0.32 (0.15) 0.33 (0.17) 0.32 (0.15)

a For the Yc as response variable, r(yi,DGV) was divided by the square root of heritability of the trait, Yc phenotype adjusted for fixed effects, EBV estimated breeding value, SFA saturated
fatty acid, n-3 and n-6 total of omega 3 and 6 fatty acids respectively, n-6/n-3 ratio of omega6 to omega 3 fatty acids, PUFA Polyunsaturated fatty acid, PUFA/SFA ratio of polyunsaturated to
saturated fatty acid.
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animals are expected to be greater than those predicted byDGV, and the
opposite occurs when the predictor is inflated. Considering
pseudophenotype, the EBV exhibited the less biased regression coeffi-
cient estimate regarding the Yc. Different from our results, a resem-
blance between the Bayesian Ridge Regression model, BayesC, and
Lasso were reported by Fernandes Júnior et al. (2016) in Nellore cattle
for ribeye area, subcutaneous fat, and hot carcass weight.

The differences regarding the pseudophenotype are in agreement
with the literature (Boddhireddy et al., 2014; Morota, Boddhireddy,
Vukasinovic, Gianola, & Denise, 2014). Genomic selection studies for
novel traits in beef cattle (Silva et al., 2016; Fernandes Júnior et al.,
2016), such as feed efficiency and beef quality traits, reported higher ge-
nomic prediction ability for adjusted phenotypic used as pseudo-phe-
notypes over EBV obtained from traditional BLUP. In beef cattle, the
EBV obtained from BLUP model in general is less appropriated due to
poor pedigree structure and small training population. These results ob-
tained in this study were in accordance with Fernandes Júnior et al.
(2016), whom indicated the Yc instead of EBV as pseudophenotype in
genomic prediction for highly heritable traits, in spite of the lower bi-
ased observed when using EBV.
Table 5
Regression coefficient of the pseudophenotype on direct genomic breeding values
(b(Yi,DGV)) and standard error (SE) for beef saturated fatty acids of Nellore cattle based
on different methods.

Fatty acid
(g/100)

Type b(Yi,DGV) ± (SE)

SNP-BLUP Bayesian
LASSO

BayesC BayesCπ

C14:0 Yc 0.40 (0.04) 0.19 (0.10) 0.18 (0.10) 0.20 (0.11)
EBV 0.47 (0.05) 0.99 (0.70) 0.30 (0.17) 0.82 (0.53)

C16:0 Yc 0.36 (0.12) 0.12 (0.05) 0.12 (0.05) 0.17 (0.06)
EBV 0.56 (0.10) 0.38 (0.26) 0.17 (0.11) 0.33 (0.21)

C18:0 Yc 0.32 (0.09) 0.07 (0.02) 0.04 (0.02) 0.07 (0.02)
EBV 0.24 (0.05) 0.01 (0.00) 0.01 (0.00) 0.03 (0.02)

Sum of SFA Yc 0.17 (0.07) 0.10 (0.07) 0.10 (0.07) 0.15 (0.06)
EBV 1.12 (0.24) 0.47 (0.47) 0.22 (0.11) 0.59 (0.37)

Yc phenotype adjusted for fixed effects, EBV estimated breeding value, SFA saturated fatty
acid.
Overall, regarding the accuracies, the methods were similar and in
agreement with the literature (Moser, Tier, Crump, Khatkar, &
Raadsma, 2009; De Los Campos, Hickey, Pong-Wong, Daetwyler, &
Calus, 2013; Fernandes Júnior et al. (2016). According to De los
Campos et al. (2013), studies using real data do not always reveal rele-
vant differences betweenmethods, which can be attributed to the large
number of regression coefficients that need to be inferred from a small
number of samples (n b p). Another factor that could explain the simi-
larity of results across the methods is the complex nature of the traits
studied. According to Daetwyler, Calus, Pong-Wong, De Los Campos,
and Hickey (2013), different methods tend to show similar predictive
ability when the traits are affected by many small-effect loci.

Beef fat composition could be viewed in amore favorably standpoint
for human health if effective approaches could be applied to decrease
beef SFA content, while increasing the concentration of beneficial FA,
such as PUFA, especially n-3 and C18:2 cis-9 trans-11. Thus, genomic in-
formation can be used to reduce SFA concentration in meat, mainly for
Regression coefficient of the pseudophenotype on direct genomic breeding values
(b(Yi,DGV)) and standard error (SE) for beef monounsaturated fatty acids of Nellore cattle
based on different methods.

Fatty acid
(g/100 g)

Type b(Yi,DGV) ± (SE)

SNP-BLUP Bayesian
LASSO

BayesC BayesCπ

C14:1 Yc 0.30 (0.11) 0.07 (0.02) 0.12 (0.03) 0.06 (0.02)
EBV 1.65 (0.18) 0.01 (0.00) 0.03 (0.01) 0.02 (0.00)

C16:1 Yc 0.16 (0.11) 0.06 (0.02) 0.10 (0.04) 0.10 (0.05)
EBV 0.55 (0.20) 0.44 (0.25) 0.08 (0.04) 0.33 (0.26)

C18:1 n-9 Yc 0.34 (0.06) 0.07 (0.02) 0.07 (0.03) 0.07 (0.03)
EBV 0.68 (0.18) 0.02 (0.00) 0.03 (0.01) 0.03 (0.00)

C18:1 Yc 0.30 (0.10) 0.08 (0.07) 0.08 (0.02) 0.08 (0.04)
EBV 3.43 (1.19) 1.74 (1.47) 0.55 (0.34) 1.07 (0.49)

C18:1 n-7 Yc 0.13 (0.04) 0.04 (0.02) 0.07 (0.03) 0.05 (0.02)
EBV 0.77 (0.17) 0.02 (0.01) 0.01 (0.00) 0.02 (0.01)

Sum of MUFA Yc 0.13 (0.03) 0.09 (0.04) 0.10 (0.04) 0.08 (0.04)
EBV 0.37 (0.11) 0.38 (0.21) 0.15 (0.08) 0.33 (0.18)

Yc phenotype adjusted for fixed effects, EBV estimated breeding value,MUFAmonounsat-
urated fatty acid.



Table 7
Regression coefficient of the pseudo-phenotype on direct genomic breeding values
(b(Yi,DGV)) and standard error (SE) for beef polyunsaturated fatty acids of Nellore cattle
based on different methods.

Fatty acid
(g/100 g)

Type b(Yi,DGV) ± (SE)

SNP-BLUP Bayesian
LASSO

BayesC BayesCπ

C18:2 n-6 Yc 0.31 (0.14) 0.17 (0.07) 0.16 (0.07) 0.15 (0.07)
EBV 1.13 (0.17) 0.72 (0.51) 0.30 (0.19) 0.61 (0.42)

C18:2 cis-9
trans-11

Yc 5.51 (2.14) 0.12 (0.03) 0.09 (0.03) 0.11 (0.03)
EBV 1.59 (0.24) 0.44 (0.29) 0.17 (0.09) 0.79 (0.31)

C18:3 n-3 Yc 0.95 (0.38) 0.05 (0.02) 0.07 (0.02) 0.05 (0.01)
EBV 0.83 (0.13) 0.51 (0.36) 0.16 (0.09) 0.44 (0.30)

C18:3 n-6 Yc 1.18 (1.04) 0.06 (0.04) 0.05 (0.02) 0.07 (0.03)
EBV 0.07 (0.04) 0.04 (0.01) 0.05 (0.02) 0.08 (0.06)

C20:3 n-3 Yc 1.69 (0.30) 0.08 (0.03) 0.30 (0.23) 0.11 (0.04)
EBV 0.83 (0.23) 0.56 (0.45) 0.22 (0.14) 0.58 (0.32)

C22:6 n-3 Yc 0.58 (0.31) 0.19 (0.11) 0.20 (0.10) 0.19 (0.11)
EBV 1.59 (0.51) 1.40 (0.62) 0.66 (0.32) 1.19 (0.53)

Sum of n-3 Yc 0.14 (0.02) 0.13 (0.07) 0.09 (0.08) 0.14 (0.07)
EBV 0.75 (0.55) 0.75 (0.55) 0.23 (0.17) 0.88 (0.43)

Sum of n-6 Yc 0.40 (0.13) 0.22 (0.09) 0.25 (0.07) 0.21 (0.09)
EBV 1.11 (0.13) 0.76 (0.46) 1.11 (0.13) 0.60 (0.35)

n-6/n-3 Yc 0.18 (0.06) 0.04 (0.01) 0.10 (0.04) 0.07 (0.01)
EBV 0.90 (0.24) 0.01 (0.00) 0.09 (0.09) 0.22 (0.20)

Sum of PUFA Yc 0.38 (0.11) 0.26 (0.07) 0.33 (0.04) 0.28 (0.06)
EBV 2.28 (0.28) 0.75 (0.44) 0.35 (0.20) 0.64 (0.36)

PUFA/SFA Yc 2.65 (2.56) 0.15 (0.09) 0.15 (0.09) 0.16 (0.08)
EBV 2.35 (0.61) 2.44 (0.69) 1.41 (0.42) 2.45 (0.70)

Yc phenotype adjusted for fixed effects, EBV estimated breeding value, SFA saturated fatty
acid, n-3 andn-6 total of omega 3 and 6 fatty acids respectively, n-6/n-3 ratio of omega 6 to
omega 3 fatty acids, PUFA Polyunsaturated fatty acid, PUFA/SFA ratio of polyunsaturated to
saturated fatty acid.
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C14:0 for being the most harmful to health, C16:0, and sum of SFA. In
order to increase the concentration of MUFA, such as C18:1 and C18:1
n-7, as a result of its biological importance as precursors of PUFA andbe-
cause of its importance on human health, the SNP-BLUP method is the
most appropriate in this context. For n-3 acids, such as C20:3 n-3, the ac-
curacies were low, however, its function in cell function regulation, de-
creased triglycerides blood levels, anti-inflammatory response, among
others factors, need further studies to determine the most suitable
method for genomic prediction.

Recently, the European Union established a new legislation (Regula-
tion (EU) No 1169/2011) on the provision of food information to con-
sumers. In this new regulation established that is mandatory specify
information about food chemical composition, such as the amounts of
fat, saturates, monounsaturated, polyunsaturated, carbohydrate, sugars,
protein and salt. Similarly, in United States, the Food Safety and Inspec-
tion Service (FSIS) developed a compliance guideline to help the indus-
try determine which statements are permitted on the labeling of their
products and the criteria for their use, particularly for omega fatty
acids from animal sources. All these regulations aimed to give more de-
tailed information to consumer about food chemical composition and
potential impacts on human health. Moreover new and evolving food
labeling legislation should protect the consumer frommisleading claims
about the health benefits of a food or any of its components. Although
the beef fatty acid profile is not considered as selection criteria in beef
cattle breeding programs, due to the high cost to obtain the phenotype
and analyses' operating cost, is important that the breeders have alter-
native tools to improve the beef fatty acid composition in view of the
greater demand of consumers.

Despite the prediction accuracies were not very high, the use of ge-
nomic information to predict genomic values for beef FA profile in
breeding animals is a feasible alternative, with a reasonable cost, to con-
tribute formeat quality improvement. In addition, for commercial herds
the results of this studywould give support tomakebettermanagement
decision within the farm in order to achieve different niche of markets.
Thiswould help the farmers tomeet the requirements to participate in a
special meat certification programs (prime beef cuts) that bonus for
higher meat quality, for example beef fatty acid composition. Despite
the large differences among the studied methods, the SNP-BLUP meth-
od is aworthwhile alternative for application in genomic evaluations on
a large scale, considering the low computational requirement time and
the similarity of the results obtained with the Bayesian methods.
4. Conclusions

Beef FA profile is a very important study area due to its implication in
human health. Genomic information can assist in improving FA profile
in Zebu animals, since the use of genomic information yielded genomic
values for FA profile with accuracies ranging from low to moderate.
None of the methods excelled in terms of accuracy, however, the SNP-
BLUP method allows obtaining less biased genomic evaluations, there-
by; this method is more feasible when taking account the computation-
al cost. Despite the lowest bias observed for EBV, the adjusted
phenotype is the preferred pseudophenotype considering the genomic
prediction accuracies regarding the context of the present study.
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