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Abstract

Background

Nellore cattle play an important role in beef production in t@mgstems and there is great
interest in determining if genomic selection can contribute ¢elaate genetic improvement
of production and fertility in this breed. We present the first tesflthe implementation of
genomic prediction in Bos indicugNellore) population.

Methods

Influential bulls were genotyped with the Illumina Bovine HD chip drder to assess
genomic predictive ability for weight and carcass traits, tagiem length, scrotal
circumference and two selection indices. 685 samples and 320 238 sungéotidg
polymorphisms (SNPs) were used in the analyses. A forward-posdgttheme was adopted
to predict the genomic breeding values (DGV). In the trainieg, gdhe estimated breedipg
values (EBV) of bulls were deregressed (dEBV) and used as pseutatypes to estimate
marker effects using four methods: genomic BLUP with or withow¢sadual polygeni
effect (GBLUP20 and GBLUPO, respectively), a mixture modely¢BaC) and Bayesign
LASSO (BLASSO). Empirical accuracies of the resulting geegmedictions were assessed
based on the correlation between DGV and dEBV for the testing group.
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Results

Accuracies of genomic predictions ranged from 0.17 (navel at weatun@)'4 (finishing
precocity). Across traits, Bayesian regression models (BayasdCBLASSO) were mof
accurate than GBLUP. The average empirical accuracies @&@ (GBLUPOQ), 0.4
(GBLUP20) and 0.44 (Bayes C and BLASSO). Bayes C and BLA®8G@et to produg
deflated predictions (i.e. slope of the regression of dEBV on [@&dter than 1). Furth
analyses suggested that higher-than-expected accuracies weneedd®r traits for whic
EBV means differed significantly between two breeding subgrthgaswere identified in
principal component analysis based on genomic relationships.

SN TR

Conclusions

Bayesian regression models are of interest for future apphsaof genomic selection in this
population, but further improvements are needed to reduce deflation ofpthdictions
Recurrent updates of the training population would be required to enablatacprediction
of the genetic merit of young animals. The technical feasibdit applying genomic
prediction in @Bos indicugNellore) population was demonstrated. Further research is needed

to permit cost-effective selection decisions using genomic information.

Background

The possibility of accurately predicting the genetic mefitindividuals based on their
genotypes analyzed by dense single nucleotide polymorphism (SNP) mar&ks;, pgorocess
known as genomic selection (GS) [1,2], is revolutionizing the desigrmngsldmentation of
livestock breeding programs especially for dairy cattle. &b&a[3] highlighted the potential
benefits of this strategy for dairy cattle in terms of redg@eneration intervals, increasing
prediction accuracies and selection intensities, reducing breextganization costs and
making it feasible to perform genetic evaluations of difficult-to-measaits.

The rationale behind genomic selection in livestock is that, givenrikemdensity high
enough to cover the entire genome, most of the quantitative traifQaddi) will be in high
linkage disequilibrium (LD) with some of the markers. Therefdre,sum of all SNP effects
(direct genomic value, DGV) will be a good predictor of the genetiit of selection
candidates and will enable selection decisions as soon as the genfummation of those
individuals is available [4].

Thanks to the sequencing of the bovine genome [5] and the availabiliignst panels of
SNP markers, GS has moved from simulation approaches to praptdiabtion in the last
years. The first successful application of GS was in daitylecgHolstein) [4,6] and
motivated studies on GS in other breeds and populations [7-9].

Although several previous reports compared statistical methodsdhppk&S in cattle using
the lllumina Bovine 50 K chip (lllumina, San Diego, CA, USA) [7,10,11], onlgva studies
have carried out similar comparisons using high-density panels, subke #lumina Bovine
HD chip, which contains more than 700 000 SNPs [12]. In addition, most ofuitiessin
this field were carried out using data frdos taurusbreeds. While previous studies have
investigated the application of GS in purebred and composite populatiddgsaondicus



(Brahman) [13,14], the performance of GS in many otBes indicuspopulations is
unknown.

Nellore cattle are the primary breed used in beef productiommical systems. Thus, it is
expected that genome-enhanced predictions could considerably contridotprése the
efficiency of breeding programs in such systems. Brazilehlarge number of well-recorded
Nellore animals obtained from several genetic evaluation ingatjil5] that have achieved
significant genetic progress for growth traits in the lasi tecades through conventional
selection, although progress for reproduction, meat quality and feeiérefl/ traits has been
less significant during the same period [16].

Our aim was to create the scientific basis for the applicadf GS to Nellore cattle, by
comparing genomic prediction results obtained with four differerdigiien methods on 15
traits of economic relevance in this breed.

Methods

Data

Phenotypic and genotypic data were available for 691 influentidbmdebulls. Genotypes
were generated with the lllumina Bovine HD chip (lllumina, Saegbj CA, USA) and only
autosomal SNPs with a GenCall (GC) score higher than 0.70 werelex@ats for further
analyses. Fifty-four SNP pairs that had the same map coaslinare excluded from the
dataset. Quality control of genotypes was carried out through ativieeprocess using the
following SNP selection criteria: call rate (CR) highernth&a98, minor allele frequency
(MAF) higher than 0.02 and p-value for Hardy-Weinberg equilibrium(téé{E) higher than
107°. The SNPs that met these criteria were further screeméaterrogate their linkage
disequilibrium with syntenic SNPs located within a window of 100 neighbomarkers,
resulting in only one marker from each pair of highly correlatedsSidP> 0.995) remaining
in the SNP dataset. Finally, samples showing CR lower than 0.90exeleded from the
analysis. The process was repeated until no further SNRenpless were excluded, which
resulted in a final dataset of 685 bulls with 320 238 SNPs.

Phenotypes were provided by the DeltaGen genetic evaluatioraprogrcommercial beef
cattle operation managed as an alliance of breeders distramrtess 12 Brazilian states [17].
The estimated breeding values (EBV) from routine genetic evahsatvere deregressed and
used as dependent variables to estimate SNP effects for E>dratconomic relevance.
These traits included weight and carcass traits, scrotalnefectence, gestation length and
two selection indexes [See Additional file 1 for detailed tdaifinitions]. The deregressed
proofs (dEBV), as well as their associated reliabilities,ewebtained according to the
procedure proposed by [18], which removed parent average effects arat@smted for
heterogeneous variances [9].

The genotyped individuals included 65 influential older bulls born between 1965 abd 199
while the remaining genotyped animals were younger. The datasgirised up to four
generations of genotyped animals, including 292 son-sire pairs, 139 grandsdaigr pairs
and 51 paternal half-sib families (average size = 4.7). [Sghtional file 2 for more
information about the age structure of the genotyped animals].



Genomic prediction design

For each individual trait, a forward prediction scheme was adoptedhwslits the dataset
into a training (reference) population, that included bulls with EBYuracies greater than
0.50 in 2007, and a testing population that included bulls that did not havatacE&V in
2007 but had EBV accuracies greater than 0.50 in 2011.

The sizes of the training and testing datasets differed betiraies (Table 1). Most traits
were moderately heritable, with heritabilities?)(lranging from 0.25 (score for carcass
conformation and finishing precocity at weaning) to 0.49 (gestationhlgngith an average
of about 0.30 (Table 1). Such heritability estimates were based onL Riskimates of
variance components, obtained using the same database from whiEBWhemployed in
this study were obtained. For all traits, average EBV acmsacere greater than 0.80 and
0.74 in the training and testing sets, respectively.

Table 1 Summary statistics related to the estimated breeding values (EBV) Bls
indicus (Nellore) bulls included in training and testing sets for 15 traits undr forward

prediction®
Trait? h? Training set Testing set

N3 Mean Mean Mean Mean

EBV (SD)* accuracy (SD§ EBV (SD)*  accuracy (SD)

WG 026 494 160 (5.57) 0.86 (0.12) 187  4.11(5.17) 0.80 (0.11)
Cw 025 472  0.10(0.31) 0.85 (0.12) 185  0.19(0.35) 0.79 (0.12)
Pw 025 472  -003(0.42)  0.85(0.12) 184  0.21(0.42 0.79 (0.12)
Mw 026 473  -0.02(0.40)  0.85(0.12) 185  0.20 (.41 0.80 (0.11)
Nw 027 468  0.02(0.27) 0.85 (0.12) 188 0.06 (0.23) 0.80 (0.11)
PWG 033 473  0.66(7.58) 0.85 (0.12) 115  2.83(7.65 0.81(0.10)
Cy 031 454  0.13(0.36) 0.84 (0.13) 118  0.29 (0.40) 0.80 (0.11)
Py 031 455  -0.06(0.55)  0.83(0.13) 117 0.24 (0.53 0.80 (0.11)
My 030 448  -0.05(0.51)  0.84(0.12) 121 0.25@®.50 0.79 (0.11)
Ny 030 443  0.03(0.30) 0.84 (0.13) 122 0.07 (0.26) 0.79 (0.11)
SCaw 040 446  -022(121)  0.81(0.14) 115  -0.18B)l  0.75(0.12)
BW 037 457  0.40(1.35) 0.86 (0.11) 189  0.15(1.25) 0.83(0.11)
GL 049 307  0.17(3.25) 0.88 (0.10) 138 -0.77 (#.040.88 (0.10)
Wl - 479 2.74(13.03)  0.85(0.12) 185  9.83(13.10)0.80 (0.11)
FI ; 465  0.86(12.13)  0.84(0.12) 130 8.17 (11.94)0.77 (0.13)

Training set composed of bulls with accurate EBV in 2007 and teséhgomposed of
remaining bulls with accurate EBV in 2011 but not in 2007; the summatigtsts were
obtained considering the EBV obtained in either 2007 (training se2pbt (testing set);
EBV were obtained with BLUP animal modefsYG = weight gain from birth to weaning
(about 205 days of age); Cw, Pw, Mw, Nw = visual scores recordeeéaating for carcass
conformation, carcass finishing precocity, muscling and navel, cegply; PWG = weight
gain from weaning to yearling (at 550 days of age); Cy, Py, Mys=Nigual scores recorded
at yearling for carcass conformation, carcass finishing prgcomiuscling and navel,
respectively; SCaw = scrotal circumference adjusted fomadeneight; BW = birth weight;
GL = gestation length; WI = weaning index, composed of traithiated at weaning; FI =
final index, composed of traits evaluated at weaning and yeaHih¢gSee Additional file 1
for more details]:> N = sample size?Mean EBV(SD) = average (standard deviation) of
estimated breeding values (EBV) ; Mean accuracy (SD)erage (standard deviation) of
EBVs’ accuracies.



In our study, model training was carried out using dEBV basedhen2007 genetic
evaluation (dEBVYoo7), while dEBV based on the 2011 genetic evaluation (dgBVwere
used for validation purposes. Using dEBY for model training ensured that information of
own performance (and/or progeny records) of the testing amididlnot contribute to the
dEBV of the training set, thus preventing overlapping information betviesning and
testing sets, which could inflate the estimates of predictive ability dfL&S

Because the dataset included many pairs of closely redaietals, the forward prediction
scheme resulted in many testing animals having close relativies training set. The pattern
of relationships between animals in the training and validationvegtsconsistent across
traits [See Additional file 2].

Statistical methods

The following statistical methods were used in order to es&insNP effects and direct
genomic values (DGV): (i) best linear unbiased prediction (BLWBNhg a genomic
relationship matrix (GBLUP), (ii) Bayesian regression usingigure model (Bayes C) and
(i) Bayesian LASSO (BLASSO). All methods only accounted foe allele substitution
(additive) effects of the markers, i.e. apart from an overallnmee other effects
(environmental or genetic) were included in the models.

GBLUP model can be described as:

y=1u+Zg+e (1)

wherey is the vector of dEBV for the respective traitis the location parameter common to
all observations], is a vector of 1'sZ is the incidence matrix relating genomic breeding
values toy, g is the vector of genomic breeding values amslthe vector of random residual
terms. It was assumed thgt~ N (0G*c°g) ande ~ N (ORc%), whereG* is a combined
relationship matrix an® is a diagonal matrix, whose elements account for the differémces
the reliabilities of the observationsynsimilarly as in [20]. The diagonal elementsho{R;)
were obtained asiR= (1+;%) / (r;?), wherer;? is the reliability associated with th& dEBV,
obtained following [18].

The G* matrix is a combined relationship matrix, computeGas= (1-w)G + wA, whereG

is the genomic relationship matrix aAds the regular numerator relationship matrix, both of
order equal to the number of genotyped buliswas defined a& = MM ' / £2p(1-p), in

which M is the incidence matrix of marker scores whose elemente ifi tolumn are 0-2p

1-2p and 2-2p depending on whether the animal’'s genotype was 11, 12 or 22, respectively
and pis the allele frequency of allele 2 at tfemarker [20].

In the computation of the genomic relationship matak attributing a weight (w) for
pedigree-based relationships is equivalent to fitting residual polygdfacts that are not
captured by the markers [21]. After testing different valwesaf (ranging from O to 0.40),
Gao et al. [21] reported that w = 0.20 provided the best compromisenis of reliability

and scale of DGV. Since our aim was to investigate the beofefhiis strategy, GBLUP
predictions were obtained setting w = 0 or w = 0.20, hereafteredftn as GBLUPO and
GBLUP20, respectively.



Theoretically, allele frequencies from the unselected base papulshiould be used to
constructG [20], which could be estimated after using linear regression ddigbrgene
content (number of copies of a particular allele in a genotypen ahdividual) of non-
genotyped ancestors, based on the available information of genotypgsedigree [22].
However, there is some evidence that similar accuraciesedicpion are obtained using
either base population or current allele frequencies [20,23]. Hamdjs study,G was
constructed using current allele frequencies (computed congdatigenotyped animals).
The GBLUP method was implemented using the gebv softwargiltksddn [24]. This
formulation of the GBLUP method is equivalent to assuming a norrstalbdition of SNP
effects with constant variance across SNPs [25].

The Bayes C (BayesC) method consisted of fitting a mixture Mod&NP effects using the
same model equation as in (1), in whichl, p, z, g, ande were defined as before, but the

N
elements of vectog were calculated for each animal E%(; al ) where zis the genotype
i=1
of the " marker, coded as the number of copies of the reference allétethe effect of
markeri, andl; is an indicator variable that is equal to 1 if theriarker has a non-zero effect
on the trait and O otherwise.

Model parameters were estimated within a Bayesian framewowas assumed that ~

N(0, ¢%) ande ~ N (ORo?%). Scaled inverse chi-squared distributions, with v degrees of
freedom and scale parameter S were assumesfd@ndo’ . Unlike the Bayes B method
[2], this mixture model assumes that SNP marker effectsaargled from a single (normal)
distribution, instead of estimating marker-specific variancesamitrarily small value of 4
was assumed for v, while the scale parameters were derivedliaccto [26].R was defined

as described before. A binomial distribution with probabiityvas assumed fdf and an
informative beta distributiona(= 1.d8,5 = 1.d10) was assigned far (implying that this
parameter was kept fixed around 0.01). This method was very simithiat proposed in
[26], except that was assumed to be known, as in [9].

The SNP effects were estimated using the Gibbs samplingtelgamplemented in the GS3
software [27]. A single chain with a length of 100 000 iterations was used. The bumodh pe
was 20 000 iterations and the thinning interval was 100 iterations.

The model for Bayesian LASSO (BLASSO) was similar to theioreguation (1), except for
the assumption about SNP marker effects. This implementation ecardbestood as a linear
mixed model assuming an exponential prior distribution for variances of markeseffe

Originally, the LASSO procedure [28] was a statistical metihad combined both variable
selection and shrinkage. Legarra et al. [11] proposed an alternatyesiBn implementation
of this method, which we used here. Based on the parameterization prdposbese
authors, the prior for individual SNP effects) can be represented by:

P@ [72)~N (07, )and R( 7 3 A( 2/8xp-Q 7| 2

This parameterization implies that individual variances for &R (i.e.t;) are estimated,
conditional on a regularization parametemwhich was estimated by using a prior gamma
distribution bounded between 0 and’.16lat priors were assumed fef. and ¢% and
differences in reliabilities of dEBV were accounted for \ha matrixR, as for the other



methods. A single chain with a length of 100 000 iterations wagrgeed using GS3
software. The burn-in period was 20 000 iterations and the thinning inteasl 100
iterations.

The programs used to compute genomic predictions handle missing sneatieenally. In
GS3, missing calls for a given marker are set to the populateam rfor the respective
marker, while in the gebv software missing genotypes are idfeisang a pedigree-based
algorithm. Due to the low frequency of missing genotypes (0.25%#fteets of different
imputation procedures are expected to be negligible, as already reported. by [29]

Comparison criteria

The four statistical methods used to derive DGV were evaluateellban comparison of
DGV with dEBV;,p;; 0f animals from the testing set using the following statistics:

0] Pearson’s correlation between DGV and d&RBY divided by the average
accuracy of dEBYy11, was computed as the empirical accuracy of prediction
(rrev.pav). This quantity can be used as a proxy for the correlation of the DGV
with the true breeding value [4], which is why it is abbreviated as jcv’. The
average accuracy of dEB); was computed as the average of the dEBV
accuracies calculated according to [18].

(i) the slope of the regression of dERY, on DGV for animals in the testing set
(bl4esv pev) Was evaluated to measure the degree of inflation/deflation of
genomic predictions, i.e. the scale of the DGV compared to that of dEBV.
Estimates of bggv pcy close to 1 are indicative of predictions that are on scale
similar to that of the dEBV.

(i)  the mean squared error of prediction (MSE) between DGV and dEBV of animals
in the testing set was used as a measure of the overall fit of each model to.the data
Larger estimates ofgyv pcy are indicative of more reliable predictions and a
lower MSE is associated with a better overall fit, including scale.

Alternative validation designs

In addition to the forward prediction scheme (FORW), two altereatalidation strategies
were tested for GBLUP20 in order to investigate the impacthefdenetic relationship
between training and testing sets on the accuracy of genoediwns in this population.
These strategies were based on 5-fold cross-validation that sgparated animals in five
groups of similar size at random (RAND) or based on minimizing tgemnelationships
between groups (DIST). For DIST, a k-means algorithm [30] waseappliith the distance
matrix built based on the genomic relationships among genotyped arsimalar to [9]. In
the case of RAND and DIST, the dEBV generated from the 201lig@awaluations were
used for both the training and testing steps and the avetagey (calculated using the five
folds) was used as a proxy for the empirical accuracy of the DGV.

Impact of relatedness with training set on the acaacy of individual DGV

In order to investigate the extent to which individual accuramfi¢ise DGV of animals in the

testing set were influenced by their relatedness with indivédinaim the training set, under
the forward prediction design, different measures of its genatatedness with animals in
the training set were calculated for each animal in thénteset, based on the genomic



relationship matrix (G) used in GBLUP, similar to [31]. The maxn relationship (maxr)
and the average of the top 5 (ave5), 10 (avel0), 20 (ave20) and 50 (aveS)sts|adi

between each testing animal and all animals in the training setalemated. Since GBLUP
allowed the calculation of individual DGV accuracies based oneglegmof the inverse of the
coefficient matrix (hereafter, estimated accuracies, oVJPte correlations of rPEV with
the different measures of relatedness with the training set werendegdr

Finally, the empirical accuracies and estimated accuraaiesgged across animals in the
testing set) were compared with the analytical expectatmnatcuracy of genomic
predictions, calculated according to a formula proposed by [32] (i.e. Equation 1 in tyat stud
This formula predicts the expected accuracy for an animal witbleemotypic information
and without close relatives in the training set, as a function afiuh#er of animals in the
training set, the heritability of pseudo-phenotypes and effective ewumib chromosome
segments (Me), which was approximated using estimates of gesiaeé¢L) and effective
population size (Ne), i.e. Me = 2NeL/In(4Nel). For such calculatiar Morgan genome
was assumed, the average reliability of the animals in theénigaset were considered as the
heritability of pseudo-phenotypes, and markers were assumed toec8p®%arof the genetic
variance for all traits. A value of 120 was adopted for Ne, sirtoléihe estimate obtained by
[33] for the population used in this study.

Results

Minor allele frequency and linkage disequilibrium

After quality control of the genotyping data (QC), the average (8iDor allele frequency
was 0.226 (0.144) and the average (median) linkage disequilibriynbeween pairs of
adjacent markers was 0.293 (0.164).

Accuracy of genomic predictions

Empirical accuracies of genomic predictiong(ibcy) ranged from 0.17 (navel at weaning)
to 0.74 (carcass finishing precocity at yearling). The aveeagarical accuracy across traits
was 0.39 and 0.40 for GBLUPO and GBLUP20, respectively, and 0.44 for both BayesC
BLASSO (Table 2). For traits measured in both periods, empawmairacies were from 18%
to 61% higher at yearling than at weaning.

Table 2Empirical accuracies and inflation of genomic predictions obtained fod.5 traits
of Bosindicus (Nellore) cattle based on different methods

r(TBV,DGV) ! b1(dEBV,DGV)?
Trait® GBLUPO GBLUP20 BayesC BLASSO GBLUPO GBLUP20 BayesC BLASSO
WG 0.28 0.27 0.37 0.37 0.79 0.85 1.45 1.39
Cw 0.21 0.18 0.22 0.23 0.85 0.88 1.12 1.10
Pw 0.43 0.45 0.49 0.49 1.08 1.12 1.37 1.35
Mw 0.43 0.44 0.49 0.49 1.09 1.14 1.41 1.39
Nw 0.17 0.17 0.20 0.19 0.75 0.85 1.01 0.99
PWG 0.53 0.56 0.50 0.51 0.92 1.06 1.47 1.43
Cy 0.29 0.30 0.29 0.29 0.98 1.14 1.30 1.26
Py 0.70 0.72 0.74 0.74 1.19 1.24 1.39 1.37
My 0.68 0.69 0.69 0.69 1.13 1.22 1.32 1.30

Ny 0.20 0.20 0.23 0.24 0.94 1.05 1.19 1.19




SCaw 0.68 0.71 0.72 0.72 1.27 1.44 1.68 1.65

BW 0.24 0.24 0.30 0.30 0.57 0.70 0.94 0.91
GL 0.22 0.24 0.36 0.36 0.90 1.09 2.35 2.12
Wi 0.30 0.30 0.39 0.39 0.87 0.93 1.39 1.36
Fl 0.49 0.51 0.55 0.54 1.01 1.11 1.40 1.37

! Accuracies measured as the Pearson’s correlation between géremic values (DGV)
and deregressed EBV (dEBV) of the bulls in the testing set, MdBEBV), divided by the
average accuracy of dEBV in the testing §éniflation of genomic predictions measured by
the slope of the regression of dEBV on DGV, b1(dEBV,DGV); The esésnof empirical
accuracies and inflation refer to the forward prediction dedig¢ = weight gain from birth
to weaning (about 205 days of age); Cw, Pw, Mw, Nw = visual scdken &t weaning for
carcass conformation, finishing precocity, muscling and navelectsply; PWG = weight
gain from weaning to yearling (about 550 days of age); Cy, Py, My; Mgual scores taken
at yearling for carcass conformation, finishing precocity, magcind navel, respectively;
SCaw = scrotal circumference adjusted for age and weight; =BWirth weight; GL =
gestation length; WI = weaning index, composed by traits eealugt weaning; Fl = final
index, composed by traits evaluated at weaning and yearling (F)A8aitional file 1 for
more details].

For most traits, GBLUP20 resulted in slightly greater aciasathan GBLUPO, although this
advantage was greater (12%) for gestation length, while for coafmn at weaning,
GBLUPO was 13% more accurate than GBLUP20 (Table 2). In geeengirical accuracies
of BayesC were very similar to those of BLASSO and superitindse achieved with both
implementations of GBLUP. The largest advantage of Bayeggression methods over
GBLUP20 in terms of empirical accuracy was obtained for gestéength (+48%), weight
gain from birth to weaning (+35%), conformation at weaning (+25%) and weight
(+25%). Conversely, GBLUP20 was more accurate than Bayesian regsefss weight gain
from weaning to yearling (+9.5%) and for conformation at yearling (+4.5%)I¢€ 2).

Scale of genomic predictions and mean squared predion error (MSE)

The slope of the regression of dEBV on DGV 3l pcy) was expected to be close to 1,
which would indicate that genomic predictions are on a simike ss the deregressed EBV,

i.e. not inflated or deflated. In general, both GBLUPO and GBLUP20 oatpestl the
Bayesian regression methods in terms of scale, i.e., for mdatst peedictions of DGV
obtained with both BayesC and BLASSO were deflated (Table @diddions from
GBLUP20 tended to be slightly deflated, while those from GBLUP@e&erio be slightly
inflated (Table 2). When averaged across traits, the slope afghession of dEBV on DGV

was equal to 0.96, 1.05, 1.39 and 1.35 for GBLUPO, GBLUP20, BayesC and BLASSO,
respectively. However, for birth weight and navel at weanirayeBC and BLASSO clearly
outperformed GBLUP in terms of scale.

For most traits, the overall fit of the model to the data, judgetidoynean squared prediction
error (MSE), favored both GBLUP methods over the Bayesian regressithiods (Table 3).
However, for three of the traits (scrotal circumference, hirgight and gestation length),
lower estimates of MSE were obtained for Bayes C and Bayesian LAR®® 3).



Table 3Mean squared error (MSE) of genomic predictions for 15 traité of Bosindicus
(Nellore) cattle based on different prediction methods

MSE?
Trait GBLUPO GBLUP20 BayesC BLASSO
WG 164.1 165.0 212.6 209.6
Cw 0.7 0.70 0.8 0.9
Pw 0.9 0.9 1.2 1.3
Mw 0.8 0.8 1.1 1.2
Nw 0.3 0.3 0.5 0.7
PWG 194.4 192.6 291.0 335.7
Cy 0.8 0.8 1.2 1.3
Py 0.9 0.9 2.0 2.7
My 0.8 0.8 1.4 1.8
Ny 0.3 0.3 0.6 0.8
SCaw 6.1 6.0 6.0 5.8
BW 55 5.4 5.3 5.3
GL 48.9 48.4 47.6 475
Wi 1029.4 1031.3 1409.1 1602.1
FI 708.5 704.1 1415.0 1568.9

' MSE: mean squared prediction errqyiSE :%Z(DGV—dEB\OZ; this statistic was

calculated considering the bulls in the testing seter the forward prediction designiwG

= weight gain from birth to weaning (about 205 daysage); Cw, Pw, Mw, Nw = visual
scores taken at weaning for carcass conformatinishfng precocity, muscling and navel,
respectively; PWG = weight gain from weaning torliag (about 550 days of age); Cy, Py,
My, Ny = visual scores taken at yearling for cascasnformation, finishing precocity,
muscling and navel, respectively; SCaw = scrotalucnference adjusted for age and weight;
BW = birth weight; GL = gestation length; WI: weagiindex, composed by traits evaluated
at weaning; FI = final index, composed of traitalerated at weaning and yearling (FI) [See
Additional file 1 for more details].

Individual accuracy of DGV

For most traits, the average accuracy of the D@¥EY) was around 0.46, ranging from 0.22
to 0.61 (Table 4). Correlations between accuraestisnated for individuals in the testing set
and their relatedness with animals in the trairsagwere strong. The best predictor for this
association was the average of the top five relahigps between a testing animal and animals
in the training set (aveb), for which the averaggeadation with rPEV across traits was 0.81.
The maximum relationship between a testing animdl @animals in the training set (maxr)
also exhibited a strong association with rPEV (ager correlation of 0.78). Across all
animals in the testing set, the average maxr aal exas equal to 0.35 and 0.20, respectively
(Table 4).



Table 4 Summary statistics for the accuracy of individual DGV fgr testing set amhals
and its association to relatedness with the training set for 15 trait®f Bosindicus
(Nellore) cattle

rPEV?! Correlation (rPEV, relatednessy Average relatednes’
Trait® average min max maxr aveb5 avel0 ave20 aveb0 maxr aveb
WG 0.47 0.25 0.61 0.81 0.83 0.68 0.52 0.39 0.35 90.1
Cw 0.46 0.25 0.61 0.81 0.83 0.68 0.52 0.39 0.35 90.1
Pw 0.46 0.25 0.61 0.81 0.83 0.68 0.52 0.39 0.35 90.1
Mw 0.46 0.25 0.61 0.81 0.83 0.68 0.52 0.39 0.35 90.1
Nw 0.46 0.24 0.61 0.82 0.82 0.68 0.52 0.39 0.35 90.1
PWG 0.47 0.27 0.61 0.72 0.79 0.66 0.52 0.42 0.36 200.
Cy 0.47 0.25 0.60 0.71 0.79 0.65 0.52 0.43 0.36 00.2
Py 0.47 0.25 0.60 0.72 0.79 0.65 0.52 0.43 0.36 00.2
My 0.46 0.25 0.60 0.72 0.79 0.65 0.51 0.42 0.35 00.2
Ny 0.46 0.25 0.60 0.72 0.80 0.66 0.52 0.43 0.36 00.2
SCaw 0.45 0.23 0.60 0.71 0.82 0.69 0.55 0.44 0.35 .200
BW 0.46 0.25 0.61 0.83 0.82 0.67 0.50 0.38 0.35 90.1
GL 0.44 0.22 0.60 0.84 0.84 0.70 0.55 0.48 0.33 80.1
WI 0.46 0.25 0.61 0.81 0.83 0.68 0.52 0.39 0.35 90.1
Fl 0.46 0.25 0.60 0.78 0.80 0.65 0.50 0.39 0.35 00.2

! Estimated theoretical DGV accuracy (rPEV) cale@dabased on diagonals of inverse of
coefficient matrix in GBLUP20? association evaluated by the correlation betweeividual
DGV accuracy and each measure of relatedness wfigeset animals with training set,
calculated either as the maximum relationship (hnhaxas the average of the top 5 (ave5b), 10
(avel0), 20 (ave20) or 50 (ave50) relationshipsveen each testing animal and all training
set animals:°Averages of relatedness of testing set animals wihming set, evaluated
through maxr or ave5WG = weight gain from birth to weaning (about 20#ysl of age);
Cw, Pw, Mw, Nw = visual scores taken at weaning ¢arcass conformation, finishing
precocity, muscling and navel, respectively; PW@eight gain from weaning to yearling
(about 550 days of age); Cy, Py, My, Ny = visuabres taken at yearling for carcass
conformation, finishing precocity, muscling and ekvrespectively; SCaw = scrotal
circumference adjusted for age and weight; BW thbireight; GL = gestation length; WI =
weaning index, composed by traits evaluated at imgafi| = final index, composed by traits
evaluated at weaning and yearling (FI) [See Adddldile 1 for more details].

Expected accuracies

When compared across traits, the mean (SD) of éeqbesccuracies based on Daetwyler’s
formula [32] was equal to 0.49 (0.03). In geneadthough the average empirical accuracies
matched their expectations well, values higher tgrected were observed for some traits,
notably for carcass finishing precocity and musgglevaluated at yearling, as well as for
scrotal circumference (Figure 1). In contrast, éonformation at weaning and the navel
traits, empirical accuracies were at least 50% tdhan their expected values.

Figure 1 Comparison of empirical and estimated theoretical accuracies (rPEWyith

their expectations for 15 traits in Bosindicus (Nellore) cattle. Colored bars indicate:
empirical accuracies calculated as the Pearsornfslaton between deregressed proofs in
2011 for the bulls in the testing set and their D@Wided by the average accuracy of dEBV
in the testing set (empirical accuracies were abthusing four methods of prediction:
GBLUP20, GBLUPO, Bayes C and Bayesian LASSO); estih accuracies (rPEV) were



calculated by averaging the individual accuracisgined based on diagonal elements of the
inverse of the coefficient matrix in GBLUP20) ac@dl animals in the testing set; expected
accuracies were calculated with the analytical fdenproposed by Daetwyler et al. [32];
"WG = weight gain from birth to weaning (about 2Gfys of age); Cw, Pw, Mw, Nw =
visual scores taken at weaning for carcass contiwmdinishing precocity, muscling and
navel, respectively; PWG = weight gain from weartmgearling (about 550 days of age);
Cy, Py, My, Ny = visual scores taken at yearlingdarcass conformation, finishing
precocity, muscling and navel, respectively; SCaserotal circumference adjusted for age
and weight; BW = birth weight; GL = gestation lemgiVl = weaning index, composed of
traits evaluated at weaning; FI = final index, casgd of traits evaluated at weaning and
yearling (FI) [See Additional file 1 for more dd&i

Accuracy of genomic predictions with different valdation strategies

Across traits, empirical accuracies were on averdtfh smaller for DIST than for the
RAND strategy (Figure 2). The extent of relatedniessveen testing and training animals
was evaluated using statistics similar to maxr aveb (described previously). For this, both
maxr and ave5 were averaged across the testinganofheach fold and a pooled average
was calculated based on the averages of the figs.fo

Figure 2 Empirical accuracies of genomic predictions for 15 traits of Bosindicus

(Nellore) cattle for different validation strategies. ‘forward = training set composed of
bulls with highly accurate EBV in 2007 and tests&y composed of the remaining bulls (with
accurate EBV in 2011); RAND = 5-fold cross-validatti(CV), splitting animals randomly
into groups of similar size; DIST = 5-fold crosdigation, based on k-means clustering of
animals based on their genomic distance (i.e. manig inter-groups relationships);
empirical accuracies were calculated as the Pearsorrelation between DGV (obtained
with GBLUP20) and deregressed EBV (dEBV) in 201ilthe testing set, divided by the
average accuracy of dEBV in the testing set; ferdtoss-validation strategies (RAND and
DIST), the bars and errors bars represent the astgf means and standard errors obtained
in 5-fold CV, respectively: WG = weight gain from birth to weaning (about 2Gfysl of

age); Cw, Pw, Mw, Nw = visual scores taken at wegiior carcass conformation, finishing
precocity, muscling and navel, respectively; PW®eight gain from weaning to yearling
(about 550 days of age); Cy, Py, My, Ny = visuaires taken at yearling for carcass
conformation, finishing precocity, muscling and elavespectively; SCaw = scrotal
circumference adjusted for age and weight; BW thbireight; GL = gestation length; WI =
weaning index, composed of traits evaluated at imgafir| = final index, composed by traits
evaluated at weaning and yearling (FI) [See Adddldile 1 for more details].

The pooled averages of maxr and ave5 were 0.30&4] respectively, under the RAND
strategy and were thus slightly greater than thiosad for the forward prediction strategy.
For DIST, pooled averages of maxr and ave5 weraitaBeold lower (0.20 and 0.12,
respectively) than for RAND and the forward predictstrategy.

The empirical accuracies obtained for RAND and DI&ihinot be compared directly with
those of the forward prediction scheme, since dEBMn the same genetic evaluation
(dEBV2017) were used for both training and testing animalsRAND and DIST, which is
expected to bias the predictive abilities upwards.



Considering all traits, the average proportionrifrals in the training set was about 83% for
both RAND and DIST, although there was greateratmm in fold sizes for DIST. The
average size of the training set was slightly sendtir the forward prediction scheme, which
could also contribute to slightly smaller empirieacuracies in this strategy.

Discussion

Linkage disequilibrium in Bosindicus (Nellore) cattle

The pattern of linkage disequilibrium decay in tide populations differs from that observed
in taurine populations [34] and beef cattle haveveer level of LD at the same distance than
dairy cattle [35]. The average LD between adjaceatkers obtained with the Bovine HD
panel in Nellore cattle was similar to the valuésamed in Holstein populations with 50 k
chips [4,36]. This level of LD is sufficient to aele accurate genomic predictionsBos
indicus (Nellore) cattle [37], provided enough phenotypitormation is used to estimate
marker effects.

Genomic prediction methods

Based on the empirical accuracies of predictioryeB& and BLASSO outperformed the two
alternative implementations of GBLUP, with few eptiens. For most traits, GBLUP
predictions had smaller MSE and a scale more cabipatith that of the deregressed EBV
used for validation, when compared to the Bayesgression methods.

Simulation studies have suggested the superiofitgathods based on some sort of variable
selection over GBLUP [2,38-40]. This advantage maisbeen confirmed in many previous

studies that compared different methods usingdatd. In studies using real data, GBLUP
performed comparably or better than variable selechethods [4,7,10,11], although there is
evidence that substantially higher accuracies canabhieved using variable selection

methods for traits that are known to be affectedybges of moderate-to-large effects (e.g.
traits affected bypGAT], [6,11]).

The benefit of using variable selection methodsxisected to be higher when the number of
markers is much greater than the number of gendtgpenals. Neither of the previous GS
studies on real data contained such large diffeerdmetween number of animals in the
training set and number of genotyped SNPs, thustoly included a scenario for which the
use of variable selection methods was expectedonide some benefit. Erbe et al. [12] also
confirmed the advantage of the variable selectie@thod (Bayes R) over GBLUP, after
analyzing GS in dairy cattle using the same typdigh-density panel as we used. These
authors suggested that variable selection methads be used to take full advantage of the
increased marker density. The larger empirical eaxes that we obtained with BayesC and
BLASSO here corroborate this hypothesis.

Moreover, the considerably greater empirical acdesathat we obtained with BayesC and
BLASSO for some of the traits may also suggeststgregation of genes of larger effect for
these traits. For instance, a recent GWAS (genoide-association study) for birth weight,
that used data from this sarBes indicuspopulation, provided evidence that a region on
chromosome 14 had an important effect on this {#i}; this region had previously been
shown to be associated to body size in taurinéedd2].



The simulation study in [32] provided evidence tlila¢ relative advantage of variable
selection methods over GBLUP depends on the nuab@TL (Nqtl) underlying the trait.
When Nqtl is greater than the effective number lmomosome segments, GBLUP should
perform equally or better than variable selecticgthods. In the present study, weight gain
from weaning to yearling was the only trait for winia clear advantage in terms of empirical
accuracy was observed for GBLUP.

Obtaining individual accuracies and reduced contsteime are potential advantages of

GBLUP over Bayesian regression methods. The cortipaotime necessary to process all 15

traits took less than one minute with GBLUP, wilab®ut two days were required for each of
the two Bayesian regression methods (data not shdwe reason for such large differences
in computing time is partially due to the fact thia¢ number of genotyped animals is much
smaller than the number of markers, and theserediftees are expected to decline as the
number of genotyped animals increases.

Use of a combined relationship matrix in GBLUP

For most traits, slightly greater empirical accyraeas achieved with GBLUP20 than with
GBLUPO, which confirms the results reported by [2dpwever, conversely to what these
authors indicated, the use of GBLUP20 showed narabwidence of improvement in the
scale of the DGV. This, and the fact that GBLUPOswslightly more accurate than
GBLUP20 for some traits, suggests that the optimeight (w) for pedigree-based
relationships in this alternative implementationGBLUP may be trait-specific, as pointed
out by [43].

Accuracies of genomic predictions

In the present study, both empirical and estimataxiracies of genomic predictions matched
their expectations relatively well but some notaeWwprdeviances were found. The relatively
small number of animals analyzed (n = 685) regltiche formation of training and testing

sets to small numbers of individuals, which leddmne degree of variation due to sampling,
especially when correlations were calculated.

Lower than expected empirical accuracies were astich for some traits, notably for

conformation at weaning and navel. This could bplared by inadequacy of the model
used for SNP effect estimation, for instance if terker density was not sufficiently high to
track all genetic variation associated with thaséts In addition, for all traits, expected

accuracies were based on the assumption that magkptain 80% of the genetic variance,
and the adequacy of this assumption may be traitisp. Another potential source of noise
is related to the fact that the response varialdesl in model training are prone to prediction
errors, the extent of which can also vary acraassstr

Further analyses suggested that empirical accerareater than expected could be caused
by population stratification. As already reporteyd [#1] for this same population, two
breeding subgroups were observed in a principalpoo@nt analysis based on genomic
relationships [see Additional file 3]. Other invgstions have also shown higher-than-
expected accuracies for traits for which EBV mediifered significantly between these
subgroups (data not shown).



The existence of these subgroups is consistent twithdifferent artificial selection criteria
that were applied in this population in the pasty@@rs [41]. The major differences between
such selection criteria consist of largely diffdreamphases on the traits for which we
observed higher-than-expected accuracies in treeptatudy (i.e. carcass finishing precocity
at yearling, muscling at yearling and scrotal ainéerence).

The results of this study seemed to confirm the@aton reported by [31] between the
accuracy of individual DGV and the relatednessestihg and training animals, although the
strength of this association was lower in the prestudy. The authors of [31] found that the
average of the top 10 relationships with trainimgreals (avelO) was a better predictor of
estimated accuracies than the maximum relationsipe the opposite was observed in this
study.

For some traits, the average of the estimated itha accuracies was consistent with the
empirical accuracies, while this did not hold faher traits. Clark et al. [31] also showed
that, while estimated and empirical accuracies eyweell for simulated data and for eye
muscle depth in Merino sheep, larger differencaw/éen these two sets of accuracies were
found for live weight in the same population.

Reasonable evidence for an association betweereldtenship of the animals in the testing
set and the training set and the accuracies of W@¥ found, which confirmed the report by
[38]. The cross-validation strategies applied im pinesent study (RAND and DIST) indicated
that the same association also holds for empigicaliracies. In this context, when comparing
RAND and DIST, we observed that empirical accusaoiearly halved with a 2-fold decrease
in average relatedness between testing and tras@ganimals. A consequence of this
observation is the possibility of evaluating to @fhiextent the relationship between selection
candidates and training animals would affect thrmueary of genomic predictions. Based on
the estimates of relationships calculated accordmgop5 and maxr under the forward
prediction scheme, it is expected that the accucddyGV prediction will not differ much
from values reported here, given that the sire femahalf-sibs are included in the training set
for most selection candidates in this populationud; application of GS in this population
requires a dynamic training set, because reculiremision of new sires in the training
population is necessary to enhance predictionseofenetic merit of young animals [9].

Scale of genomic predictions

Although our study mainly focused on the accuraciegenomic predictions, depending on
the selection scheme, the scale of predictionsldho® a matter of concern, especially to
determine whether DGV can be compared to traditi&®/ from routine evaluations. For
example, in situations in which both progeny-testedi newborn animals are selection
candidates, an artificial overestimation of theegentrend would lead to undue exaggeration
of DGV over traditional EBV, as discussed by [44].

Although Bayes C and BLASSO were more accurate tBBLUP for most traits in the

present study, these Bayesian regression methodedeto generate deflated predictions.
Previous studies have found large differences ensitale of genomic predictions obtained
using Bayesian regression. Some of these studiestdagree with the trend of deflation we
observed here (e.g. [12,45]), while other methadslar to BayesC and BLASSO also
resulted in deflated predictions for some traitalgred [9,11,46]. This variation in scale may
be related to differences inherent to the datayaedl (e.g. the extent to which training



animals were pre-selected) and to differences enintiplementation of the methods. Future
studies should investigate whether including adresi polygenic effect in these Bayesian
regression models could improve the scale of geopnadictions, as suggested by [45].

Future work

Because the selection candidates in this populdiere own performance data recorded
before selection decisions take place, the accurdcyraditional EBV based on own
performance could be a suitable reference to etalttee gain in accuracy that can be
attributed to GS. Unfortunately, this informatiomswvonly available for a small subset of the
testing animals in our study, due to the fact thabnsiderable proportion of the animals were
born and had own performance data recorded witthiardreeding programs, although they
had enough progeny recorded in the dataset avaiabthis study to obtain accurate EBV in
2011. A proper comparison between empirical acdoesaof traditional EBV and DGV
should be carried out as soon as more informasiavailable. In addition, DGV accuracies
are expected to increase when more animals ardygpeab

Another topic that deserves further investigatisrthie identification of an optimal marker
density for genomic prediction in the populatioralgmed. Theoretically, a higher marker
density is expected to increase the accuracy obrganpredictions, due to stronger LD
between markers and QTL [47]. Previous studies tt@mhpared genomic predictions
obtained with high-density (~777 000 markers, HDYJl anedium-density panels (~54 000
markers, 54 k) irBos taurusbreeds reported only a marginal increase in acmgavhen
using high-density panels [12,47]. Because thedizee reference population in this study is
small, the possible benefits of an increased maikesity could be counterbalanced by an
increase in the number of unknown parameters teshiemated, as previously suggested by
[47]. For instance, in a Jersey population, whenogac predictions were obtained with a
training set of size comparable to that of the gmésstudy, the accuracy of the DGV
decreased slightly when moving from 54 k to HD [1Zhe relative benefit of genomic
predictions obtained at different marker densiiksbe evaluated when more information is
available.

While these initial results seem to confirm thehtacal feasibility of applying genomic

selection in aBos indicus(Nellore) beef cattle population, further workriseded on the

design of breeding schemes for this particulardaréethis context, imputation methods will
probably play an important role to improve coseefiveness of this technology, as
suggested by [48].

Conclusions

The technical feasibility of applying genomic predin in aBos indicugNellore) population
was demonstrated, although further research omipéementation in breeding schemes is
necessary to enable more cost-effective selectierisibns using genomic information.
Bayesian regression models (Bayes C and BLASSOg ware accurate than GBLUP for
most traits and are of interest for future appiarea of genomic selection in this population,
but further improvements are needed to reducetdwflaf the predictions obtained with such
methods. The accuracies of genomic predictions rabgze on the extent of relatedness
between training and testing set animals, whichneé¢hat recurrent updates of the training
population are necessary to enhance predictiotieeafenetic merit of young animals.
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