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Summary

The objective of this work was to evaluate the efficiency of the supervised

independent component regression (SICR) method for the estimation of

genomic values and the SNP marker effects for boar taint and carcass traits

in pigs. The methods were evaluated via the agreement between the pre-

dicted genetic values and the corrected phenotypes observed by cross-vali-

dation. These values were also compared with other methods generally

used for the same purposes, such as RR-BLUP, SPCR, SPLS, ICR, PCR and

PLS. The SICR method was found to have the most accurate prediction

values.

Introduction

In recent years, a large amount of genomic informa-

tion has become available regarding animal produc-

tion. As breeding animals are genotyped with

thousands of single nucleotide polymorphism (SNP)

markers, their individual genetic merit can be esti-

mated in the context of genomewide selection (GWS).

However, the practical application of this genomic

information is challenging. The appropriate use of

functional models that estimate the effect of each SNP

in the phenotype is typically not possible because the

number of markers is generally much higher than the

number of genotyped and phenotyped animals. There-

fore, a key point for the success of GWS is the appro-

priate choice of methodologies; the development of

computational tools and comparison of these method-

ologies is an important line of research in the current

framework of animal breeding.

To date, the random regression best linear unbiased

predictor (RR-BLUP and G-BLUP) and Bayesian

methods (Bayes A and B and LASSO Bayesian) have

been most widely used methods for GWS. However,

other methods have been successfully applied to

GWS, including the partial least squares (PLS) and

principal component regression (PCR) methods (Long

et al. 2011). These two methods can be categorized as

dimensionality reduction methods, which are widely

applicable and relatively simple in theory compared

with the RR-BLUP and Bayesian methods.

According to Solberg et al. (2009), the PCR and PLS

methods allow large amounts of data to be rapidly

analysed to obtain estimates of the genomic breeding

values (GEBVs) of individuals, assuming only additive

marker effects. Boulesteix & Strimmer (2006) have

shown that some positive aspects of PLS are its high

flexibility, versatility, statistical efficiency and compu-

tational speed. Another dimensionality reduction
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method is the independent component regression

(ICR) method, which was initially applied to GWS by

Azevedo et al. (2013). These authors demonstrated

that the ICR method more accurately and efficiently

predicted phenotypic values compared with RR-

BLUP, PLS and PCR.

However, traditional methods for dimension

reduction do not consider covariate selection. Thus,

new strategies, such as the sparse partial least

squares (SPLS) (Colombani et al. 2012) and super-

vised principal component regression (SPCR) meth-

ods, have been applied (Long et al. 2011). The

combination of dimensionality reduction and covari-

ate selection can be effective and accurate for the

prediction of phenotypic values. Moreover, the pro-

posed method, the so-called supervised independent

components regression (SICR) method, also fits in

this context. However, it has not yet been applied to

genomic selection.

Boar taint and carcass traits have been used in

genomewide association studies (GWASs) and can be

considered specialized phenotypes. Boar taint is the

undesirable smell and taste of pork derived from some

uncastrated male pigs, and its main causes are related

to the compounds androstenone and skatole (Greger-

sen et al. 2012). Duijvesteijn et al. (2010) and Ramos

et al. (2011) have performed association studies aim-

ing to identify SNPs associated with androstenone and

skatole levels in pig carcasses. Luo et al. (2012) con-

ducted a GWAS for meat quality traits, and the results

effectively narrowed the associated regions compared

with previous QTL studies and candidate genes.

Although several GWASs have been conducted

regarding boar taint and carcass traits, GWS studies

are still scarce. Thus, it is necessary to compare GWS

methodologies for these phenotypes, as dimensional-

ity reduction methods are viable alternatives. In the

light of this research need, this study aimed to con-

duct a comparative analysis between PCR, ICR, SPLS,

SPCR, SICR and RR-BLUP in terms of their efficiency

in the estimation of GBV and the effects of SNPs on

boar taint and carcass traits in pigs.

Materials and methods

Phenotypic data

In this study, 622 boars from different farms in the

Netherlands were phenotyped for the following traits:

concentration of androstenone and skatole, backfat

thickness (HGP backfat) and loin depth (HGP loin).

The field experiment was conducted according to the

Dutch law for the protection of animals.

A Hennessy Grading Probe (HGP) was used to mea-

sure backfat thickness and loin depth. The generated

profiles were scanned to identify tissue interfaces,

from which phenotypic measurements were produced

according to the site (http://www.hennessy-technol-

ogy.com). Samples were taken from the fat of the

neck on the left side of the animal carcass. Samples

were stored under vacuum at �20°C until the date

that concentrations of androstenone and skatole were

measured. Additional information about the collec-

tion and phenotype processing is found in Dui-

jvesteijn et al. (2010).

Next, all phenotypes were precorrected for the fixed

effects of hot carcass weight (as a linear covariate) and

contemporary groups (month and year of slaughter).

Furthermore, the concentrations of androstenone and

skatole were also precorrected for the covariate age at

slaughtering. This precorrection is not required in the

application of PCR, ICR and RR-BLUP because the

multiple regression models assume fixed effects in

addition to components (PCR and ICR), and the origi-

nal marker (RR-BLUP) regressors can be easily imple-

mented from theoretical and computational

perspectives. In contrast, when the components from

the PLS depend directly on the dependent variable

considered in the analysis, fixed effects can affect the

generation of components and thus the prediction

ability of this method if not removed. Thus, this pre-

correction was adopted to preserve the comparability

between the methods and their direct interpretation.

Moreover, the cross-validation analysis postulates that

the GEBV predictions must be correlated with adjusted

phenotype values. Therefore, there is no actual corre-

lation between observed and predicted genetic values

if these values are influenced by fixed effects.

Genotypic data

A panel of 2500 SNPs previously identified as an opti-

mal set of markers for commercial pig lines (Lopes

et al. 2013) was used. The SNPs were distributed

throughout the chromosomes, with an average of 131

SNPs per chromosome and an average distance

between the SNPs of 1038 kb.

Model

This study used the following model, which was pro-

posed by Meuwissen et al. (2001):

y ¼ 10lþXmþ e;

where y is the column vector of phenotypes, 10 is an
row vector of phenotypes, l is the general mean, m is
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the column vector of markers with incidence matrix

X (values of �1, 0 and 1 for the number of a allele in

the SNP), e is the vector residual with

e�Nð0; Ir2e Þ
and r2e is the error variance.

The methods used in the analysis are detailed in

Appendix S2 and described briefly below.

Random regression best linear unbiased predictor

The RR-BLUP method uses BLUP-type predictors and

assumes that the SNP marker effects are covariates of

the random effects. Prediction by RR-BLUP is based

on the following mixed model equation:

101 10X
X01 X0Xþ I

r2e
ðr2g=nQÞ

" #
^
b

m̂rr�blup

" #
¼ 10y

X0Y

� �
1

where b is the fixed-effects vector,mrr�bulp is the vec-

tor of markers’ random effects with incidence matrix

X, r2g is the genetic variance,nQ ¼ Pj
j¼1 2pjð1� pjÞ;

and pj is the allelic frequency of marker j.

Aside from enabling the regularization in the esti-

mation process, all dimensionality reduction methods

guarantee the removal of multicollinearity present in

the data once the correlation between any pair of

components (linear combinations of SNPs) is equal to

zero. In the dimensionality reduction methods, matrix

X is defined as the matrix of SNP markers, and y is

defined as the vector of phenotypes corrected for fixed

effects.

Principal components regression

PCR reduces the dimensionality without resulting in a

significant loss of information present in the data

(Otto 1999). In this method, the components Zv,

v = 1,. . .,npcr are linear combinations of the explana-

tory variables X1,. . .,Xj. Thus, the following equation

holds:

Ẑ ¼ X
^
P 2

where
^
P is the matrix of the npcr first eigenvectors of

the covariance matrix of X and Z is the component

matrix. Multiple linear regression is used to establish

the relation between y and Zv, obtaining the follow-

ing prediction equation:

ŷ ¼â0 þâ1 ẑ1 þâ2 ẑ2 þ . . .ânpcr ẑnpcr ; 3

where âv’s are the estimated regression coefficients,

which have no biological interpretation. However,

the coefficients associated with the original variables

(SNPs) can be estimated by combining (3) and (2) as

follows:

m̂pcr ¼ ^
P â: 4

Supervised principal components regression

In situations with a large number of markers, Co-

lombani et al. (2012) confirmed that SPLS and

SPCR enabled relevant variables to be identified

more easily than PLS and PCR, respectively. Super-

vised principal components regression (SPCR) is a

dimensionality reduction and covariate selection

method, which was first applied to GWS by Long

et al. (2011). This method consists of two steps. The

first step is based on a full PCR model involving all

SNPs. After obtaining the full model coefficients

(SNP effect), the magnitudes of these coefficients

are used to rank all SNPs. Next, the specified num-

ber of top-ranked SNPs is selected. In the second

step, the PCR method is applied again using only

the selected SNPs.

Partial least squares

PLS is considered an appropriate method for data con-

taining more covariates than observations (Hoskulds-

son 1998), as in GWS. This methodology consists of

simultaneously decomposing the X and y as follows:

X ¼ TL0 þ E1 5

y ¼ Uq0 þ e2 6

where T and U are matrices of components, L and q

are the matrix and vector of the loads, respectively,

and E1 and e2 are the matrix and vector of the residu-

als, respectively. The decomposition of X and y is not

independent but is carried out simultaneously, which

allows for the establishment of a relation between the

X and Y components such that the following relation

is obtained for each factor:

ûl ¼ b̂ltl 7

Where ul and tl are the vectors of the components

and

b̂l ¼ ðu0ltlÞ=ðt0l tlÞ
is the regression coefficient between factors, which

are grouped in a diagonal matrix B. Thus, the follow-

ing prediction equation is obtained:

^
y ¼^

T
^
B
^
q
0
: 8

Similar to PCR, the coefficients
^
B
^
q
0
have no bio-

logical interpretation. However, the original coeffi-

cients can be obtained by combining Model (6) and
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Equation (8) to obtain the following relation:

^
mpls ¼^L^B^q

0
: 9

Sparse partial least squares

SPLS aims to provide the sparsity of the original vari-

ables X Thus, the product given by M = X0Y is

decomposed into singular values and vectors. The sin-

gular value decomposition of M can be obtained as

follows:

M ¼ CDH0 10

whereC andH are orthonormal vectors andD is a diag-

onal matrix with singular values dkðk ¼ 1; . . .; nsplsÞ
The MK component is obtained by an approximation

using the previous step k-1, as explained in Lê Cao

et al. (2008):

Mk ¼ Mk�1 � dkLq
0; 11

where L and q correspond to vectors ck�1 and hk�1;

respectively. The penalties in loading vectors that are

determined by optimization become

minL;qM � Lq02F þ gclðLÞ þ gc2ðqÞ; 12

where gclðxÞ ¼ signðxÞðj x j �gcl Þ is the penalty func-

tion. After obtaining the prediction equation of SPLS,

it is possible to obtain the original coefficients of

markers, some of which will be zero due to the covari-

ate selection made in the method.

Independent component regression

ICR is the decomposition of matrixX into linear combi-

nations of completely independent components in

terms of both linear and nonlinear relations. One

advantage of ICR compared with PCR is the possibility

of completely removing any relationship of dependence

between covariates. For this purpose, each independent

component is built using the most representative SNPs

chosen from a group of correlated SNPs.

Such an analysis is also suitable to any distribution

of the indicator variable in matrix X given that it can

be a non-Gaussian distribution. Thus, ICR is suitable

for GWS because thematrix of markersX is parameter-

ized with values the �1, 0 and 1 (non-Gaussian distri-

bution). Accordingly, the decomposition is as follows:

X0 ¼ A0S0; 13

where S is the matrix of independent components

and A is the matrix of mixtures.

Special algorithms attempt to find an orthogonal

matrix R that maximizes the statistical independence

of the columns of matrix S using a quantitative mea-

sure of independence, which is a function of con-

trasts. The iterative algorithm developed by

Hyv€arinen (1998) is based on the maximum entropy J

(r) concept, assuming that the variable r is standard-

ized. According to this algorithm, the following

approximation is obtained:

JðrÞ / ½EfGiðrÞg � EfGiðvÞg�2; 14

where v is a standardized variable and

G1ðvÞ ¼ �expð�v2=2Þ:

After the iterative process, the following component

matrix is obtained:

^
S0 ¼ XKR; 15

where K is an orthogonalization matrix and KR is an

approximation of A0 Thus, the equation of prediction

is obtained based on ICR as follows:

ŷ ¼ ĉ0 þ ĉ1Ŝ1 þ ĉ2
^
S2 þ . . .;þĉnicr

^
Snicr ; 16

where the cj coefficients are determined by the OLS

method, j ¼ 1; . . .; nicr. Similar to other dimensional-

ity reduction methods, the marker effects can be

obtained by combining Equations (13) and (16),

resulting in the following estimates:

micr ¼ KRĉ: 17

Supervised independent components regression

Applying the method of Long et al. (2011) in the con-

text of ICR yields SICR, which is applied to the area of

genomics for the first time in this study. SICR also

consists of two steps. The first step is based on a full

ICR model involving all SNPs. After obtaining the full

model coefficients (SNP effects), the magnitudes of

these coefficients are used to rank all SNPs and the

specified number of top-ranked SNPs are selected.

Then, in the second step, the ICR method is applied

using only the selected SNPs.

Determination of the number of components and

comparison of methods

An important step of dimensional reduction methods

is the choice of the optimum number of latent vari-

ables to be inserted into the model. There is no formal

rule to determine this number; thus, we used the

minimum number of components that stabilizes the

predictive ability of the method.

The dimensional reduction methods and RR-BLUP

were compared using the results from the validation
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based on Jackknife (Resende et al. 2012). For each

method and each phenotype, the original data set

with 622 animals was divided into 622 training data

sets (D-i) of 621 individuals, D-1, D-2, . . ., D-622, each

of which contained the marker and phenotype infor-

mation of all animals except animal i. In these analy-

ses, the predicted genomic breeding value of animal i

for each trait was calculated by û�i ¼ Xim̂� i; where

Xi denotes the SNP genotype vector of animal i and
m̂�i denotes the estimated marker effect vector from

the analysis that considered all animals except animal

i. The process was performed separately for each trait.

Thus, the predictive ability was obtained by correla-

tion between the GEBV and corrected phenotypes.

The estimation bias was obtained by the regression

coefficient between the two aforementioned ele-

ments. The relative efficiency of each dimensional

reduction method compared with RR-BLUP was cal-

culated using the ratio between the predictive ability

of the method and that of RR-BLUP.

Once the best method for each trait was deter-

mined, the heritability of each trait was obtained by

the expression h2 ¼ PJ
j¼1 2pjð1� pjÞm2

j =Vf ; where Vf

represents the phenotypic variance. Moreover, the

absolute values of the marker effects were estimated

and standardized using Equations (1), (4), (9) and

(14) for RR-BLUP, PLS and SPLS, PCR and SPCR, and

ICR and SICR, respectively. This information was used

to construct a Manhattan plot, where each point rep-

resents a SNP marker, the X axis indicates location in

the chromosome, and the Y axis indicates the magni-

tude of the effect.

All computational routines were implemented

using the R software (R Development Core Team

2011) using the packages rrBLUP (RR-BLUP), pls

(PLS, PCR, SPCR), spls (SPLS) and caret (ICR, SICR)

and the functions mixed.solve (RR-BLUP), plsr (PLS,

PCR, SPCR), spls (SPLS) and icr (ICR, SICR), which

are shown in the Appendix S1.

Results and discussion

An average of 63 components was needed to stabi-

lize the predictive ability, providing a reduction of

97.48% in the original data, as 63 components cor-

respond to 2.52% of the total number of original

variables (2500 SNPs). The covariate selection was

made only by the SPCR, SICR and SPLS methods.

The first two methods selected only 20% of the

markers (500 SNPs), which stabilized the predictive

ability. In contrast, the SPLS method did not select

any covariate, and only a few of the coefficients

were close to zero.

The predictive abilities of the dimensional reduction

methods and RR-BLUP for each trait are presented in

Table 1. Considering these results, SICR was the most

efficient for all traits, with a predictive ability of 0.68,

0.68, 0.61 and 0.47 for Andro, SKA, HFA and HLO,

respectively. RR-BLUP, PLS, PCR, ICR and SPLS

yielded predictive abilities in the range of 0.01 and

0.41, which are considerably lower than that of SICR.

Although SPCR outperformed the other methods, it

was worse than SCIR, with a predictive ability of 0.62,

0.58, 0.57 and 0.44 for Andro, SKA, HFA and HLO,

respectively. PCR and ICR yielded similar results but

were poorer than their supervised versions, SICR and

SPCR, respectively. In addition to its efficiency in pre-

diction, the other advantage of SICR compared with

the other dimensional reduction methods is the fact

that it considers the complete independence between

components, guaranteeing the absence of both linear

and nonlinear relations between latent variables.

SICR also provides for the selection of covariates.

In contrast, PLS displayed the lowest predictive abil-

ity of values for all traits (0.34, 0.14, 0.18 and 0.01 for

Andro, SKA, HFA and HLO, respectively), possibly

because this method does not consider the depen-

dence between the explicative variables, which are

SNPs in this case.

The use of dimensional reduction methods has not

yet been reported for genomic selection in pigs. How-

ever, it has been already applied to other species, and

such results can be used as a reference. Moser et al.

(2009) performed a study comparing five methods for

dairy cattle data, including PLS and RR-BLUP, which

displayed similar predictive abilities. This finding dif-

fers from the results obtained in the present study. In

contrast, Solberg et al. (2009) performed a study com-

paring PLS and PCR and observed similar predictive

ability values (0.47 and 0.45, respectively), which dis-

agree with the values obtained in our study, where

PCR outperformed PLS considerably. However, the

predictive ability values found by Macciotta et al.

(2010)for PCR were similar (0.28–0.46) to those

obtained in this study. For the covariate selection

methods, SPLS and SPCR, Long et al. (2011) found

predictive ability values similar to those found in this

study.

The relative efficiencies of the dimensionality

reduction methods compared with RR-BLUP are pre-

sented in Table 1. This measure is calculated as the

ratio between the predictive ability of the dimension-

ality reduction methods and RR-BLUP. For the traits

Andro, Ska and Hfa, the SPCR and SICR methods dis-

played efficiencies varying from 1.51 to 2.26, which

are 51–126% greater than the efficiencies of
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RR-BLUP, respectively. The PCR and ICR methods

were inferior to RR-BLUP. Conversely, PLS and SPLS

exhibited poorer results compared with the other

methods.

The regression coefficients between observed and

predicted phenotypes are presented in Table 1. The

only method in which all regression coefficient esti-

mates were close to unity was SICR, indicating that

the genetic evaluations are not biased and are effec-

tive in predicting the actual magnitudes of differences

between individuals in evaluation (Resende et al.

2010). This result highlights the superiority of SICR

compared with the other methods. The fact that the

coefficients of other methods were greater or less than

unity indicates that the GEBVs were under- and over-

predicted, respectively.

The SICR method is superior to SPCR because ICR

uses single value decomposition (SVD) of the marker

incidence matrix, whereas PCR uses spectral decom-

position (SD). Independence between components is

achieved when using the estimated whitening matrix

from SVD, whereas only the orthogonality between

them is achieved when using SD. Moreover, the suc-

cess of the ICR approach comes from adequately han-

dling the non-Gaussian distributions of covariates

(Bishop 2006). The ICR method outperforms the

other dimensionality reduction methods because the

marker genotypes follow a binomial distribution. In

contrast, the independence between components in

PCR is only achieved under the assumption that the

covariates are normally distributed, which is not veri-

fied for SNP genotypes.

Table 1 presents the estimates of trait heritability

obtained by all methods. According Sellier et al.

(2000), the heritability of androstenone concentration

ranges from 0.25 to 0.88, which is in agreement with

the results found in this study (values of 0.38–0.44),
except for the PCR and ICR methods (0.18 and 0.17,

respectively). For skatole concentration, the heritabil-

ity found in this study of the supervised methods and

PLS (values of 0.28–0.38) is in agreement with the

results of Tajet et al. (2006), who reported heritability

Table 1 Predictive ability (correlation coefficients and its confidence intervals) of the methods, relative efficiencya of the dimensionality reduction

methods over the RR-BLUP, regression coefficients (bias) between phenotypic values and GEBVs and heritability estimates, respectively, for each trait

Methods ANDRO SKA HFA HLO

Predictive ability RR-BLUP 0.41[0.34;0.47] 0.29[0.20;0.35] 0.27[0.20;0.35] 0.01[�0.08;0.08]

PLS 0.34[0.27;0.41] 0.15[0.07;0.23] 0.18[0.11;0.26] 0.01[�0.08;0.08]

PCR 0.30[0.23;0.38] 0.28[0.21;0.35] 0.24[0.16;0.31] 0.08[0.00;0.16]

ICR 0.31[0.24;0.38] 0.29[0.22;0.36] 0.24[0.16;0.31] 0.07[�0.01;0.15]

SPLS 0.34[0.27;0.41] 0.15[0.08;0.23] 0.18[0.10;0.25] 0.01[�0.08;0.08]

SPCR 0.62[0.58;0.67] 0.58[0.53;0.63] 0.57[0.52;0.64] 0.44[0.38;0.50]

SICR 0.68[0.63;0.72] 0.68[0.61;0.75] 0.61[0.57;0.65] 0.47[0.41;0.53]

Relative efficiency PLS 0.83 0.52 0.67 1.00

PCR 0.73 0.96 0.89 8.00

ICR 0.76 1.00 0.89 7.00

SPLS 0.83 0.52 0.67 1.00

SPCR 1.51 2.00 2.11 44.00

SICR 1.66 2.34 2.26 47.00

Regression

coefficients (bias)

RR-BLUP 0.98 0.98 0.96 0.02

PLS 0.38 0.15 0.20 0.01

PCR 0.81 0.68 0.68 0.21

ICR 0.80 1.00 1.00 1.00

SPLS 0.56 0.35 0.34 0.02

SPCR 1.02 1.96 1.01 1.90

SICR 1.02 1.00 1.00 1.00

Heritability RR-BLUP 0.40 0.15 0.16 0.01

PLS 0.40 0.37 0.37 0.04

PCR 0.18 0.14 0.13 0.12

ICR 0.17 0.14 0.13 0.12

SPLS 0.40 0.37 0.37 0.04

SPCR 0.38 0.28 0.33 0.21

SICR 0.44 0.38 0.36 0.24

aThe relative efficiency is calculated by the ratio between the predictive ability of the dimensionality reduction methods and that of the RR-BLUP.

ANDRO, concentration of androstenone; SKA, concentration of skatole; HFA, backfat thickness (HGP backfat); HLO, backfat loin depth (HGP loin).
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for the same trait ranging from 0.19 to 0.55. Regard-

ing backfat thickness, studies using the traditional

restricted maximum likelihood (REML) method

observed a heritability of 0.45 (van Wijk et al. 2005).

However, this study found lower heritability values

for this trait (0.13–0.37). For loin depth, the heritabil-

ity values obtained by PCR and ICR were close to the

value of 0.13 obtained by van Wijk et al. (2005).

The selection of markers increased the predictive

ability and heritability estimate of the dimensionality

reduction methods, except for the PLS and SPLS

methods. This behaviour can also be observed in the

RR-BLUP_B method presented by Resende et al.

(2012). The robustness of the PLS method is due to

the fact that its development intrinsically includes the

selection of SNPs in the construction of the compo-

nents.

The estimates of the correlations are associated with

sampling errors and are thus associated with a confi-

dence interval. The expected correlation between the

GEBV estimated by the SPCR and RR-BLUP methods

for HLO is less than that found in this paper (0.59)

due to the values obtained for the predictive ability of

the methods. However, this estimate may be associ-

ated with a large confidence interval. When the accu-

racy tends to 0.0, other accuracies should not be

expressed in relation to that one in terms of the num-

ber of the times the efficiency is greater, as the relative

efficiency would go to infinity in this case. Instead,

one should infer that the accuracy is null and the oth-

ers are moderate to low. In addition, ICR allows for a

large increase in reliability when h2 is near zero (as in

HLO).

The correlation estimates of GEBVs obtained by

the various methods (Table 2) indicate that the

highest correlation occurs between ICR and PCR.

Moreover, the PLS method yields the lowest corre-

lations between the other methods. The correlations

between other methods were high, ranging from

0.63 to 0.99.

The percentages of selected individuals (top 10%)

that are coincident between SICR and RR-BLUP were

calculated for each trait and are presented below.

These percentages of agreement for androstenone

concentration, backfat thickness, loin depth and ska-

tole were 54, 48, 35 and 52%, respectively.

The genetic correlations across the GEBVs of the

traits considering SICR, the most efficient method for

the prediction of phenotypic values, are presented in

Table 3. In this study, the genetic correlation between

backfat thickness and loin depth is low, in contrast to

the values of �0.40 and �0.60 reported by Tomiyama

Table 2 Estimates of correlation coefficients and its confidence intervals of Genomic Breeding Values (GEBVs) between pairs of methods for each

trait

Traits Methods PLS PCR ICR SPLS SPCR SICR RR-BLUP

ANDRO PLS 1 0.44[0.38;0.50] 0.45[0.39;0.51] 0.98[0.97;0.98] 0.64[0.59;0.68] 0.66[0.62;0.71] 0.79[0.75;0.81]

PCR 1 0.98[0.97;0.98] 0.45[0.38;0.51] 0.70[0.65;0.73] 0.63[0.58;0.69] 0.80[0.77;0.83]

ICR 1 0.45[0.39;0.51] 0.69[0.64;0.73] 0.64[0.59;0.68] 0.81[0.78;0.83]

SPLS 1 0.65[0.60;0.69] 0.67[0.62;0.71] 0.79[0.76;0.82]

SPCR 1 0.89[0.87;0.90] 0.86[0.83;0.88]

SICR 1 0.84[0.82;0.86]

HFA PLS 1 0.39[0.33;0.46] 0.40[0.33;0.46] 0.99[0.98;0.99] 0.56[0.52;0.60] 0.59[0.56;0.62] 0.67[0.62;0.71]

PCR 1 0.99[0.98;0.91] 0.40[0.34;0.47] 0.71[0.68;0.74] 0.63[0.60;0.66] 0.86[0.84;0.88]

ICR 1 0.40[0.34;0.47] 0.71[0.69;0.73] 0.63[0.61;0.65] 0.86[0.84;0.88]

SPLS 1 0.58[0.52;0.65] 0.59[0.53;0.65] 0.68[0.64;0.72]

SPCR 1 0.90[0.88;0.92] 0.82[0.79;0.85]

SICR 1 0.78[0.74;0.82]

HLO PLS 1 0.40[0.33;0.46] 0.40[0.33;0.46] 0.97[0.97;0.98] 0.46[0.39;0.52] 0.47[0.40;0.53] 0.47[0.41;0.53]

PCR 1 0.98[0.97;0.98] 0.40[0.33;0.46] 0.69[0.65;0.73] 0.63[0.58;0.68] 0.80[0.77;0.83]

ICR 1 0.39[0.32;0.46] 0.68[0.63;0.72] 0.63[0.59;0.68] 0.80[0.77;0.82]

SPLS 1 0.45[0.38;0.51] 0.46[0.40;0.52] 0.46[0.40;0.52]

SPCR 1 0.83[0.80;0.85] 0.63[0.58;0.68]

SICR 1 0.59[0.82;0.86]

SKA PLS 1 0.42[0.35;0.48] 0.42[0.36;0.49] 0.99[0.98;0.99] 0.59[0.56;0.62] 0.58[0.53;0.63] 0.66[0.61;0.70]

PCR 1 0.97[0.96;0.97] 0.44[0.38;0.50] 0.67[0.64;0.70] 0.64[0.59;0.68] 0.88[0.87;0.90]

ICR 1 0.44[0.38;0.50] 0.67[0.63;0.71] 0.65[0.610.70] 0.89[0.87;0.90]

SPLS 1 0.59[0.55;0.63] 0.59[0.54;0.64] 0.67[0.63;0.72]

SPCR 1 0.91[0.90;0.92] 0.83[0.80;0.86]

SICR 1 0.76[0.73;0.80]

ANDRO, concentration of androstenone; SKA, concentration of skatole; HFA, backfat thickness (HGP backfat); HLO, backfat loin depth (HGP loin).
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et al. (2009) and van Wijk et al. (2005), respectively.

Androstenone concentration and skatole displayed a

genetic correlation of 0.34, which is similar to the

results reported by Tajet et al. (2006) and Windig et al.

(2012), who obtained values of 0.36 and 0.37, both in

Landrace.

Identifying markers of large effects is critical for

GWS because it allows for the determination of the

position of these SNPs to verify the existence of QTLs

that affect the quantitative trait in these regions. To

facilitate such identification, Manhattan graphs were

created and are presented in Figure 1. Backfat thick-

ness presented higher polygenic behaviour, as the

effects were distributed uniformly along the chromo-

somes.

The SNPs with the largest effects for androstenone

concentration were found in the final third of chro-

mosome 6. This result agrees with those of Lee et al.

(2005) and Gregersen et al. (2012), who detected sig-

nificant QTLs in the same region for this trait in a

cross-bred (Large White x Meishan) and Danish

Duroc populations, respectively. The effect observed

on chromosome 14 is also in agreement with the

results of Gregersen et al. (2012) and Markljung et al.

(2008), who worked with a cross between Finnish

Landrace and Swedish Hampshire. Regarding backfat

loin depth, the SNPs with the largest effects were

found in the final third of chromosome 11 and the

initial third of chromosome 5, corroborating with the

Table 3 Heritability and genetic correlation estimates for traits

obtained by the SICR method

Traits Andro HFA HLO SKA

ANDRO 0.44 �0.04 �0.05 0.34

HFA 0.36 0.07 0.02

HLO 0.24 �0.08

SKA 0.38

Heritability estimates are presented in diagonal; genetic correlation esti-

mates are shown above the diagonal. ANDRO, concentration of andros-

tenone; SKA, concentration of skatole; HFA, backfat thickness (HGP

backfat); HLO, backfat loin depth (HGP loin).
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Figure 1 Distribution and plot of markers absolute effects for: (a) concentration of androstenone, (b) backfat thickness, (c) loin depth, (d) concentra-

tion of skatole.
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results of van Wijk et al. (2007). Some of the most sig-

nificant SNPs for skatole concentration were found in

the final third of chromosome 13 and the middle third

of chromosome 14. These results are in agreement

with those presented by Lee et al. (2005), who evalu-

ated a population of pigs obtained from the cross

between European Large White and Chinese Mei-

shan.

With respect to computational efficiency, the

dimensionality reduction methods required fewer

computational resources than RR-BLUP, but this dif-

ference is most remarkable when compared with

Bayesian methods, as reported by Long et al. (2011)

and Colombani et al. (2012). For our data set, the

average processing time using an Intel(R) i7-2600

(3.4 GHz) processor with 4 GB of RAM was 45 min,

corresponding to approximately 0.08 s for the training

data sets.

In general, the proposed SICR method presented

the highest predictive ability values and was the most

efficient for the prediction of phenotypic values, prov-

ing to be unbiased. In contrast, the PLS and SPLS

methods presented the lowest predictive ability and

were inefficient for prediction purposes; they also did

not stand out for any of the traits considered. The RR-

BLUP displayed lower predictive ability values than

the dimensionality reduction methods, which include

a selection of covariates (SPCR and SICR). However,

RR-BLUP displayed better results than the methods

that do not consider covariate selection (PCR, PLS and

ICR). Most of the methods allowed for the identifica-

tion of relevant SNPs associated with the traits evalu-

ated. Moreover, these relevant SNPs are located in

genomic regions previously reported as regions

related to the presence of QTLs affecting the evaluated

traits in this study.
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