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ARTICLE INFO ABSTRACT

Several genome wide selection (GWS) statistical methods have been proposed in the last
years, and among these stands out the Bayesian LASSO (BL), which is a penalized regression
method based on the regularization parameter (\) estimates. In general, the posterior mean
values for N\ are those that minimize the residual sum of squares (RSS) while controlling the
L1 norm (absolute values) of the regression coefficients. However, another option is to use
fixed values of \, which is independent of this minimization process. Nevertheless, the most
important aim of GWS is to make predictions about genomic breeding values (GBV =u) for in-
dividuals that have not been measured directly for the trait, and for this reason the parameter
to maximize should be the accuracy (r, ;). Thus, a question can arise as to whether such esti-
mated \ values that minimize RSS are the same as that which maximizer, ;. In order to answer
this question, this paper aims to provide methodological and computational resources in order
to evaluate the influence of BL regularization parameter estimates on the correlation between
true and estimated GBV (accuracy) depending on genetic structure of the target trait (few or
many QTLs and low or medium heritability). In general, it is possible to report, on average,
that GBV prediction is robust in relation to the \ estimation, since the different values for A
lead to similar accuracy values. Moreover, the fixed \ values grid request high computational
costs, implying that the random N\ method is more attractive, since it is much faster to use just
one Gibbs sampler run, while the grid must to use one run for each fixed N\ value.
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1. Introduction

Recently, several genomic wide selection (GWS) methods
have been developed based upon the predictive ability of
marker effects, and consequently enabling the genomic
breeding value (GBV) estimates of livestock animals. Accord-
ing to de los Campos et al. (2009), with whole-genome scans,
many markers are likely to be located in regions that are not
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involved in the determination of traits of interest. On the
other hand, some markers may be in linkage disequilibrium
with some QTL, or in regions harboring genes involved in
the infinitesimal component of the trait. This suggests that
differential shrinkage of marker effects should be a feature of
the model, and then these authors proposed the use of Bayesian
LASSO (Least Absolute Shrinkage and Selection Operator) re-
gression, which provides good features of subset-selection
with the shrinkage theory.

In relation to the LASSO history, the original method was
proposed by Tibshirani (1996), and the Bayesian approach
was presented by Park and Casella (2008) and modified and
applied to GWS by de los Campos et al. (2009), and ever
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since, the success of this methodology has been reported by
several authors (Cleveland et al., 2010; de los Campos et al.,
2010; Pérez et al.,, 2010) in different fields of science.

In summary, the LASSO popularity is due in part to a key
feature of the procedure: shrinkage of the vector of regres-
sion coefficients toward zero with the possibility of setting
some coefficients identically equal to zero, resulting in a si-
multaneous estimation and variable selection procedure
(Hans, 2009). Actually, LASSO is a penalized regression meth-
od, and the intensity of the penalization is given by the regu-
larization parameter values, widely known by N (A>0).

In respect to N, Park and Casella (2008) and Yi and Xu
(2008) recognized that the performance of the Bayesian
LASSO (BL) depends critically on the tuning of \. Thus, differ-
ent prior distributions have been proposed, like conjugate
Gamma (Park and Casella, 2008) and Beta (de los Campos
et al., 2009), and the posterior mean values are those that
minimize the residual sum of squares (RSS) while controlling
the L1 norm (absolute values) of the regression coefficients.
However, other option to these prior, is to use a mass-point
at some value (i.e., fixed values) of N\, which is independent
of this minimization process.

Since one of the most important aims of GWS is to make
predictions about GBV for individuals that have not been
measured directly for the trait, the accuracy, given by the cor-
relation (r, ;) between the true and estimated GBV (u) must
be maximized. Thus, a question can arise as to whether such
estimated N values that minimize RSS are the same as that
which maximize r, ;. However, in some cases, larger r,
may occur smultaneously with larger bias, so in order to
point to this problem the mean squared error (MSE) may
be used: MSE = (1/N) >N, (u;—ii;)°.

This paper aims to provide methodological and computa-
tion resources in order to evaluate the influence of BL regular-
ization parameter estimates on the correlation between true
and estimated GBV (accuracy) depending on genetic structure
of the target trait (few or many QTLs and low or medium
heritability).

2. Material and methods
2.1. Simulated data set

A population with an effective size of 100 was simulated for
1000 generations. After 1000 generations, the actual size of the
population increased up to 1000 (500 per sex) and remained at
1000 for three discrete and consecutive generations. During
the whole process, all individuals were generated with one
gamete from a random father and one from a random mother.
Therefore the data set for the estimation of the marker effects
consisted of the 3000 individuals from the last three genera-
tions (generations 1001, 1002 and 1003).

The genome was assumed to consist of 10 chromosomes
each 100 cM long and 1000 loci/chromosome were located at
random map positions. Mutations were generated at a rate of
2.5x107 3 per locus per generation at the marker loci and at
a rate of 2.5x 107 at the QTL loci following Meuwissen et al.
(2001).

Under the assumption of biallelic SNP and QTL, two distinct
situations were considered: 9995 SNP markers plus 5 QTLs, and

9950 SNP markers plus 50 QTLs. In both situations, the effect
of each QTL (a;) was given by: a; =,/ (U/qu, being p the
allele frequency, q=1—p and oZ values were generated
from y~2(v,S) distribution (Toro and Varona, 2010) using
the rvinvchisq R (R Development Core Team, 2010) function.
The total additive genetic variance (02) was 02 = 0, + 0% +
.. +oﬁQ:17.5, being Q the number of QTLs (5 or 50). For
Q=5 was generated 5 random numbers from y~2(5, 5),
whose sum was 17.5, and for Q=50 was generated 50 random
numbers from y~2(5, 0.5), whose sum was 17.5. Under this
approach, were considered other two distinct situations related
to low (h?=0.1) and medium (h?=0.3) heritabilities, whose
residual variance (0Z) were, respectively, 175 and 40. Thus,
each one of the 3000 individuals was genotyped (x;=1, 0,
— 1 for the SNP genotypes AA, Aa and aa at each locus, respec-
tively) and phenotyped, being the phenotype value of each in-
dividual i given by:

yi:ui+ei:2}°?0xua]+e e; N(OO) (1)

2.2. Regression model and cross validation

Under a matrix notation, the presented model (1) can be
rewritten as: y=Xa+e, where y=[yi], X=[xy], a=|[q]
and e = [e;]. In general terms, the Bayesian LASSO is a penalized
procedure that minimizes RSS subject to the non-differentiable
constraint expressed in terms of the norm of the coefficients,
being the estimator (posterior means) given by: & =
argming (¥ — Xa)'(§y — Xat) + N 1%0)y|. We can see  that
the regularization parameter N\ plays a central role, and under
a Bayesian perspective, the \ estimation depends on prior dis-
tributions. In the present study, the Park and Casella (2008)
prior, N2~Gamma(a;,05), was used and compared with the
mass-point at some value, i.e. to elicit a fixed value for \.

Since the idea behind using SNP technology in animal

breeding is reasoned on the assumption that the GBV can be ac-
curately predicted based on their genotypes through estimated
SNP effects, the objective function is the correlation (r, ;) be-
tween the true and estimated GBV, which must be max1mlzed
Under a BL approach, the estimated N values are those that
minimize the residual sum of squares (RSS) but not necessarily
those that maximize r, ;. Thus, fixed \ values, selected from a
set of values by elther statlstlcal method, for example a cross
validation, should to result in higher r,, ; values.
Aboutr, ;, it must be clear that in practlcal terms the true
value u is unknown, so the observed phenotypes (adjusted
for fixed and/or polygenic effects) of the validation data sets
can be used in replacement of u. In this way, as in the present
study the main objective was to evaluate the Bayesian LASSO
robustness to \ estimation, the use of u makes sense.

In order to analyze this hypothesis, a simplistic simulation
study was performed. This one was composed according to
genetic structure of the target trait, considering four different
scenarios: 5 QTLs and low heritability, h>=0.1 (I); 50 QTLs
and low heritability, h?=0.1 (II); 5 QTLs and medium herita-
bility, h2=0.3 (Ill); and 50 QTLs and medium heritability,
h?=0.3 (IV). For each one of these scenarios, the r, ; values
were calculated obeying a 3-fold cross validation methodolo-
gy, beingr, ; calculated using u and 1 from validation data set
presented above.
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Fig. 1. lllustrative scheme of the data sets used in the cross validation analysis.

Without loss of generality for each considered scenario,
the 900 last individuals from generation 1003 were divided
into 3 data sets (Dy) of 300 individuals, D; D, and D3, which
constituted the validation data sets. So, each one of the
three training data sets, with 2700 individual, was given by
D_, denoting that the D, was removed (Fig. 1). The justifica-
tion is that it does not make sense to use information of the
generation 1003 to predict phenotype in the generations
1001 and 1002, since there is no interest on predicting the
past.

The BLR (de los Campos et al., 2009) package of R software
(R Development Core Team, 2010) was used in order to im-
plement the BL regression for each one of the D_j data set
in each considered scenario (I, II, Il and IV). The regression
model was fitted by two distinct ways, estimating and fixing
the N\ values. In the first, the Park and Casella (2008) Gamma
prior was used, and in the second way, fixed values of \,
varying between 1 and 290 (1, 10, 20, ..., 290), were used. Al-
together, for each data set of each scenario, 31 analyses were
realized, 30 with fixed and 1 with estimated N values.

From the estimates of additive SNP effects, breeding
values (u;) were calculated for the 300 individuals of the val-
idation data set according to Falconer and Mackay (1996):
9001 (e = 1) (2q585) + (x5 = 0) (qyd5—pyd;) + (x5 = —1) (=2p;dy)],
where x;; is an indicator function of the genotype of the jth
marker of the i™" individual that takes the values 1, 0, —1
when the genotypes are AA, Aa or aa, respectively. Moreover,
p; and g; are the allelic frequencies (A or a) for the ™ marker
in the training population and p is the estimated additive SNP
effects from this same population. Since the true GBV (u;) is

ﬁi:

Table 1

known in each validation data set, the accuracy (simple cor-
relation between u; and ;) can be obtained for each one of
these data sets and each one of the scenario and N values.

3. Results and discussion

We can note in Table 1 that the differences between 7, ;
values for all scenarios were slight, thus it is possible to re-
port, on average, that the GBV prediction is robust in relation
to the regularization parameter estimation, since the differ-
ent values for \ lead to almost the same values of fuﬁ. This
fact can be illustrated by the accuracy curves in Fig. 2,
which can be considered flat, mainly in the presence of a
small number of genes (5 in this context). Furthermore, the
MSE were proportional to 7, ;, showing that the problem re-
lated with larger fu‘ﬁ values occurring simultaneously with
larger bias has not been verified.

In relation to heritability, although the results showed
close accuracy values, the highest differences were observed
for low heritability scenarios (I and II), being in these cases
the accuracy of fixed N method higher than those from ran-
dom N\ method. With respect to this fact, Jiménez-Montero
et al. (2010) also had related better performance of Bayesian
LASSO with random N estimation for higher heritabilities.

Another relevant feature of Table 1 is that the estimated N
values from random method were smaller than the best fixed
\ values for the 5 gene scenarios (I and III), and on the other
hand, for the 50 gene scenarios (Il and IV) the opposite be-
havior was observed. In general terms, it can be explained
by the fact that for small number of significant genes the

Means and standard deviations for regularization parameter (1), accuracy (r, ;) and MSE values calculated from 3 data sets of the cross validation study.

Scenarios Random parameter Fixed parameter
N Fui MSE Amax Fui MSE
I 43.3567 0.9088 40.95 131.1600 0.9614 88.7421
(5.9876) (0.0430) (10.5601) (1.1435) (0.0456) (10.3452)
I 131.0234 0.5319 76.0987 69.8760 0.5720 124.0980
(19.3456) (0.0633) (16.9876) (1.9876) (0.0976) (27.9877)
1 41.1914 0.9846 41.1645 149.8740 0.9867 80.1254
(3.6999) (0.0113) (8.2309) (1.9765) (0.0076) (12.9000)
v 63.0802 0.8149 59.1264 52.6785 0.8106 73.9807
(7.2345) (0.0654) (7.0987) (2.0098) (0.0108) (11.0198)

* 1. 5 genes and h?=0.1; II: 50 genes and h?=0.1; IlI: 5 genes and h?=0.3; IV: 50 genes and h>=0.3.
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Fig. 2. Behavior of accuracy (r, ;) as a function of lambda values (regularization parameter) according to the four scenarios (I, II, Ill and IV). The vertical line in-

dicates the estimates for random regularization parameter (N ).

shrinkage effect was suppressed under a random N approach,
since the operation field of this parameter is reduced, i.e.
there are few variables to be selected. In this context, when
50 genes were considered, the estimation process was able
to impose its shrinkage power.

Still in relation to N magnitude, in theory, higher values
imply stronger penalization, which results in more marker
regression coefficients being shrunk toward zero (Hans,
2009), so being the values of 7, ; very similar between the
two methods (random and fixed \), this penalization does
not affect the BL prediction, reinforcing the robustness of
Bayesian LASSO.

In summary, the presented results are in agreement with
those obtained by Pérez et al. (2010), who indicate that the
fully Bayesian analysis (posterior means of N) was as good
as the best obtained when cross-validation was used for
choosing \, being at the neighborhood of the optimal values
found from a grid of values. Thus, in general, in the present
study also it is possible to report that the fixed N\ values grid
request high computational costs, implying that the random
\ method is more attractive, since it is much faster to use
just one Gibbs sampler run, while the grid must to use one
run for each fixed N\ value.

In relation to BL predictive ability, Cleveland et al. (2010)
using a simulated dataset showed that the BL with random \
produced accuracy values of 0.9166 when all individuals
were used in the analysis, and, on average terms, these re-
sults are in agreement with those presented in the present
study (scenarios I and III). On the other hand, Legarra et al.
(2010) used random N BL in the analysis of real data of Hol-
stein bulls genotyped with the Illumina Bovine SNP50 Bead-
Chip, and obtained accuracy values ranging from 0.30 for
protein yield to 0.73 for fat percentage. These results are ap-
proximately in line with ours concerning scenarios Il and IV,
which are associated with a large number of genes control-
ling the trait.

In order to finish the Table 1 discussion, as commented
earlier (Section 2.2) in real situations the true value u is un-
known, so the results about the accuracy of random or fixed
N values must be discussed in terms of adjusted phenotypes
using cross validation approaches.

Appendix A. Supplementary data

Supplementary data to this article can be found online at
doi:10.1016/j.livsci.2011.09.010.
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