
Aptitude of Bayesian Lasso for genomic selection
A. Legarra∗†, C. Robert-Granié∗, P. Croiseau‡, F. Guillaume§, S. Fritz¶and V.

Ducrocq‡

Introduction

Optimal genomic selection methods are still being debated. Regular mixed models (also
known as ridge-regression or GBLUP) are simple to understand, implement and extend (i.e.
Aguilar et al., 2010; VanRaden, 2008). On the other hand, at least for some traits, departures
of SNP effects from normality exists, which result in higher accuracy of methods with more
sophisticated a priori distributions of the marker effects, like non-linear regression or BayesA
(Hayes et al., 2009; VanRaden et al., 2009). No clear clue, based on biological knowledge,
exists about these a priori distributions.

A popular alternative is the Bayesian Lasso (BL hereinafter; de los Campos et al., 2009; Park
and Casella, 2008), which allows for departures from normality (i.e., SNPs of big effect) while
still doing shrinkage, which helps predictive ability. BL is simply parameterized and simple to
implement by Gibbs sampler, introducing additional variables τi which describe the variance
of the i-th SNP effect ai, in this augmented hierarchical model:
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Note that if we knew D, the covariance matrix of SNP effects, its implementation in a linear
model as GBLUP is straightforward by constructing genomic relationships as G = ZDZ′.

A puzzling feature of the model above is that the same σ2 variance is used to model SNP
effects a and residual terms e. This puts the stochasticity due to residuals (that can be an
issue of, say, milk recording) at the same level that the stochasticity of SNP effects which is
a characteristic of the population. However, variation in phenotypes has long been split into
genetic and environmental variation. We propose thus to include two variances, σ2

a and σ2
e , as:
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We consider that this make more biological and possibly computational sense. Regular GBLUP
is similar to (2), assuming p(a) ∼ N(0, Iσ2

a) with known σ2
a and σ2

e . In this work we:

• compare the performance of BL and related alternatives such as GBLUP,

• compare the Bayesian Lasso in (2) with two variances, σ2
a and σ2

e , (BL2Var) vs. the BL
with one variance in (1) (BL1Var) showing differences in estimates of λ “sharpness”
parameter, genetic variance in the population, as well as in final predictive ability, and

• propose the use of the BL2Var to obtain heterogeneous variances for each SNP effect a
that can be later used in GBLUP with almost identical performances than a full BL2Var.

Material and methods

Data set. We studied Holstein bulls genotyped with the Illumina Bovine SNP50 BeadChip
(described in Croiseau et al.; this congress); 51325 polymorphic SNPs were used. These
were split into learning and validation populations, of 1216 and 540 (the youngest) bulls re-
spectively. Traits studied were milk, fat and protein yield (MY, FY, PY), and fat and protein
percentages (FP, PP). The pseudo-data consisted on 2DYD’s for each bull. Precision of each
DYD (equivalent daughter contribution) was considered.

Statistical analyses. The following models were run: BL2Var; BL1Var (both by MCMC);
GBLUP with known variance components as in national evaluation; MCMC-GBLUP, were
variance components were computed from data by MCMC; and HetVar- GBLUP. In the latter,
SNP variances in matrix D were computed from the data using BL2Var, taken as known, and
then used in a linear mixed model.

Incidence of SNP effects was coded in Z as in VanRaden (2008), according to observed fre-
quencies. Priors were chi-squared for variance components and flat, bounded priors for λ.

Afterwards, estimates of SNP effects were used to predict genetic values of the validation data
set; these were compared to 2009 DYD’s, which are considered to be accurate predictors of
their true breeding value.

In addition, an estimate of the genetic variance of the population was produced as σ2
u =

2Var(a)Σpi(1−pi), (Gianola et al., 2009), to compare if the estimates of SNP effects variation
are biologically meaningful as genetic variation. For the BL models, Var(a) = 2σ2

a/λ
2. A

pedigree-based REML estimate of σ2
u was also computed.

Results

Estimates. Table 1 shows estimates for different models. Concerning parameter λ, BL1Var
and BL2Var give very different estimates, as expected. Both estimates were very accurate.
Albeit the value of λ itself is little interpretable, σ2

u is; in this sense, BL2Var provides esti-
mates of σ2

u that are very similar to the others, including the pedigree estimate. Estimates
from BL1Var are inflated, because variation of SNPs is modelled on residual variation. Thus,
BL2Var is more biologically interpretable. The table shows as well that the equivalence
σ2
u = 2Var(a)Σpi(1− pi) is roughly correct in practice.

The higher value of λ in BL1Var does not imply a more peaked distribution, because of the
different variance. Figure 1 shows the density of normal and Bayesian Lasso distributions for



normal, BL1Var and BL2Var from parameters in Table1. The density from BL1Var is less
peaked and more wide-tailed.

Predictive ability. The predictive ability is systematically better for BL2Var (Table 2) . For
traits known to be controlled by large effect QTLs like DGAT1 (FP and PP), BL2Var accom-
modates best this non-normality. BL1Var does worse than GBLUP or MCMC-GBLUP. The
suggested method of pre-computing variances of SNP using BL2Var to construct later the
matrix of SNP variances D (HetVar-GBLUP) has almost the same accuracy as a full BL2Var.

Discussion

Estimates published so far of λ parameters in BL using BL1Var (de los Campos et al., 2009;
Weigel et al., 2009) provide higher values than ours; to us, this shows that the constraint of
using one variance forces the parameter λ to a high value. Further, this constraint does not
capt well the shape of the distribution of SNP effects, which is reflected in lower predictive
abilities than MCMC-GBLUP which models the two variances separately. Thus, BL2Var is
more accurate and makes more biological sense.

Estimators in BL are asymptotically free of prior information. This is different from what
occurs in BayesB, where a prior information is assigned to the variance of each SNP effect
(and the same for all of them), and a parameter π is needed indicating the number of SNPs
having an effect. BL assigns a distribution controlled by λ to the collection of SNP variances,
and there is no π parameter. Further, λ can be estimated from the data, which is impossible
in BayesB, using either Bayesian methods or by the MCEM algorithm which does not even
require prior distributions for λ – we used this MCEM for BL2Var with similar results (not
shown). Thus, BL is asymptotically more consistent than BayesB and tuning-free, which is
important for practical applications.

The idea of pre-computing D from BL2Var worked well in this data set. It is an open question
if this can be further generalized and compute D from a sample of data (say well-tested bulls)
to be later used for all genotyped animals - the strategy usually used for genetic parameters.
This would imply that the distribution of a valid for a sample would be valid for the whole
population.

Table 1: Estimates (±s.e.) of “sharpness” parameter λ and of the genetic variance in the
population σ2

u, in Holstein bulls.

Traits BL2Var BL1Var BL2Var BL1Var MCMC-GBLUP pedigree-
REML

λ λ σ2
u σ2

u σ2
u σ2

u

MYa 1.34±0.16 17.0±0.05 438±26 12333±48 441±25 570
FY 1.24±0.16 20.6±0.05 695±43 1836±82 695±38 893
PY 1.29±0.14 19.9±0.05 420±23 1103±49 419±19 473
FP 1.12±0.13 15.1±0.05 9.1±0.5 27±1 11.4±0.6 14.9
PP 1.26±0.17 16.3±0.06 1.62±0.1 5.40±0.03 1.56±0.12 2.56

adivided by 1000



Table 2: Correlation of genomic EBVs on 2DYD’s, in Holstein validation bulls.

Traits BL2Var BL1Var GBLUP MCMC-GBLUP HetVar-GBLUP
MY 0.41 0.28 0.42 0.40 0.41
FY 0.37 0.35 0.34 0.37 0.36
PY 0.30 0.27 0.31 0.30 0.30
FP 0.73 0.53 0.59 0.61 0.71
PP 0.48 0.36 0.44 0.46 0.47
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Figure 1: Density of SNP effects for FP according to estimates of BL1Var (blue,
−−), BL2Var (red, —) and normal (black, ·−)

Conclusion

BL2Var provides optimal predictive ability among the methods tested, and makes biological
sense in terms of genetic variation. High-level parameters in BL are easily computable and
asymptotically free of prior information. Parameterization of BL with one variance (BL1Var)
can not be recommended. HetVar-GBLUP seems a good alternative for practical purposes and
deserves further investigation.
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