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Bayesian LASSO is a penalized regression method with the potential of variable
selection using the regularization parameter A. In a fully Bayesian framework, it is
possible to treat A as random parameter and different priors can be assigned to it. The
effect of assigning three different priors including gamma, beta, and fixed distributions
on the predictability and estimation of genetic parameters was investigated using mice
genome and seven traits with different genetic architecture. The results showed that
estimation of variance components and heritability are strongly affected by the
assigned prior. Highest genetic variance and heritability and the lowest residual
variance were estimated by fixed A model for different traits. The average accuracy
obtained for each trait using different priors was relatively similar, but standard
deviation of the accuracies by the fixed A model was always greater than the other two
priors. Comparison of the minimum and maximum values of the models accuracies
via fivefold cross validation revealed that the highest accuracy values were obtained
using the assignment of gamma and beta distributions to the regularization parameter.
By increasing the heritability and the number of background QTL of the traits, the
accuracy of the models increased and the difference between the three different priors
decreased. The difference between the models was greater regarding to prediction bias,
but it generally followed the same trend of the accuracy, i.e. the models with the
highest accuracy also had the lowest prediction bias. Based on the present results,
proper prior assignment to A is more necessary for traits under small number of QTL
and low heritability.
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Extended Abstract
Introduction

When large amount of genomic markers became available in the last decade, livestock breeding programs
have evolved rapidly through genomic selection (GS). GS refers to selection of individuals based on the aggregate
genetic merit of mentioned markers. Briefly, GS involves application of a genomic statistical method in a reference
population which has both phenotypic and genotypic data, and predicting genomic breeding value (GBV) in a
candidate population which has only genotypic data. In context of GS in livestock, several statistical methods have
been proposed to predict marker effects which are consequently used to estimate GBV of individuals. However, as
the number of markers is very large relative to the phenotypes, genomic selection is faced to the challenge of the
“curse of dimensionality”. Bayesian methods are usually proposed to handle these large sets. Bayesian LASSO is a
penalized regression model with the potential of variable selection using the regularization parameter A, which has
a more prominent role than the other Bayesian methods. In a fully Bayesian framework, it is possible to treat X as a
random parameter and therefore different priors can be assigned to it. Despite the theoretical foundations of
developing different priors and hyper parameters in Bayesian LASSO, the potential of applying different priors to
this model has been less evaluated in genomic prediction studies. Therefore, the aim of the present study was to
evaluate the application of different priors and hyper parameters to Bayesian LASSO regularization parameter on
the genomic prediction of traits with different genetic architectures using real and simulated data of a mouse
population. Variance component estimation and predictability of the models measured by prediction accuracy and
bias were targeted.

Material and methods

In general, two datasets were analyzed in the present study. First, a real dataset consisted of phenotypic and
genotypic data from a mice study. Second, a simulated dataset using mentioned real mice genome. The used
phenotypes and genotypes and how they were collected have been fully described in previous studies, and these
datasets are freely available (http://gscan.well.ox.ac.uk) and can be found in popular libraries in R such as BGLR.

Bayesian Least Absolute Shrinkage and Selection Operator (LASSO) was used to investigate its predictability
under different priors for regularization parameter. Bayesian LASSO is a hierarchical model in which a double
exponential distribution is considered as the marginal distribution of marker effect. This distribution is implemented
as mixture of scaled normal densities by assigning independent normal densities to marker effects in the first level
of the hierarchy. Then, 11D exponential densities were assigned to the marker-specific scale parameters at the second
hierarchy. Different priors were used for rate parameter at the final hierarchy. The effect of assigning three different
priors including gamma, beta, and fixed distributions was investigated using three real traits of mice data and four
simulated traits based on the real mice genome. These traits are selected to represent a range of different genetic
architectures. Markov chain Monte Carlo (MCMC) was used to estimate the posterior distribution of variances
component and the model parameters. The capability of the different models was compared by considering the
correlation between the observed phenotypes and predicted GBV, and the regression slope of observed phenotypes
onto predicted GBV from a fivefold cross validation. Estimated variance components and heritability of traits were
also compared.

Results

Estimation of variance components and heritability are strongly affected by the assigned prior. The fixed A model
estimated the highest genetic variance and heritability and the lowest residual variance for different real traits.
Regardless of the type of simulated trait, three priors underestimated the variance component and the heritability of
traits. The average accuracy obtained for each trait using different priors was relatively similar, but standard
deviation of the accuracies by the fixed A model was always greater than the other two priors. Comparison of the
minimum and maximum values of the models accuracies via fivefold cross validation revealed that the highest
accuracy values were obtained using the assignment of gamma and beta distributions to the regularization parameter.
By increasing the heritability and the number of background QTL of the traits, the accuracy of the models increased
and the difference between the three different priors decreased. The difference between the models was greater in
terms of prediction bias, but it generally followed the same trend of accuracy, i.e. the models with the highest
accuracy also had the lowest prediction bias.

Conclusion
Based on the present results, the effect of prior assignment to A is more critical for traits that are influenced by a
small number of QTL or have low heritability.
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Body weight GAMMA 0.091 0.202 0.311
BETA 0.091 0.201 0.312
FIXED 0.124 0.173 0.419
Body length GAMMA 0.075 0.503 0.129
BETA 0.080 0.499 0.139
FIXED 0.100 0.482 0.172
Total blood protein GAMMA 0.011 0.617 0.017
BETA 0.011 0.617 0.018
FIXED 0.032 0.586 0.051
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Figure 1. Boxplot of variance components and heritability of simulated trait 1 (upper) and 2 (down) using Bayesian
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Figure 2. Boxplot of variance components and heritability of simulated trait 3 (upper) and 4 (down) using Bayesian

LASSO with different priors
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Table 3. Accuracy and bias of predictions (Min, Max, Mean + SD, CV) in real traits using Bayesian LASSO with
different priors

Accuracy Bias
Prior Min Max Mean = SD Cv Scaled Min Max Mean + SD
Body GAMMA 0.328 0.388 0.350+0.02 6.592 0.418 1.121 1.383  1.252+0.10
weight BETA 0.199 0.400 0.339+0.08 24.951 0.405 0.710 1451 1.217+0.30
FIXED 0.289 0.395 0.352+0.04 12.285 0.421 0.901 1.158  1.053+0.10
Body GAMMA 0.332 0.402 0.353+0.03 8.000 0.706 1.292 1560 1.401+0.10
length BETA 0.271 0.435 0.370+0.06 16.563 0.740 0.933 2.108  1.474+0.40
FIXED 0.249 0.439 0.364+0.08 20.759 0.728 0.814 1.655 1.264+0.30
Total GAMMA 0.125 0.181 0.149+0.03 18.864 0.471 0.901 2,251  1.709+0.60
blood BETA 0.076 0.197 0.148+0.05 33.164 0.468 0.523 3.022  1.765+0.90
protein FIXED 0.033 0.302 0.179+0.10 53.996 0.566 0.186 1989 1.127+0.60
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Table 4. Accuracy and bias of predictions (Min, Max, Mean + SD, CV) in simulated traits using Bayesian LASSO with
different priors

Accuracy Bias
Prior Min Max  Mean + SD cv Scaled Min Max  Mean = SD
Trait 1 GAMMA 0.694 0.828 0.780+0.02 3.107 0.932 0.869 1.093 1.003+0.05
BETA 0.692 0.833 0.780+0.03 3.647 0.932 0.878 1.113 1.001+0.05
FIXED 0.705 0.821 0.781+0.02 3.146 0.933 0.910 1.134 1.01240.05
Trait 2 GAMMA 0.271 0.515 0.386+0.04 10.472 0.772 0.722 1.443 1.012+0.10
BETA 0.316 0.464 0.387+0.04 10.651 0.774 0.679 1.361 1.003%0.10
FIXED 0.287 0.471 0.387+0.05 12.440 0.774 0.636 1.317 0.921+0.10
Trait 3 GAMMA 0.113 0.387 0.235+0.05 22.125 0.743 0.475 1977 1.055+0.30
BETA 0.131 0.342 0.230+0.05 19.995 0.727 0.521 1.710 0.999+0.20
FIXED 0.090 0.389  0.229+0.05 21.908 0.724 0.299 1533 0.852+0.20
Trait 4 GAMMA 0.067 0.323 0.186+0.06 30.236 0.588 0.387 2.338 1.061+0.40
BETA 0.063 0.313  0.192+0.05 26.162 0.607 0.272 2.091 1.040+0.30
FIXED 0.081 0.293  0.193+0.05 26.188 0.610 0.335 1.281 0.81040.20
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