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The Bayesian Ridge-Regression (BRR) is the Bayesian version of GBLUP [1] and assumes that all marker effects have the same variance component. Consequently, markers with the same allele frequency contribute equally to the genetic variance. For the BRR model it was assumed that:




The Bayes A method was proposed by Meuwissen et al. [1] and later modified by Pérez and de los Campos [2] to reduce the influence of the hyperparameters and achieves better Bayesian learning. The Bayes A model assumes that marker effects have heterogeneous variances. In the Bayes A model it was assumed that:





The Bayes B method was also proposed by Meuwissen et al. [1] and modified in Pérez and de los Campos [2] to achieve better Bayesian learning and to estimate the proportion of markers with null effect. This model is similar to Bayes A, and assumes that the markers have heterogeneous variance component. Additionally, it considers that a proportion of markers have non-null effects. This is in contrast to Bayes A, because the approach includes the selection of covariates (SNPs markers) that do not contribute to genetic variance. In the Bayes B model it was assumed that:

	
	 
	with probability equal 1-π

	
	=0 
	with probability equal π







The Bayes Cπ method proposed by Habier et al. [3] is derived from the Bayes C method and is similar to BRR. In this approach it is assumed that the marker effects have a common variance. However, Bayes Cπ includes marker selection with parameter π, which is defined as the probability of a SNP marker having a null effect. For the Bayes Cπ method it is assumed that:

	
	 
	with probability equal 1-π

	
	=0 
	with probability equal π






The Bayesian Lasso (BL) method was proposed by Park and Casella [4] and was adapted for genomic prediction by de los Campos et al. [5]. Similar to Bayes A and Bayes B, the BL method assumes covariates with heterogeneous variance. The BL method does indirect marker selection, since the marginal distribution of the markers follows a double exponential distribution, providing strong shrinkage of the marker effects to close to zero for large number of markers. In the BL method it is assumed that:
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