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Topics

Reasoning

Bayesian methods 
regularize the 
prediction models

Examples

Bayes A

Bayes B

Bayes Lasso

Bayes R

Implementing 
B Lasso

hands-on

Bayesian 
LASSO

Details on 
Bayesian LASSO



Mathematical representation of biological processes
P=G+E
yi=gi+Ei

macroenvironment microenvironment

xii

Cohort, diet, farm, year, age, 
location, parity, sex,

Unknown or difficult to measure 
effects (residual)

yi=EnvironmentalEffects + gi + ei

yi=Xibi +Zigi+ei



Marker regression 

yi = Xibi + Zuiui + e’i

Or alternatives

Decomposing the polygenic effect into the sum of SNP (linear) effects









Marker regression. 
Estimation of allele substitution effect.

● Ridge Regression (Whittaker et al., 2000)
● Bayes A
● Bayes B
● Bayes C
● Bayes R
● Bayesian Lasso (Park & Casella, 2007)

○ Statistically more robust.



Marker regression. 
Estimation of allele substitution effect.

● Ridge Regression (Whittaker et al., 2000)
● Bayes A
● Bayes B
● Bayes C
● Bayes R
● Bayesian Lasso (Park & Casella, 2007)

○ Statistically more robust.

Very strict priors (4 d.f. !!)
Do not disappear asymptotically (Gianola et al., p.c.).
Do not allow Bayesian Learning



Assume a model for the data

Bayes theorem

Bayesian brief recap

y=data
𝚹= unknown parameters, coefficients, variances, ...



Assume a model for the data

Bayes theorem

Choose priors

Make inferences using McMC algorithms (Gibbs sampling, acceptance rejection, Metropolis-Hasting)

Bayesian brief recap



Ridge Regression

● A priori distribution for SNP effects
○ SNP effects normally distributed

● A priori distribution for SNPs variance
○ Same variance for all SNP
○ Distributed as inverse chi-squared

^



Bayes A

● A priori distribution for SNP effects
○ SNP effects normally distributed

● A priori distribution for SNPs variance
○ Different variance for each SNP
○ Same prior variance for all SNP
○ Distributed as inverse chi-squared

^



Bayes B

● A priori distribution for SNP effects
○ SNP effects normally distributed

● A priori distribution for SNPs variance
○ Different variance for each SNP
○ Same prior variance for all SNP
○ Distributed as a mixture distribution, with 

inverse chi-squared or zero inflated with p 
and (1-p) probabilities



Bayes C

● A priori distribution for SNP effects
○ SNP effects distributed as a mixture, with 

Normal or zero inflated with p and (1-p) 
probabilities

● A priori distribution for SNPs variance
○ Different variance for each SNP
○ Same prior variance for all SNP
○ Distributed as inverse chi-squared



Bayes R

● A mixture priori distribution for SNP 
effects

○ SNP effects distributed as a mixture of 
normal distribution with different 
variances, based on a dirichlet distribution.



Bayes Lasso

● A priori distribution for SNP effects
○ SNP effects distributed as a double 

exponential, controlled by the lambda 
parameter (shrinkage).

● A priori distribution for lambda
○ Gamma on ƛ2 with hyperparameters, with 

shape and rate depending on hyperparameters 
p, r, τ and δ.

● A priori distribution for residual variance
○ Uninformative marginal prior, scale invariant 

(inverted chi-squared or inverted gamma)



Marker regression with residual polygenic effect

yi = Xibi + snpi1𝛽i1+snpi2𝛽i2+...+snpip𝛽ip+Zuiuir + e’i

Decomposing the polygenic effect into the sum of SNP (linear) effects

● Choose model (distribution) for SNP effects
● A priori distribution for additive and residual variances

○ Distributed as inverse chi-squared



Bayes Lasso
● The original LASSO (Tibshirani, 1996)

L1 penalized function The whole model can be 
efficiently  computed through a 
modification of LARS 
algorithm for all lambda values.



Bayes Lasso
● Park and Casella proposed a fully Bayesian analysis using a 

conditional (to the residual variance) Laplace prior on lambda 
(ƛ)



Bayes Lasso
● Gibbs sampler. The hierarchical representation of the full 

model is as follows:



Bayes Lasso
● Gibbs sampler. The hierarchical representation of the full model is as follows:



Comparison between methods
● De los Campos et al. (2013)



Comparison between methods
● De los Campos et al. (2013)

Larger shrinkage usually work better

Stochastic search variable selection



Considerations
● Bayes A and Bayes B use strong priors on the SNP variance, with 4 d.f. that do not 

allow bayesian learning. 
● Bayes B and Bayes R show difficult convergence in the McMC implementation.
● Prediction accuracy usually better than GBLUP, and variability (often very minor) 

depending on the data set, and type of implementation.
● Prediction is not inference. Usually not very accurate at detecting QTLs with small 

effect.



Software
● BlupF90 (Misztal and col. UGA). GBLUP, ssGBLUP, backsolving for SNP effects: 

http://nce.ads.uga.edu/wiki/doku.php
● GCTA (Yang and col. Westlake Uni). GBLUP, SNP-BLUP: 

https://cnsgenomics.com/software/gcta/#Overview
● BGLR package in R (de los Campos and Pérez. Michigan). GBLUP, RKHS, Ridge 

Regression, Bayesian LASSO. 
https://cran.r-project.org/web/packages/BLR/index.html

● GS3 (Legarra and col. INRA). SNP-BLUP, BayesCPi, Bayesian LASSO. 
https://github.com/alegarra/gs3

● BayesR (Erbe, Goddard, Hayes and col). BayesR (different versions).

http://nce.ads.uga.edu/wiki/doku.php
https://cnsgenomics.com/software/gcta/#Overview
https://cran.r-project.org/web/packages/BLR/index.html
https://github.com/alegarra/gs3


BLASSO
https://github.com/ogrecio/BLasso


