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b = X-1*Y

Estimation



Infinite soluctions

Restrictions

Markers > Observations

How do we solve it?

Estimation and restrictions



Bayes theory

𝑃 𝑋 𝑌 =
𝑃 𝑌 𝑋 𝑃(𝑋)

𝑃(𝑌)
2
𝑃 𝑋 𝑌 : 𝑝𝑑𝑓𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑒𝑑 𝑡𝑜 𝑋 𝑔𝑖𝑣𝑒𝑛 𝑌
𝑃 𝑌 𝑋 : 𝑝𝑑𝑓𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑒𝑑 𝑡𝑜 𝑌 𝑔𝑖𝑣𝑒𝑛 𝑋
𝑃 𝑋 : 𝑝𝑑𝑓𝑜𝑓 𝑋 𝑎𝑛𝑑𝑃 𝑌 : 𝑝𝑑𝑓𝑜𝑓 𝑌

@
𝑦: 𝑣𝑒𝑐𝑡𝑜𝑟 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠
𝜃: 𝑣𝑒𝑐𝑡𝑜𝑟 𝑜𝑓 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠

𝑷 𝜽 𝒚 ∝ 𝑷 𝒚 𝜽 𝑷(𝜽)

Posteriori distribution of 𝜃

Jointed distribution of data given the parameters
Likelihood function (gaussian or ordinal)

A priori distribution of 𝜃
Genetic architecture (t, normal, exp, …

Main difference among Bayesian methods
SNPs effect (ai)

𝑦 = 1𝑢 +L
MNO

P

𝑀𝑖𝑎𝑖 + 𝑒

i = 1, 2,…m (SNPs)



Bayes alphabet
Model Genetic variance 

(Vu)
Genetic control

Ridge 
Regression 

Just one for all 
SNPs

Polygenic, small effects 
and explain equal 

amounts of variance

Bayes A Specific for each 
SNP

Polygenic, small effects 
and explain different  
amounts of variance

Bayes B Specific for each 
SNP

Polygenic, but some SNPs 
does not affect the trait 

(𝞹), where 𝞹 is fixed

Bayes C𝞹 Just one for all 
SNPs

Polygenic, but some SNPs 
does not affect the trait 
(𝞹), where 𝞹 is random

Bayesian 
LASSO

Specific for each 
SNP

Oligogenic. Many SNPs 
does not affect the trait. 

Not necessary to define 𝞹



Bayes alphabet

Conditioned fdp VuPrior fdp

𝑎𝑖|𝜎
U ~𝑁(0, 𝜎U ) 𝜎U ~𝜒ZU(𝑆, 𝑣) 𝜎\U = 2𝜎U L

MNO

P

𝑝𝑖(1 − 𝑝𝑖)

𝜎MO
U ~𝜒ZU(𝑆, 𝑣) 𝜎\U = 2L

MNO

P

𝑝𝑖(1 − 𝑝𝑖)𝜎M
U

𝜎U ~𝜒ZU(𝑆 ∗, 𝑣) 𝜎\U = 2(1 − 𝜋)𝜎U L
MNO

P

𝑝𝑖(1 − 𝑝𝑖)

Model

RR

Bayes A

Bayes B

Bayes C𝞹

Lasso

𝛼𝑖|𝜎M
U~𝑁(0, 𝜎M

U) 𝜎M
U~𝜒ZU(𝑆, 𝑣) 𝜎\U = 2L

MNO

P

𝑝𝑖(1 − 𝑝𝑖)𝜎M
U

𝑎𝑖|𝞹, 𝜎MO
U ~ 1 − 𝛾𝑖 𝑁 0, 𝜎Mb

U = 0 + 𝛾𝑖𝑁 0, 𝜎MO
U

P(yi=0)= 𝞹; P(yi=1)= 1-𝞹

𝑎𝑖|𝞹, 𝜎
U ~𝞹𝑁 0, 𝜎U = 0 + (1 − 𝞹)𝑁 0, 𝜎U

𝑆 ∗= c𝜎U (𝑣 − 2)/𝑣 expected priori for 
SNP variance (fixed)𝞹~𝑈 0,1

𝜎\U = L
MNO

P

𝜏M
U𝜎gU2𝑝𝑖(1 − 𝑝𝑖)

𝜎M
U𝑎|𝜆, 𝜎gU~i

M

𝜆
2𝜎g

𝑒𝑥𝑝
−𝜆|𝑎M
𝜎g

𝑎𝑖|𝜏M , 𝜎gU~𝑁(0, 𝜏M
U𝜎gU)

𝑎𝑖|𝜏M , 𝜎gU~𝑁(0, 𝜎M
U)

𝜏M
U|𝜆U~𝐸𝑥𝑝(𝜆U)

𝜆U~𝐺𝑎𝑚𝑚𝑎(𝜑O, 𝜑U)

𝑎𝑖|𝜆, 𝜎gU~𝐷𝑜𝑢𝑏𝑙𝑒 − 𝐸𝑥𝑝(0, 𝜆)


