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g8+ =10 e
8 rrs Eiae
&€ =2 1

3A+0B+0C=30
1A+2B+0C=18

— y-1%
0A+1B-1C=2 p =Xy

A 1/3 0 O
B|=]-1/61/2 0
C -1/6 1/2 -1

30 10
18| = | 4
2 2



Estimation and restrictions
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_ Infinite soluctions
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- Penalized -4 Elastic Net

. LASSO (Shrinkage and selection)
Markers > Observations -

Parametric —

[~ Ridge Regression (shrinkage)

[~ Bayesian Ridge Regression
Bayesian LASSO
BayesA

[ Discrete Mixtures (e.g. BayesB, BayesCmn)

Bayesian -

Scaled Mixtures
How do we solve it?

Neural Networks
Non-parametric -

Restrictions

Kernel methods (RKHS)




Bayes theory

P(YIX)P(X) P(X|Y): pdfcondl.tl.oned to X given Y
PXIY) = P(Y|X): pdfconditioned to Y given X
P(Y)
P(X):pdfof X andP(Y):pdfof Y

y:vector of observations
0:vector of parameters

P(0ly) < P(y|6)P(6)
A priori distribution of

Posteriori distribution of 6 ) _
Genetic architecture (t, normal, exp, ...

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

Main difference among Bayesian methods
SNPs effect (a;)
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1 387 773 1160 1548 1931 2317 2703 3039 3478 3881 4247 4833



Bayes alphabet

Genetic variance Genetic control
(Vu)

Ridge Just one for all Polygenic, small effects
Regression SNPs and explain equal
amounts of variance

0.8
|

Gaussian

Double Exponential
Scaled-t (5df)
BayesC (n=0.25)

Bayes A Specific for each Polygenic, small effects
SNP and explain different
amounts of variance

0.6
|

Bayes B Specific for each  Polygenic, but some SNPs
SNP does not affect the trait
(rr), where m is fixed

p(By)
0.4
|

0.2
|

Bayes Cmr Just one for all  Polygenic, but some SNPs
SNPs does not affect the trait
(rr), where i is random

Bayesian  Specific for each Oligogenic. Many SNPs | . : |
LASSO SNP does not affect the trait. -6 -4 -2 0
Not necessary to define P



Bayes alphabet

Model Conditioned fdp

RR a;lo® ~N(0,0?)

BayesA ;|67 ~N(0,0)
Bayes B
a;lm, o ~(1 —y)N(0,05 = 0) +y:N(0,07)
P(y;=0)=m; P(y=1)= 1-i

Bayes Cmr
a;|m,0? ~nN(0,6* =0)+ (1 —m)N(0,0%)
n~U(0,1)
a;|t; , Ue2~N(0; Tizaez)
Lasso a;|t; 'Jez“’N(O' Jiz)

5 A —Ala;
alA, o5~ 1_[ exp
120, O,
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Prior fdp

o’ ~x"2(S,v)

O_i2 NX_Z (S, 17)

oA~x"2(S,v)

02 NX_Z (S *' U)

¢ 52 (v —2)/v expected priori for

SNP variance (fixed)
T} |A*~Exp(A*)
AM2~Gamma(,, ¢,)

a;|A, 62~Double — Exp(0, 1)
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