g

MINES
ParisTech

I" I I I n s e r m AGENCE NATIONALE DE LA RECHERCHE
i
@® ®

institutCurie La science pour la santé
From science to health

Stable Multi-task feature selection approach

for Genome Wide Association Studies

Asma Nouira
Chloé-Agathe Azencott

Centre for Computational Biology
(CBIO)

U900 Lab Meeting

January 28, 2021

PSL %

UNIVERSITE PARIS




Genome Wide Association Studies

Goal: Find association between the genotype and the phenotype.

- The genotype: Single nucleotide polymorphism (SNP) arrays.
- The phenotype:
e Quantitative: BMI, weight, age...

e Qualitative: Case-control study



Breast Cancer datasets

{ CIDR Breast Cancer in the African Diaspora 1 { DRIVE Breast Cancer OncoArray 1

/Dimension: 3,827 samples x 2,379,855 SNPs \ ﬁimension: A5 SEMpES R SRS EAY SN \
Phenotype: 1,681 cases and 2,085 controls Phenotype: 13,846 cases and 14,435 controls
Populations: African Barbadian - African American - Populations: USA - Uganda — Nigeria —

AEED NIgEE Cameroon — Australia — Denmark

Covariates: Age group, height, weight, BMI, age of
menarche, parity, age of first birth, menopause, age of Covariates: Age, estrogen rate, study,

Qenopause, alcohol, contraceptive, estrogen rate... / Qstological type... /

[ Simulated data using GWAsimulatory1 ]

Dimension: 2,000 samples x 1,400,000 SNPs
Populations: 1000 European (CEU), 1000 African (YRI)
Phenotype: 500 CEU cases, 500 CEU controls, 500 YRI cases, 500 controls.

Disease loci: chromosomes 12, 19, 21 and 22.

[1] https://aithub.com/asmanouira/ GWAS-admixed-population-simurator
http:/biostat.mc.vanderbilt.edu/GWAsimulator


https://github.com/asmanouira/GWAS-admixed-population-simulator
http://biostat.mc.vanderbilt.edu/GWAsimulator

Classic GWAS analysis

e Preprocessing

Quality control

* MAF < 5%

* HWE-P-Value < 0.0001

* Remove samples with missing case/control criterion

» Sex check

* Remove samples and/or variants with high genotypic missing rate

Imputation

* Fill missing SNPs.
» Package: IMPUTES[1]

» Reference dataset: 1000 Genomes Project (GP) Phase 3
» Exclude SNPs with 10% rate of missing values.

Linkage disequilibrium pruning

» Consider a window of 50 SNPs

* Calculate LD between each pair of SNPs in the window

* Remove one of a pair of SNPs if the LD is greater than 0.5
+ Shift the window 5 SNPs forward

[1] hitps://jmarchini.org/impute5/



https://jmarchini.org/impute5/

"/ Classic GWAS analysis ;

CIDR dataset DRIVE-OncoArray dataset

40

o
W
(=]

25 ;
I 1
=20
T 8 .
E T :
g8 15
|

A © s
v~ v “ R R Y o
Chromosome
N
Chromosome
©
coo o
© - &msgsrp"
°
9 Q
8
°
13
a °
o bASS
g € e
I3 2 e
8 S
g i
i g
i
~
o |
o
T T T T T T T 2 5
0 1 2 3 4 5 6 ! j i ! ! !
[ 1 2 3 4 5
— logyolexpected P)

~ logyo(expected P)

Asma Nouira - CBIO team U900 Lab meeting 28/01/2021



. . vos 2 component PCA
Classic GWAS analysis ;
Simulated case/control data using HapMap3 Data
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Population stratification

Population stratification refers to the presence of differences in allele frequencies between

subpopulations within samples due to different ancestry.
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Population stratification

2 component PCA
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Population stratification 9

250

_

° PCA-L:[1] Logistic regression with TOP PCs as covariates

200

150

eigenvaiue

1og(L1)=ﬁx+ b & +b,B,+ ... +b P
q_

100

° EIGENSTRAT:[2] Multivariate linear model

\ Y=px+b @ +b,P,+...+b P, /

50

Factor number

[1] Zeggini et al.. 2008; Need et al.. 2009
[2] https://aithub.com/DReichLab/EIG
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3215268/#R29
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3215268/#R18
https://github.com/DReichLab/EIG

Population stratification
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From GWAS to Machine learning

Microarray data: SNP arrays

Curse of dimensionality (p>>N): p~ 10°— 107, N~ 102— 104

[SNP array7 ( Selected W

Notations y e (1,2}

x, . €{0,1,2)

) Machine Learning algorithm (
{ L Predictive model }

SNP array J

Biomarker identification : Explore feature selection models

Feature Selection Machine Learning algorithm (

J Lfeature setS
Sstability

Predictive model

Feature Selection tends to be unstable!!
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From GWAS to Machine learning

Feature selection

- Regularization: adding an additional penalty term
argmin|ly— px||2 + 22( B, 5, - B))

p € RP \ Y L -
A4 s

squared loss regularization term

- Lasso: shrinkage and feature selection (L1-regularization)

argmin|y- x|z + 23 )

pe RP
sparsny

/- Group lasso: allow predefined groups of covariates to jointly be selected

argminly—px|z +23 19,1+ 1 2, |,
pe RP J=1 - gee °

\_ sparsity on the group-level

/-Multi-task lasso: allows to fit muItipIe regression problems jointly enforcing the selected features to be the same across task

argmin Z Z ytm — g+ glﬁj{t)xjgtm) _|_,12 Z |ﬂ(t)|

peRTxp =1 tYn—l « J= 0zr=1
\ sparsity for ‘each task t
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5| Linkage disequilibrium blocks clustering
EEEEEETE
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- Ward’s Linkage criterion : ‘ y]
[
Pa X Pp
dwi (A, B) = g4 — 95ll5
wi(4, B) T 9a — 9sli2
*0
*
- Gap statistics to estimate the number of blocks |-'—_‘ .
*
[
*6‘
1
Gap(6) = LT, log(W2) — log(W,) Qﬂ
R? Color Key

] 0.2 04 08

= Feature selection on the block-level instead of single-SNP level.

A. Dehman, C. Ambroise & P. Neuvial. Performance of a blockwise approach in variable selection using linkage disequilibrium information, BMC Bioinformatics (2015).

[X]

1
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Multi-task group lasso 14

» Clustering of SNPs into blocks following Linkage Disequilibrium (LD) patterns.
» Feature selection at the block level.

* Multi-task group Lasso where tasks are populations and groups are LD blocks.

v
| Population1 —> Task 1 Set of
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o | i .
e — = | . 7~ Setof ™\ X
y- . @D > selected |
( Population 3 —>{ Task 3 % ...\features / Phenotype
= /~ Setof ™\
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5 Multi-task group lasso 15

LD-groups G1 G3 G1 G2 G1 G3 G2 G2 G4

Sample1 || A [T |€e |6 [A]|cCc|[T|A]|A

Population 1 Sample 2 Alalc|lc | T | |Aa]|T]|o®6

Sample3 || A ([T |6 |6 |A|[c|T]|T]|C

/- N
Sample 1 A A Pl EcEETN o (EAREETEE C
Population 2
Sample 2 ANl A (EGHE=AREAN c [ A
A\ Y
Sample 1 A|lT|lc|le|Aa|le ]| T |A]|G
Sample 2 A|la|le|e | T |[c|[Aa]|]T]|aA
Population 3
Sample 3 AN T [FehlEeHEAN c [T C
Sample 4 ANl T (FCEECGEETN c (I A
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Multi-task group lasso

Stability selection | [Meinshausen and Biihimann, 2010]

Bootstrap aggregation procedure:
° Feature selection is performed on bootstrap subsamples
= The results of the repetition are aggregated
e \ery precise statement of the significance of the selected features set
= Reduce the false positives selection
Procedure:
- We compute the probability of the selection of a variable k € {1, ... D} 71'2 =Pr” [k € :9\’1( I) ]

- Forachosencutoff —<7x. 2 <1:
2 thre

Qstable — -}
5 _ {k ﬂk 2 ﬂthre

= Only variables that are selected consistently across all the random halves remain.

16



Multi-task
group lasso

Features:
LD blocks

Input tasks:
populations

SNPs
divided into
clusters

Samples
divided into
populations

- Resolve population stratification
- Improve precision and stability
- Very slow

- Memory errors

17

Gap screening Stability

rules selection

Eliminate features with Subsampling:
associated coefficients Keep the false
proved to be O positives low
@Speed up + No memory erros @
® Not stable enough UHREE =
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- Implement stability selection for multi-task group lasso.
- Apply the multi-task group lasso for real data (breast cancer phenotype).

- More speed up.

Asma Nouira - CBIO team U900 Lab meeting 28/01/2021



CBIO team

GWAS team: Chloé, Héctor and Vivien.

U900

- ANR
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