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Framework
GLOBAL CONTEXT (GENERAL MODEL
e Genome Wide Association Studies (GWAS) aim at finding genetic markers Y=Y Bk Xy, + Y Vi By +€
(SNPs) that are associated with a phenotype of interest. Recently, research m ko, m,m'’
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topics have been broaden to detect complex genetic structure as multiple Main effects Interaction effects

interactions between markers, known as epistasis.
P o X, k. genotype for the SNP k;, of the gene m,

e Epistasis can as well be analyzed at the SNP or at the gene level. In the e R, ,: the interaction variable for the given couple (m, m').
second case, dimension reduction methods can be used to resume SNP |
markers information at the gene scale. > Interaction effects definition: Maximum Epistasis Component (MEC)

For each couple of genes we create an interaction variable that maximizes
e Even at the gene level the analysis remains in a high-dimensional context | the criterion : cor[Su,y] with,
and the traditional GWAS analyzes that consist on univariate tests perform
poorly. Better achievement can be expected with the use of penalized
regression models adapted to this context as LASSO.

e S the matrix of all pairwise SNPs product of the two genes,

e 1 the weight vector that maximize cor[Su,y].

. We then define: = Su.
Here we propose an approach that takes into account the group structure of ne: R = 5

each gene to detect epistasis. . . .
S P > (Coefficient estimation:

We use a group LASSO regression model with a penalty by gene and a

- Data structure:
penalty by couple.

X1 - XLk Xn1 Xm,k,, | Phenotype

Ind; | 1 0 0 1 1 | |
Indy | O 0 2 1 0 R ( , M C \

2 1 1 2 1 (B,)=argmin|) (yi—-XB-Riv +A| ) /pgllB8ll2+ > Pl ll2
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. . . ) A selected by cross-validation. P-values for each selected group obtained
gene geneny with the adaptive ridge cleaning approach proposed by Bécu et al. [1]

Results

SIMULATIONS
> Effects detected by the different methods

Comparison with other interaction methods:

The variables that represent interaction effects in the model can be define in Genest | el
. . Genes3 Genes3 2
various ways. Here we compare our MEC approach to others that are respectively Geness - Genest -
based on: GencsL.oonces N GenesL.oonoss NN .
Genesl.Genes3 Genesl.Genes3
. . a Genesl.Genes4 Genesl.Genes4
e Principal Component Analysis - PCA GenesL Geness GenesLGeness
Genesl.Genes6 Genesl.Genes6 ©
. . . Genes2.Genes3 Genes2.Genes3 o
e Canonical Correlation Analysis - ACC Genes2 Genesd - Genes2 Genesd -
Genes2.Genes6 Genes2.Genes6
o Partial Least Square - PLS Coressconcs - CoressGons ;
Genes3.Genes6 Genes3.Genes6
Genes4.Genes5 Genes4.GenesS
Genes4.Genes6 Genes4.Genes6 o
] ] Genes5.Genes6 - | | | | Genes5.Genes6 - | | | |
Phenotype generated in two different ways: MEC  oCA  PCA  PLS MEC oA PCA  PLS

e \With interaction effect defined as the product of the first PCA component

of each gene Figure 3: PCA simulation Figure 4: Wang et al. simulation
e From the model proposed by Wang et al. [2] Theses figures show the ratio of the number of times where each variable
was significant on the total number of simulations. Here gene 1 and gene
> Power of the four methods depending on the r* 2 were simulated to have both main and interaction effects with =y and
o _ . . ] ) o _ I’Z — 0.05
i :7 i
REAL DATA
2 | 2 .
83 T 53 \X/ / We applied our method to a real dataset from a study on ankylosing
y | N spondylitis. The data contain 408 cases and 358 controls, and each indi-
I ] T vidual had 116, 513 SNPs genotyped with Immunochip technology. We
S T or o o S e or o oa focused our analysis on a reduced area of 51 genes around the major his-
r r tocompatibility complex. One significant interaction between the genes
« MEC « CCA « PCA « PLS « MEC » CCA  PCA « PLS TNF and LSM2 was identified.
Figure 1: PCA simulation Figure 2: Wang et al. simulation
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