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Goal

* Epistasis detecting with interaction analysis

* Eventually we want to use it on database on Gestational Diabetes
Mellitus



Methods

e Database on 4000 individuals' 3000 SNPs with 15 significant interactions
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e Grouping SNPs into LD-blocks
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e Representative vectors for each block

e Block-level interactions with representatives

e SNP-level interactions




Methods

 Dataset: X € {0, 1, 2}#000%3000
e Target: Y € {0, 1}3009



LD-based blocks

* Creating blocks based on linkage disequilibrium (LD)

2 _ (DaB—PaPr)*
pa(1—pa)pp(1l —pp)
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(for alleles A and B with allele frequencies p,, pg, Pag)

* The samples corresponding to the whole dataset is X, and to the
jth blockis X (j=1, ..., m)



Block representatives

1st method: Principal Component Ananlysis (PCA)

PClj — argmaX”u":l( I Xju ”% )

PCIZ = argmax |u|=1, ( I X7 15 )
N k—1
uL{pcl}

k=2,..,3000



Block representatives

2nd method: ElasticNet regression

logit(P(Y = 1|X7)) = X/ B/

BJ = argming;{ Il logit(P(Y = 11X7)) = X/B7 I3+a(@ 1l 7 I +(1 =) 11 B/ 13)}
\_'_I \_'_l

LASSO penalty Ridge penalty



Block representatives

3rd method: Decision tree based models (XGBoost, RandomForest)

Example:
« Ce{0, 1}

* Binary target Al

-



Block representatives

3rd method: Decision tree based models (XGBoost, RandomForest)

XGBoost RandomkForest:
* Trains a decision tree * Multiple trees trained on
random subsets of the

* |lterates: training a tree on the

gradient of loss of the previous
trees (uses logistic loss) * Predictions averaged at the

end

variables
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Block representatives

3rd method: Decision tree based models (XGBoost, RandomForest)

* Decrease of impurity upon splitting node p to children {c;} intree ¢:

e

|p| I(Ci)

k
Al(t,p) = 1(p) —Z
=1

* Importance weight for variable X, with set J" of trees used:

MDI(I,X]-)=%Z Z A(t, p)

teT petissplit
based on X;
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Block-level interactions

1st method: Logistic regression
 Block representative vector for the jth block: B/

- Regressor matrix for the ith and jth blocks: BY = [1: B': B/ : B! x B/]

 Logistic regression: 3 o
logit(P(Y = 1|BY)) = BYpY

* L east squares estimate of the coefficients:
BY = argming;{ Il logit(P(Y = 1|BY)) — BYBY |} }
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Block-level interactions

1st method: Logistic regression
e Correction: Benjamini-Hochberg for kindependent tests

e P-values of the k = (’;’) testsin ascendingorder:p;, < p;, < < py,

: J
r = argmax{]:plj < Ea}

. ere r
* The corrected significance level: agy = L

#(false discoveries)
— E ; ; <a
#(discoveries)

« Significant interaction: p-value below the corrected agy fora = 0.05



Block-level interactions

2nd method: XGBoost
* Fitting XGBoost on all the block representatives

* Significant: pair’s interaction importance is among the top g%
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SNP-level interactions

1st method: Logistic regression

* Whithin every significant block pairs
* Fitting logistic regression for every SNP pairs
» For significant block pair B!, B/ and SNP pairs S” € B},S° € B/:

ST =[1:S":55:S" x S5
logit(P(Y = 1|ST5)) = S"SB"S

3Ts = argmingrs{ || logit(P(Y = 1]S™)) — S™B" |I5 }



SNP-level interactions

1st method: Logistic regression

e Correction: Bonferroni for kindependent tests
a
C(B —_

k
= P( #(false negatives) > 1) < «

* Estimation for number of independent tests:

MeffiMeff,  Meff; = 2 max(A, 1)
(BL,BJ) significant A€(eigenvalues of
block pair BJcorrelation matrix)

 Significant interaction: p-value below the corrected ag for a = 0.05
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SNP-level interactions

2nd method: XGBoost
* For every significant block pair

* Fitting XGBoost on all the SNPs in the block pair
* Significant: pair’s interaction importance is among the top g%

17



Results
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Block-level interactions found - logistic regression

ElasticNet (1=0.9, a=1) XGBoost RandomForest
Representative method
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Nyilatkozat

A projektmunkam soran irodalomkeresésehez és a modellek
futtatasahoz hasznalt Python kéd megirasahoz hasznaltam
segitsegul MI-t.
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