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Background
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Goal

• Epistasis detecting with interaction analysis
• Eventually we want to use it on database on Gestational Diabetes 

Mellitus

3



Methods
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1
• Database on 4000 individuals' 3000 SNPs with 15 significant interactions

2
• Grouping SNPs into LD-blocks

3
• Representative vectors for each block

4
• Block-level interactions with representatives

5
• SNP-level interactions



Methods

• Dataset: 𝑋 ∈ 0, 1, 2 4000×3000

• Target: 𝑌 ∈ 0, 1 3000
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LD-based blocks

• Creating blocks based on linkage disequilibrium (LD)

𝑟2 =
(𝑝𝐴𝐵−𝑝𝐴𝑝𝐵)

2

𝑝𝐴 1 − 𝑝𝐴 𝑝𝐵(1 − 𝑝𝐵)

(for alleles A and B with allele frequencies 𝑝𝐴, 𝑝𝐵 , 𝑝𝐴𝐵)

• The samples corresponding to the whole dataset is X, and to the
jth block is Xj (j=1, ..., m)
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Block representatives

1st method: Principal Component Ananlysis (PCA)

𝑃𝐶1
𝑗
= argmax∥𝑢∥=1 ∥ 𝑋𝑗𝑢 ∥2

2

𝑃𝐶𝑘
𝑗
= argmax ∥𝑢∥=1,

𝑢 ⊥ 𝑃𝐶𝑖
𝑗

𝑖=1

𝑘−1

∥ 𝑋𝑗𝑢 ∥2
2

𝑘 = 2,… , 3000
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Block representatives

2nd method: ElasticNet regression

logit(ℙ(𝑌 = 1|𝑋𝑗)) = 𝑋𝑗𝛽𝑗

෢𝛽𝑗 = argmin𝛽𝑗{ ∥ logit(ℙ(𝑌 = 1|𝑋𝑗)) − 𝑋𝑗𝛽𝑗 ∥2
2+𝛼(𝜆 ∥ 𝛽𝑗 ∥1 +(1 − 𝜆) ∥ 𝛽𝑗 ∥2

2) }
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Error LASSO penalty Ridge penalty

1 ≥ 𝛼 ≥ 0, 1 ≥ 𝜆 ≥ 0



Block representatives

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

A=1

B=1

B ∈ {2, 3, 4}
C=0

C=1
B =5

A=2
C=0

C=1
A=3

Example:
• A ∈ {1, 2, 3}
• B ∈ {1, 2, 3, 4, 5}
• C ∈ {0, 1}
• Binary target



Block representatives

XGBoost
• Trains a decision tree
• Iterates: training a tree on the

gradient of loss of the previous
trees (uses logistic loss)

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

RandomForest:
• Multiple trees trained on

random subsets of the
variables

• Predictions averaged at the
end
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Block representatives
3rd method: Decision tree based models (XGBoost, RandomForest)

• Decrease of impurity upon splitting node p to children {ci} in tree t:

Δ𝐼 𝑡, 𝑝 = 𝐼 𝑝 −෍

𝑖=1

𝑘
𝑐𝑖
𝑝

𝐼(𝑐𝑖)

• Importance weight for variable Xl with set𝒯 of trees used:

𝑀𝐷𝐼 𝐼, 𝑋𝑗 =
1

|𝒯|
෍

𝑡∈𝒯

෍

𝑝∈𝑡 is split

based on 𝑋𝑙

Δ(𝑡, 𝑝)
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Block-level interactions
1st method: Logistic regression
• Block representative vector for the jth block: Bj

• Regressor matrix for the ith and jth blocks: 𝐵𝑖𝑗 = 1 ⋮ 𝐵𝑖 ⋮ 𝐵𝑗 ⋮ 𝐵𝑖 × 𝐵𝑗

• Logistic regression:
logit(ℙ(𝑌 = 1|𝐵𝑖𝑗)) = 𝐵𝑖𝑗𝛽𝑖𝑗

• Least squares estimate of the coefficients:
෢𝛽𝑖𝑗 = argmin𝛽𝑖𝑗 ∥ logit(ℙ(𝑌 = 1|𝐵𝑖𝑗)) − 𝐵𝑖𝑗𝛽𝑖𝑗 ∥2

2
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Block-level interactions
1st method: Logistic regression
• Correction: Benjamini-Hochberg for k independent tests
• P-values of the k = 𝑚

2
tests in ascending order: 𝑝𝑙1 ≤ 𝑝𝑙2 ≤ ⋯ ≤ 𝑝𝑙𝑘

𝑟 = argmax 𝑗: 𝑝𝑙𝑗 ≤
𝑗

𝑘
𝛼

• The corrected significance level: 𝛼𝐵𝐻 =
𝑟

𝑘
𝛼

⟹ 𝔼
#(false discoveries)

#(discoveries)
≤ 𝛼

• Significant interaction: p-value below the corrected 𝛼𝐵𝐻 for 𝛼 = 0.05
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Block-level interactions

2nd method: XGBoost
• Fitting XGBoost on all the block representatives
• Significant: pair’s interaction importance is among the top q%
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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 𝐵𝑖 , 𝐵𝑗 and SNP pairs 𝑆𝑟 ∈ 𝐵𝑖 , 𝑆𝑠 ∈ 𝐵𝑗:

𝑆𝑟𝑠 = [1 ⋮ 𝑆𝑟 ⋮ 𝑆𝑠 ⋮ 𝑆𝑟 × 𝑆𝑠]

logit(ℙ(𝑌 = 1|𝑆𝑟𝑠)) = 𝑆𝑟𝑠𝛽𝑟𝑠

෢𝛽𝑟𝑠 = argmin𝛽𝑟𝑠 ∥ logit(ℙ(𝑌 = 1|𝑆𝑟𝑠)) − 𝑆𝑟𝑠𝛽𝑟𝑠 ∥2
2
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SNP-level interactions
1st method: Logistic regression
• Correction: Bonferroni for k independent tests

𝛼𝐵 =
𝛼

𝑘
⟹ ℙ #(false negatives) ≥ 1 ≤ 𝛼

• Estimation for number of independent tests:

෍

𝐵𝑖,𝐵𝑗 significant

block pair

𝑀𝑒𝑓𝑓𝑖𝑀𝑒𝑓𝑓𝑗 , 𝑀𝑒𝑓𝑓𝑗 = ෍

𝜆∈(eigenvalues of

𝐵𝑗correlationmatrix)

max(𝜆, 1)

• Significant interaction: p-value below the corrected 𝛼𝐵 for 𝛼 = 0.05 16



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 q%
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Results
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PCA ElasticNet (𝜆=0.9, 𝛼=1) XGBoost RandomForest

Representative method

Block-level interactions found - logistic regression
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Nyilatkozat

A projektmunkám során irodalomkereséséhez és a modellek 
futtatásához használt Python kód megírásához használtam 
segítségül MI-t.

20


	Slide 1: Modern statistics in medical and genetic research
	Slide 2: Background
	Slide 3: Goal
	Slide 4: Methods
	Slide 5: Methods
	Slide 6: LD-based blocks
	Slide 7: Block representatives
	Slide 8: Block representatives
	Slide 9: Block representatives
	Slide 10: Block representatives
	Slide 11: Block representatives
	Slide 12: Block-level interactions
	Slide 13: Block-level interactions
	Slide 14: Block-level interactions
	Slide 15: SNP-level interactions
	Slide 16: SNP-level interactions
	Slide 17: SNP-level interactions
	Slide 18: Results
	Slide 19: References
	Slide 20: Nyilatkozat

