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Prediction of SNP interactions in complex diseases with
mutual information and boolean algebra
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Abstract

Most chronic diseases are complex diseases which are caused by interactions of several genes.
Studies on finding SNPs and gene-gene interactions involved in the development of complex
diseases can contribute to prevention and treatment of the diseases. Previous studies mostly
concentrate on finding only the set of SNPs involved. In this study we suggest a way to see how
these SNPs interact using boolean expressions. The proposed method consists of two stages. In the
first stage we find the set of SNPs involved in the development of diseases using mutual
information based on entropy. In the second stage we find the highest accuracy boolean expression
that consists of the SNP set obtained in the first stage. We experimented with clinical data to
demonstrate the effectiveness of the proposed method We also compared the differences between
our method and the previous results on the SNP associations studies.
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Fig. 1. Procedure of proposed method
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I 1. ZH SNPe| pvalue
Table 1. p—vaue of each SNP

SNP ID RRE SN\P ID A
genotype dlele genotype alele
SNP1 0.0263 0.1120 SNP14 00502 0.7867
SNP2 08565 06353 SNP15 09843 08650
SNP3 02178 0639 SNP16 0.12% 0.0986
SNP4 06753 06587 SNP17 0.7675 04671
SNP5 0.7069 0477 SNP18 00650 00252
SNP6 0.3401 0.1005 SNP19 02593 08872
SNP7 0.1831 00662 SNP20 06491 0.7025
SNP8 02753 0.1145 SNP21 09649 08244
SNP9 06175 04777 SNP2 06783 06706
SNP10 0994 012 SNP23 0.0421 00374
SNP11 01760 00659 SNP24 09922 0.9041
SNP12 0.1309 0.0369 SNP25 05350 05916
SNP13 03515 09508
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Table 2. NMI top 20 of 4-SNP combinations

=2 SNP Elgt NV Ul=pstls)
1 2469 0087 06585
2 246,19 00535 06626
3 1246 00533 06748
4 1256 00614 06707
5 46,1920 00514 05610
6 46921 00512 0.5000
7 46,1922 00512 05985
8 24623 00600 0.6008
9 14620 00497 06220
10 24621 00496 06179
1 2468 0043 06220
12 14622 0.0483 0584
13 46,1921 0.0480 05285
14 24620 00478 06545
15 2569 00478 06382
16 46923 00476 054838
17 246,13 00476 06585
18 4692 00476 06545
19 24622 00472 05529
20 2568 0.0469 06098
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SNP combination
NP = HoAlo
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2 13, 23 0.6463
3 1,4, 6 0.6667
4 1,2 4,6 0.6748
5 24,6919 06545
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Table 4. Real SNP names of Expression 1

SN\P & AlH| S\NP &
SNP1 ALOX5 p1_1708_ G>A
SNP2 B2ADR q1_46_ A>G
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Table 6. MDR and MIBA on dlinical data
NP MDR MIBA
T Z=gt e Zgt e
2 7,2 0599 13, 23 06463
3 2,46 05309 1,4, 6 06667
4 24,69 06516 1,2 4,6 0.6748
2 4’23' 19 06168 2,469 19 0.645
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Table 7. Real SNP names of Fg. 2.

T2l 2 MDRQ| 21 Z4n} (SNP2, SNP4, SNPG, SNP9)
Fig. 2. Analysis result of MDR (SNP2, SNP4, SNP6, SNP9)
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SNP2 BPADR q1 46 ASG 7] &) Hhdo) 4 13} & -4 SNP 452348 7t
SNP4 CCR3 p1_520 T>G AsHA FAsla ok
SNP6 CysLTRI_p1_63%4 C>T
SNPY FCERIB pi_109.T>C 2. GABA 2o v|m
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E AoA A= MIBA (mutual information +
boolean algebra)= GABA® Hlsld 2 714 AHS 71X
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Table 8. Features of existing methods
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