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[ Abstract] Among the various statistical methods for identifying gene—gene interaction in qualitative genome—wide association
studies (GWAS) , gene—based methods have recently grown in popularity as they confer advantages in both statistical power and
biological interpretability. However, most of these gene—based methods make strong assumptions on the form of the relationship
between traits and SNPs, resulting in limited statistical power. The paper proposes a gene—based method based on XGBoost, a
popular and highly effective method in machine learning, to model the relationship between genotype and traits, and then measure
the interaction of gene pairs by the deviation of the predicted probability from a multiplicative model. This method makes fewer
assumptions on the exact form of interaction, which may overcome some of the shortcomings in previous methods. In experiments
with both simulation study on pure and strict disease models and real world data, the proposed method outperforms previous
approaches in detecting interactions accurately.

[ Key words] XGBoost; gene - gene interaction; single nucleotide polymorphism; qualitative trait; genome — wide association
studies
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Tab. 1 The statistical effectiveness comparison of four methods under the setting of the first type of simulated data
MAF  Heritability Method Model
M1 M2 M3 M4 M5 Mé6 M7 M8 M9 M10
0.2 0.01 2eXGB 0.14 0.17 0.58 0.75 0.48 0.38 0.71 0.91 0.93 0.49
AGGrEGATOr 0.12 0.14 0.12 0.89 0.12 0.10 0.89 1 0.88 0.34
KCCU 0.15 0.09 0.09 0.29 0.14 0.10 0.43 0.62 0.52 0.13
GBIGM 0.09 0.08 0.11 0.13 0.12 0.17 0.11 0.08 0.10 0.09
0.025 2eXGB 0.98 0.97 0.94 1 1 0.99 0.99 1 0.90 0.94
AGGrEGATOr 1 0.15 0.27 1 1 0.46 0.37 1 0.69 0.81
KCCU 0.58 0.09 0.09 0.74 0.71 0.59 0.24 0.80 0.12 0.12
GBIGM 0.08 0.11 0.07 0.11 0.10 0.12 0.13 0.20 0.14 0.10
0.05 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 0.09 0.09 0.59 0.89 0.98 0.99 1 1 1 1
KCCU 0.13 0.10 0.57 0.65 0.71 0.80 0.84 0.85 0.84 0.77
GBIGM 0.18 0.16 0.08 0.22 0.23 0.12 0.17 0.19 0.12 0.12
0.10 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 1 1 1 1 1 1 1 1 1 1
KCCU 0.81 0.88 0.93 0.90 0.90 0.83 0.86 0.91 0.84 0.93
GBIGM 0.15 0.14 0.14 0.23 0.19 0.17 0.16 0.16 0.15 0.19
0.20 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 1 1 1 1 1 1 1 1 1 1
KCCU 0.89 0.91 0.97 0.94 0.95 0.92 0.89 0.97 0.94 0.97
GBIGM 0.19 0.21 0.31 0.18 0.29 0.23 0.22 0.21 0.23 0.22
0.4 0.01 2eXGB 0.90 0.74 0.82 0.82 0.83 0.96 0.96 0.66 0.82 0.89
AGGrEGATOr 0.71 0.73 0.09 0.10 0.77 0.96 0.94 0.17 0.90 0.81
KCCU 0.34 0.34 0.05 0.08 0.40 0.29 0.77 0.16 0.73 0.61
GBIGM 0.09 0.11 0.08 0.10 0.11 0.07 0.11 0.18 0.11 0.11
0.025 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 0.99 1 0.56 0.12 0.06 0.26 0.91 0.51 0.12 1
KCCU 0.58 1 0.24 0.08 0.06 0.11 0.24 0.32 0.12 1
GBIGM 0.15 0.10 0.12 0.14 0.08 0.09 0.11 0.08 0.05 0.08
0.05 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 1 0.68 0.97 0.91 0.15 0.42 0.35 0.19 0.91 1
KCCU 0.86 0.15 0.90 0.95 0.10 0.37 0.41 0.14 0.74 1
GBIGM 0.11 0.07 0.12 0.09 0.13 0.10 0.08 0.08 0.13 0.16
0.1 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 0.98 0.06 1 0.96 1 1 1 1 1 1
KCCU 0.62 0.17 1 0.95 1 1 1 1 1 1
GBIGM 0.12 0.17 0.19 0.18 0.12 0.20 0.13 0.10 0.19 0.12
0.2 2eXGB 1 1 1 1 1 1 1 1 1 1
AGGrEGATOr 0.93 1 1 0.99 1 0.80 0.27 0.09 0.14 0.12
KCCU 0.28 1 1 0.83 1 0.76 0.41 0.15 0.28 0.12
GBIGM 0.19 0.20 0.25 0.31 0.23 0.26 0.26 0.29 0.22 0.10
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Fig. 3 The efficiency box comparison diagram of the four methods under the setting of the first type of simulation data
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Fig. 4 The average power of four methods under the setting of the first type of simulated data
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Tab. 2 Power values of four methods under different sample sizes

Method
Sample
Heritability ) AGGrE-
Size 2eXGB KCCU GBIGM
GATOr
0.2 1 000 0.67 0.15 0.11 0.20
2 000 1 0.18 0.38 0.16
3 000 1 0.11 0.55 0.23
4 000 1 0.31 0.76 0.21
5 000 1 0.26 0.87 0.12
0.4 1 000 0.68 0.18 0.13 0
2 000 0.97 0.16 0.11 0.04
3 000 1 0.35 0.20 0.11
4 000 1 0.54 0.37 0.11
5 000 1 0.65 0.58 0.05
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Z ] EL AR B A Ay R DRI A WP S 3 L 5 B
PR PR N Z ] B 223X — BT B A 22 ) FLAE
T A B 3G 58 T 7 1 ) A D 5 DR A B4R T A
KA, P BAHE S50 45 R R W, geXGB TR & %
MAF SFAMBL = NSHMEMAGEE T, HH
T EX Ik g i3, Bk sk b A%
R MAF FIREAS UL R3S K R A R e i a4, LA
S5 SRR I AR R PR ARG A s
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