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Abstract: Complex diseases are results of gene-gene and gene-environment interactions. However, the detection of
high-dimensional gene-gene interactions is computationally challenging. In the last two decades, machine-learning app-
roaches have been developed to detect gene-gene interactions with some successes. In this review, we summarize the pro-
gress in research on machine learning methods, as applied to gene-gene interaction detection. It systematically examines the
principles and limitations of the current machine learning methods used in genome wide association studies (GWAS) to
detect gene-gene interactions, such as neural networks (NN), random forest (RF), support vector machines (SVM) and mul-

tifactor dimensionality reduction (MDR), and provides some insights on the future research directions in the field.

Keywords: machine learning; gene-gene interactions; genome wide association studies; single nucleotide

polymorphism; epistasis

Y #5 HER: 2017—09—-20; f&[E1 HEA: 2017—12—-28

Ee&mAB: ( 61772197 61370172) [Supported by the National Natural Science Foundation of China (Nos. 61772197 61370172)]
fEE &N E-mail: hnsfdxpzy@yeah.net
I E-mail: tangzijun0531@yeah.net
o
BWES: E-mail: xieminzhu@sina.com

DOI: 10.16288/j.yczz.17-254
P 4% B B8] 2018/2/1  13:25:26
URI: http://kns.cnki.net/kcms/detail/11.1913.R.20180201.1325.001.html



219

(genome wide association

studies, GWAS) DNA
«( )
(single nucleotide polymorphism, SNP)
SNP

(missing heritability)” ™

SNP
SNP l

SNP

DNA
[3
SNP
[4]
SNP
SNP
SNP 3

SNP 3"

[8]

(machine learning, ML)

o 20

SNP

20

(neural networks, NN) (random forest, RF)

(support vector machines, SVM)
(multifactor dimensionality reduction, MDR)

1.1 MEMLE

(8]

[9]

SNP ( )
SNP
[10]
[11,12]
Tomita [ 172
172 17
25  SNPs
10 SNPs

74.4%



220 £ ! Hereditas (Beijing) 2018 40

(back propagation, BP)

(genetic programming, GP) (gram-
matical evolution, GE)™*®! Ritchie [
(GPNN) (BPNN)
SNPs GPNN
BPNN[I® Motsinger 17! GPNN
- 1600
(case  control 1/2, SNP 10 )
2 SNP GPNN
(heritability) 0.5% -
86%
GPNN (mitoc-
hondrial gene-sex)
Campos [
GPNN GENN
- GENN
GENN
1.2 BEHLER#E
Leo Breiman (19
4
(bootstrap)
N
N
(overfit)”
[20]
SNP
SNPs
SNPs?!

[21-25] cpen 123
(hereditary spherocytosis,
HS) 41

HS 150 HS
Bureau 24 131 217
42 SNP
SNP ST+4 BC+1
(100 SNP 10 000 )

[26]

SNPInterForest

SNP
SNPInter-
Forest SNP [27]
Pan [ (mutual informa-

tion network, MIN)
MINGRF(MIN guided RF)

RF

1.3 XHFmE

[29]

(binary cla-
ssification) (regression)
SVM SVM
( ) (
)
SVM [30~34]

2004  Listgarten % SVM



221

SVM
SNP SNP
Chen [ svMm
case  control
Shen B4
Shen L1
SVM( )
SNP SNP
(logistic regression)  Bon-
ferroni SNPs L1
SVM SNP
logistic logistic
SNP Ban B9
SVM 462 2
456 87 408 SNP
14  SNP
70%
1.4 ZE-FHEYE
2001  Ritchie  F
- MDR
- (case-control)
( SNP )
MDR
X ( GWAS SNP
) X
SNP X 3
MDR
3 2 X
t
( t= / )
X
( )

(permutation test)

MDR (model-free)
MDR
[37~45]
Tsai [0 MDR
(RAS-ACE) MDR
3 SNP 2 SNP RAS 1
SNP ACE 3 SNP 10
100
P-value  0.001
- (>50%)
MDR
21 MDR
MDR (43]
MDR
[44]
Leem [#4

EF-MDR(empirical fuzzy

MDR, EF-MDR) EF-MDR  WTCCC
(Crohn's disease, CD) (bipolar disorder, BD)
SNP
Gui 1 x 3

RMDR(Robust MDR)

Gui RMDR  MDR
RMDR
MDR Lou [
MDR GMDR(gener-

alized MDR) GMDR

GMDR



2 i Hereditas (Beijing) 2018

Chen 17 UGMDR(unified GMDR)
1

x1 NRFIFENRBNERMYE
Table 1 Advantages and limitations of machine learning methods
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Table 2 Application of machine learning approaches to real genetic data
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