Tl KEHERAR

W8 A 5 4= 5% i FN Vol.8 No. 5
201949 A JOURNAL OF INTEGRATION TECHNOLOGY Sep. 2019
g HER

YIS, AR, FBON. T 225 T Lo L s A R I AR A (1), SRR, 2019, 8.(5): 72-85.
Hu YS, Zhu MC, Yin P. Genome-wide association study of cardiovascular and cerebrovascular diseases based on multi-
step screening [J]. Journal of Integration Technology, 2019, 8 (5) : 72-85.

ET 2Bk A8 O E R AR £ E R E KI5
B AR R

PR E BRGNS RART B Y 518055)
TGRYIRZE Yl 518061)

B OE AR R FURBT IR AR AR A 28N ) — Ao BT B BUA SRBR M 2
HIRIAG G IR R TTE, (HARH ERERA S . BB R BUAS AR & ) Ao 12230 LG i L8 507
NWFFER R, $RH 7 — M3 T 2P ik i Ak R SCBR M 7 ik . VAT LA AR 9 AT
PG ESEMA Gini fREUSRFIERIARTHGE, RIG MR PR TTIR 2 ST, AR TR
H138 T R H BRIA N B TR Z S T RP RO A TR E S . SLIRa R, 2Dkl
PCRBRHEIE B ROR B4, 26T Gini F8E0K02E T BEALAR AR I8 V1 SR BRIE TR 1 L IR 2 25
P55 5 1500 1R R IR A B v

EHER LN RHEERE: R EREZ S 2k
FEISES TG 156  XHEMFRERE A doi: 10.12146/).is5n.2095-3135.20190702002

Genome-Wide Association Study of Cardiovascular and Cerebrovascular
Diseases Based on Multi-Step Screening

HU Yishen” ZHU Muchun' YIN Peng'

'( Shenzhen Institutes of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China )
*( Shenzhen University, Shenzhen 518061, China )

Abstract Genome-wide association study (GWAS) is an effective method to study genetic variants associated
with complex diseases or traits. Marginal statistical test is the common method of GWAS, however there
following weakness such as lack of consideration of correlation between the features and unstable threshold
selection. In this paper, we discuss a new method of GWAS based on multi-step tests model for cardio-

cerebrovascular disease. The method can be divided into the following two steps: Gini index is used for first-
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step feature selection to achieve a subset of single-nucleotide polymorphisms (SNPs), and then random forest

recursive cluster elimination (RF-RCE) filters the associated SNPs subset from first-step candidate SNP set.

Experiment results show that the multi-step feature selection is better than the single-step feature selection, and

the selected SNPs are more suitable for cardio-cerebrovascular disease prediction.

Keywords cardio-cerebrovascular disease; feature selection; single-nucleotide polymorphism; multi-step

selection

ik

1 35

A R R 20 SC BRI 5T (Genome-Wide Association
Study, GWAS) s& —#f FH Tk I 18 4% A2 e 5 AR
R WL B AR R BRI T 773, H AR
N TSR T R R T8 ST A RGBS S5 R R A .
M 2005 4 Science HATI & K5 — RN KR
¥ GWAS LIk, Huaro&kIA B 50 7ith
W NP0 B R A BRI 1B AL AL . GWAS
R 2 10 R R EAL 1 52 % 2 o gt A% 2 40
B, ANEERMMEIRAERRRME T2 4 NG
R

BE%E GWAS HIAWIKE, HEICH 7 HNM
15 AF, @l Plink. GenABEL %5, HR¥E1X
SRR AL B, P GWAS 7 M 72 )
RNEARIE BN SCE g 2. Hodr, BdliE s
C& KRG R RIB B 2 H 1 72 Bl
AR T . R RBR MM, B P
KRB RGN BT R Z &M (Single-Nucleotide
Polymorphism, SNP) {7 i 5 % B 1) R IR 58
Hrp, PAEBUN, FRoRRECHEBGR. P AR BE
WERIE T GWAS R H BT S A SRR FE
Ak, TR AR TR S ) GWAS T
g H TR Z N A . i, Hadji-Turdeghal
BT I [ 3 W R BT 5 RO SR B 1 A S s
i rs12465214; Nielsen 25"/ id 45 7746 56 & BL
T ML R ) &y LRl ZNF529; Matsukura
2SN ¢ IR ORI R BL T H AN 3 ik

PRI UM 67 A s Klarin 25158 138 4 8] )
I3 AT EBACA BATL ZE N B it 2 B A% 1 (DNA)
HR B T LA 5 AME B K5 A < HET SNP Az
R [EI IR AR BT —Fh 5 K AR T A 5% 1
RAF——the Factor V Leiden mutation (FVL) .
SR, DL B3R B 5 IX 28 T7 L AR a2 R OB N A
SNP 73 #fr iy, ZH& 1 2 SNP [AIFIAHEAEH . 1M
PR ) R AEAAA R e — AL f B B H
SNP A RAALH) . Rk, BT 1= 5 A
ik GWAS J7 %2 B2 B BA At A 9 1
(R Il A, LA R AR a2 BB 5 R e AR i
Pl SIVE N ERZ R I H TR, =2t [
F &R B EEL, AT PLR A g A 5 ) A
A, BN STk 40 R e B aR AL L. BT
FIATHFENH SRR A, TR A (R
i Lasso A 5U&[EH45E) . BEHLARAM (Random
Forest, RF) I SE FHHLAE AL A% 5 ) T ik ok
HENHESEERE KW 2ERNASYE -, JFH
BLES 5 ) D70 A R At AN G it A 5
I, FETHLE S S HIE M) GWAS 7R ik iz
D TR R T HREE T EHLYERE
AW A AR R e, T LA
¥ 2 GWAS AHCHEFE RIS IT RE . #iltn,
Sun 57 R RV 773, 0T B ELn SR KR
PEIRTT 58 G) BYEAL A 1. 6 Fl 9 5 Juth fik [X 45,
ff) SNP; Kim ™6 RF 8B4 I,
B — A0 U ZEAR OC I XU SNP; - Arshadi
28 OVt PR P82 B THAL AR AR Xk S i 00 B 15 31 e HE 42



74 £

BEoOR 2019 4

[t SNP Az A E N RIRAL i PRI, 54Tt da Al
b, JEFHLES S 2 IR GWAS TR R 34
TS TR EAE IR, o B R g B Bk
M2 1) SNP A 5o

AR SCRAC i I R DRI FERT B, St — b
BT 2Bk KR SNP A i 7% E@
1ok SCHR R BT AT LA, AR RS R B Gind
FEHAE IR 1R L BRARLBI SNP, Ji/b it
HE L, FENH 5 A% 52 (Genetic Algorithm,
GA) ORI T BE L AR AR A 38 8 3R 2K BR A
(Random Forest Recursive Cluster Elimination,
RF-RCE) ", {d SNP 13 HUAS 52 B {1 5 £ (1) B
i, FLIFIE SCRE5 8 SNP A o5 2 [E] (P AH EAEH

Horr, BFZPHEENLEET: (DEDT
A, SCIEIRR AT (2) B RERFIE 5%

BRI, 780 FIH SNP A7 i 2 [8)AH LA T 545
(3) I HI 46 T/ L 5 B 22 TUR AL L I 5 A
FHRAL R 2R o

2 MRS

2.1 iR
2.1.1 i RIE

AR SC T FH A0 B 0 I I A 0 AR A A
NIER H R, RE TR H & 1E IR,

A 1356 DMFEAS, MIFF 596 848 4~ SNP i/ i
R RBE, fFE 1 163 ANIER AREAR 193
M ERFEAR .
2.1.2 HRE kb3
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Table 1 Format of genomic dataset

K& ID A& 1D A% 1D B L5 PIIRE SNPI  SNP2  SNP3  SNP4  SNP5
1 0 0 1 1 AG AT CcG cc AT
1 2 1 3 1 2 AA AA cc AA TT
1 3 0 0 2 2 AA AT GG AC AA
2 4 0 0 1 1 GG TT GC AC AT
2 5 4 6 2 2 AA TT cc AA AA
2 6 0 0 2 1 AG AT CcG cc TT
3 7 0 0 1 2 AA AA cc cc TT
3 8 7 9 2 2 GG AT GG AA AT

e FWPIREH P 1 AR BT, 2 AR ST SNP 1 i1 RER 7= 3 S R 7 3RS 1) SNP B 43 11
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Table 2 Pretreated genomic dataset
SNP1 SNP2 SNP3 SNP4 SNP5 PR
1 1 1 2 1 1
0 2 0 0 0 2
0 1 2 1 2 2
2 0 1 1 1 1
0 0 0 0 2 2
1 1 1 2 0 1
0 2 0 2 0 2
2 1 2 0 1 2
0 0 1 1 0 1
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Table 3 The number of SNP subsets corresponding to

POERINE
1 SNP L SHIEMETHE

Fig.1 Manhattan plot of SNP loci

different thresholds by regression analysis
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Fig. 2 Prediction curves of SNP subsets on 7-test sets under

different thresholds of regression analysis
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Fig. 3 Prediction curves of SNP subsets on test sets under different thresholds of Chi-Square test
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Fig. 4 Iterative optimization process of genetic algorithm under different fitness functions
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Fig. 6 AUC of various algorithms under different initial cluster numbers
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Table 5 Related SNP loci and their matching genes

F5 SNP ID BT L B RSN SR

1 Rs12692222 239413172 2 MLPH
2 Rs7591026 170271626 2 TANCI
3 Rs3732933 184911151 3 EHHADH
4 Rs6818184 118560727 4 LINCO01378
5 Rs378932 5609695 5 PLPPI

6 Rs17074404 145208507 6 RMNDI1
7 Rs1010795 22720023 8 PEBP4

8 Rs1690627 31294981 10 ZNF438
9 Rs741198 92367411 14 FBLNS5*
10 Rs2062250 64672002 15 PCLAF*
11 Rs2008344 3741562 16 TRAPI
12 Rs4793360 69543626 17 SEPT9
13 Rs844956 140450241 23 FAMY9B
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