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A Prediction Model for Complex Diseases using
Set Association & Artificial Neural Network

Hyunjoo Choi" - Kim Seung-Hyun" - Kyubum Wee™

ABSTRACT

Since complex diseases are caused by interactions of multiple genes, traditional statistical methods are limited in its power to predict
the onset of a complex disease. Recently new approaches using machine leaming techniques are introduced. Neural nets are a suitable
model to find pattems in complex data. When large amount of data are fed into a neural net, however, it takes a long time for leaming
and finding pattems. In this study we suggest a new model that combines the set association, which is a statistical technique to find
important SNPs associated with complex diseases, and neural network. We experiment with SNP data related to asthma to test the
effectiveness of our model. Our model shows higher prediction accuracy and shorter execution time than neural net only. We expect our
model can be used effectively to predict the onset of other complex diseases.

Key Words : Artificial Neural Network, Set Association, Single Nucleotide Polymorphism(SNP), Complex Disease, Bioinformatics

1M B

E3A gl oo FHaEe] AEAE o fste
A9 g BecH12). o9 B3 AL o FAXNEY}
%t AT AEafolze BaAHS 7] wRd AE
A FAAY A 84 9yge Aedte AY fAAE 2
=8 o3 ge] sitt 2EE dAe 9d 97] oA (single
nucleotide polymorphism; SNP) ##4z} 23 <uja) 3
(haplotype) ¥4 22 72| ko] £A 7ta Q) o)
§ SNP #4 A7 #dd Fdxe xE dejE v

# o] EEE 006K E ANGHe)ERe] deon duviebave] Qg

ol aEl 2159l (No. RO1-2006-000-10775-0)
A g aeelel M A oy

T 3 dolgdista o|AdE o7 zag

T 384 olFdEta AR RAFE T s
=4 2007 114 139!
F 4 9414 20089 24 259, 221 20084 49 H5Y
AAbghE 20084 491 209

ofqet 71ES A# EA4el v ZatA dehdA g &
A G AAs=d R8Il

SNP2 <139 AlEAA % 10007 5 dhhe] WER
Be FdstA @2 d4718 2k o AA Asy
0.1%° sFAL AAAE td2A s dde] ok
SNPe] gtef e&(exon)oll ok s Wi @¥ide] g
3 5 Az, 9 dEz A3 Aol fEE F£E
ATk SNPe] QIE&(intron)d] EAFE FHz 28 =
A3l W7t 4A FWe] F58 FE Ak weby @
Aok B399 SNPE ®lE $Astd A9d A de
SNP& Zohd F A& Ao}

EG SNP A7 %F ogojzts A Ame a3
AN E oefrt ot 2L %g BEFHE el EA}
GEgAY, o" AlgelAlE §34o] dojus § &
e whgo ZolE 7tH = AE SNPH #do| Ut} o
2 SNP BEE o] &3t AAAANA AFF AR} 7bs



324 ZEXNME|IEH =X B MI15-BH HMA4=(2008.8)
3 ZcH3]

olXy AW AAHY SNPE = A7 2 99E A
Y AlEE #Age s E7ea deolge] Wogs) B4
2 Qe ATl B ofelgo| Utk dA 4 SNP A+
Wlo = 3] A (logistic regression)[4], 2174 W& o] &3t
H[56,7], multifactor dimensionality reduction (MDR)[89],
set association[10,11], random forests[12,13] §& o]&3%
W Eo] ArH14]

AT EZE dolgdA dAT fHbE o} o] &
Fite 8ol oy nd2 53] v Age] B3t glo]
Eo F& A%< 2o a3y oY delHe FH7 Y
F Bod e #F A B B oy AAgd oW
AlZbo] A= "J"ﬁ"l ek

2 AP M olF F537] A8l set association® Al

A4E A *Hir Bdg At ole AL AF
gt

=89 FAL g3 2o A2FdAE A4, set
association, 22|31 ¥ E=FA A¢tets 2dd fste A
g3k A3 E Ak RdS Algsle] giEAHQ B
FABQ HAL fEsted #¥E SNP HolHE £4F
ot A4l s £ AnE A9y, A 5 FelAEe A2
£+ M&dit

2. HErde A2 MEY 2W

21 AFY
AT AFFLE H9 F2u AL gesAA +8

Hoz RAYF AN RPN, Mo AHMEA T3
£ XxE(node)?t == HE AZF}E oA (edge) 223 7
AZd FoHE d2Z=(weight)2 TFAAET =8 44

Mol A G 2A o3 e 28 YA + ey o
EREH Y48E Wolsole & Y4¥8%F d4=E F8&
= 32 293 483 93 Al F43E 242
(hidden layer)e] gl Fc}.

2 AYdME 483, 93, 283 FAHE A
(feedforward) VIEHAE AHE3I%ch A YE A
dEEF 24 EF 285y Yo g AA=HY 93, £33
A QEzoge AHH AAL EAER Yoy 7t F9
REEL 2L F U9 ==53E 9Z25R g3 23 ¢
S %9 RE xEEY dAHo YdE HEYAE LI

2L F U xEEL2 VFHOE T AL FHEY
A7 &9 718 a7t 2o 243 L AZF g o
Ay 5A4& F93tqd YEYIY THE A= &
ozA HZFE 24 =59 Jod 7]|E9 HY FA=
YEZ T T 2 BT vdy BAEL F Ao 7t
i a3y Hge &Y xs9 8 FASNE AL 4
* BA7} oflch wef YR HE F9] JE xEF AR
gt sHgo] 83 A ol A ¥ ¥ (underfitting) ¥} =
& blojoj27t A F 93, YR UF B 3E k=

ALE-slH Edelyd o Y(training error)E Zrold 4= 9l
v dekpe g Qg Q.ﬂfl%(overﬁttmg)ﬂ 2 Hia o
of Aukzle] glojA A EL &L ZA H7 o

olti15], HH9 &4HrxE #2 AARsh dubEd uhy

oA A FTHI6).
2 dpdAe 34 2y 43 2oy &Y 9 &
& WA 7Y Ko FYFEE Folu gt

r|,:> r-[u H2 |o ruL;L

22 &5

A7 flgez EoloE dHolHd did SFHd w2
29 xS 42 715AE ¥ E 3A-E ol
o @ B AgeA s @5 S5 (supervised learning)
W F SR M ®ol ol&HE oF ddv dugdEe
o] &3kt o7 9d3Hback propagation) ¥igFES 74
At 87 (gradient descent)®} ©]#-2] 47 % (chain rule)
S A& 2FE Jo2 dusie WHoRA, Mo
2 F9gE Tate A F9@3} wAgk(teacher value)
2 Hludte] E T o]E Jo Ads AARE
€ ¥3AA 1 Aol & AaATe HHFo Yy

oF QAs dueFL AF DM 7HF Bol o] EHE
gadgolAwt 3 7k EAHEE 7HA3 gk WA o] w
Yol 71&717F & AAEE welzke 3AF 3 e AL
7] W&ol A7} Q0] obd A Y HxHe| 9EE 4 U
£ Folth. 2 AYH HAHo] ol viEgke] 02 XY
HaAol o7& $1go] ATHIS, 16l 01'5 27] % uy
T 7t &Y k=9 & F7MIIE A £ AT
e &Y =t £& H3A7EA ’é“é% PoR oF
g & A& Aotk & b AL o] gEH|7A
B2 359 W dgo] Aasdy el g8 AHE J9
38 F e Aotk o] A Hd wE A5+ =
T EAA 7HEA o] W A4EE Pash

2.3 Set association

Set association THF2] SNP Ho|H 2R E W] Agg
259 F8 SNPS 7] 9% FAAHA WygozA 2002
d Otte} Hohell 2l&te] Algk=EAcH10,11). o8 sy E 2
SNPell th% allelic association (AA) E7|x]9} Hardy-Weinberg
Disequilibium(HWD) EA1217} dasich AA SAXE z
SNPol| tfste] SNP9} 24 -fF(disease outcome)}te] 7
ALE 2% ¢-FARolx, HWD E4X& Hardy-Weinberg
equilibrium& #F7Hd2 3o} Z SNPS] £4F AEE &
# ¥-FAA o),

2} 2§14 HWD Hap7h & SNPES A #d
o] Stk 9mlejrh. A TFNA HWD HA7} E&
SNPE& genotyping errorg 9Jv|3t22 33 SNPE A|A
&7 HWD#S 022 93 = E2| % (trimming) 2
o] "asjr}

AA EAA g HWD EAXE Fdd Az EAAES
B o] gtoll wel WlAe AEE F F, A= gl



= EAANES #e 9l % MR sy gEzie o
g Az ?ﬂ~r N-_%—l SNPE9] AFYES e Ut
Permutation test2 2} 3§19 p-valued 3L, p-value?t
minimume] 2 ] SNP e A¥¥ #Agl= SNP 3
oz Adgc AAT fAL (29 Do} 2ok

Allelic HWD for
Association(t) Association(u)

. . = . 5

NSNP:DH CHoll s=t*uZ J|&tet 1)
SNPEE s2i0ll thato] Elki=2e g dEstilt

(s;>32 )

. 5

0|2| Aoll=2 NIHAl s Q°| AH SAXl SE Alittstd
(S(1)=s, . S(2)=s, +s,, -, S(N)=s; ++sy)
Permutation testS S50 S{i]QJ p-value P, 8 78ICt.

. =

Py. Py, Py SOIA Xl 221 S P2t SEALOITH
18 SNPRE kP SNPOIAIE £Q SNP2 MESEHTL

Trimming

(2 1) Set association Lgfe| 0k

24 Set associationzt MZAYE ZEtet DH(SANN)

E3dge fEste o 4898 Ao 9gise d49
SNP Fol|lX U8 o2 set associationd ©]83te] 459
F2 frAzs MY F Adg SNPEUHE 7HX 2 473
1S F5AIA ol SNPESY 43 (genotype)ell <34
B3 w4y g o3 (2 2 #F)

] &4
(GI01ED Sel association ANN lgs :

(3% 2) set association® AlZ2E HEst 29

2 d7elA AAste 2 REALS 4FE] S8k
EH.EF.’E“L. E3AEQA A4 e fEsted A€ SNP fo]
HE 435t 482 of2vd B8z fEHE of2
@ AU HA(AIA), ok=3A Ui HA (ATA), 3
AANC)Y Al 2§22 Yrol S5t H4 TS
F OFLE UE ot AIA% ATA Abol9] 534<Q) SNP
€ Zoz] Foloh A YA E AIAYA ATAYA
net 247] & 87t PR, FHULE o AT
£ 7] g€ A7 goh =8 14 222 dF¥sd 2
T 42948 ¥ol E&3 ofxvdFe] APHA AHBA

& Zobdj7] PE7] Wl FE #7448 pharmacogenetics)
A w23 JF3A o] €€ TEY & = SNPE
Zoge Ao & AFY E g ZFo|r}3]

Te Zai LEYE 0188 SE=A s 325

3. & #

gL 497 SNPoll th3h 4839 (AIA 149, ATA 1811,
NC 1534)¢] de]gE AIA vs, ATA, AIA vs. NC, ATA
vs. NCo| A 2Fo yo sk Ay ALed
SNP diojH& & d7"e 4% dig ddozie AT
& AA do]ge]tt

(2% 3)olM st 2ol 74 aFolM YAHZE set associ-
ationg ©] &3t F23 SNPES Mdsgc dAaxoz
set association® °©] &% Z$eli= AIA vs. ATA 159
745 1670, AIA vs. NC Z2§9 7% 1178, ATA vs. NC9
749 13719) SNPe] %8 SNPoez XAdsgich Adg
SNP‘: < vms) B dx 2§57 T8 SNPEo| tES ¢

F gk AdE F8 SNPES N3 %e 8oz 43
ﬁ}i‘iﬂr.

AT (2y 49 2ol AbdHfeedforward) ENAE
AFEEE I Sgdle o F A dueFE A

4833 2| 491 SNP data
(AIA 14998, ATA 1819, NC 1539)

: 2

Set association

Selected SNP

ATA vs. AIA 1621
AlA vs. NC 1104
ATA vs. NC

1300

ANN

- =

Prediction

Data °© —

Teacher value
. . O Case=0.9
4 pk[ : \-O Control = 0.1
N . =
@ _F.—’__,....---"'""‘
¥ il Predicted value
: : Case > 0.5
@ Control < 0.5
sNPn [@
Input layer Hidden layer output layer

(38 4) aEol AR2E MEY =



326 IEHCIEB=IX B H15-BH H4=(2008.8)

A%l 43 e F o Z SNPY #43(genotype)oll
o2t ool dE f32Hmajor allele)oll = 0.1, 252 ¥
F#2} (minor allele)oll= 099 98 @& Fot

§ 59, (¥ 4)°lA SNP;2 major allelee] Co]x
minor alleleo] A o]}, SNP19] fH&o] CCY A$ol=
SNPi& adgsts 7 M9 d8x=d Z2 010 48
ot fFH¥o] CAold 0.1, 097} U, FHAFo] AA9]
® 09, 097} YH€dr}.

Z3 72 control(AA)L 01, case(3ahE 099 @ F
oA Ete, o3 Aoe Eggte] 05 oldteld A4,
058t 39 gxz /¥4 (29 4 F=2).

SH:EE VA 1671744, ¥HE814(epoch)= 1008
oA 200087+ WA A7 AFFE FASAT &Y
E 9 g8 358 AT 4 F Sl 10-fold wAHEQ
(cross validation)& 538 17 =(sensitivity), 5°]=(specificity),
A 8% (accuracy) & &334}

Aol ALEE AA G CHOJZ, set associationS java
2 FAAs9 3 linux7]¥+e] intel xeon 2.8GHz CPU$ 2G
v 2ele] gl Ayt

4 8 #

Z Ay WS F8x(accuracy)d A¥ AZEE V|EL
2 grtdd, 8= 10-fold RS T3 & A
2 4T U] d& FEAGEY 4y ATL 24x
EE 1AM 1674744, ¥HE315 (epoch)E 100¥ oA 2000
A7bA] AN A AR TS FAEAM 2 dF FF
=& FA4scd 4™ 2 99 Aol

41 MNZFYokE ALRSH Z4S(NN-only)

49748 A SNP& 2173 o goz ¥ HA ¢
¥ oREZE dZEYrt. AIA vs. ATA, AIA vs. NC,
ATA vs. AIAS] BE A%, dF F¥xe o= sde
ARG gho] $EskA @1 AEFE ZH5S B

(¥ 5)& AIA vs.ATA 189 92 AYx Jgxolr},
WHE Sl o) mhel AAHoR F5iAY dPE e REge

Neural Netonly ( AlA vs. ATA) |

7 |
0 - ||
. s |

L}
s

g

=+1 ]

Accuracy

03 e
§
0.2 1]
1l
0.1 12
[ 13
1] 1

Holx] gov WUFsE EFvo] el L4YxE7} 14
jola wkE 847} 1500 epoch o) 064069 7+ &2 o
& REEE ngon dE F 1§ vl AAHeE ¥
& 43 JBREE Bk

AIA vs. NC &9 4% (2d 63 o] &4xEr} 1
MY W 05 A= FEESE oyl 2Yxc=7} 27)
d Ry AFse 2L EA Ju FYEE 24y
=7} 1170 ¥HE 315271 800 epoch® ® 0.61382 }Ebyic).

ATA vs. NC 2¥9 dF A=+ (28 79 2. 2
Yx=7F 171 o AIA vs. NCY A$B 25 E& 055
A9 HUEE Bgd 2Yx=7t 27) o] 4Y wRE A
Eohe dEe] Rolid 24xt Fo mE 9E AYE
F7t e g3 FEE] Jsh M 5 A¥%EE
0697022 &4Y:x==7} 137§ wHE314:7} 1700 epochd ™
vhebato

Zt 2§AM Ha 43 JY8EE <H 1> 2o AIA

Nerugaal Net oy (AlA vs. NC)
o7
-1
-y
]
t
-9
T 04 -4
4 -1
5 03 —s
|
02 "
gt |}
LA "
n
s "
10 500 1100 1800 -y
%
Faoen gyscs
(3% 6) AA vs. NC I &0 MBYE HES HARe| ol
pal-id
Neural Net only ( ATA vs. NC) o

0.8 -y
3
<4

-
g
A}
—
=3

L]

"

7

0z

0.1 -

o N . "

100 600 100 1600 ‘Iz

Epach guxcs

(32 7) ATA vs. NC J80| AZLE NEF Z o=
Mg

(Z 1) TH| SNPg A7 2AE AR 0% Mz

&Y k= F | WESE (epoch) | AHE (%)

(2 5) NA vs. ATA 20l LAYS HEF Z oF F&x

100 600 1100 1600 o AIA vs, ATA 14 1500 64.06
16

Egoch FATT=pS AIA vs. NC 11 800 61.38

ATA vs. NC 13 1700 69.70




vs. ATAS] 3% of 64.06%2 AZREE HUT AIA vs.
NCeo| 79 oF 61.389] HYEE Bon ATA vs. NC9
AT 69.70%2 <3 FE=E B

AA SNPS A7%e] oz 3n M4 U oRE
q&3 Asol 4 2§ % AFEE v BYch(aY 8
Z=z)

LYxE FE D ST E el o 2 £2 1
Aotz NEASFE WA 2 1§ T AYEE v
& slusith (2y 8)dlM BW wHESIFo] Agglo] Hx
AEE7} & 250 iAo & FY:E Yehln
Ad&E & Ak F ATA vs. NC, AIA vs. ATA, AIA
vs. NC €22 %2 9% AY¥:E 29t

Neural Net only
08
o7 ~—ATA vs,
06 % ;-:, ?.E; : : ; NC
05
~o=AlA vs,
Eo.a ATA
¥
203
02 +‘;:""'
01
o
100 600 1100 1600
Epoch
(% 8) Hx| SNPE AlZT0| YHE AR ofF Yz I8
ZF H|m

42 Set association®} AMZUS e RHE AIBE AP
(SA+NN)

(28 9+ AIA vs. ATA 2189A o2 F¥dx gg=
ot} dF FFEE Y=L 17] U 9 056252 yHE 3
ol BAIgle] AUt LY==} 27) o] A4Y wiH
aRx7t AFee Ego] veled Y= $£71 7}
B4 E, MEIFIL FIEFEE AFo| Folx= AFL B
Gtk WE3 7 ZokestEA 238 AAHor HE}rv)
Rt Fade HFE HolEd ol AFPo] 2 g
(overfitting) g 222 & & Qlty. ey &o|@d Foijzl &

Te Zan AZYS 0183 =SB o= 37

& dolEd disirE delE Hi3 A7) S ZAAIT
HZE dolEd disjM= F8 7]50] H2 5384 23
A e @tk 24x=rt 16700z w357 200
epochd ® 07759 73 & Ag=E Bk

ATA vs. NC 289 #A$E &4r=7} 171Y gfig A
ot HEE Byl 7R 2YrE $7} BolASF
& onmyg He FF%E AT 4 Udg. eYxe 71
20w FFHoz s & AUEE pgoy Hu A
gxe 2YxE7t 47fo]ln WHEBISE7L 300 epochd
062079t} Wt AIASH NCE FE3:= dols AdHe
2 A2 F9 e4yxErt doddn & 5 A 42
A% aHTE (29 1007 2ok

ATA vs. NC 250N ewuy &S Sals] fgha
g ok (2" 1DE 2E 24xsr 270Y o A =
E A% Hx9 AE=7 Yt ook 3 FYEE &
Yix=7F 27)0] 2 vHEZS=7} 700 epochd = 0.80300] %t}
g BE3LT golAd S E AR} YolAs AH3e B
olmg oWIYS T £ HYTE A7 dHME 3
< 79 Y=g ML ey Aoz ¥

Set association® ©] &3l F2 SNPE Mdstn oA
A% oz st Wil M= AIA vs. ATA 3% <
775%, AIA vs. NCY 7% < 62.07%, ATA vs. NC9] 7%

Set Association & ANN { AIA vs. NC) e
0T ¢ — iy
3

i
06 | -
+§
05 | T —e—g
04 + e e e B —-——1
-8
§os - iy
10
] "
12
L —_— 2
[1] " =
100 600 1100 1600 i ::
Epoch edxcs

(32 10) AIA vs. NC &0l set association®} AlZ4ote 0|28t
aRe s Helx

Sel Associalion & ANN(AIA vs. ATA)

100 800 1100 1600
Epoch BHLE S

Set Association & ANN (ATA vs. NC) =,
09 -
0sg '—r—__m" -a = -— W - 3
> " & - - o’
D i " = e - 4
07 ——m%_uﬁ'%n_ﬁ W@-@c&*‘? g
0.6 ——
i
EO.S v
04 —3
0.3 10
| 1]
02 ”
0.1 [E]
"
0 b ]
100 600 1100 1600 IE
Epoch -1 =

(32! 9) AIA vs. ATA T120] set associationD} AlHate 0|28
A9 oE HEs

(222 11) ATA vs. NC 2801 set associationZt AlZe 0|2
8 Z2o| o= Has



328 FEMEIZE=EXB H15-BH H4z=(20088)

+ o 80.30%°] EL dF FEEE BYrh < 2> F
gzt Mg 58 348 BAE

2YkE £& Ha FEEE Jeld g9 2 F2 1
Astn YHEZFE WA AYIY 4 O2F ¢ AEEE v
& Bl UM o2 set associationd AFEF A%
ghE 34l Qo] A1 AFEE Z4E IF £oE 58
A= E JendSith ATA vs. NC, AIA vs. ATA, AIA
vs. NC €28 & ¢F FEz& 29& (2§ 1244
gag 5 gl

HEeol A3 NS 7|Fo g Zhzte] uhye] 4% v
w3 BATH<E 3> FZF). HA SNPS 47399 ggez
g Agels A 2FAMH BT 60%de] AREE BEon
set association® o] &8l FQ SNPE MW Fo| 474
gl 48 APl olBt 2 60~80%Y FY=E B
Aok YatHeg F23 SNPES A4s o]5L AN74Ye
o2 o oF3te Wilo]l MA SNPES o] &3ho] o
F3he WYt BE OF0M & dFEE 2yt

A YA F M E set associationd ©] £33 e &&
AL & 4 2drh <E 3>& KW set association
WS o] 48 A4 Hdl oF 26000%9] A3PA|zte] A=A
g ARG AFEE A FHd] 76000% o)) Alzte] 2

(E 2 Set associationZ} A1Z22 0|28t ¢ HEx
'?‘

ubE 21 5= (epoch)

&Y k= HEE (%)
AIA vs. ATA 16 200 7150
AIA vs. NC 4 300 62.07
ATA vs. NC 2 700 80.30
Set Association & ANN |
0g .
0E 0 e = o T T g i
07 | o ATA VS|
06 e =
EM W kv |
2 ATA |
8!11 f
03 =plAvs, |
0z |————— Hd
0.1
o
100 800 1100 1600
Epoch !
(3% 12) Set associationZt 41ZYUE 0|88t o= H&zol 1
& 2t dlu
(B 3 F 71K dhgel Mst|n
ANN only Set association & ANN
Agx | AN | AgE | NS
(%) (g8l &) (%) (9] =)
AIA vs. ATA 64.06 76609 7750 26043
AIA vs. NC 61.38 64177 62.07 18289
ATA vs. NC 69.70 74256 80.30 22559

d-& ¢ + 3t} Set association2 E3 FL SNPE M4
3k ol of 25029 Alzte] AR LS AsHE, dA
HoZ F8 SNPES 33l ¥4 oZ8: Zo| 3u) o4
EEAYE AT 4 AUk ol AP ©F A=
A7 g == SNPe| 71 B&45 Foj2 Aol

43 NN-only 2} SA+NN 2| M= H|m

Aerst Bdol F&4L Al 2/4F multifactor
dimensionality reduction(MDR)®} ®]a&}scH7, 8. MDRE
SNP# AW d@A dol de AMEHR glen T 4
ZES|ol2 FAs o UrH17L.

MDR2 SNP dHloJ§ FoA missing valueE #z]sh=
Wo] fAsA REnz dHolHE o]F& 49 7je] SNP
A 53] missing value7} B2 3 7]¢] SNPS #9351
4670¢] SNP& AMg3tach 1 o]9jo] HBHo 2 WA=
missing valueE-2 33 SNPe] 713 &&1A 7HAE geno-
typel 2 & A§) Wlth, ANNelA & missing genotype
< (05 052 Y¥3tArt

Set association & ANN ¥ MDR2| A% Hln ZAis

<E 4> #th
MDR& Fo{7 n7§e] SNP FolA EE 1-combination, 2-
combination(pair), 3-combination(triple), ‘-, n-combination

€ o @Ak 2222 SNPe] 7i57F Bo9 n -combination
7HA o Adbsle AL AAZ FAFEH ARA 2
Ak o] Bl <& 49 Age Ay #$7o] 3§
£38H= A HY 4-combination(quadruple) 742 AAHg
A7E B Aol o $£& 7oA 4PFE 5-comb.
52 6-comb. 7+A A4t 7bEE AR YR hE F}
A $E Ao AzHch

¢E 4) MDR vs. Set Association & ANN

MDR Set association & ANN

AR | AN | A%E | A9A

(%) (49 =) (%) (&9 %)
AlIA vs. ATA 61.66 675 7150 26043
AlIA vs. NC 52,98 672 62.07 18289
ATA vs. NC 54.79 665 80.30 22559

5.d B

E3tAge] o5& 918} set association®t ANAHE 2
# AzE Bdg AASAT AAGLE HHEF 5o
Hojd Bdo)x gk 1Y w2 7 YF Bod g
A 28 ok ohle oW AdA|Tto] AAME T
itk £ d7ol A= set associationg ©]835td dA}Ho
Su) gl SNPET A7 % dgsigdnh

o] A3} the dolHdA B} wE APAztay
2 92 HAEE ZE AFLYE FAY £ UA AA)
M2 SNP dHolele] o] 2dg HEs B w AIA vs.



ATA, AIA vs. NC, ATA vs. NC Al A$o 25 60%°]
4, A3 o 8% cl2x dF FEEG o A
TE 3 o dHH At

Agrete B E o2 AHE, 7|EY AAYE us
o2 AMgsHE e oW glo] Fad JHAA & F

£ Edutxs el yhdo), o] XM= set associa-
tiong T3l AEHE= JHES BY oW o] B Fa
dA F& %A &R ¢ F Udoes Ao AFdA
set association®] <9J&jA Mg Fa SNPEL Az
ATIA, ATA, NC9| Al 2§& 7% 7Fssid s+ 543
?l SNPEolgt Azt

B AP A AN set association N A ES A
Bde HA o9 g EFAHY d3dx F2 A5E
e Aoz 7))

#1g#

[1] J. Y. Dai, I. Ruczinski, M. LeBlanc and C. Kooperberg,
“Imputation methods to improve inference in SNP association
studies,” Genetic Epidemiology, Vol.30, pp.690-702, 2006.

(2] D. Bostein, N. Risch, “Discovering genotypes underlying
human phenotypes: past success for Mendelian disease,
future approaches for complex disease,” Nat. Genet. Suppl.
Vol.33, pp.228-237, 2003.

[3] 443w, “o}& A A 8H(Phamacogenomics)”’, ¥ EAo] A2
2004.

[4] N. Nagelkerke, J. Smits, S. Le Cessie, H. Van Houwelingen,
“Testing goodness-of-fit of the logistic regression model in
case-control studies using sample reweighting,” Stat. Med.
Vol.24, pp.121-130, 2006.

[5] Y. Tomita, S. Tomida,Y. Hasegawa, Y. Suzuki, T. Shirakawa,
T. Kobayashi and H. Homita, “Artificial neural network
approach for selection of susceptible single nucleotide
polymorphism and construction of prediction model on
childhood allergic asthma,” Bioinformatics, Vol.5, pp.120-
132, 2004.

[6] M. D. Ritchie, B. C. White, J. S. Parker, L. W. Hahn and
J. H. Moore, “Optimization of neural network architecture
using genetic programming improves detection and
modeling of gene-gene interactions in studies of human
disease,” BMC Bioinformatics, Vol.4, pp.28-42, 2003.

[7] A. A. Motsinger, S. L. Lee, G. Mellick and M. D. Ritchie,
“GPNN: Power studies and applications of a neural network
method for detecting gene-gene interactions in studies of
human disease,” BMC Bioinformatics, Vol.7, pp.39-49, 2006.

[8] L. W. Hahn, M.D. Ritchie and J. H. Moore, “Multifactor
dimensionality reduction software for detecting gene-gene
and gene-environment interactions,” Bioninformatics, Vol.19,
No.3, pp.376-382, 2003.

o 20 JBUs oIt sEEE o= 329

[9] J. H. Moore, J. C. Gilbert, C. T. Tsai, F. T. Chiang, T. Holden,
N. Bammey and B. C. White, “A flexible computational
framework for detecting, characterizing, and interpreting
statistical patterns of epistasis in genetic studies of numan
disease susceptibility,” J. Theor. Biol. Vol.241, pp.252-261,
2006.

[10] J. Hoh, A. Wille and J. Ott, “Trimming, weighting, and
grouping SNPs in human case-control association studies,”
Genome Res. Vol.11, pp.2115-2119, 2001.

[11] J. Ott and ]J. Hoh, “Set association analysis of SNP case-
control and microarray data”, ]J. Comput. Biol. Vol.10,
pp.569-574, 2003.

[12] K. L. Lunetta, L. B. Hayward, J. Segal and P. Van Eerdewgh,
“Screening large-scale association study data: exploiting
interactions using random forests,” BMC Genetics, Vol.5, pp.
32-45, 2004.

[13] A. Bureau, J. Dupuis, K. Falls, K. L. Lunetta, B. Hayward,
T. P. Keith and P. Van Eerdewegh, “Identifying SNPs
predictive of phenotype using random forests,” Genet.
Epidemiol. Vol.28, pp.171-182, 2005.

[14] A. G. Heidema, J. M. Boer, N. Nagelkerke, E.C. Mariman
and D. L. van der A, E. ]. Feskens, “The challenge for
genetic epidemiologists : how to analyze large numbers of
SNPs in relation to complex disease,” BMC Genetics, Vol.7,
pp.23-38, 2006.

[15] S. Kumar, “Neural Networks: A Classroom Approach,”
McGraw Hill, 2004.

[16] R. Rojas, “Neural Networks: A Systematic Introduction,”
Springer, 1991.

[17] http://sourceforge.net/projects/mdr/

2 8 F

e-mail : yoyol94@kric.com

20050 obFuista Al Ehsbat (8HAL
20083 ofristi e F et (MAh
20083 ~4 A sejol] A A+
TRk AEARE

e A =
3 4 s @

e-mail : kimsh@ajou.ac.kr

1990\ <7ofzbchotal shatat (34}

19939 M grhsta shats} (o] sHAiAD

AT 19969 M grast 88t (olgtutah

: ‘}(ﬂ 2003 ~20061d obFrhon] AT AAZAL
20074 ~8 A o} A7 zus

BARE: A2, dolejuo) 2~



B0 FEKEIED=EX B HM15-BE H45=(2008.8)

9 7
e-mail : kbwee@ajou.kr
19783 M &gt =8} (34
19853 University of Wisconsin #4F8ta}
(AAh
19929 Indiana University 48t} (ubA})
19939 ~& A ofFoisti 4 u U FE
e

A Eok: HFHOlE, HEARY




