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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 learning techniques are introduced. Neural nets are a suitable
model to find patterns in complex data. When large amount of data are fed into a neural net, however, it takes a long time for learning
and finding patterns. 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

.M B ohfet Z1Ee Aw BAe) vl ZebA dehtA e &
A Qe sy F48iH3)

Eidstolgt g9 fRAEC] FEAE st fdehe SNP2 <17ke] AEolA <k 10007 & shte] W=z 1
AWE wEATH12] old @ H9 A& oy fFAES © BhE Bdaix e 9r]E wath o= AA Aw
Fot FA T Fuolgte HFAAE 2] Wil HF 0.1%0°l aatA T Aspele E}Eﬂ] s 2olo] =t}
Al TAA A8 A WS Abgste] AW fHdE 2 SNPe] ghek 9=(exon)ol 9l ks s gudge) o
= olgRo] k. aER dAE dd 971 thdA(single @4 % 93 WyH u@ﬂa@i ols] Awo] furE S
nucleotide polymorphism; SNP) 4z 243 dujA 9 9lth, SNPo| 9lEZ(intron)o] ZAdcd Az dtg =
(haplotype) #2410 = 5t whako] &7 7kal 9t} ol AgAe] Was AA Aol Sx= 2% oth wabr 3
& SNP 24 A7 ddd 449 A LEE ¥W A9 Aol SNPS wlm BAsw AW #E e

SNPE Zroldl & 9lS Zlo|th

% o wpe go%g ARG Aoz Esslel A0E T SNP A& %% ogtolgte= AW Az #A

u}k 2= 3] —LO N -
A, L BN i
W%’—M%:oh—wm dasandsay ot o1 ARAAT Fagel dojus 5 2

o o s 421 25 ga wgel dolg 4eE A% SNP# #elel Ak

PR A o a] SNP AHE o] §31W Aol e A=A s



A} o

gl

i

2

obE. gk},

1

B

<+ (supervised learning)

=
=)

19 (overfitting) ¥} =&
=

o2

3}
s}

al

%

g o]
%]

=
9

o

}&3lH Egolyd o2 (training error)
&k

A
de A A FTHI6)

o] tH15].
HsAA 7 F

=
=
=1
R
=
=)

ol

=9

o

=
=

1 AMl4=(2008.8)

sl

Xl B H15-Be

[
[

=]

S
=

o] SitH14l.

HEME

olA ¥ Hw3}
WHA[5,6,7], multifactor dimensionality reduction (MDR)[89],

Bl 2 Ades Bduh 22iu 49 dolHe F77F Y

set association[10,11], random forests[12,13]

ol = 3] 754 (logistic regression)[4],

3l ZTH3].

324
S

o] gith.

o]

i

3 set association®} Al

ﬁo
ol

A 3(back propagation) &ile]E

r

1] 918

[¢

L
=3

=
=

!(chain rule)

=

Itk WA o]

gl

Z

sgom e,

o st

LN

1=
%3} nlA}gk(teacher value)

L
L

FAEA R
9 HxHo| olygt wEzte] 02 X

3l

ke

=

WEAA 2 Aol

3} 749 (gradient descent)®} H|

wol 712717 2 A

=

HH, Al 5 A

o]

3

=

o #E® SNP dlolg
A

=

=

L

L

A

1_
=

[e] [e] =]

215 et

T A3l A
A AM = B4 A

}

o
el

association, 223l B =Fo A ¢t}

3

[eZ]
e}

=
o

o0
RO

<

——

K
Rl
ol
Rl
ol
Kl

o] 9ltH15, 16].

o

P

=

HaAd wH

2}

ks

S

o

ol %] (edge) 1] 1L

fou

o7A, ¥ AAA

<]

Ak B
(node)9} == +& AAT)

ofp

L

- =
O

L
L

e
=4 2002

Bl Aol A

Fsict.

toh AA SAA " 7

0

3y

o

E A& Hardy-Weinberg

[e]

= =1

213

Jo]ar,

cheke] SNP Hlo]E 2

Fo] A ATH
allelic association (AA) &71x19} Hardy-Weinberg

Al
A7 R sl 7} SNP

o
3|
T

A

X

f:)—l_

3le] SNPe9} AW #F-(disease outcome)¥+2] 7|

}

ks

]F
S

g

s

HSIAA 7HEaA o2 W

2.3 Set association

Set association
Disequilibrium(HWD) 427} &

3 Otte} Hohell ¢
SNPe]

}
SNPel| o

©
yal

1

T

=

7.
Az we=A o8 e =
3o,

1

Al
(hidden layer)e] 2}t
F(feedforward) VI EH

Il

ﬂmo
N
il
ﬂmo
=<

g

‘g]

KN
=

equilibrium

Fd

9]

No
o))

=

=

A7E we
TAA

g
[e)
s

i

Ay
2" (trimming) =<

sto] A=

22 g SNPS A1A
o

E

R
oL
1=}

o]

L

=

594 HWD

o]
) 7

=]
=

]

“
=

=

}6]' o
k-
=~

A

ojwjo] .
genotyping error

fel.
AA E7Ak HWD A4

L

L

S

[e)

L

At

=

=

o] %

st ALY HWDZES 002

o]
SNP
5

=

3T

1 =14 eob v 99 (underfitting) 2+

Wl

o



T SAAES #e SNPES SAURE s dafrie v
g Aald NF Negel SNPEe JFES Wil 1
pas

=

Permutation test® Z+ Fg9] p-valueZ +3tx, p-value’}

o

minimume] 2 we] SNP ¢S AWz ##9E SNP
o2 dusit AAg B4 (29 1)k 2.
Allelic HWD for

Trimming Association(u)

. = . = . =

2 SNPSO0I CHoll s=t*us AlAHsH
SNP= 2 sgl0ll tisl LIE A E=2=2 28t
(81 > 82 > ... )

. 2

Ol2] #alls2 NPHA s &2l Ml SHA SE Hetotd
(S()=s, . 3(@)=s; +s,, - S(N)=s, ++35,)
Permutation test2 E510] ()2 p-value P, £ 2EILCL

: =

Py, Po Py SOIA | 44LE P.ch oHAROIIY
19 SNPEE kBl SNPIHAIE =2 SNPZ MA et}

Association(t)

(32 1) Set association Hit{o| @9k

2.4 Set associationZt AlALS ZEsH ZH(SANN)

Bdss fdste b A7 Aoz gilFHE dad
SNP FolA Ux}2 02 set associations ©o]-&38fo] Agre
AdE SNPERHS 7FA|a 217
}e ShEAIA olE SNPEY 313 (genotype)dll &34
3 2

£).

&
Set association “ ANN ‘ ‘ 1]
ol =)

e

ol 21
L= |
u:unn:n‘

3
AIASH ATA Afele] 574 %<1 SNP
zroy slolu}. Aa| YAl A= AIAAA ATASIA]

2 A5/t A=, Hyvez ofyg d
= e Ae7F g E=e A wzs A5kl 7
T AYAE Bol] E&3 otxmdTe FAHA QATuA
& Yold7] FE7] wol & F-H A S (pharmacogenetics)
HHM w2 FFsA o] 2 FEF F e SNPS
FowE Flo] & AT T k2 HAolr}3].

xISH 716}1). /\|71m% O|R‘o'} _E_a}m_a#gl Oﬂ§ 325

3. & #
AE-e 497) SNPoll o 4837 (AIA 1497, ATA 1817

NC 153%)9] dlo]ElE& AIA vs. ATA, AIA vs. NC, ATA
vs. NCO| Al 1522 o] dstaict. Aol A8+
SNP HolHE 2 A8 2% s ghozhg Al
< AA dlo|Elelt}.

(71 3)oll A ef o] Z 1Foll A U o2 set associ-
3 SNPES Ad¥aoirt. dado=
= AIA vs. ATA 289
7% 1170, ATA vs. NC9J
SNPo2 A¥Elch ¥y

ke

48322l 4971 SNP data
(AIA149Y, ATA 1812, NC 1534)

. =

Set association

Selected SNP

ATA vs. AIA 161
AlA vs. NC 114
ATAwvs. NC 1301

ANN
Prediction
(32 3) Az 7jg 2aEs Uy o MY
Feedforward
Data [ ::——
Backpropagation
SNP1
: Teacher value
* Case=0.9
Control = 0.1
SNPk
. Predicted value
. Case>0.5
Control = 0.5
SNPn
Input layer Hidden layer output layer

(a2 4

Mo Al2E AlEY =Y



326 ZEMeIE=2X B M15-BH M4=(2008.8)

Al 4= e & W 2 SNPe %3 (genotype)oll
wel thro] ey A A (major allele)ell = 0.1, 254 tH
A2 (minor allele)oll = 0.99] 4¥ & o

dE B, (298 44 SNP19 major allele®] Co]
minor allele] A ©]2}H, SNP19] Fd&o] CC -5l
SNPi& QzEdgstes 7 /e d=8w=o] 242t 01¢] 949

Aol CAolE 01, 097} 4=, 4ol AA

0.9, 097} 5 ¥t}
3L control(BA)2 0.1, case(EAhHE 099 #&e +
i, & Alols EEiko]l 05 olsteld A
o 29 @A 2R (29 4 3R2).
Yie=E A 1671744, 8HE314(epoch)= 1009
2000742 WA ATV NASS AT &Y
WE 3455 1A b 9o 10-fold w23
(cross validation)2 %8 W7 =(sensitivity), 5°]=(specificity),
A 8% (accuracy) = o

Ao ALEE 2

B 1

ro 1T

il

)

ol

% o AR .
ok 3k A7k CAol 2, set associatione java
2 ZA3A 1 linux”]¥HY] intel xeon 2.8GHz CPU$%F 2G

r e o] el A ded sl

& A% (accuracy)$t HF A
CAZSEE 10-fold xFECIS Es] A
o] 9o gJaAgstroelr) A Az7e

A 1678744, WEE-314=(epoch) & 1009 ol 4] 2000
HSA AT NA TS FASHHA TE o= A3
%]

41 MAUors ALEEH Z(NN-only)
49749 A A SNPS A4 4 grog Y A o
B B2 o3srgith. AIA vs. ATA, AIA vs. NC,

ATA vs. AIAS] BE 39, % 4ol 2z dee
VAT gl FUA Y AFSE mHe Ban
(29 5)& AIA vsATA 159 oF AL gjxzolr)

HA

Mewal Mel anty {ALA vs. NC)

==

L]
e e T
i 2

(12! 6) AIA vs. NC

o
ikl
0f0
o

Neural Net only ( ATA vs. NC)

Accuracy

|
o
N
=
=
<
o«
=
>
|
ic[
=2
r>
0X
2
mjo
1%
0o
ror
0x
=0
1o
=2
I
0%
ol
H

il
:
4
s (T2 7) ATA vs. NC TI20]| AlAotS X2F
. b
3 03 -8
|
. " (E 1) HH SNPE Al Ao
11
01 12
i 9 = % (epoch)
0 it}
100 600 1100 1600 15 AIA vs. ATA 14 1500
16
Epocr surca 11 800
13 1700

A2 2

o -

AR ="
e

e




vs. ATA?] 7% oF 64.06%9 AIE=E WL AIA vs.
NCe 4% ¢F 61.389 AHIL=E A
Vo 6970/4 d= AIrs Bt
A SNPE 217449 8o

1

2YeE $5 Hu AFEE Yl we 22 2 1
Aatal RIS E WA 7 aF 1 A3EE Au
5 Rtk (2" 8)ollA BW wHESIge] Aegle]l FHa
AEE7t 22 OFe HTHeR =& FFEE Yl
Jd&S & Uk F, ATA vs. NC, AIA vs. ATA, AIA
vs. NC 2.2 52 o= AIg-s B

Neural Net only

o WW\/\(\ TATA vs.
Yoy — - — NC

o
o

AlA vs.
ATA

Accuracy
o
=

o
w

—+AIA vs,
NC

o2
5}

=]

=}

100 600 1100 1600

|

Jz oo
ol

¢

=

10
b
[
XN
IS
=
L
q 'z H
m F% G )
=
p‘L
O
£l
it
)4
o -
ha)
i)
2

Jot
k1
[
R
[kl
¢
u
o
5

o

ATA vs. NC ZZ5oA
T Ak (2" 1)s B

Be A AYrrt e =
7} 27013 WEE-3157} 700 pocho‘ uf 0.8030°] 1t}
HHE 3147 Yol d g 4 7} ”’OV]L Ags B
2 ouyygs 9

cigo]
o eqwEst wEgs
®

FE. - il

|

O | LTl e

o r&%' iy
lﬂ

AT o lo

kT E

o2

§9, lﬂ OE,

RUNANS ™

YRS

=

oX, ot

ot ik

rlo
¥

Set associationS ©]83e] =8 SNPE AE&tal o] AL
ARG Qo s W% AIA vs. ATA 7% o

(0% 8) MA| SNP2 MATo| = AR oF MEze JF Set Association & ANN ( AlA vs. NC) —
Zh H|m 07 -
3
06 .
42 Set associationt} AMATUS Zetst ZHS ALSSH A9 08 o
(SA+NN) g 0.4 i;
(¥ 9)= AIA vs. ATA IFNA o= Az ag=x gos —
10
o = Aot = edy©y 7 H 0.2 1
It d& Ag=e 24 F 1l w 056252 wHE-3]
12
Foll #dAglel ATt 2Y=Ert 27] o] dd wWHiEH o1 'a
3 AEa= T2o ouyc 2y = o l— "
:LEHJ‘ﬂ' \_]oo}\_ | ] L]’ M\_Eﬂ S ‘r7]' 7]’ 100 600 1100 1500 ::
B4, W4T FARSE AFo) AoA AT 1 s
gk W35} FrhsEA ode Ao FHust
o7t 7Ztaste AS wolid ol Aol onulE (32 10) /;LAO\?'. (l;llc %;Er_(iillzset associationzt A122E 0|3
" _ o o= Mtz
(overfitting)® AL2 & 4 3of ewugolg Foizl g =T <
Set Association & ANN (AIA Vs, ATA) -
— Set Association & ANN (ATA vs. NC)
[1R:] ——
3
4
=g
z —
5
g 0.4 ?“
0.3 ’L
0.2 13 !
. 4 0.1 13
0.1 14
——e 0 15
o 100 500 1100 1600 ®
100 &00 1100 1600
Epach guxEs Epoch eyycs
(22! 9) AIA vs. ATA 120|| set associationz} Al42tg 0|23t (32 11) ATA vs. NC 20| set associationzt AlALS ol

=
a9 oz yas

& 290 0E il

= o=-L



328 ZEMeIE=2X B M15-BH M4=(2008.8)

eN
ol 3 Ao olH} =L 60~80%] A B
=9 A7ute
o] of

Atk o
Aoz shof
St wnt
DA A
ol o 3lo] &
Tma e 2
e o8
W AAYTS

3> ##x). AA SNPS 4174

VAN
B
Do
V
e

%

(I 2> Set associationzt AAUS 0|26t 0| M
24 =& 4 | ¥HE315 (epoch) | AEE (%)

AIA vs. ATA 16 200 7750

AIA vs. NC 300 62.07

ATA vs. NC 2 700 80.30

0.9

Set Association & ANN

0.8
07 T . e - ATAVS,
NC

06 [yt
-
gn.s W U

ATA

= AlA vs,

NC

100

B00

1100 1800

Epoch

(32! 12) Set a

g ¢

H|

CE 3 F 71 2ol dsH|m

ssociationdt AlALE 0|8et OIF M=o O

g& o 4 9}l Set associations £3 2 SNPS AW
she dlol oF 250%9] AlZte]l AR &S #otsiyets, At
oz F2 SNPES B3 HHS o3l Zo] 3ul o]
FEAYS I F Uk o]y AYPAI dE avp=
A7l A EE SNPY 47F 2&4= SUlE Aot}

4.3 NN-only 2t SA+NN 2| M= H|m

Aorst mdleol 84S A1FelA AUlgt multifactor
dimensionality reduction(MDR)¥} H] a3 tH7, 8. MDR2
SNP¥} Aw A Aol de AMEHT 9o I &
ZEJ R F@H ] QUTHITL

MDR2 SNP do]E] FolA] missing valueE *#3t=
o] folskA] RetnR, doleE o]Fi= 49 7l SNP
ZolA 53] missing value’} %2 3 72 SNPS A 9]sta
46719 SNP& AF&-3tSith 1 o] &le) tdA o7 WA=
missing valueE< 3|9 SNPo| 7} &31A 7FA &= geno-
typel Z S AY ¥tk ANNo|AE= missing genotype
5 (05, 05)% A=A

Set association & ANN ¥ MDRe A%s Ml ZAie=
<& 4>9 2t}

MDR& FoJzl n7l¢] SNP FollA] 2= 1-combination, 2-
combination(pair), 3-combination(triple), -, n—combination
S o} HARIE a2 = SNPo| 7i47F %o n -combination
7HA o AdskE A2 AAR AFYH AP mRE
Aok vl Erbsatth <3 4>9] A= A FAo] 3§
g3t HAo W<l 4-combination(quadruple) 744 AALE
AE ®Ql otk § £L A A A 5-comb.
=2 6-comb. 7HA ALt TheetAAR SR g% FUt

SAE g Aow Az

{E 4) MDR vs. Set Association & ANN

MDR Set association & ANN
A%E | ANz | A= | AaAz
(%) (9] %) (%) (9] %)
AJA vs. ATA 61.66 675 7750 26043
ATA vs. NC 52.98 672 62.07 18289
ATA vs. NC 54.79 665 80.30 22559

ANN only Set association & ANN
ARE | AN | SR | A
(%) (&9 %) (%) (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

il
¢ EdojAgt Y kt b UF gow dds 2
A ZE WAk ofEk oW Aol ATtE w0
ATE & AFAE set associations ©]&3te] YAH o=

SNPET Al g3t
olg st Az} thgo wlojElolA] Ky} whE Mgt} =

o % AREE 2T AL AT 5 AU AA
A2 SNP dlolelo] of Bue Aga neke W AIA vs



ATA, AIA vs. NC, ATA vs. NC A %o =
d #Ha 9F 83%d o2 dF HEEE °
% 3u) o] GEE AT

Fr

Aets Bdlo] o FRL, /&9 AAEE uF
°F AMEsHE W o' Yol Fad dEHAA & &
gl Eddgs FEol wbdo), o] Rl A= set associa-
tions B3 AE¥e= dHES 2d oW o] B} T2
FA & agA g & F AdtkE Bolth AdHdA
set associationell 934 AEE F& SNPES HAR
AIA ATA, NC9| Al 25& 7% 7Fsat slas 544

2 SNPEole AZ-E )

W Aqto| A A|A]EHE set associationd} A173E-S AdHe
Ha2 2 o9 thE H3FAEY oFr £ 4TS
Y A= 7dgigtt)
TR

[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] YAwl “FEf-4 A gH(Phamacogenomics)”, 4 E=Alo] ol
2004.

[4] N. Nagelkerke, J. Smits, S. Le Cessie, H. Van Houwelingen,
“Testing goodness—offit of the logistic regression model in
case—control studies using sample reweighting,” Stat. Med.
Vol.24, pp.121-130, 2005.

[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.

[71 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.

Tz ZED NZYS 018 HBEHO o= 39

[9] J. H. Moore, J. C. Gilbert, C. T. Tsai, F. T. Chiang, T. Holden,
N. Barney 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. J. 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/

28 %
e-mail : yoyol94@kric.com
20054 o}Frieta AW ekt (ahA))
20084 ol ot 7B ek (A4
2008 ~& A ot AR A4
FAltoF : =g Bt

PANE= =
e-mail : kimsh@ajou.ac.kr
| 19909 “Helxbrista shakst (shab)
| 1993 A& Tiek 383 (o] 8h41A))
199611 M &ohstan shatat (o] shukal)
2003 ~20061 o}FETh o] AF A A}
2007d~F A ohFejeln) AT s

HATok AHA, wolEMo] L T



330 FEMeIE=2X B M15-BH M4=(2008.8)

9 7

e-mail : kbwee@ajou.kr

1978'd A& i gt 433t (3HAh

19851 University of Wisconsin #4F8t#
(A4h

19929 Indiana University 7148t} (2HA})

19939 ~4 A o}Fuista JH LT FE




