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Disease Classification using Random Subspace Method based on
Gene Interaction Infomation and mRMR Filter
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Abstract

With the advent of DNA microarray technologies, researches for disease diagnosis has been actively in progress. In
typical experiments using microarray data, problems such as the large number of genes and the relatively small num-
ber of samples, the inherent measurement noise and the heterogeneity across different samples are the cause of the
performance decrease. To overcome these problems, a new method using functional modules (e.g. signaling pathways)
used as markers was proposed. They use the method using an activity of pathway summarizing values of a member
gene’s expression values. It showed better classification performance than the existing methods based on individual
genes. The activity calculation, however, used in the method has some drawbacks such as a correlation between in-
dividual genes and each phenotype is ignored and characteristics of individual genes are removed. In this paper, we
propose a method based on the ensemble classifier. It makes weak classifiers based on feature vectors using subsets
of genes in selected pathways, and then infers the final classification result by combining the results of each weak
classifier. In this process, we improved the performance by minimize the search space through a filtering process us-
ing gene-gene interaction information and the mRMR filter. We applied the proposed method to a classifying the lung
cancer, it showed competitive classification performance compared to existing methods.
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Fig. 1. Overall process of the proposed method

= de g o Aotk H27HA AT AREel g gole] GHE oFES CORGs g FE2& 9 f3
ot MEAHoR HAd ¥ {FHA sAES 7Hte R 3 AHEe] HE JAES FE5h0, WY CORGES 238 #s
i 7IHEY A g EAEC] A7) Hola 9l A= 71HE AtsAThO] e o5 Fgo)e &
th[34] 98§ A tlolEEelA dutd oz YElhus & Aol 7]k & B/ VIHES o] 2 U 2AEE T
43} ol mlolaRojge] A3 A H AT HoHE A3t et saglole] &k WY FAAES o
T3 e SEAGHAANEY o vlE He o AES oA Holglr] Wil 54 fdYd s oW -zt
7HA I BAS ok sk EAI7F UTh ol A4S o 52 AsHA EEsta, oW fHAES UE 5 28 5
& oAl RtEe= Fa% Yot & F ok E o, & W FHAEL 54 xndFdd &) 4o 4
vlo]AZ o o] HeolHY EF AT Fo|7] S8 dntk HAAY 5 J31, 59 FAAAE 7HE FE Ak 1Y
o2 AMEEE 7IHE o] FAAERRE S 9 U 7]1E9] 7IHELS olgd SAES TSt G Bl
AR ntAES gAste] dlojHe] AYS HAATI= A Atk oldl Su T2 WH FHAEC] AZ thE A A
olty. ey} o8] wlo]ARo o) E o] &t AF Sl Wy & g5 gk & Ur 55 ALt sl o] &k
HAsHE AR A4 wol=, ZF AEEAE THe] o4 WS AMEALE10] &8 EEe] AolE =1 H|(log
4 S0l BR/ ATS AAATIE U] ik olEgt A ratio) 2 74tete] s sagold &gt Wy fxte] A
5 57 f8 AA " 3 S shue A 2 FE T2, oS st AE HTAHU SRR AL
ol E AT HY ZE (signaling pathway, ©]3} 3| 2=9¢0]) &3t gy ols EAEE o83 W e A
oF 2& 7153 EE dEhollA slAlste Aot o @ALE AXE o] dulA A &2 AdHlola, WY
ARl FARF 7dke] BF/ 7ol 2ta 9le AE F FHAAE ZH2be] fdx Bl AL sy SRR FoF
ShuE fFAkEe] gy e 11 715 AHEEo] AR HAA, W fd2Ee] A7 7 AL Jd g 54 S0
Ao ageli gl B8t SHASRE Aktyo] A ARt ot
glo] o]Folzltki= ot} wjitol SHH R Me %] 2 =idAE vle]aRojgo| 25 doAR& FxAr #
T FAAES EH8EH TREE ARE 2 =i, A dolelet FHA Foag ARE Adste] B4 & &
ol R AT TAe el # & gk ol sAE AT AMEL W2 2/ 71EE Ajbetaal gk A b=
MAst7] 9 WH o2 Gene Ontologytt KEGG data- RS WA AR AEAE ARE B HE Fo)7] 9
base 5oZ HE 4& F e FHAAEY] FEE AR gk 1Rl REN Fgate] dA FHAARRE FoAg
9} FAAEY T AHE 7 agste] EAsE WHE g 7ol e TH fAA JFE FE dTh o)E
o] At HATL[5] ol¢F #H # FH AFEANAE A= 2 Y H $H FAAES ddo R A (relevance)
dlo] 71uke] miAEo] 9 §dA} viAEY vlas)] AEA o] ¥AY FHA(redundancy)°o] =2 FAAES A=
o] =55 Ba, Ay A @ R vAYZFY olsE NS 23 o= Sttt o]g A 2a Al AX FH {3
& 2= 9 MESlE AR w3 Bl ow A= 5 A A B34S AR F Random Subspace Method(RSM)
k= o] k. ol ATelA Fxge] 7dke] EHF E AHEske] 2t mEY e sl B/ Aol =2 fHA F
7152 719 3R 716ke] BR71ET vlaste] duby = AEES 48 U1, olE f3A FE HIE 44
o2 Y2 BF Ass HYrh gk &7 AHE GAE 7HE Fote] ARFoREN B
gj2=g o] 7]8ke] mAES ERFd HJLst7] HsiAE Aes =9 F JEE AT RSME o]-831= g ellA
7 sjagolg e FHREY] BE #HES o83y A e ZF FE JgEe] 71 & oF 27 7] (weak classi-
A dadole] B %(activity) & F2 & Ha7) fileNE2 A EAE ALES o] &3 VI EdA TAPA
Hlzgo] MR W FAAEY IE grol % HW spE EAAL RS 93 thore] @ 2 9l
FFRAAES] Wd ghe] HA7F wolx]7] wite] Addo] =
3, PAR B/ AeS dS T A "k ol& $l3ted
sjago)e] GYEE FEBY] fI8 thdst 7HE] AA 2. Hlotst= 7|14
HAAth Guo & si=dol SHEE FE3H7] H& sl
@l fAAEe M gse] Tditimean) s S, 4 g gi0) B 2 mAMR Jlukel SEA BEY
(median) & AHE3l= A& Aeketdth[6] Tomfohr -2 N 3
g1 =0 o = 5 =o] % = 3H.0 719 RSM3I} &g B =& A Aets= 7|HS g
Bild 52 #9 A5 O3 HEY 3 A FH4ES PP el Lo o Ll
A dagole] AL gro 7 AgalTt [7,8] Lee 52 FE &35t HA FiE %‘ﬂ(SUbSpace)E A ek =

193



Journal of Korean Institute of Intelligent Systems, Vol. 22, No. 2, April 2012

#}4S AxE Semi-Random Subspace 7]Ho]7] uwj&
of &l IS Folw= Ho] sl fEsit o E 4
3 57 M e (feature selection) Aol FQdd, 7]&
o dukdQl VWHEL A AFE AT o] 7} EH
59 43Aes nHskA &gv "ol Utk uhEhA
2 =i He B4 HAE FolWHA, F5A83F
I Y& Tkl L FH FARES FES7] 96
s AE AZ dolEuels HRE o]§gith 2%
Ad AR A U A3 whgo] dojus 4
A5 A AL oujets Ao o]F Fi fx29
BHE FEstAY At AA W whgs =43}
v 9gs g gl 593 gagold £H3 A
AL ME Asze & sheAol ug E=oha g 4
Atk ol#d AL nEgoR 1AHoer TR FAA
55 Z"d dvy] g8, " st dlzde] AR
2HH &% FAXEY F241A AE(gene symbol)&
FE3t vgsta, A3 AlE H vlolaRodg ol E
TASE FAAE9] Probset IDEY A &= 4}
ARE F& St} o8 F& d FHAAES AR A
338 & sl e TR FHEAS gD &
A=

Hage] ARG o]&3te HHY H FH FHAAE
o &l 2202  mRMR(minimum  Redundancy
Maximum Relevance) 5% A= 79| 7]¥ks F
Aol RoHA FEA 2 FAAES A A
Hop g&4o2 A J3gEs 34 & F dEFs @
ot gurq o R mxY deolEHdAE Adde] g,
TE ® WHEr vUg EA% o2 B B
= (complexity) & =oli, Bl dutst 45§

A 71, 34 & (over-fitting) ¢l 7t S =Y ®Wulk
g sjdgy dyds dojE-dn wjgid ol
g His F F Jde HH JFS g&4o0=
= 32 vj$ 83 Yol

mRMR 719 WG 7F FEAgnFo 7nk gl =
2 #4 (maximum relevancy)S 7HAl = BA]o] v
A (minimum redundancy)S 7HAE EHES £
T JEEF skl

B =Fold $ge o BF EAE 7MEea o
v AE ko Fd2 ghddabeDe] y,=le{+1,-1}
o} Zria stopd Fel~ g 3 FAR ARl 9] A
FHARYGE o] g3le] BRE I F4A 9 TEHAS
A5 & F rh ol& o]&3te] FHA HA(GEA
o 3]

= %
AA BE QTS5 AR R o 7

o, O ok

N p(l,))
- Salteosly W

l‘l

Ry= |—;,|2121(l,i)

eS8

—~
N}
~

ANA [l,4)E W= 2 13 F-2 0 Alolo A
SARGE AulEtaL, z, = (2,20 -02)E kA A
25 00 WA FAAEES AT A%y W
A% AEARE At olesel A & b
g, o] A% oli3tE FFs AL HEEE JIHE o
g3t &5 UEE ANstE wo] At

HI2E dlo]g]
(Test Data)

Mean Vector Class 1

3t dl ol g
(Training Data)

i

v

Random Subspace
Generator

|

SIOISSEL) B

POLIS 0edSqnS Wopuey

EEeeE
a2 2 #:Y B2 372 71

Fig. 2. Random Subspace Method
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Table 1. Experiment results of the single data

Michigan Data Boston Data

R AUC A AUC
LDA-CORG | 66.94% 67.63 54.79% 55.95
LDA-LLR 68.98% 63.04 56.48% 58.59
LR-CORG 70.36% 64.60 53.83% 5548
LR-LLR 61.06% 63.05 54.72% 57.08
MRMR-RS | 73.00% | 68.50 | 54.82% | 58.61

X 2. WX HOlE &g Zot

Table 2. Experiment results of the cross data

Boston to
Michigan

Michigan to
Boston

R AUC e AUC
LDA-CORG | 53.52% 56.49 63.25% 67.70
LDA-LLR 56.63% 59.64 69.28% 64.65
LR-CORG 56.40% 58.61 68.76% 62.52
LR-LLR 56.13% 59.12 60.77% 66.59
MRMR-RS | 57.72% | 61.51 | 73.72% | 69.02

¥ 3 MEE [FTXAL HEO|L DFA

Table 3. Selected gene bio—markers

9| Gene P-value t-score | &Y A
1 |SPRR1B| 5.299e-01 | 6.318e—01 17,027
2 | SKPI1IA | 5.012e-01 6.766e-01 7,761
3 CAT 9.500e-03 2.679e-00 4,598
4 | CCND1 2.401e-01 1.186e-00 1,805
5 CBX3 8.910e-02 1.728e-00 1,656
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