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Cancer Diagnosis System using Genetic Algorithm and
Multi-boosting Classifier

Syng-Yup Ohn * Seung-Do Chi

ABSTRACT

It is believed that the anomalies or diseases of human organs are identified by the analysis of the patterns. This paper

proposes a new classification technique for the identification of cancer disease using the proteome patterns obtained from

two-dimensional polyacrylamide gel electrophoresis(2-D PAGE). In the new classification method, three different classification

methods such as support vector machine(SVM), multi-layer perceptron(MLP) and k-nearest neighbor(k-NN) are extended

by multi-boosting method in an array of subclassifiers and the results of each subclassifier are merged by ensemble

method. Genetic algorithm was applied to obtain optimal feature set in each subclassifier. We applied our method to

empirical data set from cancer research and the method showed the better accuracy and more stable performance than

single classifier.

Key words : Bioinformatics, Pattern Recognition, 2-D PAGE, Genetic algorithm, Boosting, Ensemble classifier

RE 9 ofsHAof A= =4 S (bioinformatics) 2] Hlo]E] Z-
TEE AHE 7|1 9T, o] golgE He Baslogn AWe
el

Qr

&3 Tl (proteome) oA 223} dlo|g]7} ] Atho
2710 gk & 4= gtk W gck. B =HojlA Y

chal2)(2-D PAGE: Two-dimensional polyacrylamide gel electrophoresis) 26 A4} AARS: W= |28 35715
Akt A28 B3} H27]0)| A= support vector machine(SVM)@} thZ B E-Z(multi-layer perceptron: MLP)2} k-Z|

A Oqu(k nearest neighbor: k-NN)&-5F

2712 opensemble) WO = BB FAJo] T S-Sl (boosting) WO E 7
B27)15 sAksto] HES7|(subclassifier)2] vl Y(array) 024 E3FEE

2718 LAEHck ZF REETAE HH EA gt

(feature set)2 EMAIGEY] ¢Jsto] 64 d1e]Z(genetic algorithm: GA)YS 218519tk BE3HER719] %S &4517] 95ty

ol fojxl g dlolEE

=z
2

LR L

Fa0] : HEgu,

£

T B4 AERe) Wk QY el st o
= N2}

B4, 224 A7 gsH, A

H4:220108 -2 -2), AAFA1A : 201049 - ),
A4 20109 - -2

Vg poista A gkt

A A es

HAA: 25

E-mail; syohn@kau.ac.kr

AuzA el BR7] w5 Bi ABhEo} ob e Hof

AL FRA 07 sl AEA H K Bioinformatics)©] AY
&30 g Fok2 A A =S

A ek Btk ZAe T k] Qs A
Bl &85lo] HloldE 44, e, A%, B7L 45k
US F YEo& sk qlk of2fdt W8-S AR 9
sto] 7| 2A4Es 9 3-8 AEsh 9Jsl, ofsk2 E ol
52}, sAsh =g, st 33} ol goE o] S
HekE FAdstaL Stk

e HolEHE ¥ 2ol thaket HHAlo] =lwn
Utk B3] T i 11 B4 7)7]E0] tlolElE ek

H20# HM2& 2011

CICEN 77



I'
o[>
14
Rl
ol>
H

o2 A3 Yz 9] o™, Automatic DNA Sequencer,
DNA microarray, Image Analyzer, Mass Spectroscopy
o] ofo] 4ratck. of Sfolle HA AT se] Wi} Bl
eH7]4(High throughput screening) @ 71712 7}
§Esto] chagel g Ylo]ES Qpalsla olrk

739-0]| image, signal = pattern 5 image S Ej
o] dloJe7} AofAA| El=tl, oj7]of= Hlole] o] xitsh
el A7t ZQ35ich 44 AR o] Addd(Central
Dogma)of|9] Z|EAEQ] Z2H|2(proteome)) 2] 7|51}
FZEAL 98 whASk(proteomics) 2= E T} gt
wo] mpyElo] ZAH A77t FE o] 1 7|5o] sht
4 BRI Sk

A7) o] B Anol AL Hek ABAHRs
(Bioinformatics)2 g|o]g] 418 dg|&
of 7y} wloje|ek e #|a 123 ge, &4
oz U= 5 9l
sa7] Zaehe

Kl o

2k
Flo mlo _11~>

i

ol & o B ixn l TOW ‘3}

W2 A7 AEA R ¢ Tl ajE A
HZ dlolg nfold 7oz FAste] ot e
Sk oF A AEE 9 Folth o2fdt Al Hof A
LE= 7ed Ef(classification), w5(Clustering), &
AZZ(Feature Extraction) 52| g|o]g{uto]y 7|1} 3
AR, PR 5 AEH] BATY 7HES A3}
2 gyt

2 =204 2D-PAGERHE ¢
ElE o]-gsto] iAol Akl oS

Al 2" S AlQkskaL 11 *é‘aé Jéﬂ?lﬁ} P &5
w2 S| 95t %
) AR 3EE G2 0] ehyHel HahE AL
= 9FAE{(ensemble) 7|1} O}Q-E—Q‘%(Adaboostlng) 7]
WS B oz 3-835]9] k-NN(k-Nearest neighbor),
SVM(Support vector machine), MLP(Multi-layered perceptron
9} T2 AR T2 £79 FEE7(subclassifier)E ]
H(array) FA o= AR FHO HIEFVIE Akt
o wfd Re] 24 BERToAE S 2ES A5
3}7] HO}O% B4 L418]Z(GA: Genetic algorithm) 7|
S50 A feature set)= 2|23t sHick. A|QH
o £7 299 5 S| dokel Qs o
TolA dojzl 4 HlolelE

1) ZZ2H2(Proteome) THH & (Protein) 2] HTAE W3k

St=ZA|E 20| M5t

=X

Fel ﬁ%ﬁkﬁgml ﬁi}i/ﬂ ;(1]0]—1;] HalHe g

g T4e D+—J+ 2k e @ A4 4
2gjo] TS Al ofo} Heis dlo)e] £ Wy,
RO, AR 7, HHe) SHPES 2 7o
thal 7ateh. 3Rl AQek e HARE of
83 oF g A29 ;L*u a4 1ol sto] A9

Qzlek A28l Brktest) T4t B2t
A3 7|tk SXJOH L AR U 3 AT B2

1 T 2 Ty
o A% A5 A5 HeIEf: E prteomo
o #AE Foll A Hek A oA 715 7= &
e ek 3ub-109 AR st olXe W - Agt
£ 7k Tefshe 1 4 o5 4 gl Fick 5
4 ghe] EAAPH H T erebel BARIoIA W
AR AolE RolA| H3 olF RAslel el
é] HOH:H o=z —\‘?':E’BH 1,HL 740] o} 1]1:]— /\]/\Eﬂo]r,} 11:_}
wazRy olg A5 Yol AEA i
Aol 2D-PAGE(2 Dimensional Polycaylamide Gel
Electrophoresis) 7|} 24l 2242l Seldi(Surface
- Enhanced Laser Desorption/Ionization)-Tof, MALDI
(Matrix Assisted Laser Desorption/Ionization)-Tof 7]t
o] 9tk 2D-PAGE 7| 3 o] AY(Gel)S B3t
A} 27 S B9 ZRE|S oful S @A ek ol
A oju]2] Ae] £EES oIS AMg}o] TAE HA
37 Hr} W 8RS 2D-PAGE7} MALDI/Ssldi-
Tof M} o F43 4uE 7w glrkn Wic
ZaEle ofn|A] Hlolelo] A Ae] ape 17 13
ol z2ele ofujz)o] Uik Azt AL WA Lo
18cm Broad Range IPG Strip2 ARSI A|R Ulof] &
Aot DA Z4z7ke] AP w23k 4171
s ol sl RelRith I theo® Tl Eage] w
£ SDS-PAGEE 0|83t ®2|ag <l 574l oz &
WA Fef 3 ARAPL atshs Ejolad opw| =9
FE(E 8~16%) 0] whef FHil S A ske] Z7]of w)
g} Zkzbo] chil RS Halsic), npx|uko 2 AL s
ol A71%9% Hog fefd TAo] ojn|2|= Colloidal
Compassive Blue(CBB G250, R250), Sypro-Ruby, Silver



Genetic Algorithm2} C}& Boosting ClassifierS 0|25t QUXIHA|AE |

1. Sample preparation

:

2. 2-D electrophoresis

:

3. Staining

:

4. Proteome Image Acquisition

:

5. Proteome Image Analysis
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2.2.1 k-NN(k-Nearest Neighbor)
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2.2.2 SVM(Support Vector Machine)
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ol2 ®goL}, SVMi} thE HAgulo] AHdlol
4% Zlo ek 7 894 HEo] HAE SVM
(RBF)9} t5: 48 7Wo] th=A] ot 2 59| 4t

o] HolX| ¢kolth o= base EF7I7} MY A

# 5. 4 dolEol HE L2{FE v A3
o nro} Hlo}
Parameter T A i dags Hat Az} RS
(Breast Cancer) | (Lung Cancer)
)3 boosting 23.80 3.60 24.57
C 316 10085
SVM(RBF) 28.02 8.60 26.67
Class cost NONE NONE
SVM(sigmoid) 33.16 8.83 33.33
Gamma 0.0001 0.00014905
; e SVM(polynomial) 39.38 9.25 38.10
Optimal feature <= 30 4
KNN(Euclidean) 40.30 8.543 40.97
¥ 3. MLP =&tu|g KNN(city-block) 45.98 432 46.66
ooy " KNN(Mahalanobis) 41.68 8.28 4333
Parameter (Breast Cancer) | (Lung Cancer) MLP 33.04 8.44 3333
Hidden layer 4= 2 1 B
F 6. # dofEof et LE&FE Bl At
Node 4= 53 3
Initial weights 1.00 1.00 o S ) Bt Rt ALY
Iterations 1000 1000 T;]"(S‘ boostmg 12.92 7.49 15.38
Optimal feature 2= 30 4 SVM(RBF) 13.50 8.67 15.38
SVM(sigmoid) 14.25 9.14 15.38
E 4. KNN mjzjulg SVM(polynomial) 14.25 9.14 15.38
o nrok o} KNN(Euclidean) 18.73 10.5 18.18
Parameter reH iy -
(Breast Cancer) | (Lung Cancer) KNN(city-block) 53.22 1.64 53.85
Neighbors = 5 3 KNN(Mahalanobis) 17.19 9.74 15.38
Optimal feature 4= 30 4 MLP 15.61 9.57 15.38
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