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Abstract In order to avoid local optimal solution of Binary Particle Swarm Optimization algorithm,an Improved Binary
Particle Swarm Optimization (IBPSO) algorithm was presented. In this approach, the crossover and mutational strate-
gies are introduced to increase the diversity of populations and avoid the prematuré-convergence of particles, Vaccine ex-
traction, vaccination and immune selection are used to realize the vaccine mechanism to control the population degrada-
tion. In order to reduce the features of the tumor, Wilcoxon is used to remove the useless genes, IBPSO algorithm is
used to optimize the subset of features and the parameters of Support Vector Machine (SVM). Finally, this method
mentioned above is applied to detect the key genes of colon cancer dataset, The experimental results show that our ap-
proach can get higher classification accuracy with smaller size of feature subset than that of some other approaches and

the selected genes are proven to be disease-causing. The experimental results also verify the correctness and effective-

ness of our approach.
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THUE 5 s AR BE R BE , B BR S A AN R AFIE s B AR T
WAETARHE 88 b 30— SR AE N8 I , BUB T 8UF R
40, Shen AR A T-test AR BBRA L X ERE, R T
HELSARRBRATERNGEE ENERERBRAL
PERI B B HY Fisher 702888, A R IR A 8 MFIE
FHEBUST 93. 550 MARIEHE, LiF AL RA Wilcoxon
GHEREFEERTE RERARECEEHATEREL,
T B RO BN GR &R b SCHE T LA 2 YNGR A 1 3R
R EEBREEE EH 15 M ERERETERUS 93.5% 0
AREHE., A IEEEF ERLRMERAT—E
B (BT Y I AR SRR A B, S8 — i B R e gE e AR ey
HEAHE TR T A AR K S EZ B TR
BAITRRUR B BB B EEET,

AR TR FRE B R MG ¥ I BSR4
B BB B R A S AR IE R b, B9 T 45 008 2 R e B
HRERR R, 5, & 30%H Wilcoxon $R18 X 4 ALK
Ve B TRAR AL T4 , B & Wilcoxon TR T T-test XT F U
FHEBEMRARESERZBREEPEENGHRE. B
Wilcoxon X3 An i (b AL /5 ) 3 B 4T 43, AT DA b 25 B R
FEE, BN SRAHB R FE. K5, EFESVM 4
RERIATA, BIR SVM BN 7E 45 4 XU Bt /M 4k JE ) B Bl
Z L ik T IR R, A RO T EI MR EIE
B BR SVMZH SR, % MR E R 1,
B YBRIE T4, VR TT IR R SVM I MR, BT #
— B AEERHE YL TEM SVMSEL RITER T
PrEE i) — 34k 7 8% (Improved Binary Particle Swarm Opti-
mization, IBPSO) 38 , B B fE —HE RN F R B 25 E 51
ABEE LR RE, UUE IR SR, R
BT R RBR O [RIE SR A R B B RE ML, L S T
PEH R B H R R W A A RO R R BB AL T BE.
LIEE R A, AR 16 P LERE A T4 LRI
T 95. 16 %M IEH Ay HR, A FEPHIREHENE
HEHIEL S HRERAHEX.
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SRR AR TE BB 2RISR PEMRRE B
T EE 7 . R BURE M S IR B IE F 4. Z B DR
TR BABRF AR AL, S/ DN R RV

23R A Wilcoxon Bk FIR 8 84 7 6 JF 25 6 3K 78 X 4326
BRXERANBUEIFETE.
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I(x)= 0, zEBEARNE )
R, S(OEARREERREEHRIZER, BWHETEN
F—REAERHERN P REEROWE, EREE 0 SRR
BAME No» Nos, W Rm N EENFAREE. Bk
Ext R EESE T DARE N T ARRER:

w(g)=max(s{g), N1 X No—s(g)) €))
BRIER O MEHFRERREENFEER.
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2.2 ZEHEEN

St 3 1) B 1L (Support Vector Machine, SVM) 837 7 4511
R VC GBI G5 K B/ R B R b, IREH
FREREASS B AR S TER R 1 & Z4 1 (BT e VI SR A iy 2
IRREDMEI B (AR R MR BRI 218
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(B, SVM TR E 35 ARE 4= e 59 B 1 45T 2 a) % Bl
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DR (Linear) B3

Kz, y)=2Ty 4)

2) 3= (Polynomial) P 8% i 3t

Kz, y)=&Ty+DF )]
AF, p AEH.

3) E i 4% 6] #:4% (Gaussian Radial Basis Function) F#{

Kz, =exp(— | z=y1)* ®
R, HER.

2.3 BTt BPSO FiSE B B %

BT 8 H ¥ (Particle Swarm Optimization, PSO) & i
Kennedy #l Eberhart™? T 1995 4R {2 i ) —Fh S B BE S B8
BT AR, REABSFE T SRR BT HOHR. &
AHRERATREATH, SIS P SR IMEER AR
ROEFERDIBALE . ERTHERS, S ML ENHF
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B KA HE AR P ERERE. R ELR
DORMXGOFREFACHNESHE.
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A, i RRNFHRS,i=1,2,-,n,d RRBRE BN %E
M, 4S5z ABERE MFELRUEESNE, pu
FRPLF | PINEARNE, pu B RBMAE. o FIBRHENE,
nH v HoR1ZHEMENIEq 5 IEIFF.

R TR FREENAT RTINS
HRALTE , Kennedy F1 Eberhart™ 32 th B3 8 = 3% b FBE
¥ EMNRDHEE D B TE T IRPHAE M
FIRERZH, B—EORFAE 2. REN 130, Xt
B 4 DR, A EE R BT 4 Sigmoid M¥UE R
BF AT ERERER, Sigmoid RBUR—BBN %L,
AR BB BUER AL E MR E d AELHER, R
BT

. _ 1
Slg('l/ﬂ)_(1+exp(“v;d)) (9)

L (VEF
xzzﬂ:{l’ Sig(Vi*)>rand(0,1) 1o

0, else
R, Y =105 4 sk . EEEHELLE
H5EA PSOKE—H.
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R AEDISH C, 5 100 BRI TROA RRZLEE
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B2 RTFREREE

Step2 I+ SVM S¥UE VR T KB NAE , RAFH IR ALY
BT SHERRERS .

Step3 B TRE FHM BEEHRT& A NEE S
E.

Step4 HE SVM SEUE iR T M RERIE . E
HA-EAR AR RRAE.

Steps  FIBTREW R LI &4 IR R, WA ILBF, B
TR IEE T HRIE.

Step6 BEH FRIEQIELRE XX R FEE, M IH
FERAE LB 1k Bl R TR AR AR RE . Kb
R R S0 AW, 22 X RAER AR

Step? HELERIGERESTR FAr 8 SVM S5,
BB R, FHEEFHRERES

Step8 HIWTREWELR L&KM, MR, WA ILERF, &
AT SRR B HRAE .

Stepd  IHE L REIIEFR FA R P SVM SHE.
BT E N, HFEFRERS .
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2.4 EERY
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2.5 SVM $#it

XRFRBIRAREL RS XV SR CHly EHB
BFEA A 10 HABERRY L, BERAD AR
Q3% HH LR

C=3x (G, X2 a2
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3.1 XB¥E
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HE—EHRPIE S (Colon Cancer Dataset)!™™ | 347 T 32
BUTE. ZBERARE 62 MR, 8 MEAEH 2000 &
A H 40 MR, 22 MAERSHES. BERH
Matlab 4512 LB, 53 225K FH Chang % FF & 9 3 77 1 B HLEK
4 LIBSVM(http: //www, csie, ntu. edu, tw/~cjlin/ libsvim) ,
FEFF LR X BABREATIH —~fLAL 8, BN O ARET N 1,
3.2 XRERLSW

AL FER A Wilcoxon P43 #E W Hi 2 £ 100 -5 [H
RERE F &, R 5 R A IBPSO B #fT{E B EE W IF
. ERP,MEERE e =c; =2, BHENE »=0.9, %X
B pc=0. 9, RMEH pm=0. 05, EFTH B &R r=20, 8
FERE A R pr=0. 8, E =0. 9, R FHEBE R
40, B ARIERKPCH 50, R 1HH TELEBRBIBES IR
Ji Wilcoxon 13§ . Wilcoxon #1844 BPSO 5430 3k78
) B — 32 U425 TE A 2 (R 25 50 Tl 1F 9 A ek 2R 380 o ) o
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LWEER IR, X4 R Wilcoxon 2 387 ¥ ¥ i) 3 K
B ARTREAN, B TRERETRAER, FRLEER
2 ; Wi Fl Wilcoxon 1338 5 BPSO 4542 A v B0, e —
ERELHEBRT AAZER BB THEMNE; Tia SR HHE
BB SO B LR F A R B, B E R E 2L

HEMEFRSEEENEE.
#1 FAREEEEITEATIR SR
XEXFF % HELXAHE  RHAME
Wilcoxon i # 100 83.87%
Wilcoxon+BPSO 27 90. 32%
Wilcoxon-+IBPSO 16 95.16%

3.3 HEXIERER
— BRI SO SR IE T B 117 Alon 45/ B B IR
U ERBH DRGSR BIRINE 2 BiF.

#2 KRREZEHBETIRNLEXT LR

B4 U X EHEF & HEXAHE  RIAME
xw[6] Wilcoxon+GA(SVM) 15 93,50%
X#(17]  Wilcoxon+ DPSO(SVM) 26 93, 60%
x#[19] SNR-+DPSO(SVM) 34 89.67%
X#[20] SVM-RFE(SVM) 50 89, 37%
x#[21] DF+SVM 30 <95.00%
x#[22] CC+C4. 5 50 <90.00%
x#l23] Fisher-RG-SVMRFE 12 94. 70%
A Wilcoxon+ IBPSO(SVM) 16 95.16%

. ZRHES PN T : SNR= (Signal to Noise Ratio) ; RFE=(Re-
cursive Feature Elimination) ; DF = (Decision Forests); GA=
(Genetic Algorithm); CC = (Correlation Coefficient); Fisher-
RG-SVMRFE = Fisher criteria and the Redundancy reduction
greedy approach with GO information and SVMRFE algo-
rithm),
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{ H64807, M76378, H64489, U19969, T61661, M63391,
HO08393,T47377}, FH 44 H R B840 ¥, X SE4& 1B H64807
Sh, HAEZ AHE T-test, Information gain, Sum of variances,
Towing rule, Gini index, Sum minority, Max minority 1 1D
SVM % 8 #1HEFE (http: //genomics10. bu, edu/ yangsu/rank-
gene/ compare-alon-colon-cancer-top100. html) #7143 # L4 _E
B3, oo M63391 78 7 FHERF 5 (B T-test) gt #%
HEFERT 2 B9 B, HO8393 HEfE T-test J5 Ba P Wy 58 — fil.
H64807 5 H08393 HBZESCHR[ 24 EFRMHF A AT 10 MR
H1, Gordon ZESCHR[25 1948t H64807 fE A M BRE M % (fo-
late transporter) 5 H BB EB R, M KR X IAH BRRE
HIRRR & 3898 B4 R R XU . Karakiulakis % A9 {4 %
HO08393 25 me e JR 2R 1 B0 7 A2 3 T 82 e 40 B 22 [R] B KE B 5
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e R B R ER AR

SRIE AR TREMRE RN I BT
TR RS, H AR Wilcoxon ZEKBBAERE, R/
BaoigRE A, RS BPSO BHEMAREENETS. &
A ABREEF EEHIHR P AN FINARP RS
LRERES, MR SVM 532888 I RS RIE K
BRIFERY 0, BAR B NI FREB SRR HEET
B, EREREA TR —FGHAXRERERN, FEF
GRS AR ER B L 55 B SR AX, XU 43
B W05 86 B KRR FRHE.
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