A2 1SSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2014,25(9):2050-2075 [doi: 10.13328/j.cnki.jos.004644] http://www.jos.org.cn
O FERBL 2 Bt ER AT IR A Tel/Fax: +86-10-62562563

EFZitEXMS K-means BIX B E FEIRIRES
i

S

Hk

B,

(BRVGIHTE R THEAURE 2 BE, BepS PG4 710062)
WANEE: WHEYE, E-mail: xiejuany@snnu.edu.cn, http://www.snnu.edu.cn

B B AT SRR A R SR R0 AR 9 AR B T R AR 42 8 K T 4t e XotAe K-means 947
R R HF AL RIA AR AR T b5 50k 4 % KA Pearson 48 £ £ 4c4= Wilcoxon #k A= 3eit A &L B 5
KRG AR K ARSI T AR R N R IR G AR K AR K 09 T A B M R TR AR T4 A5 R K-means &
FERTFAELARTEY SEALGARREDNE — L4 )% SVM 5£488 4 A5 AN EARYRE NG L5
BFE—AIRERKAF RARAREANE LR AR MTZHR S R AEARE L GREAR B EK4
RELBMARA MR 5 AR T & Z %S KA MRSk FE K FEREA R QMAUE R %4 H % Random,
Guyon #92 $A F s # F ik SVM-RFE. RARAA AT 6148 & 5ok 69 R b 8 B ik SVM-SFS #4752 3 tbdr, LA 2
A RHIEE EH) 200 KT L 69T R4 R AN FE R AR5k 6B 52| R oM abdE F4F
HRARTE S EARSARTE LR B EAETIFe95Rmak.

XKER: R4 FE-FE248;Pearson A8 % % 44 Wilcoxon #An3h;K-means % ;% i+ 48 % 4% ;Filter F-7%:Wrapper

Fix
REESES: TP18L

] RS R AR L TSRV AR G E S K-means (1 X 43 Ji DR 4 28 B VR BRF 2% 4R, 2014,25(9):2050-2075.
http://www.jos.org.cn/1000-9825/4644.htm

5| Xie JY, Gao HC. Statistical correlation and K-means based distinguishable gene subset selection algorithms.
Ruan Jian Xue Bao/Journal of Software, 2014,25(9):2050—-2075 (in Chinese). http://www.jos.org.cn/1000-9825/4644.htm

Statistical Correlation and K-Means Based Distinguishable Gene Subset Selection Algorithms

XIE Juan-Ying, GAO Hong-Chao

(School of Computer Science, Shaanxi Normal University, Xi’an 710062, China)
Corresponding author: XIE Juan-Ying, E-mail: xiejuany@snnu.edu.cn, http://www.snnu.edu.cn

Abstract: To deal with the challenging problem of recognizing the small number of distinguishable genes which can tell the cancer
patients from normal people in a dataset with a small number of samples and tens of thousands of genes, novel hybrid gene selection
algorithms are proposed in this paper based on the statistical correlation and K-means algorithm. The Pearson correlation coefficient and
Wilcoxon signed-rank test are respectively adopted to calculate the importance of each gene to the classification to filter the least
important genes and preserve about 10 percent of the important genes as the pre-selected gene subset. Then the related genes in the
pre-selected gene subset are clustered via K-means algorithm, and the weight of each gene is calculated from the related coefficient of the
SVM classifier. The most important gene, with the biggest weight or with the highest votes when the roulette wheel strategy is used, is
chosen as the representative gene of each cluster to construct the distinguishable gene subset. In order to verify the effectiveness of the
proposed hybrid gene subset selection algorithms, the random selection strategy (named Random) is also adopted to select the
representative genes from clusters. The proposed distinguishable gene subset selection algorithms are compared with Random and the
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very popular gene selection algorithm SVM-RFE by Guyon and the pre-studied gene selection algorithm SVM-SFS. The average
experimental results of 200 runs of the aforementioned gene selection algorithms on some classic and very popular gene expression
datasets with extensive experiments demonstrate that the proposed distinguishable gene subset selection algorithms can find the optimal
gene subset, and the classifier based on the selected gene subset achieves very high classification accuracy.

Key words: distinguishable gene subset selection; Pearson correlation coefficient; Wilcxon singed-rank test; K-means clustering;

statistical correlation; Filter algorithms; Wrapper algorithms
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Fig.1 Flow chart of our gene selection algorithms
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1.6 EENHH

AR SRR YR R Tk B R DR AT SR ST L B ARSR BE TR 4 A [ SR & 43 ok K26, 798 - Weight A1 Roulette
Wheel, 53 77 8 7 14 496 A 3 Jik BRI A7 T AL 0 S s R 6 480 O SR ) 40 KA T B 5 RS B )1l 5 SVML A 284 (1) S [ 55
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Table 1 Description of gene datasets

Z & IR ST pa

Gene datasets Source Number of genes  Number of samples
Leukemia Golub, et al.*! 7129 72 (47+25)
Colon Alon, et al.l?® 2000 62 (40+22)
Carcinoma  Notterman, et al.l?”! 7 458 36 (18+18)

2.1 HR&EX S RMLLE

119 F ML H0HE 4 Leukemia & ALL/AML Leukemia, Fo Il 2545 Rt £ 48 K140 1, SE 56 R B4 &l
43 G5 1R B4 ColonlSUH1E M i R7 Carcinoma %54 42 27R 1] bootstrap %143 77 1:45 21 1 254 AR 45
R TR A B 2 R A S B 1 1 D T G A Bl R B RO B AT AR A AR SO0 i 2R BdE SR 3 (B AR
IR 28 30(7) B B K S /N 7 9206 B0 R AT B AL 20 3 B b v A, AN L3 SR A [ B 4 ) 2 56 45 SR ) S
Ty HL AR S V208 AT B ) T
g;; —min(g;)
9= rax(g) - min(gy) @
b gi Bongn S o0 i ISE AR S | ANFEAS L0483 8, max (i), min(gi) 73 i 6 7 85 1 AN DR ) 05K L B /N TR AL
22 XRERE S
S A P AR 2 25 A FE R SVM LA LibsvmU®8 357 1 26 M 4% o %5, 48 517 PR 1 © B 5 A 20,5256
RIGAEA Matlab R2012a 28, SZE6FAEE N Win7 32bit $#:1E £ 48,4GB W17, Intel(R) Core(TM)2 Quad CPU
Q9500@2.83GHz 2.83GHz.Leukemia,Carcinoma $#E4E £ Filter 5% 85 % B (3% AN $0h 700,Colon %
£ B 500 /MR
B Ao BT Pearson FHS< R A Wilcoxon FRANKS 56 3547 3 D8 T3k 4% 110 3 R 3 R 5505 Weight, WAC
Weight,Roulette Wheel F1 WAC Roulette Wheel 43 5l 5 5K F Bifl #1132 5 S5 I 3 % 45 S AR R BE IR 1) SE R B vk
Random. £ JULALRIIEFE 5L SVM-RFE LA R AT AT 70 1) IRk B 5L SVM-SFS R 47 S50 F A
S e A R kAN 13858 I 6 T AREAN B E 1) K AR, T A AT 2 DR R R L R 200 W A A% SO AN
A RS S R 1 4R 19735 43 2R IE B 28 Accuracy.  1EZE[¥°7-331 50 2 TPR(true positive rate). 135/ FPR
(false positive rate). TPR Bfi FPR %154 A [R] 3 D] - B2 JUAR (14 25 4 b $8, DL KA 58 JOURSE P 4 32 B 6 DR 7 S 0o 1 43 2%
BT ROC 2k Je 2L N TR 4% S09 BiTJ 1 8 A7 2k 386 (0 0 [ 4 1 2 PR T 5 R )L Filter 509 Tk 86 (1 3
DA~ S AR [X 43 ik DR 7 2 B 6 W, B J L T 45 b BV s AT I ).
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2.2.1 Colon ¥ £ 550 45 K o #r
® 2 BIRT 5K M Pearson AH2C R EFI Wilcoxon FkFlAs 46 3E4T Ak K Filik £ )5, 48 SCHY Roulette Wheel,
Weight, WAC Roulette Wheel f1 WAC Weight 57 Ll & SVM-RFE,SVM-SFS 1 Random J 7 Fli 3 [K] 3% #8575 200
IR S AT e £ 3 1 X 23 5 AL P 25 40 B Al A D O AR R 0% &R, Frh OB T B B B AR S 38 00 2R
NRES
Table 2 Mean accuracy of some selected gene subsets on Colon dataset

% 2 Colon il b2 STk FE I A A HUBE ) B D) 48 23 2K I 0 5 P 2

JE R EL PearsontH J¢ & 3L Wilcoxon#k AR 5
WAC WAC
Roulette |, . SVM- | SVM- WAC |Roulette],, . SVM- |SVM- WAC
K| Wheel |Weight|Random|“ore | "rg RV?/L;]':;e Weight| Wheel | WVeight|Random|"ore 1 gpg RV‘%':SE Weight

1 0.678 | 0.647 | 0.646 [0.744|0.736 | 0.674 | 0.647 | 0.668 | 0.646 | 0.645 |0.743|0.734| 0.666 | 0.646
3 0.765 | 0.676 | 0.651 [0.801|0.792 | 0.777 | 0.714 | 0.753 | 0.665 | 0.645 |0.801|0.792| 0.760 | 0.703
7 0.836 | 0.779 | 0.660 |0.843|0.821 | 0.842 | 0.826 | 0.842 | 0.761 | 0.651 |0.842(0.823| 0.845 | 0.815
8 0.847 |0.791 | 0.660 |0.847|0.824 | 0.845 | 0.842 | 0.851 | 0.779 | 0.656 |0.847(0.827 | 0.855 | 0.828
10 0.857 |0.824 | 0.670 |0.855|0.833 | 0.864 | 0.859 | 0.869 | 0.805 | 0.662 |0.852(0.834| 0.864 | 0.851
13 0.876 | 0.844 | 0.683 |0.864|0.842 | 0.873 | 0.871 | 0.880 | 0.835 | 0.681 |0.862(0.840| 0.876 | 0.861
18 0.885 |0.867 | 0.707 |0.872|0.847 | 0.885 | 0.880 | 0.887 | 0.860 | 0.704 |0.872(0.847| 0.881 | 0.873
19 0.887 | 0.872 | 0.710 (0.872| 0.849 | 0.887 | 0.882 | 0.890 | 0.864 | 0.714 |0.873|0.848 | 0.883 | 0.877
28 0.900 | 0.893 | 0.757 [0.876| 0.860 | 0.898 | 0.892 | 0.895 | 0.881 | 0.752 |0.878|0.856 | 0.887 | 0.881
29 0.901 | 0.893 | 0.752 [0.876| 0.860 | 0.897 | 0.888 | 0.897 | 0.878 | 0.749 |0.878|0.856| 0.888 | 0.881
40 0.905 | 0.898 | 0.793 [0.880| 0.864 | 0.900 | 0.896 | 0.900 | 0.887 | 0.787 |0.879|0.861| 0.896 | 0.888
50 0.908 | 0.907 | 0.809 [0.881|0.869 | 0.908 | 0.898 | 0.903 | 0.894 | 0.811 |0.877|0.864 | 0.895 | 0.888
R 2 By Sz g Roul DLE H
1) AE A EALT SVM-RFE,SVM-SFS Hl Random 450325, & 5032 1K 20 55 16 1 28 o 35 PR 1~ 2 B0 11
9T YR E F EA K /MBS ,SVM-RFE Fl SVM-SFS 457 (1)1 B8 f U A SCEE Ik 2,
Random %y 76, 4 K {H M3 K A SCHE VL BT SVM-RFE,SVM-SFS fI Random %¥2:. 7 41,
SVM-RFE,SVM-SFS 1 Random %32 1) 43 248 T 1ff 5 8 5k PRl 1 AR FIASE K (149 389 K17 328 3 185 K (L34 K 11
S 8 R A /)
2)  Roulette Wheel 50257 32 73 28 1 % 8 vdn, 28 J5 K 22 WAC Roulette Wheel, Weight 1 WAC Weight
B0V ] UL 0T Colon B 45, 46 25 W% S5 g 58 4t
3)  HNAEMARFHE LA MR RN FER R IEMEAE K R/ WAC Weight 18T
Weight; {55 K (B3 K, 5 B0 T a0 6 T 8B IR B R 1, 24 K {8 K], Roulette Wheel 2% 4
F WAC Roulette Wheel; {E4 K {H & /NFA—E.

(Rl G, 6 Colon i 42 HEAT A7 RUIX 43 JE R 1B B, 2 D) 1) 288 RD X4 136 0 B o U B e — AN 3 i 2 1K)
1) SVM 43 2B R B m]

Bl 2 REIR T 0T 4t 3 R i PR 7~ 2 WA, 7 P ik DRI P 3095 23 Sl 4E. Colon %k 4 B8 2 04T 200 W%, JiT 15
FEDR PN N SVM J3 A5 R (1 43288 1 4 % KT 93% I K 4.

Kl 2(a) W24 Pearson REME N Filter J7ikidt AT 2 R Wik £ ) A SCELVEAE T SVM-RFE,SVM-SFS Al
Random 3%, H: i Weight 5032 ¢ 3,200 YR SEZH AT 60 X040 28 IE 28 1T 93%;H: 7k /& Roulette Wheel, 200 X
SEU B 24T 50 YR IE IR T 4R 14> ZRIE A R 1 93%; 455 2 WAC Roulette Wheel 1 WAC Weight,200 7k
AT S0 T 2 S IE T R T 93% 1K)z i B W Sk 40 Y 30 Y. SVM-RFE 3 1) 200 Yk S2 50 306 35 (1) 55
TAEM R IEH I 93% MR B2 A 20 AN b SE 36 i EL 1) 10%;SVM-SFS 3 #5155 T4 1 28 1E
% i %2 FAT 10 YT 93%, 15 200 VRS2 1 5%:; Random 26558 1) 1 3k PR 42 (1) 4 K ME Be il DA A SR IE %
T 93% 15 L.

Bl 2(b) s 56 45 3 2724 K Wilcoxon AR RITRS 36 33047 2 PR YU ¢ B, A8 32 Roulette Wheel 532 5 AL, LK
J& Weight 595 45 J2 WAC Roulette Wheel WAC Weight, SVM-RFE #1 SVM-SFS £7.9%:, Random #7321 1k i f: 2.

© PERREERSMROT  httpy/ www. jos. org. cn



2058

No (accuracy >=0.93) Colon dataset

( Pearson correlation coefficient )
70
—— Roulette Wheel

60r —*+— Weight
—&— SVM-RFE
50l —v— SVM-SFS s
—5— WAC Roulette Wheel ﬁp
40+ 9 WAC Weight I
z |
301
20
10
0 10 20 30 40 50

Number of selected genes

(a) K Pearson #H > & %t

Journal of Software k2 4% Vol.25, No.9, September 2014
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60: ( Wilcoxon signed-rank test )
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Fig.2 Times of the accuracy which is greater than 93% among 200 runs of
7 gene subset selection algorithms on Conlon dataset
K2 Colon ¥4k b7 FhBEER 1k B 55 4 5l 2 1247 200 k73 B0 BE R 4R 10 4 S IE T 238 K T 93% (1 3

PAESRT B 2(a) B 2(b) S 56 45 2R 1 20 Hr o AR SCELIZAE Colon Bl £ LR PR T 3R 3 4 (K 1X 70 Y 14
KT Colon K 4 1 S IR TH ST A Rl 2 25— NS AT SE I (K) SVM 3 B, 538 2 i ghie— 3.5
41, P 2(a)~ P& 2(b) A SE 56 45 B Ao T A S DX A AUBE AR 8, 4% ST B B A R A 1 SR 1A 23 SR AT A A 1L 93%
RIMEA B LTS, HORAT Pearson AHOG AR B & L I 70 JEIERA L 93% ML (1 L Tk 34 5 O W \g.
D5, %) T+ Colon i 4k, LA Pearson 3 Filter 77 VA S HLAT 251X 43 KL DR 1 He e 5 1O HOR S

Bl 3 7R T 7 Pk PRIE B STE A Colon Bodli £ _EA15 21 (K47 R X 73 5k A 1 4R R Ji E 58 IR0 8 TPR AIE

NRIRE FPR 73 B2 A 1 S R A 22 AL 1 00
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Fig.3 Average TPR and FPR of selected gene subsets of 7 gene subset selection algorithms on Colon dataset

K3 Colon %4 4E £, 7 B 51 £ 53 I 42 X 1 4R (K] TPR AT FPR -85 {2 B 3k DY - SR U () A2 1k it 2

MK 3(a). Kl 3(0) s g5 AT LAG B BE A SE R A AE BT K (14K, Random [¥] TPR il FPR & @ /N,

4 6 PN TPR 1 FPR G/, G T8a5E.
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o STIEH ARIIRIRE FPR:
> M KAEE/N I, SVM-SFS Fl SVM-RFE S35 5 if;
> BEF K {E MK, AL Roulette Wheel Weight, WAC Roulette Wheel WAC Weight &5 4f, 3
71, Roulette Wheel £1 WAC Roulette Wheel J&: 25 B & ;
o ORPENEE I 2 TPR:
> ARSUHVETE K AR /NI, 52 Bk 18 8 DR 7 A AR 5% i 258K K BRI i T A L b 51 Roulette
Wheel Fil WAC Roulette Wheel {115 & 1 4418 ;
> Random HE4E K AN TPR AL 1H Y K>15 I, P g B 5 FRAK;
> SVM-SFS Fl SVM-RFE 5 :7E K 8/ (<4) B ) TPR A UnA L8752 4<K<35 ML F AR SCE:;
24 K>35 I, H: TPR 5 43¢ Roulette Wheel #il WAC Roulette Wheel .73 1] TPR #H4;
> SVM-SFS HiLM1 TPR 8T SVM-RFE.
LA IR R B IR TPR ORI IEH AR IR FPR AT L, AR SO T 46 25 I 0 % 5 s 1)
Roulette Wheel 1 WAC Roulette Wheel %7 {F Colon Et#i4E 11 it 5 1
K 4250 T 7 MR REEEVE S BB AT 200 YK TPR A RE FPR 3445 0 70 A [F) 5 P 1~ 45 A (0 A
Attt B 4 () Sz 45 5L 0 7 A S 1) Roulette Wheel F1 WAC Roulette Wheel 52322 7] [7] s i 21567 Colon J 4iE B 3%

9728 S 5 401 K] 24 &1 4(a) 1) Roulette Wheel T WAC Roulette Wheel £32 1] 3% FI%F Colon J ik 535 90%[1 4 1 %,
[ B 56 5% AR IR FPR 7€ 10% 2543 01 1 4() 586 45 5 X — 25 it 5 1 2 4 i — 2L

TPR and FPR of Colon dataset TPR and FPR of Colon dataset
( Pearson correlation coefficient ) ( Wilcoxon signed-rank test )

1.00 ) 1.00.
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Fig.4 Curve of the average TPR with FPR of selected gene subsets with different size of
7 gene subset selection algorithms on Colon dataset
Bl 4 7 FhIE DRI FESVALE Colon B4R L PTG A [ HURSTRE X 14 1P 24 TPR B FPR A2 4k i 2%

Bl 5 25t T SR A Pearson AH JC 28 B AT B DRI PR 45 1) 7 Fofr B DR 0k PR SV B S 1K RS 15 1R X 43 BE ] 14
1) SVM 43 AL ¥ ROC i & 2 JoAH M 1¥) AUC(area under ROC curves)ff.

M5 [/ ROC i e 52 50 45 2R T W25 F BE AL 5 SR 1 VR - ik AL 43 5507 Random 14 1 i 22, H AUC 1)
{EAX hy 0.626 98; % i I S (117 & 5 DR ik 5 550023 1k i 5 i Roulette Wheel FI WAC Roulette Wheel % i (1] ROC
it 2k~ A AUC 2174 0.865 08,H:+1,Roulette Wheel 71 FPR 24 O 5 L1 0] Jie i £ 2% 1 PR3 4 s 74 51 85%
AL R 2 Bt 5 19 4 1R FAEG, Roulette. Wheel [¥) TPR {76 FPR 34 K2 JLF 5 HARSE R A 2 — 24271 3] 93% L
1;SVM-RFE S35 (1) 1k BE M AR T 56 B 5195, 5L AUC {B /& 0.849 21;WAC Weight FI SVM-SFS 574 1) AUC i 4H
% FR 2 0.817 46,15 = T Weight 5035 1K) AUC {1 0.801 59. LA _E 56 T-HIA R 15 A 24X 43 FE PR 42 0 B SVM 43
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KB ROC e S JLF IR 0 20 7t AR SCH K47 28016 7 B DAy B SVA RE S S DL Colon Kidis 46 1)
A7 RDX 73 R D 1 B B . R R A8 W SRS ) T ik DR A 0 (M P RE B I X g L T AAS [ 73 B PR~ 35 552
UnA2p SR INIE o

ROC curve of ROC curve of ROC curve of ROC curve of
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Fig.5 ROC curves of 7 gene selection algorithms on Colon dataset with the selected gene subset of size 15
B 5 7 Al AR FAIEAE Colon i 45 LL Pearson 2% Filter J5 AR AN 15 MIFE A 142/ ROC £

2.2.2  ALL/AML Leukemia ${#i 45 5236 45 540 M7

P EHE AR I 2R A AR AR B R4 4, S 56 R H B R 4 it AT o AR S IR AR K S
STHEAT 200 VK. 6 45 T 7 PR R i R ARV R B AT ANIX 43 Ik BR E FAT 34 43 28 I A i R

Kl 6(a). &l 6(b)Jc T & 532 200 RIS AT (K1 S2 6 45 B 5 os:

o Random ik 1138 4 Pk Re f 2

o RICH WAC Weight SE7EHE R T AR MR <10 I, fL T A SC ) Weight 507 H 2 20 458 1) JE IR 7 A 4

F>10 I, A< SC A Weight 5325 48
e KUY Roulette il WAC Roulette 5.9 75 ALL/AML Leukemia 54 F 18 73 51 g 22 5 K A2 R B IH
KPR T SEHUBIRY KN, Roulette f9 P g 4 T- WAC Roulette;

e SVM-RFE 5 SVM-SFS 5 :7E ALL/AML Leukemia B4 42 (134 P BE A fi A S48 (0 4 ik B vk 4%

ik

FANE 6(a). & 6(b) AT i fE ALL/AML Leukemia 4 48, A SC 1) 4 Fh 3 BRI £ 55092 R 1 Wilcoxon AN
K6 14 Filter STk HEAT 3 IR T BRI 19 23 2R PEREAR TR F Pearson 28 £ Ay T3 B 5 s B (1 43 2R 1 .

Ding % A VT 4 i T2 B 4 S i P AN SV 0 (0 I 7 4 PR T B, AR S8 TR A T 8 SRR 8 A [ 4 [
FAEFIAT T R — A S 5 J5 W IR OB A7 35 % 140 3k R 48w AR 1) 32 TR 179 L 36, DA bk L A 4% 32 1 Ao ok 36
ALL/AML Leukemia #5417 it 5 PR 16 428 B9 /0 AH R 5 DR A UBE R 5218 4T 200 i B 1 28 R 4 1) SE R
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Fig.6 Mean accuracy of 200 runs of 7 gene subset selection algorithms on Leukemia dataset
K6 Leukemia udif b %Ik oIk £ HILIEAT 200 Uk (114 73 K LI %
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Fig.7 Average intersection of genes of selected gene subsets of 7 gene subset selection algorithms
on ALL/AML Leukemia dataset
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Fig.8 Times of the accuracy equaling 1 of 7 gene subset selection algorithms among their 200 runs
on ALL/AML Leukemia dataset
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Table 3 The comparison between the experimental results of our gene subset selection algorithms and the
available others on Colon and ALL/AML Leukemia datasets

F 3 ARSI EEEL Colon 1 ALL/AML Leukemia $#E 48 1 52 56 45 5 530 WF 50 45 SR 10 L A

o 53 AL 2 (%) (FiE R 1 4R BUAY)
e ALL/AML Leukemia Colon
GA+SVYM!M 100 (4) 93.6 (15)
SVM-SFSP! 85.3(15) 93.2(5)
MIQ+NB[‘[57]] 100 (4) 93.6 (10)
SVM-RFE 88.2(4) 96.4 (16)
MMC+MMC-RFE(0)®! 98.7 (30) 89.6 (30)
FAST+C4.5{111:JJ 100 (5) 90.4 (6)
CGS+SVM 99.0 (30) 89.0 (20)
PGA+Gloub’ classifier?” 95.0 (29) 92.0 (30)
NPS+LogitBoost*" 97.2 (25) 87.1 (2000)
JCFO”“BZ] 100 (25) 96.8 (25)
LLE+SVM 95.0 (- 91.0 (-
NMI+KNNES 7( : 91.9 8
Roulette Wheel 100 (4) 95.9 (5)/98.0 (50)
Weight Paai 100 (11) 94.3(5)/99.1(19)/100 (29)
WAC Roulette Wheel 100 (17) 94.6 (5)/95.6 (10)/97.3 (40)
WAC Weight 100 (9) 96.1(5) /97.4 (13)/98.3(40)
Roulette Wheel 100 (5) 94.3 (5)/97.6 (13)/99.1 (28)
Weight Wheoxon 100 (9) 99.2 (18)/100 (28)
WAC Roulette Wheel 100 (5) 94.5 (5)/97.5 (50)
WAC Weight 100 (9) 97.4 (18)/98.4(28)

13 3 1588 45 B nT UL+ ALL/AML Leukemia S48 82, 25 SCHE H 1A TR AN SGE DR I8 ¢ 57 40 g 1 21 100911
UM AL A0 26, X A T 3B 1A A0 X 43 25 R I B N AS 58 A A TR]. 24 Filter B092R T Willcoxon BRATRY 46
i, Roulette Wheel F1 WAC Roulette Wheel 354§ ] 5 AN IAE 21 5¢ 45 144 1) 1R 1), Weight F1 WAC Weight 75 2
9 ANKEDRIIA 258 4 IEAf IR .24 R T Pearson AHICREME N Filter %21, Roulette Wheel F1 WAC Roulette
Wheel 43 5 75 2 4 A1 17 AN K, Weight 1 WAC Weight 435 75 52 11 ANF 9 ANSE IR S5 BUA FOFE IR 1% $ 50VE7E
ALL/AML Leukemia 45 58 IR 58 45 SAH b AR SCROEEUS T AR I IR 20

Xt F Colon U454, 24K Wilcoxon Bk AR 56 vH I ), A SO HE TR A 2L TR 3E 2 507%: Roulette Wheel fE ik
P2 5 ALK IE F) 94.3% (1) 50 FSIE AR L PR H] 13 ANKE K N 3] 97.69% [ IE A PR3 5, ML R T 42 UBE Yy 28
I, 43 28 IE A %605 5] 99.1%; Weight SFHE £ E P31 18 A3 RN [ IE A U3 202 99.29%, Ik M 4 IS Ay 28 ik
B 782 T0 1R 175 25, WAC Roulette Wheel 7155 B 7 SE A0 5 I (1 IE A IR 51 % /2 94.5%, 1% 55 T~ Roulette Wheel
f) 94.3%,{H H & 4r RIE MR A 97.5%, AN Roulette Wheel {5 554> X IEHTZR 1L.WAC Roulette Wheel il
WAC Weight (¥ G811 Roulette Wheel F1 Weight, {H 3043 8P e b 0L T 304G 1 FEAb AR 70 45 L. 5 A i FU &5 1

IR 242K FH Pearson AH2C R Filter VA, A SCHVE IS T AET BIRCA, 0 88 R T 90 I AT 5L
g

DLW iR A SCHE K 4 FhR & 28 DR PR A vk AR 1B 5 1) 3F 3 A3 3801 IX 43 B R 4l S AE i X 43 1A
T4 EIW SYM 43 38 BAG 6 i 1 4 5 bk re.

2.2.3  Carcinoma ¥ 542 9256 45 B #r

Kl 11 i SCH i 4 FhiR & 5L Rk 40 5 Random,SVM-RFE I SVM-SFS 3t 7 Ffdk A 0k 501 48
Carcinoma #4455 12 47 200 LB 1 56 PR 4R (19735 43 S8 IE A 2 i 2%
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Fig.13 Curve of average TPR and FPR with the size of the selected gene subset of
7 gene subset selection algorithms on Carcinoma dataset
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Fig.17 Influence of the size of the pre-selected gene subsets on the accuracy of the classifiers
based on the selected gene subsets by the algorithms proposed in this paper
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Fig.18 Accuracy variance of the classifiers on the selected gene subsets of the proposed algorithms
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Fig.19 Average intersection rates of the selected genes of the proposed hybrid gene
subset selection algorithms among their 200 runs
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Fig.20 Run time of 200 runs of the 7 gene subset selection algorithms
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