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An Novel Ensemble Method of Feature Gene Selection
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Abstract  To identify disease genes from these gene expression profiles is critically important for
disease., such as cancer, subtype discovery. diagnosis and pathology study. This paper proposes a
feature gene selection method named EFST(Ensemble Feature Selection Based on Recursive Par-
tition-Tree) which can be applied to select multiple feature gene groups from one training sample
set,and defines a significance and stability measure for each selected feature in a way similar to
the ensemble decision method of supervised machine learning. Authors apply the EFST method to
analyse the published 2,000 gene expression profile data. The results indicate that the EFST
method can be used not only to select feature genes and reduce the dimension of feature space,
but also to increase significantly the disease prediction accuracy of many classification methods in-
cluding SVM, nearest neighbor classifier, Fisher linear and Logistic nonlinear discriminant analy-

sis.
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—J7 T F T I REAR R Fr R DAL A 2 A v BEAH G, A Ik
AETE R TE 3 28 5 3 S0 B iy TCA BE P o] ) 1
XA A w4 R AR OC CTTA) e i A IR A 356 K]
FEIRVEEAE VU T B AT 5 0 T SR A AT Bk T
PR A R LA, S Ml 2 I F IS B Hh TR I R

TEA B 2 ) b R R s SRk — 1 H
FRIEMARZFENR g, (G=1,2,, p) P e —H et
MIRFIE T8 G, d R PR BE 1 4 o 455 =X 23 28 1) v
R FE P RRE R )7 5 2 0T U8 (filter) 5, 0
HEFL (rank) . 15 B 1 25 (information gain) Fll T /K 7]
K EE (Markov blanket) 55 J5 k570 b 3 Oy ¥ 9 &
B AR I A A P AR R R AE T R O v
TEAFAE e PR 7 v 55 0 28 8% 1Y DR SRAIL I 25, —
ME LU S o 8 5 R G R A R AR S 75 B R — R
Gy AR o AR 0k B e KL o) — R IE I BT
R 9 SE (wrapper) 1007 BLEE )T 120 o3 KBTI iR
N FFAE SR B v, 0 DA Ok B 05 Ko 2 U 08 5
T RFREE SR T R, BTSSR VR R R D R
fIE 5 73 2 4% 1 TR SR AL ] BE % AL 4F MUl &, AL I3 26
HERf R 1, T ELAE 8 i D AL T (om0 L
T RRE Y o3 28 5 B SO B BT LA AR SR TR
Tk U AN Y G 47 7 kL IR 20 2R YRR
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TR P 43 B A S 0 B SRR AE BRI L BR TR 4R
15 73 R 1 43 S ME R 3 (RIS Wi 10000 Al o) A
SCHL R 1 R R E R DR R T Y R
PR E LR, B TEESRTE¥FE LRI
RV R B AR b, A A 2 5 0 TR AR DG
PR I, - 3 e AR AIE 35 D], XA 9 52 5 1) A2 2% 22 ik TN
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M FRATAE A W ML T P 2 e
£E 1 (ensemble) PSR AR, 4 HY — Flr 2 T~ 388 15 43
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EFST J5 ik AR w0 R e R N 51 &, N —
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ik, DASEIRAZ 48 A 73 28 3 SR AR 5 R R i i A

FOC B FRAESE R I H ). EHARE R, 2 0 Kk
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W R AR TAE.
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AR RRIRE 4 DNA I R REAR LS 40 1)
Sl 22 B IE H AU RE AR, 43 i) 2 0 A 4
0.1 X IE 45 I 4 UM 25 g it L 2L R A7 b g )
AR AEAS  BRHL 2000 A F DK 3R 08 1% 0 L L b A
BRI EA —E AR X
3.1 EFST 4iEEFEE#E

SR 5558 SUBSUE J7 2% 37 3 TR [ 49 A ) S
BSEE R REAEE (IR & 4120, 4120 2 5 B AL 3T 1L

R 5 L ENIEW A HA N, (i=1,2,++,5) 45
e N D, (i=1,2,--.5). BN, i =
1,2, ,5)F D, (i=1,2,-,5) I —2 N, Hl D,k
TE— ARSI R4 4/5 VR IINGRAL. A — Kbl
B 4] K 4 25 X S 06 21 AN I 24520, 35 B BE B 43 20
20 KL, =T 500 XS E AL YN Zh 4l R EFST
FRAESE R 2 B35 0 TS A w, = 1(E D M
SEA w, = x5 (B 1) PRI B0 B SE AR AR SE 4 G,

F1 BEFRARIINSGESHEWHEEFEIANKFLHEEEER w,=1D

AR a0 a0 =0.1(x2=2.71) a0 =0.05(x2=3.81) a0 =0.01(x2=6.63)

Gene 1D FV Gene 1D FV Gene 1D FV Gene 1D FV
1671 0.4617 1671 0.5340 1671 0.5900 1671 0. 6300
249 0.2715 249 0. 3840 249 0. 3800 47 0. 4760
47 0.1934 47 0. 3400 47 0. 3680 249 0. 4000
2 0.1903 576 0. 3080 576 0. 3460 576 0.3520
493 0.1895 2 0. 2900 2 0. 3080 2 0.3520
1 0.1462 682 0. 1680 682 0.2180 201 0. 2080
576 0.1315 1 0. 1600 1 0. 1800 72 0. 2000
72 0.1176 3 0.1420 72 0.1500 1 0.1860
5 0.1083 72 0. 1340 3 0. 1400 682 0. 1700
3 0.0982 737 0. 0960 201 0.1240 1623 0. 1480
1346 0.0982 201 0. 0960 737 0.1140 491 0.1100
682 0.0905 9 0. 0800 1504 0. 0900 1346 0. 0920
201 0.0603 1504 0.0780 9 0. 0820 5 0. 0920
9 0.0518 493 0. 0760 1623 0. 0620 3 0. 0820
776 0.0510 5 0.0720 776 0. 0600 737 0.0780
737 0.0503 1346 0. 0640 5 0. 0600 9 0. 0620
1772 0.0487 491 0. 0600 491 0. 0580 1500 0. 0440
1473 0.0441 776 0. 0560 1500 0. 0500 980 0. 0440
11 0.0379 1500 0. 0400 547 0. 0420 550 0. 0440
1423 0.0364 1623 0. 0340 1346 0.0380 1952 0. 0400

AR F AT AL 52 4 4 5K o ORFR
#il a0 3500 =0. 1300 =0. 05 Fl o, =0. 01) , F T K 46 %
PRI — AR IE R K & G, M 2ERe 1 2 &
3 TERE KO- 45 500 YR AFRAE BE£R L T2 A AR
BURFAE 8 £, F AT 3 0 45 3 500 A FEAE & P 5L 4
G, (d=1,2,,500) , JFARTHFFAEIL PR £ 1) FV
S3An. R A FV B34 FVO L IR SHE FV; =
0.035(8=0.01, w, =DM FV;=0.034(=0. 01,
wy =5 WEA FV=FV,(3=0. 01) A FFE
PR 25 3 7 SR BT 3 A R AR R DR 5 1 AR SR AL
BT 3 (R R AE B R Y 9590, 1 W IR . 7E o, =0. 1
MIPE LT SRR T 19 AN BRI 7 B AE AL R AR i
FE T 20 A B35 U B TE 4 B 2 K1
LN L w A m] 3 v A HRAE B 80 %6, X — 25 R 4
A EFST ke B iE 2 BA S e ek 5
— 2k R AT R R AR o o BPXS IR 3
PRI — HARHIE SRR B G, 1973 K B8 0 AN 2%

PEAS B0, 3 o BE B 5 B 9 11 1 BB 08 AR AR AR 41
RFAE e PR A5 5. i DL, 3% IR EFST J5 2 9Pk L 76
FI A A 53 2B X R AE 47 80 38 09 B B RRAIE A 2
14 Jb 25 MR o T DUBAIR L 5 2 A BRI L B AL b E A
18— S T OGP IR 9 18 650 B 7T BB 23 /0N, WT LA i i
PROR R, 12 EFST 5 ¥ i —4 & i f .

Wl KT 1 L B EFST 38 3 09 FR 1 A
K] B 2 50 7 B A 1 oy L 3K PR T A IR A Y I
R 56, 78 I 45 A 43 2 X 4R AiF 2547 400 22 1 I B L T
DA B SRR AR 6l 2 L 3 WA B B RRAE 4 AR L X
FE AT LU A BE A9 55 A1 A PR Ml 58 3] fe 24 1) I 3
K.
3.2 EFST 7Ai&E3 SVM 54 it 5 2%

ZEIHEENBRME

SHUESE EFST Rk 55 PR 356 488 75 X 4 g A [l 45
G REERA R AT SR m AL (SVMD P
Fisher £& P ) 51 | K % 4830 (NNDOM Fl Logistic



680 it "

Bl

it 2004 4

JELe PR 4 R O3 ST i R T 3 R
TESEA . (D) BT A7 BE 8 5 (2)  EFST J7 ik BE 8 1 4
TSR 5 (3) BE ML P 1 45 1 g 56 TR 19 32 2 3% S 560 40
AT 50 2o

TATELER 1 095 151 20 MFAERF 25 5
KR 2B/ TR SR M EILE 6 F R
[F] A% PR . 4R (linear) , d=1,2.3.4 B 251X
¥ PR (Ployl-Ploy4) FI4& ] 3 (rbD) BUE T, 50
B EFST ik £ 20 A3 AT 438 2000
NEER S 5 85 7 i 2 o 25 0 45 3L, B9 Fh S 4F ) it
BT AT 100 K, —BOHEFE bR Ace, T L P R
p FERGEL P - J2I2 1T 100 IRAF 45 8.

BATTLLE S E 6 FIAFEAZRE T . H EFST
LR R 20 A I HE BR (Ace, p A r) JLF 42
TR T 2000 56 K 2 5 50 2340 B (9 48 B L
12 ) FEAZ PRI rbf A48 bR K I 4

®2 FABESEERZFRNR SVM SR HREMLILE

Kernel R AIF 3 4 Acc P r
linear EFST20 0. 8878 0.9066 0.9307
2000 0.8241 0.8736 0. 8658
Poly] EFST20 0. 8884 0. 9064 0.9303
2000 0.6462 0.6462 1. 0000
Poly2 EFST20 0. 8884 0.9007 0. 930?)
2000 0. 8882 0.9280 0.9023
Poly3 EFST20 0.8472 0. 87'88 0. 9092
2000 0.8227 0. 8736 0. 8631
Poly4 EFST20 0. 8350 0.8747 0.8638
2000 0.8214 0.8718 0. 8630
cbi EFST20 0. 8992 0.9254 0.9246
2000 0.6462 0. 6462 1. 0000

# 3 4 T 7E Fisher k4 (K Fif 48 (K=3)Fll
Logistic JF £& M #] 5 /- 22 28 15 0, 43 3 | EFST
TR BN 20 A SE R A BEALIEER 20 DL 2= 5K
KoK GHR, B R IE B 4T 100 K, 38 45 1 8 %
Acc, p Flr JEB4T 100 IRIGE 85 5% AT LU
FNTE 3 PRS2 A8 T EFST ik #6010 20 3%
Y FE AR (Ace, p Fl ) 28R T BEALEE B 20 4> 2k
K2 5B 5 2800 B Y 46 A5, o Fisher £ 1 ) 51
(R 368 B R 4 =

R3 FEAHIEEFSTERBTEERSHEN
ENERNESXFIERLLE

7k HRAE 3 4 Acc P r
. i EFST 20 0. 882 0.912 0.910
Fisher £ BEHL 20 0.592 0.751 0. 600
oo EFST 20 0. 635 0.909 0.925
K Bt < Ba#L 20 0.759 0.773 0.910
Logistic EFST 20 0.747 0. 834 0.765
Al 2t 0 51 REEHL 20 0. 660 0.729 0.775

4 TR RRHIIE

Xt — i 0 R A S B 7 0k — A E Y E Ar 2 HE
i 1o B AH DG 1 TO AR A 38 2 SR TEUI) Bk — 2 AR AE
B X0 I 7E B PR 3R 3K S M X K AR ) IR 2 1)
U A 2 7 Y B L R RE NS 7T 40 b & LS R
I3 PR DG I Y SE R B 592 b L 7 TR — A ARl i -
149 5 D] | M 4 6 PR 45 ) B R DG 1% 5 PR A 3R 3 i )
TR BEAH DG 7E — M B RR AR e 25 1 2 A b, i S 3 ]
W E I I TUAR PR AR R SR PR R AR IR
RERS & BLZ A 43 2K B SCR R AE AL, 5k o] A i e
TR i T — 2 sl L 4 AR 1 3 s sl oy e 2L ik
11T 43 A7 2 995 19 DL G, 2 3 U A% 1) B DR RRAIE 4
GEIEED- 0
EFST J5 5 2 3 F 43 240 43 25 (1 — Bl Re AiF 3 B
e P 7 3k T LA 5 A B TR O T ORI v A O
U4 W 5 0 v 1 2 4L AR JE (XL B 4R 3R
5 — 20 43 25 3 SO W A R AIE 26 TR, O SR (IR AR AF 3 ()
SRR T E X R Gl 1 R DS L N (W2
EFST J5 36 A AUA 350 1) B 4E 68 77, i EL X S 4 1)
HHL(SVMD) Al e AL 4326 Fisher H 51 5 4B 3T
(NN FI Logistic JE 2k 1) ) vk A5 % o 18 38 o 1
JUFAEFT A E 00T #2140 2 0 il R 35X 4
SSTE TR A G 66 PR 0 3 5 T AR R 5 g A
XA K P IRA LR X
FeA ¥ E— L WFFY EFST J5 ¥ (045 L 58 ih
O R 1) 22 2 R AE 6 DR R B R 22 T8 114 56 1k
KR M AIE ARSI 45 AR L 1 A= 90 7 i

& % x Wt

1 DeRisi J. L. etal.. Exploring the metabolic and genetic control
of gene expression on a genomic scale. Science, 1997, 278.680
~685

2 Golub T. R. et al.. Molecular Classification of cancer: Class
discovery and class prediction by gene expression monitoring.
Science, 1999, 286:531~537

3 Cmill J. C. et al.. A new approach for filtering noise from
high-density oligonuleotide microarray datasets. Nucleic Acids
Research, 2001, 29(15):15~72

4 Hall M.. Correlation-based feature selection for machine learn-
ing[ Ph. D. dissertation]. Department of Computer Science, U-

niversity of Waikato, Hamilton, 1998

(21

Blum A. L., Langley P.. Selection of relevant features and ex-

amples in machineearning. Artificial Intelligence, 1997, 97 (1



5 1

A EAE AT U S0 SR Y A IR A S IR 3 O R

681

10

11

~2):245~271

Kohavi R., John G. H.. Wrappers for feature subset selec-
tion. Artificial Intelligence, 1997, 97(1~2).273~324

Xing E. P., Jordan M. 1. , Karpy R. M.. Feature selection for
high-dimensional genomic microarray data. In:Proceedings of
International Conference on Machine Learning, Western Mas-
sachusetts, 2001,601~608

Dietterich T. G.. Ensemble methods in machine learning. In:
Proceedings of the 1st International Workshop on Multiple
Classifier Systems. In: Roli F. ed.. Lecture Notes in Computer
Science. New York: Springer, 2000, 1~15

Zhang H. P. , Singer B.. Recursive Partitioning in the Health
Sciences. New York: Springer, 1999

Breiman L.. Bagging predictors. Machine Learning, 1996, 24
(2):123~140

Guo Zheng, Li Xia, Rao Shao-Qi. Analysis of Medical Data.
Harbin: Harbin Publisher, 2002(in Chinese)

12

13

14

15

(5 B, LS. BEER NN, WK, BIR
AR, 2002)

Martinez W. L., Martinez A. R.. Computational Statistics
Handbook with MATLAB. Chapman &. Hall/CRC, Boca Ra-
ton, 2002

Brown M. P. S., Grundy W. N., Lin D. etal.. Support vector
machine classification of microarray gene expression data. De-
partment of Computer Sciences, University of California, Santa
Cruz: Technical Report USCC-CRL-99-09, 1999

Li X., Rao S. Q. et al.. Genetic mapping of complex discrete
human diseases by discriminant analysis. Progress in Natural
Science, 2002, 12(6):27~33

Alon U. , Barkai N. , Notterman D. A. , Gish K. ezal.. Broad
patterns of gene expression revealed by clustering analysis of
tumor and normal colon tissues probed by oligonucleotide ar-
rays. Proceedings of the National Academy of Sciences, 1999,

96(12):6745~6750

HR1 BEFARNGEESHEMBERFEL4NKFLHOBEEEFEER wo=2D

N a=0.1(x2=2.71) a0 =0.05(x2=3.84) a0 =0.01(x2=6.63)

Gene ID FV Gene ID FV Gene 1D FV Gene 1D FV
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