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Abstract: Random forest has been proved to be an efficient algorithm for classification and feature selection in bioinformatics.Al-
though the effect of parameter setting on results is very limited,a group of appropriate parameters can generate excellent perfor—
mance.This paper focuses on the setting of class weights in random forest to deal with classification and feature selection prob—
lems of unbalanced small-sample data and determines the optimal class weight.In order to compare the performance of feature
selection with different weights,SVM is applied in the paper.The results show that optimal class weight is variable and cannot
form a standard.However,people can find some weights with which not only classification but also feature selection can get better
performance.
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FEAILARAR & B Breiman 14 564 00 —FhEE TA 43 252800
SRENE TR AR 2, AR AN, RS dilE
(Overfitting ) , [RIHS EF THAAESE DA BB 4555, 0T S B0 , 4
FHBF S HTiE 3 NS K S (nodesize) , AN
SRR A BN (mury ) B A 4 2528 B0 (ntree ) BT LLAS
FIRFRRBAZE R . (H SRR ] AR R R AN S8 14 2, BT
P2 522 T SRS EIR K . I 258 CEX A i
[ @HEAT TR ENTIIER I T2 78, it R 5 R
AR AN 2 710 IR SE AR i
SRARE A N AE IZ SRS, X 25 Byt Rt il &
BT SCOPRH T —FIsH 71k SMOTE, %771k N T A —4E
AN T T L ) TR G T LG S SRR
IR R KAEARE H LIGA S5 H ), B3 /DA 1 Fedw
IR G AR S AR SR AR T P ) 1) 1, S5V one—sided selec—
tion 1S RSAEARS A R T AR RN W AR
SRIGFIH Tomek-link iR SR, RAINEBURSE L84
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Xukbr it A pESY S5 TP391

RAVEE AT RS 73 28 XFIO7 R B AR FA R
PRI, 61K & A B Z I I S - RN S b, 4
HE A RO RO B AR T A AN A IR — AN UL
AR EZE T2 BAT IS i R 2R AR IR R, B
JR RIS BB A o o AR AR 2 RS, S8 T
EasyEnsemble Fll BalanceCascade PR J7 i fFHE 2 3 AN 32 1 In)
o iR RS BENLIE 3 5 /N AR B R R AR
5 /NN J5 8 BR R RSP E 0 4 200
A, HRWGFEAIRE)IE . FEPLAMR(Random Forest, RF)FE
SEBEAYBREAR A RN, T EA B R T 8,
PR HETE (bootstrap ) IEFEEEAL 153 5843 2Kt (P40 28488 )
TR A R % 50 B R (voting ) 15 1, BETE — €2
B DA RS AR 000 . Chen C SRE&H T PRRES
TREYLAARA i . — PR DIABED LR (Weighted Random
Forest, WRF ) ; 53 —F ¥ AL ARAK (Balanced Random For—
est, BRF)™, WRF J$ 2B AL 5 RF 45465k ; BREF 11 5 g ik
bootstrap FEA , A INZREE R B3
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SOCAREE T Chen CEEMIMESE, 16 TR WRF 72X/
FEAEAE AT 53 JFRHIE S BN A R Y 82 8, o S o) &
HL(Support Vector Machine, SVM)I&IFRFIEEER 255 1A,
W R B 220 R AL S . K AT WRE TERSE
HRE R, B Hh BT e B2 R 2 SRR R . SER AR
EREM I A E R ] AR Y H AT USSR LA L, SRS
R, IAE—EREEE Bk o 2R R IERE

2 Jiik

1 6 HEE A WBF, i+ 84245 iR (Out—of-Bag
error, O0B error) , [RIBJFSRIRHERIELE . FEARIMGHELE 2
FI SVM REEAFAE ELE R R o
2.1 MBLBERLAR B

j]l]*llzjﬁm%ﬁfk(Weighted Random Forest, WBF)&3:T RF
B — PPl R T 3 2K, AR TR RS /N AR AL T 45
RIS /INAE . X — 1A /N RS 2 I T BRI TR
. AEAEPIANHTT N RE IS8, — 28 asa0
Kid e XA R AT R (R SO I B EMN 4K
WESHENTE; AL 8. N EHES 584
LT RPN E o 2RAEEAE WRE Py EH 8
4 O0B  error FIZEZ [HJFEARLZ LKA E

TERTH AR R, A Gini ARAli EERGE R ok 5380
e FARRTHREI AT (2)FR:

> (nW,)
i(N)=-L——— (1)
Zn, W,
Ai=i(N)-i(N, )-i(N,) (2)

253 NV ARFEAR ST BT RN, N, 53 BRI 43 8 Ja i e ]
T AT L (RF R SR s WA € BRI ZRAL
o, TR RN S IR ECR A AR/ & I
FRARFES 18 157 SRR
TELAT A ACEADRSE HRE . BARAING)PTR:
nodeclass=arg m?x (nl.Wl.) (i=1,2,---,C) (3)

22 ZFpmEtHL

SVMIME—FhIE T4 24 S B ML R S 7 vk, M
T/INFEAR G RIS« 1207118 e B B AR s a5 31 v
4 RGBS 2 s o T
BT b7 A (— AR ) FE K FR (R , 43252 Hir e 2 Al
F WRF S THHESRE B LY, SVM Y72, [, SVM
TR SR B ZEIE, A TR 22 3 2, R
H TP A SVM By, 2835 F H OVR (one-versus—rest ) 176
PR KM RS 28, RGBT SVM, ERE DL i
BRI LS. HRCZA T SVM 1) MATLAB T.H
SR, 20 SVM_steveGunn \LS_SVMlab %%,

3 BT
31 R

AT HCEA A EE T /3 2R B A IE AR T 6
AARFREAR, BaREER 1 s, Hyp sl A%
(Name) AEAE(n) ZEREL () FEA I B 4EEL (o) HLIHZET
(7RISR (Miss ) o AifidiE (Lung ) . A L% ( Leukemia ) FTH 1 R
95 ( Prostate ) EHE R A BROAD %04i®)1; 4517968 ( Colon ) F A VE

(Wine ) 45 5 B UCI Machine Learning Repository!"!; & i
(Gastric ) EHE AL T MEBT IR IR AL TR/ IMEASL
5, LB R — N AR A B S AN IR A E J LA, B0
BFLHBHRIR T — RN RAE

A1 TARH
HARARR RS 200 REARIEYAEE . BUERE T BRRE(%)
Colon 62 2 1712 Num 0
Leukemia 72 2 7129 Num 0
Prostate 102 2 2766 Num 0
Gastric 38 3 21378 Num 6.84
Lung 197 4 1000 Num 0
Wine 178 3 13 Num 0

3.2 AR
3.2.1 WREF 4y RE5 3

AT A AN TR A ZEaS R, RIS I nodesize=
1 ,mtry:lSO(Tj? Wine 14 13) )% ntree=1 200, FR{pd X L6 24
{EANAS  BRIRSER: WRF ¥4 774 00B AR R AL 8 8 2k
BT, Wi T PR 2 2588 o 2R  Jo B R IR R A . BT
A 00B HiRFEIE 2~ 7, RPpG—ITREN—EIRELEA
[ ZRAEE T o3 22 5 s B —FIARSR ] — A A A1)
GrREEH . 00B £5IRE IG/IMES NETE /3 R E SR I
I, BRI I M R

%2 Colon
0O0B errs Class weights(w0,,w,)
(100%) (1,1) (2,1) (3,1) (4,1) (5,1)
122 129(3,5) 12.9(3,5) 14.5(2,7) 14.5(1,8)  20.97(0,13)
Sample 133 13.2(4,3) 13.2(3,4) 13.2(2,5) 13.2(1,6) 11.32(1,5)
ratios  1:4 12(3,3)  14(2,5)  14(2,5) 14(2,5) 14(2,5)
1:514.58(4,3) 12.5(2,4) 14.58(2,5) 14.58(2,5) 10.42(1,4)
33 Leukemia
OOB errs Class weights(w0,,w,)
(100%) (1,1) (2,1) (3,1) (4.1) (5,1)
122 277(1,1)  277(0,2) 2.77(0,2) 4.166(0,3) 5.55(0,4)
Sample 1:3  1.578(1,0) 3.17(0,2) 3.17(0,2) 4.762(0,3) 4.762(0,3)
ratios  1:4  3.39(2,0) 1.695(0,1) 3.39(0,2) 4.762(0,3) 6.779(0,4)
1:5  3.57(2,0) 0(0,0) 0(0,0)  3.571(0,2) 5.357(0,3)
44 Prostate
0O0B errs Class weights(10,,10,)
(100%) (1,1) (2,1) (3,1) (4,1) (5,1)

122 8.974(6,1) 14.10(3,8) 16.66(1,12) 19.23(1,14) 20.51(1,15)
Sample 1:3 7.246 3(4,1) 7.246 3(2,3) 13.043(2,7) 17.39(1,11) 17.39(1,11)
ratios  1:4 12.31(7,1) 6.1538(2,2) 7.6923(2,3) 16.92(2,9) 16.92(2,9)

1:5 8.064(5,0) 4.8387(2,1) 9.677 4(2,4) 12.903(1,7) 11.290(1,6)

#5 Gastric
OOB errs Class weights(w,,w,,1w5)
(100%) (1,1, (1,2,4)  (1,1,2)  (1,1,3)  (1,1,4)
Sample 5.263 1 0 0 0 0
. 20:13:5
ratios (0,0,2) (0,0,0) (0,0,0) (0,0,0) (0,0,0)
#*#6 Lung
OOB errs Class weights(w0;,w2,1w5,104)
(100% ) (1,1,1,1) (1,8,7,7) (1,2,2,1) (1,3,3,1) (1,1,2,1)
Sample 4.060 9 6.598 9 3.0457 3.5533 3.5533
139:17:21:20
ratios (3,2,3,0) (12,0,1,0) (3,1,2,0) (5,1,1,0) (3,2,2,0)
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37 Wine
OOB errs Class weights(w0,,w,)
(100%) (1,1,1)  (6,5,7) (2,2,1) (1,2,1)  (2,3,1)
Sample 22472 1.6854 1.685 4 3.3707 22472
. 59:71:48
ratios (1,3,0) (0,3,0) (1,2,0) (3,2,1) (1,1,2)

3.2.2 SVM 4p J&5 0

WRF 5 S5 5 8 Bk A ok Jm P (A Bl 2250
FIE , WO B PEEL LB R FERE FOROHET ARG 85 71
Hij 30 AN (Wine HHEERT 8 ) BEVEFRESE A T SVM 43
25, SVM M & HAREER IETR UL 8~ 13, TR
PO IRE PR BN 5 R RO, SEhid fE b SVM 1Y
HAthZH0m i “ 8 — " #558 (Leave—One—Out  Cross Validation,
LOOCV ) E— %€ U5 [l N B € S fEE . 4% b i 45 R 3 g
LOOCV 15351,

#38 Colon

Class weights(w,,w,)

(1,1) (2,1) (3,1) (4,1) (5,1)

Accuracy rate

122 08387 0826 08871 08387 08548

Sample 13 08491 08491 08679 08679  0.8868
ratios 14 09000 08000 08600 08400  0.8800
15 08333 08958 08542 08125 09167

29 Leukemia

Class weights(w,,w,)

(1,1) (2,1) (3,1) (4,1) (5,1)

Accuracy rate

1:2 0.9722 0.9722 0.958 3 0.986 1 0.9722

Sample 1:3 0.984 1 0.984 1 0.984 1 0.984 1 1.000 0
ratios 1:4 0.966 1 1.000 0 1.000 0 1.000 0 1.000 0
1:5 0.964 3 1.000 0 1.000 0 0.982 1 1.000 0

%10  Prostate

Class weights(w,,w,)

(1,1) (2,1) (3,1) (4,1) (5,1)

Accuracy rate

1:2 0.897 4 0.897 4 0.897 4 0.9103 0.897 4

Sample 1:3 0.9420 0.942 0 0.9420 0.927 5 0.9420

ratios 1:4 0.876 9 0.907 7 0.923 1 0.923 1 0.9538

1:5 0.903 2 0.9355 0.9194 0.9355 0.9355

# 11 Gastric
A . Class weights(w,,0,,03)
ccuracy rale
ey (1,1,1) (1,2,4)  (1,1,2)  (1,1,3)  (1,1,4)
Sample ratios  20:13:5  0.789 5 09211 0.8158 0.789 5 0.9211
12 Lung

Class weights(w;,w,,103)
(1,1,1,1) (1,8,7,7) (1,2,2,1) (1,3,3,1) (1,1,2,1)
09594 09442 09442 09391

Accuracy rate

Sample ratios 139:17:21:20  0.949 2

# 13 Wine

Class weights(w0,,10,,105)
(6,5,7) (2,2,1) (1,2,1)
09888 09888 09888

Accuracy rate

(1,1,1)
0.988 8

(2,3,1)
0.988 8

20:13:5

Sample ratios

323 ZREMPER TSR

SR B E RS L TR EE RN S, kiR
B, 38 D7 T A A R (e R AH 24 R AR, JEHE 2Bk
AR, SRR LA fRAE M A ZA T A 75550, SEam s

ROLF 5~ 7 T 11~ 13, Rrp s — A R eAR R 45K
5 58 AT B A5 SRR AU I L s AR B AL 1
SR G A R E B E .
33 E b

NSEEGZE ST LIS B BRI B H— 2 T4k %
BOEAREE , WREF YRERAHE T80 RF BZ5R AR, 56
—HNHZERAELE R ZE UL T AN At LA, S5 A A %
BRI R BT R E AR AN, 1S R
B . BT AOAE R T X AN WA BIAE . BeA, T
SFRAREL R L A E — AR U S B R 45 2R, T —
RAAREAE SRS BT o R | 1284 4 Bk . )
BF, XFEk WRF 5 SVM B4 RA I, 7 WRF 45 R34, )
SVM B4 2R IR, BB P ARBE IR A B . 156
AR B RCERESE SRR R . T g, SR
257 LA, LLFS BT 05 (b e A

A 1 BRAEARRRELR,, BNATE X B R RAE ., %
J& WRF 1 SVM BYZESR, /NS 2 8 3 A E(E RS . 55
FALEAE 0T RE AR BRSO A I s, (HERM R WRE
B/ A R R S 2RI, sk 4 £ 10 ik, HME 2803 1Y
AEA kB, S208 R B TR .

Bt 2 R ( Specificity ) SRR ( Sensibility ).
TR i A S S BHPEAS I AR AR (3 NS B 4 b s R
P Sy fide N A5 B B PRSI B AR o R N A o b o 3
TGO T RN LAY B B MR S — s .
B INEEAERAFEAR 0T 15348 m iUt 75 B4 1% 251k
BERHIE, 2% VR X AR T H R 2 g
YE4EPE Hh 28 7 (Receiver Operating Characteristic Curve, ROC
Curve) o TEDZEEZETHRASAELL T ,ROC HZE S Hh 2k
TFIH R (Area under the Curve, AUC) AW 42K a8 % — 24
RIS SOSRIRRAE . [B] 1 BoRE B AR E D) WREF
4325 X 279 ( Colon ) B /NS 4325 ROC Hh£&, o/
R RIHEARL R 1:3(F 2), FHANALEARIE I, HH AUC
BB 435124 0.808 7.0.834 6.0.869 6 }2 0.886 5, AUC {EHkA,
Iy AR IERE T

ROC curve of Colon with sample ratio 1:3

1.0 _
0.9k =
£07}

——weight(3, D[]
weight(4,1)]|

01 02 03 04 05 06 07 08 09 1.0

False Positive Rate

Bl 1 g ROC gk

B 3 BB R HBEE MR R, 7522
R 2 R R AT, RIANSRZEN A B0RE 2 (RO 2 B
B n A WA AT A n:1, DN A S50 25 SRAEH , EZRAL T A 3
INZSERE > FRBAH) . X R BUR  RRE A2 AL,
FITAN ) A J5 R A A BT AR T . e, S 0
S R R T AN A R T B AR R e R 5 AR
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BOREAE . A\ RF B AIERELIEN 24T , RUEAS T B B AN RES
ANFEAR B P HOBER , (H— HAA /N R B A 2
2 502 GFERE P AR , (2l SRl i 2 i) KRRt
B 4 22280 RN AN B A SRR S R R
IREAEOE R o TP B SRR 02 AT AR
B . A 2 B3 AFAXSERROAE , AT R R

4 Hig

HE— BT T WRE B0 IMEAN B SN A B ]
IS RIUER WRF H% 8 RF 7L ICIEAE 5 2 AR 4%
FHEREHUS ERBIRCR . FRARXS L TAEANFIREA KL LU SR T
A X 43 SRR E R0 S0, 2 B AR AN
BN . REBA— TR EbRfERT (R %5084 T
JUERUHSRAT B & 77 (B B . A5 i) TAETR S 4K
— RSP 7 i ORAC B L S A L BE B IS S WRE 5
PR S, At R P R F
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