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Abstract

posed. Firstly, the two class of samples were trained preliminarily and a normal vector of the separating hyperplane was

An adjusting method for the offset of separating hyperplane of binary-classification imbalanced data was pro-

generated. Secondly one dimensional data were obtained by projecting the high dimensional sample data onto the normal
vector. Finally a new algorithm was proposed by using the information provided by the estimation of the non-parameter
density for the projection data. Thus the offset of the separating hyperplane of the standard support vector machines

(SVM) was revised. Several real experiments show the proposed method can keep the good performance of standard

SVM and balance or decrease the whole error ratio.

Keywords Imbalanced data, Projection, Support vector machines (SVM), Parzen-window densiry, Offset

1 3]

B Vapnik % A 837 9 32 35 14 B HL™ (Support Vector
Machines, SVM) B &£ 1F £ SR G BRI LA . AT
N, FRAE R SRR I B AL 284010 P18 R A B B
YRR T E RS, AR ARBE. R, X A&
B ARMER) SRR B AL R R R T RE. LR, 2 TAF
BERE AR BETRBN RER A, X R4
BEWEE  AAWMREFEFH NS . H—2REHE
BN E ML G ARG R, BT WM 8
P T RRAE YT R EW N GRAE, R
DT . BT MR R, SeaR(4 TR T E BTN IE
EHARE BEARBR D HILHRIES, 5 —-ERN 7RI,
FRSRFMNS e, R B LEER . &R A R
T EAER, WA SCEE R, B E RS AR A LR
U5 R REAR R 4 A5 , B AR R REHLIE N1 55, 3B Ve Ao R
REFMENRAELFER A —ERELE, AU TEE

mk

B H . 2008-03-20

AXFZEHFZARPFEREEITHE (60574075 %8,

B, EARF AE A A ¥ I 0L . SCRL7 R A ke A
BE KRV, X R R LB E RIS R R B~
e, X HREKE—HHNER, YL GUE LURIE, 228
B BRI E—FRET . BATAK A PEREEER
PAF 3 R - (1) B B BB 22 HUR K B PR R 2
Wi s QOB BAR B A AR Y (B R AT R FIBK , — KR
S, 55— LRSI (3) P S BR 4 E F 4 1 AR 2 Hi AR
Ko X 3 FE LA AR HE R SCRF I BB &, MAAX
WS CIORE , 4 R ZBBFR AR W (DR EBLRE
BAY, BRSO B LRI R R IR L. R TRS LRI
BB SCBRC10T8R H — R A ST R i BALE B, BT 3 8
BE4R B E A E AN BAVE MR LI T ik . BATHE 4 —
B A P, A B R PR M B S 1 L
FHATIEYNG, BB BT R EE R w UG, ERERE
B E w AR —EEE, AR R -G RE BIR TR A
BE B RIS EE R R ARSI BB TENRE., 5%
B T MR VIGREARITBYE, RRRREREEPR

MARA964—), B, BI#EE M4, IR T RN B b B E-mail: Iwanli @ yahoo, cn; X =BA1959—), B, 1§+, 4%, 1§
LA I B O R A A ERIS T RN s & (1963 ), 2, BIBER AR 1 N LR SR AL, '

> 148 -



£ 815 B ISR B FORE.
2 FHERYL(SVM) MR R H gAY

BAERAFRE 2 €RY,y. € (—1, 1) RAMM2AR, Kb
i=1,2,~,n, BHABIABREE ¢: 2> (=) = BHEE
SRS Al . RIS MR EETS k(2 s ) =¢(z) * ¢
(z). B ARBER 6,66 REFAETF C,RMTF
HLR [P RE -

min - || w | *+CE4

s. L. y,[w . g0($1)+b:\>1_$t ysi>07i21 ,2,"' ,n,C>O

)

HXHE LR N

max wla) =_§ai —%igiélaiajy;y,k (xi>x;)

s. L. é}la,-y,- :0,0<Qi<C (2)
REBELEAEREN

w” =.§aiy,~¢(:€,-) &)
BEEEA 2 WR 0<<af <C.ARA

b =yj_§yia¢k (x; * z;) )
SREF A BECH

f(z)zgla,-y,-k(x,- c )+b (5)
3 wE b HE

1 ’ =1 Ry /3]
BEHBARLRE (2 ER Yy = ! g

—1, i=m+1l,sn
BUEF 4 P n=m +m. FIABE ¢:2>¢(z) R B
SRR AERFEZS 18] b, 3P 58 S BUE X4 L BR B &, XV
zj 8 k(zi s x))=¢(x:) « $(z;), HEHBEEATHE R K= k(i
L5 ) D axin ™ (B Duicn o
HAFRARENE IR EARIIRBESH w RER w=

Sy () BB B

we ()= Dayig (@) + g =Dayik (ziz) ()

TR AT HE, X BB NRE N S BREE CR R
H1R .

BATAR , FIRKE R EA LA LUEBREF S ER BF
PRIHNEEBRMNENE « LRRE. RBENELTERS
ERRETBG T ERBE— 0. ZBHERIEREE
FE3k (PDMD

BiZSEELEEFWOTER:

we $()=b %)
.1 EEM

FRAM1E , Parzen B B B AT T E R A EHTE,
MFERSEE—MIEFEFERN T . EXEH Parzen J5
BABFEEMITINT .

£ X R BRI (6)  BR IE A B s B 8 40 A %
EAHH

P (x)=;1;=211(:c—w « ¢(x:))?

P =L 3w g’ 8

i Parzen 8 & BT A AL, RO RN FE R P, (o),
Py (oMY FHREECH 1, B8 T L E B E F 8 Parzen
HEE.

ZE ROFHNMEERE P (), (@O AR HBE
X EHEE, REEE SXWMETTERERER, I E
ER @ FER.
3.2 mEN®E

E 1 P, b STER R E R PEREE SN

)

LS b= 402207 B (b + $(z)?

ny i=1 ng j=1
h A 1 WAL B ER e B 248 A SR B iR/, Bl .

Min (Br) = [ Pi@de+| Po(dz @
B RAERRP A FEEMSE, B

L —we g = X —we ¢z (10

ny i=1 nz j=1
RITFR(9) , "] 718

b=[n; %(w s (@) —m %(w » ()0 ]/2 e iw .

$lxi)—m _ngzlw s ¢(z)] an
P,
A{Pl\

> >

A1

ER:P1 (D), P () RLGEFE 1 FIRATRREREUIE
BOAMKEREMEBREN—EFRAOMLY b .
FrEABRATEEI 6 AR E RSB

4 e

T RE: PDM B RE, R ATFE 6 NEEMES R
H5 C-SVM &, Bk 8 UCI ¥l I ES, g 4
K ERITER B ER X B[ —1, 1], VLS EREERN
2/3 &R, 1/3 M. A RIEH R A Gauss B R, —
BEEER o=0.5, BB C M H 5 XX BIERER.
AT R AEFE 1. 73G,512 NFFH PC UL L £X% W
Matlab7. 0 84S BB, SVM £ FI A http: //theoval. sys.
uea. ac. uk/svm/toolbox/#AL A Matlab SVM k{4 T B3k
SEELAY, PDM B R A4 H1 8 Matlab B/F. R 14/ T ik
BABE ML, N+ N—" 45T IEAM B H.
K 2. K 34 FAH T XFFHBEYL(C-SVM)F PDM 7E5X 6 4~
HERF FHLRE R (10 REBWFHE,Ct RREH
HETSHE,.C REMLVETNBE. ER MNELHAE
LR B, A SO H P — BB IEER, HiEFER L.
% 2 v Perr( %), Nerr (Y043 BICRIER TR LM%
Err(Y)RFPEFHEHF, RRLGRINE 2 o,

£ 1 AREMEREHBERIE

W PR Nk & FTER 3
(N*,N7) (NF,N7)

(F4% 155 ®)
+ 149 -

XA H B



#E—, R T FAMC 5 AMC f1 FCM iR SRR,
BEEHRSEc=8; BT m(1<m<2), N T RehsE
BORESHEX LGSR, 5 E B RS BB
B3 MEE ST 50 K, H IS R A 2 FivR.

®HRIF SR TETHF & FAMCE S, L
R ZBEAR AR HRRT SEAPIGARE S E S
ACM K FCM E A, FAMC B s 7e R @ iR B F#
HBMBE, FHit, A SCE LS F AR FE WA BEx %
BRI R /NE AR X BRI, B — RN A R AT T,
85, BT X FERRIBIEST LA RS TFELH
B HRRG RN IFFEERKBRE LOIAKREBTREREE
EERNOTUAEIE, R, A ERATR F BT R E R EHE
HIBRHEAL | AR AR 0 P A 35t DR 508 Rl 8 72 TR — R/
P, AT AT ATE—E R LI R R EH .

and weighted generalized fuzzy C-means algorithms. IEEE In-
ternational Conference on Fuzzy Systems. 1996,2.773-779

(2] B4 BEMERED] FATERMILSTER, 1998,18(9);
124-126

(3] FRE#. —FEEAERRA T BT BEHEZRS AR, 2003,33
(8):8-10

[4] Dembele D,Kastner P. Fuzzy C-means method for clustering mi-
croarray data. Bioinformatics, 2003:973-980

[5] WHide.3e4har, HidEfs. B0 CHMERASH B PAIAER m &)
B[] BT 248, 2000,28 (4):80-83

[6] Vogel M A, Wong A C. PFS clustering method [J]. IEEE PAMI
(S0001-0782),1979,3:237-245

[7] Culley T M, Wallace L E. Calculating F-Statistics [ EB/OL].
(2001) [ 2004 1. Http://ib. Berkeley. edu/courses/ibl60/hl3a.

html
% % X & [8] TIyer,et al. Http://www. sciencemag. org/feature/data/984559.
[1] Karayiannis N B. Weighted fuzzy learning vector quantization shl. 1999
(EES 149 T ERMSERELR.

IBreast cancer 699 467(161,306) 232(80,152) 2 10
Pima Indians Diabetics 768  513(179,334) 255(89,166) 2 31
Glass2v 214 143(52,91)  71(25,46) 6 10
Tonosphere 351 234(84,150) 117(42,75) 2 34
Iris3v12 150 100(33,67)  50(17,33) 3 4
Bupa liver disorder 345 231(97,134) 114(48,66) 2 6
#2 SVM 5 PDM Bt B3
C-SVM(b=0) PDM

) B . Perr  Nerr Merr b Perr  Nerr Merr
IR R MR IR
Breast cancer 10 12,5 4,61 856 0, 1672 5 7.24 6,12
Pima Indians Diabetics 100 39. 33 21. 08 30. 21 —0, 4634 24, 72 26. 51 25. 62
Glass2v 10 0 0 [} 0. 0253 0 v} [}
100 45.24 2.67 23.91 8.056 ¢} 20 10

Tonosphere

Iris3vl12 100 © 0 0 —0.711 0 0 0
Bupa liver disorder 100 35.42 27.27 31.35 0.0389 33.33 27.27 30.3
5 HRREIW

F24, 8% C 2 1,10,100, 1000, 10000 HF] B 5 HF
BERERWEIE. dR 2 A, 6 MRIEE S AN
P& Glass 1 Iris fE F§ C-SVM F: 5 PDM 755 B MR A 3%
F,BAENINEZERER 0, Al 4 P EHE PDM ik AL
T T IERMASHE SR, W ERE T 52, Xtk
BHBATENUEERT CSVM F oy 02550 8, T B RE g
TR FARMESTE, WERHALCEEAN, B pEL
ETHEERE, IURIMBEN FREATREELZHRETE
E

HBRIE AXREMEETFETNTRA:

DAFEERREHARG R, URBIRBREAR SRE R
RS R B s, 81E T CSVM ISR E b, KB5S
RFH, A J R REARIFIRE LI ) B RIFHERE, 0 H
BBV Z W .

2) LRI 4R A S S IR R o — 4ok A0 3,
FIF Parzen B & 1133858 T HIS R, B0 T UHEFENE
B,

3) AFEES TEMEANAVERE . AEEAT R

FT5IEA R ZAbBA ST AE A BU LA _EBiE T 32
TR, WRER A B R A AP . 4R BIBT
FERLE BAEA T ) BB KRR R LR A |

2 %E X ®

[1] Nello C,John S T. An introduction to support vector machines
and other kernel based learning methods, Cambridge; Cambridge
University Press, 2000 '

[2] Japkowicz N, Stephen S. The class imbalance problem; A sys-
tematic study, Intelligent Data Analysis,2002,6(5):429-449

[3] Chew H G,Bonger R E, Lim C C. Dnal nu-support vector ma-
chine with error rate and training size biasing // Proceedings of

" the 25th IEEE International Conference Acoustics, Speech, and
Signal, Piscataway: USA, IEEE, 2001:1269-1272

[4] Chawla N V,Bowyer K W, Hall L O, et al. Smote; Synthetic mi-
nority over-sampling technique. Journal of Artificial Intelligence
Research, 2002,16(3) :321-357

[5] Ling C,Li C, Data mining for direct marketing problems and so-
lutions // Proceedings of the Fourth International Conference on
Knowledge Discovery and Data Ming. New York: AAAI Press,
1998:73-79

[6] Kubat M, Matwin S. Addressing the curse of imbalanced data-
sets// One-sided Sampling Proceedings of the Fourteenth Inter-
national Conference on Machine Learning. Nashville: Tenne-
ssee, 1997:178-186

{71 Rehan A, Stephen K, Nathalie ]. Applying support vector ma-
chines to imbalanced datasets // Fifteenth European Conference
on Machines Learning. Berlin: Springer-Verlag, 2004 ; 39-50

(8] XRBHE, 5V, RMIF. ROPEEAR I - 25 1% R B
Hm. {58 545 ,2005,34 (6).703-708

[9] Lin Y,Lee Y,Wahba G. Support vector machines for classifica-
tion in nonstandard situations. Machine Learning, 2002,46(2).
191-202

(10] BRI, B M5, —RINAR X R BV 2K B TR TR,
2005,31(12):23-25

(117 s, sk T SRR Juat AR H R, 2000

. 155 -



