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3T FEEHIEL PSO-DEC-IFSVM & K & 3%
HEY BEL ERG

(B IR 2 BRAR 3 PR 20 B A 52 9 %8, 5B, 550025)

i AT R TR L T R BB 24 & F AL (Fussy support vector machine, FSVM) f 3% 4 %

i‘flﬁ'ﬁﬁ:%ﬂf]‘ CALN B A B R AL F B A, R SR B — R A T B 7 # L& (Particle swarm

optimization, PSO )AL 64 2 ik 828 X #r & 4L 3%, B PSO-DEC-IFSVM % 77;?:%%5_% 2o &

WhHHAB L E P R IE HAREGREEARHFRGEESTRITEMERE I, RE WK

B M LG E S R E &5 BT (Different error costs, DEC) £ % 48 45 647 3] DEC-IFSVM # %,
Ja AR k2§ Bk 3F DEC-IFSVM ik 5l A 89 S A4k AL . I IEB - 28 T UCI ™ k34 & 7 9

Pima 4 6 #F R -F #4045 £ , A0 & A 49 FSVM & & & # 5 3% ,PSO-DEC-IFSVM H- ik B £ 4F 69 iE f

£y R R AR B IR G

KEER: RFHEESE, fik’f;&#f]iﬁ’h FHGHAG LT ETHA L ANTHR

FESES: TPI81 XK FR ARG : A

PSO-DEC-IFSVM Classification Algorithm for Unbalanced Data

Wei Jianan, Huang Haisong, Kang Peidong
(Key Laboratory of Advanced Manufacturing Technology, Ministry of Education, Guizhou University, Guiyang, 550025, China)

Abstract: For the unbalanced datasets, the traditional fuzzy support vector machine (FSVM) algorithm
classification effect is not obvious, and the introduced parameters are not optimized. Therefore, this paper
proposes an improved fuzzy support vector machine (IFSVM) algorithm based on particle swarm
optimization (PSO) algorithm, i.e. PSO-DEC-IFSVM algorithm. First, the algorithm is used to design
fuzzy membership function considering the distance from training sample to its center, the tightness around
the sample and the amount of information of the sample, and then IFSVM algorithm is combined with
different error costs(DEC) algorithm for obtaining the DEC-IFSVM algorithm. Finally the PSO algorithm
1s used to optimize the introduced parameters in the DEC-IFSVM algorithm. Experiments show that the
PSO-DEC-IFSVM algorithm has better positive and negative classification effect and stronger robustness
than the existing FSVM algorithm and its improved algorithm for the six unbalanced data sets, such as
Pima in UCI public data set.

Key words: unbalanced data classification; improved fuzzy support vector machine; sample information;

particle swarm optimization; parameter optimization
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Bl R HCHE B AR 300k 15 8 O el b 2R R R ST A R B L BB 2 b SR ARG
T HABZE R AR, H P AR AR B D I S SO 28 RE AR B Z AR A28 o AP 8O 1Y 26 AR
R EE 12 0 S AL A A ) 0 E AR S N A T A R ORI 22 (Y [ N A A X AT T R & iR O
B2 W TR W BRI 2 W S TR IRV 1A 45

TE R AL > Bk, S F5 1A 8 L (Support vector machine, SVM )58 ik K HE 48 1124 > b vC 4
PRI LA Bz 25 1 DX S5 /N Ak 55 D DU 7T 4 L0 00 — o o) O % BE B A AU L A BE/INRE AR AR MR e dE A
[ &, HAE A —Fh A 200 250k, &3R8 2 0 o (B4R 58 SVM X TR s B () Ak 1R 58 T AR
IR, BIIE AR AR B H AR . 58K, 6 T AP B s 1% 48 SVM B 19 43 R ACR I A B4,
X 2 PR Ay 2 A AR AN V- A I S R G 26 Y T 2 1) 2D B0 T ) e A%, DA T 0 BRI R A Y TR R
Ko BT, X T4 SVM B 1k AT LU LR WA 75 T8 7 47 2l ik DA AR A5 50 Jn 2 AR Y 23 820008« (1) M IR
U6 s 4R L BE 5 gk (%) SR e Iy 200 S TE A R RE AR S HEAT A, WL O O X T R AR R T
SMOTE (Synthetic minority oversampling technique ) A% 52 2R #f 7 28 K He e oF 550 1k 60100 3 7 RORBE 5
A AL RAE LA R T REA RV 0 ROR AR AE 2, (HR SEBR b DA b 5 J2 3 o — o 199 o U 3 ek 14 o
B Ul D T B AR B R A SO T B R AN B S B BEALPERCR CH E R R R
25 BR, H S RO A T A I TR 8 SRR T T BRSO AN L (2)Bi ik (1 SVM B, RIVER X IE T
FREARH by 25 5, 30 A S VE AR By 0 ROk | DA i R T AR B S ST 8 BA B 3 N L L Y S B
A N A A 53] B 5 (Different error costs, DEC)8 vk K H B0 5 6 3 1 1E 571 S FE A7 AN [m] 79 485 5] [
T DA 5 0 2S00 o 1 14 RO S 1) i AL (Fuzzy support vector machine, FSVM) K Ho gk ik 5 326 3 4o
VA ASORA 50 0 S ) e AT 5 A DA o AR W S b M K SR T e 1) R T ke B2 v 0 2 I R AR PR A
A AE T T AS 5] 0 A5 571 PR 100 [0 B, 80 1) 240 o % AP ) 30 S o o)t L A 1S

PRI SR S 455 ] st AL 7 Ak 3OS - 7 2080 I A B0 1 R B, SOA SCE I FSVML A7 AN 1 i 5408 1 43
Ze o BRI B Le A s Y g AROR S AR 1) ALY i O SO - A e v SRR RO RO SR R B ek RO B T B
ANFEAS B 2 D rhug BE R A0 [R] I8 38 25 SR B T IZAE AR R AR I 1 KA AR A S B Y o Batuwita 5520
BB S Fr i &AL DEC Fk #4745 & 48— A FSVM-CIL 8k, F &b BN S 5 B0 LA S W 7 A
AR EE AR T SRR PR AT 545 5 FSVM 2501, AN 25 JEAE A 20 28 rhots i B2 5 8997 S5 BUAE 11t
FSVM YRR SR J& BE pR B0 25 JERE A 31 28 rhucs B 85 1 W] e 3k 2% 18 3] 17 A J] [ Y S 9% B, OF o FSVM
5 DECHHLM LS 45, Bl DEC-FSVM-Ju B ik o (IR B9 97 45 A S35 A7 A6 LA T il s« (1) 5005 S 2 1 B
Jo, T) s 2R Xof 384 i) 280G B AL 5 (2) A B B B REA R R RS2 0 5 () AL ROR AN 2 o BE X B
PR AR, A SCHE BT AR SHE T 2 pR S0 25 IR A 3] 286 v B S D RORE AR ] LR R T IR B 38 5
BT REAAT B REE A5 O R T AN [R] R A AS [R]  AME SR ek B FSVM 7 (Improved fuzzy
support vector machine, IFSVM) 5 DEC 8 i #1745 &, JF N FH ki T B 8 15 (Particle swarm optimiza-
tion, PSO) X I B3 % 5| AW S H0H 4T 38, 73 8 PSO-DECIFSVM 8% . ¢ J5 # PSO-DEC-TF S~
VM 8k i T UCTALAR 2 ) B8 22 A 19 6 28 A8 6] 1) A 7 B0 8s 46 v o S0 UF BH < A ST 382 440 10 A X
T O A7 5 A A 385 A MR B AN ST A B A A 2 i LA A 0 A SRR o AR S S O AT B Y
SRR T — AN R BRI

1 EE@EaN
1.1 fE&SVME %
PIAE G — 4325 ], SVM B JEAR B O AREAS (B35 %) 25 1] N TR — A et 43 28 48 - 1, 75 1E
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ARBEAS I B )R B e KA . BUE R ISR N (X, Y )= {(any) by €4—1,1},0i€1,2,3,+,n,
Crfea, y a0 B N GRAR 02565 AR AR DL R BEAS IO 28 . 76 SVM Rk i 5| AR R B (KO B I 2R B 5T
w ez L B K(x,y)=o(x) o(y), o o) AR Lt me O 5 [/ i 5] A fd i A2 48 §, = 0,i=
2,3, n RGN T C, 28 b 25 AR ERY SRR ) BL— OB 00

1 2 "N .,
m1n§||a)|| +C g &l
i=1

oo

(1)
st y(@'o(a)+b)=1—¢& £=0,i=1,2,3,,n
T2 (D) AR M, AT 51 A Largrandge 3 1 1 5% 4k xH# 2 28, B
minézjia,»ajK(.r,,.rj) Zai
st iyz-a,:O 0<a<C, i=1,2,3,-.n (2)

M 5 Xt i T 0 ) i O iE DA o, UL AT S R 030 £ i D10 2I 8 S 1T 9 3% 1) 3 0" 55 AR 67, FL AR 32 4
KB, D IR, R LG8 SVM 7 kA 38 Hh =X (5) B 7 1y o 58 ek %

w0 = Za"yigo(x,-) i=1,2,3,,n (3)
i=1
b=y, — > ya;K(z,a;) 0<a; < C,i=1,2,3,,n (4)
i=1
flx)= D)y K(z,z)+ b (5)
i=1

1.2 FSVMEXSDECEZHNESE X

oL b, SRR A 7 A TR R B B AR AR R VA Y, A AL B8 SVM B 43 TE 45 R — AN R A AH TR
BIALE , FSVM 8 1 Fl DEC 8 #0454 19 DEC-FSVM % vk M3 4 BE 7S 19 A S i M L B 8 324 ) e AN
W ARCE, UiRmakmfEmmR, e, NF2aXms . BeEAENEEN X Y)=
{(zoy) by €{—1,1}.i€1,2,3, - n, nRER B ETHm DMHEARELERR y, =1,i=
1,2,3, - ,m), MBI n—m DEER W AIFHEARBR y, = —1,i=m+1,m+2,m+ 3, ,n), WHTAN
S A5 B4 43 28 BB S 4 1) LAY — R R =K (6) BT

min% + v 2 SPel 4 Y Sre?

st.yi(wo(a)tb)=1—¢ &=0,i=1,2,3,-+,n (6)
K. Cr, C" 43 BIARER IE T 2R REAR 1 A5 5T R, DA SRR I 2 18] 1 AP 1 5 ST, S o il AR 28 0F T 2 RE AR 1
SRE R, LRz ARTE T @ 2K 5 by 2. AN (6) AT LLAE i A X T2 48 SVM H ik,
DEC-FSVM M &S K ¥ 5 55 Ja B2 eR B 51 AT W VR 1 50, 3508 554 1) A S 5008 1 43 25

2 HHHEMTEREV (IFSVM) T{EVIE

2.1 RHIREEREHRIZIT
Lin S5 R RE A 21 H 26 pocs i BE B VR i i AEAS S PR i b o RIDRE RO S & )3 s B0E LR
de

St=1———"—— i=1,2,3,,m (7)
max(d{" )+ ¢
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d cen”
1

Sti=1——————— i=1+m,2+m,3+m,-,n (8)
max(df" )+ 6
dccn” J— _ ii dccn" — — l i (g)
i 1‘1 7’}’1[711‘,‘ ’ i Ii n—m i7]+mIz' *

A df ™, di 4y B R IE T2 55 0 A FEA B2
Hb B BE RS 50 o 51 AR — AR H /N B IR, R R
TR SRR RO IE o (HE 2 R 4R O A AN L I i HT %
7 AR AT fEKE W 7wl BF A O IE A9 IE 9 R AR A
g, & S BRI BB AR 0 RS BE R AR . Al 1
(a) B2 1P 7R B8 Py oy — WS A, 0 T IR A
A (LU D 1)) ok Ui A 25 JEAE 7 ) 3 o 14 B 85
PO W5 MOIE AT IR KT I SRR B e AR
{6, AR EA SR

N , N (a) B &1 (b) HHEEE2
BEXF R ) B, SCHR[21 )7 £ th 7 3 R SR s (a) Data set 1 (b) Data set 2

JEE RRBON T SR B SRR AR B S ho0 i B R R L B R IRIROR AR R S IR R A B0 G AR
By SR R R R Y AT R 5 A0 K-E ARk Fig.l  Relationship between the noise points and the
M, BRI 1Ca) s - 75 B rh 3 K=3, % T 1 K ke normal samples under different data sets
AR YL X T P A P B B S A T A 33T A e R B
(P, Ps, P}, AR A AR — IE ¥ FEAR P 0 B i 0 19 3L AR s B 0 P, P, P AR, AR IEH
FEAR KL Py 1 3-1 4B 5l a5 4R 1 B B9 49 0 K T IR 5 0 Py Y 330 I8 Sl B Y B B (A SR (2151 AR
(10, 11) %E SCREA J& il i) 25 5% B2 0

1

D= — Z ||1‘,*xj|| i=1,2,3,---,m (10)
K 7, € N§(z,)
D?:% Z ”x,—xj” i=1+m,2+m,3+m,,n (11)
2, € ()

A NEY () N IE () ZE B85 A REAS B9 KL SRR 4R 5, 0 AR SR BEREAS (9 DY (BB N WHZ AR AS T
TAZIE (O KA REVE R o S 2 A SRAZ AR A W P Bl 3 B A DY A9 fELH 23 B0, 0K ASR SR s 32 v L
E XA

dcen” DI} _ y DP
Si=(1—a—— —(1-0) Fomin(Dh e g3 (12)
max(df™ )+ 6 max(D?)— min( DY)+ ¢
dvcen" Dni B Dn ‘
Si=(1—a——————(1—a) (DD gy o 3 e (13)
max(d;" )+o max (D} )—min(D;)+o

a2y —AAUE, T 39 R A 31 28 vl 5 R AS 1 i A8 e R B O T A TR B 2 L @
(@ €{0,0.1,0.2, -, 1 DA G BLAY LI Ny B2 ;0 92 LA F s M(M €{0.1,0.2,0.3, -+, 1) I T %
JIT A R AR R SR TR JEE R ) 9 R S ) B MO A 5 e A, X TR AR KT AR P i KR, O TR
BAE DL, SCHR (2175 SR Jm B2 o BB T I B A AR AR O [ — {6, B2 1 1Ca, D) AT AR 0 T 1,200
A ) i K4 4, A 2R KR 1) I SR — GE (2 AN 6 B 0 T 800 4 1R Ul K IO 32 & L (H XS T
BEHE 2 MBI Py ol — R 5, 0 T G PR AR I 0 I s MR 7 45 Py B T Y 33T AR Sk s 4 M Py, P, Pl
R T SRR — IE W RE AR Py fic il 1 31T AR S R NP oo, Pryy Probe AR, SRR A IE 3 BEAS A3 P5 19



MEG F AR AR PSO-DEC-IFSVM 4 % 5% 727

3T AR B A Y B B B/ TR R P 1 33 SR N AR R B B FE X RS DL R MR REAR Py 2
AR TE R A A BEAT AL B 3K S AR ROR AR JE 5 e 43 A JE

i BT UL B TR o, M, K 528006 Rl DEC-IFSVM #4743 28 i W AT 01k, S 50t 10K
T 24T A
2.2 FSVM EHiEB i

2EREAR 43 A AN B0 A, I SCHR 3 SCHR [21 1% FSVM Bk ole o i A3 2% i B 5] AREAS 19 '8 % % ok s i)
RN S T8 B bR KR, A B B AR AR B R . AR T RN - AR GE HAR S8 SVM 43 KR AR i AT 4y B0, 43 2K
P T B E RS SRR A OC, B SVMSR 02 3 2k 43 2 1] B 1Y) e K AR R Bt 0 28 - T, DAJDE AR B
BAF R HET BB ST o [RIB SCER[12]rh 3 3 BEAS 1945 8 6, BIVRE A 0 381 D S T 1Y) BB 2 S i e P T 1)
BEIER, HLFE 8 T X 43 28 0 1 THT 0 5% ) R SR SO TR TSR SR S 32 o R S XA R K R
A RN T BRI SRR B R A . HE A SO T A (14) s i RE AR A5 2 B i VAN O =X

o(x,"")= *”w LA b” i€1,2,3,-,n (14)

K o(x ") A A IER)RHEAGFEE. K2R f
B AN B4 B AR SV T S B R T T AY 6 R R
Bl o N 20T LA X T #UAR 43 288 71, IF 1 28 4
AR H Y SAR ) A AR B R T T AR T Y Y R O A
KA 5 5 10X T A% 2o J5 00 43 258 - 1, IE AR A
1) S A 1) 5 SRy B 4 SIS R - T I R AR A, 128 Y S

P 203 48 B BT BT B0 W £ 5 EXHS S RBETE
s ‘ e g —=—mm %5

S ) B BLIEET 402 o T AR % A

B IESREAR @) (i BB L 0 8 A 37 s

b SO A 'S A 7 _"3“'/*\”\/
K2 SR o) B BRI e, 1T TR AT
SEI2
BBK. 5o 5o tRE G SVM SISO iy
ig.2 Ideal hyperplane and the position of actual
TR F) 325 o) k5 B {EL, ok R S ) FSVM Y 55 2 ek 4L
Ws(15,16) B

hyperplane under data imbanlance

p M
gp — _max(eh)—min(pl) 17014%“"’”7(17&) D} — min(D})
1 +o max(d;e" )+6 maX(D}’)* mm(Dt’)ﬁLﬁ
o! — min(g})+ 1
i=1,2,3,--,m (15)
M
S'=Q max(¢!)— min(¢}) de (1 ) D} — min(D;)
[ * n . n - a% o —a n : n
gpz'imln(¢z')+6 maX(d,“" )+6 maX(Di)i mln(Dz’)+6
i=1+m,2+m,3+m,-,n (16)

KI5 H " A AN IERBEAR MG B, RS COF LA % 18 T AR B O i e AR 5
WEPAH R, MRS () 208 IERAEARFE R iR A0 3R Bz AL 58 S 1 Lt AT
ANV B o SR I R T o JOE Y T A L RS L IEZEAE R o () AR B AR A (RN A B B RE AR AR B
OB, BT AZCIS) T3 2 e ML, B 28 S, P BV TE A AR Sk 1 e ik () RH) S35 1] IR SRR JEE o
R, 72 (16) H -, " 5 i N TURAEAR BA5 B, 3T GO A AR 73 I8 25 1 T REAS 3 28 o 1) B S M
FEA B LA N R S GO ZE i 8 R BEA S B i) Rk 5o [ ARE b SO B0z A% 48 SO 8 1)
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S HLBEAT AP 0 23 280, ol T 2 O TR AR T EL R RS, SRR R @ () fF B AR B4 D B A I AR
A REAS A B A BOR , BT A (16) FE T3 A e R, e 8 S, B D B AR AR 38 1 BAC i A9 MY S 55 i) A AL
{14 ¢ J K o

I35, A (15, 16) 3K IE 5 A A SR B2, P A5 B B2 i A 2k SO TR, o LG 51 A F
it N Q R PR R IE B S S J P AR el — 2. RO < IE SR BT VI R AR 9 17 5Lk B2 o {9 249 R B LA
T A VI ZRRE A B £ S8 52 i {ELAY 3 (8 T 45 31, k=0

Q= i maxlgt) - min(el) *(n—m) ) max(el)— min(@lﬂ)*m (17)
=1 ! “+ 6 i=m+1 gpzlimln(gp:])Jrﬁ
o' —min(¢!)+ 1

2.3 DEC-IFSVMEFEFHIZE

AR, DEC 53353 50 W 3> 1 B 2R A AN [] 9 48 571 PR 1R 2 i STVIME B3 308 X AN S A 4 40 3 o7
XF T IE SR AR > 35 K A A T IR I A7 AR A IR T /NI A ST IR . O S8R H DEC B R TIFSVM
AT, R A AR S 4 1o et AL A B P (BT ) I P 3, LT DAAS 5 00 X AS P Al B i o B T REAS ek
B9 IFSVM 1Y B2 I 8 5 5800k B SC e AR B R 6 T 4830 I 5 A i 2, SCHR[21-22 R BUIE T 2 FEAS LU AR 1)
W 7 A, B B RO SOAR SO SR Bt gy 5, BDOE S R I AE T TR CP = C(n —
m)/m,C"=C, i C* JIEFM RSN T C A AR N 7 5 n A AR BE G m I ZRkE A
IEBAEAR BB CMIEST I F IR S5 C > 0,

25 b, kB DEC-TFSVM 83 i %HE IE 2h

min%iiaza;K(Jc',,xj)* Z;a[; s.t. Z;yza,:o

0<a,<C'S? i=1,2,3,m;0<a, < C!'S! i=1+m,2+m,3+m,,n (18)
Fie 21 W) e 5 oR KR
[z )PECTISVM — 2 y,a, PECTSVMK () pPECTESYM (19)
2.4 EFPSOEEHDEC-IFSVM 2# ik
RGBT b SCAT AL, iz F DEC-TF SV M S35k AT AP 4005 43 25 i, 6 3300k 52 2% B2 385 n 1) ] B, 2hy
TSR E N R EBOR R EX AR a,0,M, C,K %S5 AT AL LA RIS AS SR
4% 18] £ (Radial basis function, RBF )% pR 8, 8% PR 0 280 g R B AT 4k o
LR B AT AR SHOT o B RIE R T 7% B2 W SR AT BRI, M K, e M, C, g HA S
BAUAH PSO LS4k -
2.4.1 PSOHEEmA
PSO Bk & 32 5 24l £ i 48 2R BT £ 9 X IUAT O 09 R K s T R ) i A A FH AN [] 9 0L ok 3R
TR A S 138 1B eRBOR B0 2 A5 RL T R IE BB . S A0 PSO B R — RO AT R BE AL Gk, AT LS
BT fige 23 (6] (9 4 2%, Rl PSO B8 HoA #6 S 80D B W S O, — & B i A 2 )3z i Y
2.4.2 BEAA
A SC LA A 8080 3 SRR B VRN BLEIE Sy B AR R B, K a M, CL g VR TSR B, A8 SCSE 30 R
A1 28 U AE , X B — T 0 S B #E AT 0 AR  MRE SR R R R RE RN D NS RIRE R G
P(i€1,2,3, - N)RRFBEP MEAYAE,V.(i€1,2,3,- ,N) 5 fimess, (i €1,2,3,+-++,N ) 535l
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FRZ A AR I B B 5538 N A, A ST SR R B SR SR A AP SR AR < (1) BRI IR 5 (2) FREE A
AL AR R AL B P S B VR REAL AR AL 5 (3) AU R A AR AR E AR oR AR TR T B 3
FEAH fitness,; (4) A A AEME A E AL RE of, T3 AR I ARAE Pose LA BCBEABERIIAE G w5 (5) FIKZ
1k < 7 T A B 2R R R
2.4.3 AR

f - SCAT N, DEC-IFSVM 51 A B 2 8U(E 5 223847 0046, AR SCE B UCT 4 48 v i) Pima 55 6 Fi 4L
A B BE SR DR AT 3 a8 XU, TR — 3T 1R S8R A R B R [R], BRE B — T B S BT
fho B2, GRFREERAGNK, a,M,C,g EASEAEAR RS E M RIS mE 1R,

£1 PSOME{L/EDEC-IFSVM KRS
Tab.1 Optimized parameters of DEC-IFSVM after PSO optimization

Dataset NO. a,M,C,g,K Dataset NO. a,M,C,g,K
1 0.5,0.9,1.26,0.01,3 1 0.4,0.5,0.01,69.0,6
2 0.6,0.9,1.14,0.01,3 2 0.4,0.9,0.01,6.0759,6
3 0.7,0.9,1.90,0.01,3 3 0.6,0.9,0.01,72.75,6
4 0.7,0.9,1.12,0.01,3 4 0.6,0.8,0.01,50.046 8,6
Pima 5 0.7,0.9,1.31,0.01,3 Wb 5 0.95,0.8,0.01,100,6
6 0.9,0.9,1.33,0.01,3 6 0.95,0.9,0.01,79.93,6
7 0.9,0.9,1.12,0.01,3 7 0.95,0.9,0.01,2.534 3,6
8 0.5,0.9,0.98,0.01,3 8 0.98,0.9,0.01,33.03,6
9 0.4,0.9,1.21,0.01,3 9 0.9,0.5,0.01,87.699 5,6
10 0.3,0.9,1.97,0.01,3 10 0.4,0.95,0.01,100,6
1 0.1,0.7,15.441 3,0.01,3 1 0.5,0.6,65.29,33.67,4
2 0.5,0.5,0.638 0,0.01,3 2 0.5,0.6,18.96,49.74 ,4
3 0.5,0.7,2.819,0.01,3 3 0.4,0.5,100,0.11,4
4 0.5,0.7,2.8151,0.01,3 4 0.4,0.5,9.13,0.26,4
Haberman 5 0.4,0.5,0.01,55.73,3 Veast 5 0.4,0.5,64.14,1.20,4
6 0.1,0.6,4.964 §,0.01,3 6 0.6,0.5,7.95,1.70 ,4
7 0.2,0.6,90.51,0.003 9,3 7 0.5,0.5,9.25,0.70,4
8 0.1,0.5,1,0.031 25,3 8 0.5,0.5,1.80,2.95,4
9 0.3,0.6,0.71,0.007 8,3 9 0.5,0.5,61.31,0.01,4
10 0.4,0.6,1,0.0156,3 10 0.5,0.5,100,0.01,4
1 0.1,0.9,59.20,92.48,5 1 0.9,0.9,65.29,33.67,5
2 0.9,0.5,2.05,0.01,5 2 0.9,0.9,64,0.03125,5
3 0.9,0.6,1.95,0.01,5 3 0.1,0.5,45.25,0.003 9,5
4 0.9,0.7,2.79,0.01,5 4 0.1,0.5,58.33,0.005 5,5
German 5 0.95,0.8,0.01,100,5 Abalone 5 0.4,0.5,25.6,0.50,5
6 0.4,0.95,1.53,0.01,5 6 0.1,0.6,72.24,1.14.99,5
7 0.95,0.9,3.14,0.01,5 7 0.1,0.6,47.32,10.87,5
8 0.5,0.95,28.44,9.63,5 8 0.1,0.5,52.70,1.82,5
9 0.5,0.9,0.01,61.42,5 9 0.1,0.6,9.7584,32.44,5
10 0.4,0.95,0.01,90.11,5 10 0.1,0.5,114.33,18.23,5




730 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 4, 2019

3 XREERSW

3.1 NEEHESLTNIEESIN

TEHHE B V10 1 25 0 T L — T 508 B 43 28 Y S T A 3 X L o SRR AT P 40, B 2 43 2 1 B HE
FML G, W 73 2 A5 0 73 26 RO MG 5 (FL IR 20 40 S AN P I A 1) R AN Y A B A A R I A
A BARAR B FERAR BT OL T, B R 20 2 ol o AR B 5 B0 , 0% 7 XX T R S 45 K0 10 20 288 g
RIPEFVRAMES A . D9 1 50 MR — 73 JEHER R 7 A4 A A M rry By, — S22 35 SRR T — 28
G BRI L] - R AU (Sensitivity, SEN) , BV IE ZERE A 43 28 vy 5 59 P74 BLA] 5 458 5 1k (Speci-
ficity, SPE) , RIS AE A 73 S v 6 R A9 WA AL 5 LT 2 {5 ( G-mean) , Bl 23 26 857 B9 25 5 E M LA
PN HLE BBk R ks h

SEN=TP/(TP+ FN) (20)
SPE=TN/(TN + FP) (21)
G-mean =+/SEN X SPE (22)
A TP+ + ) 73 R IE W ) IE R REAR IR E *®2 RBEME
FN(+—) R B4R IERXEANEH ; FP Tab.2 Confusion matrix
(— ) A KRN AR ANEH, TN(——) Attribute + -
oy S IR B9 SRR AR AR A R A TR T R P + TP FN
N2 HR . — FP ™

SHT F AR 3 AN PEAN AL AT A SEN Y R K
TE R A (9 R R 8 = 5 [A) B SPE (9 {8 8 R 97 28 B AR 19 B IR S5 gk 455 5 Y SEN 5 SPE #8858 K Bif
G-mean {H LK K, [ 2 G-mean {H 3L/ o 06 T A S 7 550405 15 B G-mean {8 #5177 70 248 (19 PF 40 55
A
3.2 XHRHBURIWIRE

N T 5% W AR ST B R R AE RS A BSR4 2SO R K T H 9k (PSO-DEC-IFSVM) 5 8L 55
WHEATXEEG B SRR R AL (SVM) B0k B S HE 1 WL (FSVM) 5135 \DEC 3% \DEC 454 FSVM
335 (DEC-FSVM) \DEC-FSVM-Ju 5 % LA K R PSO 3%k 2 8- i 19 DEC-IFSVM 8.3 . A
B, A 7ol S 30 8 R T I B AR g, AR SCAE UCT AL 2 > B mb 36 B0 6 Fh S ] 235 18] 45 4 LA B A [R) 4 13
1Y AN ST A R0 T AT S 50 B iE, L 33 S O S A S 0 0 o T — SRR R RN Ak SR T I 2
f1hy B Vi) 3 o S ST 7 450 B0 A 35 B L 36 B S 40 B O SIE B 5 BRI 6 RS ST 50 4 1 R AR RRAE U 3% 3
iR .

F3 LI hHY 6 FhOR T EUR & AT

Tab.3 Characteristics of the six unbalanced data sets in the experiment

Dataset Attribute Unbalanced-ratio Experimental data Label
Pima 9 268:500 200/(67:133) 1:0
German 25 300:700 200/(68:132) 2:1
Wpbc 35 46:148 190/(46:144) R:N
Haberman 4 126:225 200/(52:148) 2:1
Yeast 9 429:463 200/(89:111) NUC:CYT
Abalone 9 634:689 200/(99:101) 10:9
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Tab.4 Classification effect of different algorithms in the six kinds of unbalanced data sets
Dataset Algorithm SEN SPE G-mean
SVM 0.0+ 0.0 1.0 + 0.0 0.0+ 0.0
FSVM 0.4009 + 0.103 6 0.6856 + 0.027 8 0.507 0 + 0.058 0
DEC 0.6809 + 0.156 5 0.607 4 4 0.0320 0.6207 + 0.070 1
Pima DEC-FSVM 0.646 0 4 0.088 2 0.7890 4 0.008 7 0.697 4 4 0.0329
DEC-FSVM-Ju 0.7230 4+ 0.1215 0.753 6 4 0.029 2 0.690 8 4 0.0412
DEC-IFSVM 0.756 0 & 0.061 7 0.7812 4 0.0174 0.750 2 4 0.020 4
PSO-DEC-IFSVM 0.8114 + 0.0250 0.8174 4+ 0.0114 0.807 3 4 0.007 2
SVM 0.1194 + 0.020 2 0.8652 4 0.094 4 0.2329 4+ 0.0654
FSVM 0.5814 + 0.1022 0.7034 + 0.1377 0.5840 + 0.0129
DEC 0.5316 + 0.063 5 0.7685 4 0.047 4 0.5539 4 0.0616
Haberman DEC-FSVM 0.586 9 + 0.047 0 0.7759 + 0.032 1 0.654 4 4+ 0.0154
DEC-FSVM-Ju 0.5832 £ 0.0423 0.796 7 £ 0.031 0 0.657 1 £ 0.023 6
DEC-IFSVM 0.605 1 + 0.0410 0.7682 4 0.029 9 0.668 5 4 0.018 0
PSO-DEC-IFSVM 0.694 2 £+ 0.0177 0.7881 £ 0.021 4 0.7358 £ 0.0133
SVM 0.2131 4+ 0.063 1 0.834 8 4 0.046 2 0.2552 4+ 0.074 8
FSVM 0.566 2 £ 0.029 5 0.776 0 £ 0.031 8 0.6475 £ 0.0137
DEC 0.5757 + 0.0930 0.702 3 4 0.042 0 0.647 1 4+ 0.0129
German DEC-FSVM 0.6489 4+ 0.054 4 0.6913 £ 0.0326 0.690 0 £ 0.008 4
DEC-FSVM-Ju 0.7558 + 0.047 5 0.7099 + 0.014 0 0.714 3 + 0.005 6
DEC-IFSVM 0.8152 £ 0.0414 0.6519 + 0.038 3 0.708 0 £ 0.009 3
PSO-DEC-IFSVM 0.7433 + 0.034 1 0.7507 4 0.022 0 0.734 4 + 0.007 8
SVM 0.0 £ 0.0 1.0 £ 0.0 0.0 £ 0.0
FSVM 0.694 5 + 0.0752 0.699 6 4 0.051 2 0.6559 4+ 0.0113
DEC 0.5401 4 0.068 6 0.7810 £ 0.044 6 0.563 1 £ 0.050 3
Wphe DEC-FSVM 0.7027 4 0.043 9 0.657 3 4 0.037 2 0.6626 + 0.0101
DEC-FSVM-Ju 0.7219 + 0.028 2 0.6538 4 0.048 2 0.667 2 + 0.0100
DEC-IFSVM 0.647 3 + 0.0480 0.756 5 4 0.037 4 0.678 9 4 0.007 0
PSO-DEC-IFSVM 0.7579 £ 0.028 5 0.7317 £ 0.026 0 0.7332 £ 0.009 7
SVM 0.1070 + 0.048 5 0.962 5 + 0.006 3 0.1680 + 0.068 3
FSVM 0.4124 + 0.077 3 0.8319 + 0.029 7 0.5385 £ 0.023 8
DEC 0.4690 + 0.028 5 0.8344 + 0.016 7 0.6090 + 0.002 8
Yeast DEC-FSVM 0.5171 4+ 0.0309 0.7201 £ 0.0337 0.5883 £ 0.0130
DEC-FSVM-Ju 0.5639 + 0.0330 0.807 3 4+ 0.0129 0.6611 4 0.003 8
DEC-IFSVM 0.6154 £ 0.0237 0.7335 £ 0.0437 0.6738 £ 0.0116
PSO-DEC-IFSVM 0.564 1 + 0.008 9 0.8406 + 0.0212 0.6835 4 0.0014
SVM 0.2173 £ 0.044 8 0.7925 £ 0.0515 0.2640 £ 0.0457
FSVM 0.5320 + 0.0221 0.7700 + 0.039 3 0.6272 4+ 0.0128
DEC 0.5813 4+ 0.0389 0.6802 £ 0.074 8 0.5976 £ 0.0157
Abalone DEC-FSVM 0.568 6 + 0.0317 0.7435 4+ 0.053 2 0.626 5 4+ 0.0110

DEC-FSVM-Ju
DEC-IFSVM
PSO-DEC-IFSVM

0.5426 £ 0.0401
0.6153 £ 0.0329
0.629 2 = 0.034 7

0.867 8 £ 0.008 8
0.7498 £ 0.0405
0.7647 £ 0.019 8

0.6690 £ 0.0104
0.656 7 £ 0.0107
0.676 2 £ 0.010 1
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Fig.3 Robustness comparison of G-mean value of seven algorithms under Unbalanced data sets
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