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Abstract Classification is one of the important tasks in data mining. It has also been extensively investigated in ma-
chine learning, pattern recognition and artificial intelligence, Classification has numerous applications including medical

diagnosis, credit evaluation and selective marketing. In recent years, new classification methods have been developed

with the new technologies came forth. This paper concludes the new developments of classification method.
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AL B MO ) PRISM B3 SRR A0 43 26 90000, 5 75 20 89
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2.2 EF &5 % F % (swarm-based approaches)

XA LR AR R AT B — B4 3, B R
THEY R PG AR DB RS E SRR AT R,
DILSTHR P 0T T HER 40 BB R, AV X R 7 k4
RIS — 2 B B 0 5 U 1K (ant colony optimiza-
tion ACO) , 5B —35F5 K Particle Swarm Optimisers(PSQ),

FRBCREUR AR AT 43 25 90 0 32 98 9 3B 122 F5 9 Ant-Min-
er %, Ant-Miner B4 5048 125 90 AU A & F0 IR 38 55 A W A o
BT R G RRE A F B k. (22, 23] K
8T Ant-Miner 52 & K525 1k CN22Y , 45 FAE 8 78 Fi
$ B Ant-Miner 0] 5 CN2 AHIE2E, T Ant-Miner & 3L
U E CN2 %2 BLAYHLI 7 7% . Ant-Miner3™ Xt Ant-Miner
BT T B, BB B S F Ant-Miner,

PSO B it B — T4 3, BT Al 58
W4T . PSO & B o f9 A K FR B Particles, B AN BEFR
swarm, FESEALETIR, PSO AL 58 fE B A 5. 3c[26]
# PSO I F 432, X & %t Discrete PSO(DPS0O)-# | Linear
Decreasing Weight PSO (LDWPSO)™ #1 Constricted PSO
(CPSO)™I #H4T T EL R, H 3 B CPSO 4 A% 48 40 25 41 W i
T.H. X[30] X CPSO #17 T Btk 3-8 & Bk (GA L
K C4. 5 BILAT T i i 45 R R W, FEHUIUNE B R aE 17
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JEP(jumping emerging patterns) {4324,
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R 2 [0 ) A0 KA, R F— R0 R weighted y* HIBTEIAR AT
SR8 ITRE G T 3 40V A B0 A T R, SRBR A 2 T B i
— TR A KRS SRR, X 0 F 7B AR R R MR
KEGPEEL. CMAR R T —Fi i SRS CR-tree 77
REFEHE O3S SRBRAIN , AT B /B T RSB A . B 4hs
X[34] RFFBEM N A5 — 4~ & intensity of implication
Xt CBA kM T oG A IIE S T Mok f) CBA Bkt
C4.5,CART LA KB CBA Bkl BT M KE R,
L3517t PatMat B34 5 CBA HA BAEAM HE K
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BRIk EP, HSTRFRE phy 75 — MO 5 0 F B U st 1t
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[40]%F JEP-Classifier #1 CAEP 4} 24488347 T ¥ 2 H MY 1L
B, BBREERE, N T RS EREE NS, JEP-
Classifier T CAEP; Xt /NI BB &£ &, CAEP (£ F
JEP-Classifier, " H %35, 5 CAEP #1 JEP-Classifier 4H
b, DeEP 22— Rl H9 B F LBl M 4 KB B, B IR £
T REEH S MR LHIAE R TE EP, B AREH
WK . DeEP R T —RFI PR AR B ARRME S O BHEE
B BT RSO AR EEFIG5 248 AL B )
HRAR ., TREREY DeEP BB R & M4 LR E Bk
B4 GE ERBST MR gatE. 750, X411 I T — M ek
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eJEPs $iA R HA B IF X 468 1 i = SR B, i Al A
HE T EMEFE AR, CERN T M ARETHE JEPs
A B3 1 B ORI R B SR S5 P-tree 454, RGBT
P-tree Z5#3548 eJEPs) , T eJEPs #4326 288k JEP-Classi-
fier {f A8 £ 8 JEPs, T &3, LI UEN , £ BUUAE &
YNGR a7 T, 32T eJEPs #9450 2884E T JEP-Classifier,

PRI 6 B T SRR AN 4 R 3%, RAVB R N F &g .
FETRIAE 5 1 J5 1, DeEP L T JEP-Classifier #1 CAEP, i
JEP-Classifier #1 CAEP {£ T CBA,CBA X Ib{E4tf C4. 5 &
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AR LM RERITE 4326 o] AR B DL I EAT T — RFUBF R,
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SCHRR I T — AN EMBEOR R X R SO EE
TERTE T TR i LM R RN SR 40U A0 LRk BB B 33t &
RACHREETHMBRG . X43]JAET LM WHEKRHT
K B3 (classificatory filtering) , B FE £4 18] 5 45 1Y [W] B (R 35
DARFEELIERE TR ER C2, A C2 158 5 K%
T4, ORI AR LM/ C2 J R A
C4.5 By PEREAE . 044,45 R&E T — 4K ik
LM/Dens, AR EF LM BRI G RWREBE ., ZTRET
LM &5, (I SER SR LM AL @ R KR A%
BERAFEKH . LM/ Dens £ F LM/C2, 3 HAJ L5 C5.0
FHB2E ., Sc[4507% LM/ Dens B2 b A T 8 B2 7 39 B 048
4.

SRS AE5 #4247 ik CEL Inde SR 3 40 AR TR, LM R
RS 7T B , 1T PSR AR U5 4 00 & 7 R - 8

2.5 K-E4PER(K-NN)MFER

K-NN B—FER 4 K7 %L REH A BRI B
M 8—, B T EAEE T I ZRSE B, BT LARS KA R 4 &2
HEAT AP KRR 55 L K-NN 4P 2K BOR R AR K
HiT b EEBRIEIR. Gongde Guo #1 Hui Wang % A4
B3t K-NN BB SR, 82 T —FloB 8T KNN 2880 1 4>
. FRoET KNN BRI K k. B iem 1 Js
£/ KNN AL, DU B B S A 4r K 09 S50, w1 B3
TR R EAREARF SR E B g8 XD T X A
BOMKH, R0 T KA. SRR, & T KNN #
IR TR HAETE L5 C5. 0 FIARMER) K-NN MY, X
(473K X 2 T KNN BRI 7k O A F ooy, 5
Ah &% K-NN 7 88 — 8, Nong Ye and Xiangyang
Li B RAE T EMB A K-NN kg ARk, Bl TR
FR 78R CCA-S#T, CCA-S fBIS AL K HUAE K 48
&, AR, H A ¥ . 3 CCA-S HAEst#
HEEEME, W H RE X BRI WA LM, ey
CCA-S, LAMEH BB AL 38 & 2 5il ) (6] & , ib A - — 2P AT 5T
L4914 38 & B ¥k A KNN-Fuzzy Jy 50 45 485k, st f%
ok FIRRILK & H, AT KNN-Fuzzy Ji¥k, 826 1
SRR, C[51) R THEMHEHRRE T -REFHN
KNN 432753, 5% 568 NN i fuzzy NN ML B T RA E
R TR

2.6 ZFHEEI(SYM)AZHFER

SVM #1741 26 B F0B 8] 77 31 507 14 B RO8 B 42 1
TR, B, T SVM fy Il Srud 8] 2 BE & $0H 5 10 38 K
B, B ATEAL BB B 0, SVM R E B Kl
SAEFR), TSEPR BRI I A A E TR T
. X 18 SVM B XER #E1E . 8 XFX > [8] &, 3([52,53]
FEFRHRAERE 3% 3 kokill4h SVM, ErEE B
BMEMIGEESE Pk F— /R oA AR Nk R
KALFI R, SEHFIBBLEMUNINEEEBEILR
Reles) | BT EREENREEHTEREES. 5F
B AL RFEATR], SCL56 ¥ B IR RE M T SVM, Lifn
PR SVM X AHIBEECR A A B . SCHR BT B o R BT 7 R AR
# Clustering-Based SVM(CB-SVM) , CB-SVM H —4~ Z &k
3 ¥ (hierarchical micro-clustering) 2 X} 8 A H 8 & #H41T
HuREH, A SVGM IR B I E AT HERFENS
[REREA, CB-SVM X TR ML RA R4 i 45 1, i
HAERESEEHRE. 5508 T o Ehr i AT 8%
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K/NEh A LRI, Fung G. #l Mangasarian O, LET#H T
BER SVM, Frif Bk T 4r a0, C58]#EX
[57]M 3t B R T —FERMETRNFENSERE, U
FFE A KFRE,

2.7 H5rFB[AA (fusion) 5%

SEBR DL OB SRR M SR R AR B — A 2
TERBAR . B, &M B R4 277k Bh-& (fusion)
BT T T BESE B8 T — RSB AET™ . YT
HEIEFSE . il AR B S BB R A HE A N AT L2 %
B & (voting) . 17y 1 iR 25 [&] J7 ¥ ( Behavior-Knowledge
Space BKS) | iE#5 #i (Dempster-Shafer theory) |, [l -3 7 ik
g (E 4% 2 (genetic programming GP),

A E ML R 7 1 E A 248 (bagging™) FIHE#
(boosting!®) , JT— W4k , ¥ E IR bagging Fl boosting 1
7 T EAWPFT R & J& . Buhlmann P. ] Yu B2 X} bagging
AT T AR 44T ; Hothorn T. and Lausen B. 72 3£ [62,63]
Hol: bagging A FHERT , 3576 C[64 ]9 %t bagging #4T T &
J&, 248 T Double-bagging, ¥ i} bootstrap aggregation 3 Ff
A4y 2%, T Schwenk I Bengio M¥% boosting F F#I £ M
4,32 T AdaBoost J73E!, AT E 55 T 1 28 R 4% B T Ul
BE . Peter Buhlmann 1 Bin Yu #£ 4 T boosting B — 8%
F Lo Boost™*), L, Boost 1148 8., FLI:RE ] 5 H A% T boos-
ting M I AHIE £ . L6715k I BKS AT /r K MmA . X
[68TFEAR B 4 MR FRMHE F L (SVM, KNN, KNN
model-based approach #I Rocchio) 454 3% . T @& W42
. ANMETF ST EABMEERMEL. — M EA M
SRS A DT B A R0, 5 — R B syt R st DD et
ekl e [7003 H K B4 8t (k-order dependency) &
REE B R A R BRI T2 KB, A 1 B
HRHAFD 2 B REE R AR . SCO710% 2 BRI 1 i AT
TR H S KB UEHBE ST MEaLHME. X
ERELERIER T XMHE TR L ET
BKS fy 7 i tEfgsf. Langdon % AR 3 T (R SR A 20 K435
A AR T —RIIRBR s [72~74] EEH
RTRRRFEBNME (LB L MBS LB
A). X[T3IHBERERMEE M HAEME LS BE T
FRRE R ; CL74 NI —250E B T R T A HEME 2
ZMB R AdaBoost HiEMEREE . X[75,76 ] EEHF
T RIAIERE 52588 BB CEb Qi 1 42 N 48 FI P St s
TTRE) .

BT LA ERTIRANE 7 DB R RZSh 0 — 2607 B A
FBAE BB U SR R G 2 ik e L7718
FBEE L EERILRER, TR BN RERN GATree,
5@ E R R RN EA R, GATree 7= 4 — 318K /)
WER ST, (78R THAEEMEE B T —MFH
B 3, AR E R . R MG EME TE 85
BT B AT T ECEE TIE B A TR AR 0 R M e B T R R I AT
. SCC79JMIA] Al B R AR m MLRE SR 4y B HURIR .

BE YUSRFEEERNMRRE, RITTUEL 3K
HaR — BB AT B AN B, B N T BRI A K i IR
FRE BNk, Xk dafEs TALEE.
WLasE o] AL R AR B TR A S P B R TR LA
B, ZREGAEIERHE PRI, S F 1 B AL A
WA K-NN AR, EESE T ERNRBEEER
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