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(& E] BEXLREAZTERERMA, XM AREREFT S LD, BHHARNTS, R —FE
FERAH Ripper WRA XSRS, RTBRE—BRRNER T, B W MR P S LEHET 15% &
BEIFR N8, F LA Ripper P RH AN SRR B BRI AHTH BB R - WA TR
BEHBEMUBRNBAHANIE. 7 UCI JER EMRIRE R R, 2 F— R AA Ripper KW A R 0HK T HEX
WELTFERRRMFLEHRR. LRI RN A TRLEBENTRPETHERIEOIL.
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A rare-class classification approach based on Clustering and Ripper

YU Wen', JIANG Sheng-yi', HUANG Xing-quan®
(1. College of Information, Guangdong University of Foreign Studies, Guangzhou 510006, China;
2. Guangdong Lancoo Co, Limited, Guangzhou 510540, China)

[ Abstract] The rare-class classification is an important issue in many real life applications; this paper
considers the rare-class datasets are easily ignored in the classification because of its low proportion of the
whole datasets. We apply a rare-class classification approach based on clustering and Ripper. This ap-
proach is trying to find out the rare-class datasets after Cluster through recognizing every cluster whose
proportion of the whole datasets is lower than 15% as the rare-class datasets. After that, Ripper algorithm
is used to classify both the rare-class datasets and the normal-class datasets separately. The rule set of the
whole datasets will be created by the certain method of this approach according to the model which has al-
ready been set up above. The experiments carried on benchmark datasets from the UCI Machine Learning
Repository show that this approach creates high quality classifying. This approach can also be implemen-
ted to classify the rare-class datasets in some practical life applications.
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4 F,%. LT EAMN Ripper WHA RN LT 41

{Ex X HRMR G HEREE, EFSHERT
TEXMXERALBEILSLER UBERINTEE
X GR TEABE X HIR¥E. XFHLEHA V&
(I, — FERI A FRMEAREMERBSER
BIRARE, —f#h 1:10 Pl B, % 1: 10 000; 55—
HFEEAAEIRN AL, EER DB
ARHEHEEHRNBEREE. ERFELRIHT 4Z
G RE R AR HRIRX — 8, B AES
ML BEEIEAAEEREMENTAE L L BG
PRI e AT 436, Wi B R LA Bk 4 254 BE R VEAY
iR MINEAR—BEER 1% LT, £ XEH
RIEF VIR, SRR RHR A 2T A IEF S HES
9% BERAX—HEENTTFREARX—HAL
SRETHERELTENYW. B TFRALREE Y w
FERRYE R 2tk RO YE R RIE S B 283 5T
ENH#THERD L.

BRIERAELXI LT HERFEHALE.E
Hh S HL % B4 Ramesh Agarwal F1 Mahesh V. Joshi
$2 4 #9 PNrule ##:° ) & Hamad Alhammady 1 Ko-
tagiri Ramamohanarao'*' 3£ 41 ) EPRC B U REMR,
AT, BN RN E R E. BT S ®
HHET EEP WRA LRI L T E, MHEH . HA
BIUREHA LA EEERANTY BERE LS
Lk AEREBELS B BEERYE B
BAEBEBENMENRE R YRR E YRS E
MAEBITZENER. BB ERIREE
ERARSRABLFEHNAR, ZXRHET—
BEFLEH Ripper B R L.
1 —#ERAEE L0 Ripper 5 KEE

[k

AICRAXER[ 8] hEMRR B E L K—
BIEAE B, — B 3 26 R Y B/ B S R ) %o S 48
TRE AL BNT:

(M WEe, BRERSRIZ ZEA—-TF X
£;

(2) BAX N3 RS — N EE

) EBIREERE, N (6), BRIEAF
e FRAAENEEE L HREESBIMCHER
WEER, FF BB/ NIRRT

() EB/PEEBLTAEHRE L, H(2);

(5) BN BZ R FARB R/ NEEHEPH
EHERENESRBEENSEITRE R BEREN
B, ¥%(3);

(6)4R.

Ripper 7} B—F 2 T HM 4 2658,
Xt #4218, Ripper B EF B BRIMERRINAK,
FH AT R FE TN X F B A6, Feik
EXAHTHF, BAC,,Cy -, G BRI RN
¥, Hd C, REAHEHAE, W C, REAENE,
ER-RERS,BET C, WEFRICHER, @
EBHELMREGRT ARG, 0T B 58 ke
A R4 TR Fn S B A . 2T 5k, Ripper 12X 43
C, MEERNAN, EXZLR, HEFTEC, ik
Bf C, fEABRIAZE. BB D BN RRELE, K
# WHFBJS AL FE. Ripper B35 F M — AR B 4 3%
BSREE FEAT MK K, 6 F FOIL {5 B 08 25 R £ 4%
RAEGBORRIMBIANFT4. B F Ripper HE™
A H AR, AT TATER IR EY
APERERE C4. 5 SR I A Ripper H %
fEREAE L.

2 ET—# B Ripper HF R

NEFE
2.1 HiE#R

AEFVE T B LER B ISR RS
R, MEHN FEERIESRET b AR E—#
ETF— @R LM Ripper WAL T E, HBR
SAR#RITF:

B — R X PHRE D HIT R,
BREEEHER C=1C,,C,,,C};

BoE MM HEBIMEC(Isisk)EE
MBARE I G p. 4 p, DTFET 15% B
PR EER, T0H p, BT 15% B8R R S HUE.

B=4 R KN FI A Ripper S L FE B
X2 R A B B A AT A 2, R 4
R1, X EHEHFTE, RN R2; HF R A A
BAME R -RI I ZHEMANE;R=RI1
U(R2 -R1),R BB EIEERN L HANE.
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AR T HRA, REE MR HxRED, XA
B BIRAE XM AR, Y r KB~
R AR BRI E E 8, bt BN
R RBHRRE, EZRAH G LAKT 15% K
B ARG ARERELT. Hr=0 0, BIMERE
—A AR, HRER r KARAKPMBAEBAFE
X AR RELER , X ERE MBI ERKIR I
BARMRBR. AR MR ERE
WV E , BRI

(1) FEXHER D HEEYLESE N MR

(2) B XX R IR ;

(3) 5. (2) FEEE K FH{H EX ffndEZ DX;

(4) BUr £ EX B EX -0.5 « DX Z[H].

3 XRERRSN

ERBRSLREP, EMRERH BIFEH
EHRDEE. FCEFWNT IR 2 LI
2 (accuracy) , B [F]# (recall) ,¥5 [ ( precision ) I F-
measure. 24 T BHER A L0 B TR %K
B, 2EH UCI HLEE IR E " P04 MER LR
BWIRE. 4 MEBERFLTNT: Osick JEE. 73
772 Zic 3R, BT R H 26 NMEMEHMR, BRI R0
1EAE,0 30 1 245074 3 541 1231 4kid
B8 G SEEAR o) 93. 88% F1 6. 12% ,1 KA HE
YER A IS. @hypothy $iELE. A 3 163 Kix,26 4
JB¥E, €& hypothyroid #1 negative TN F, K &
hypothyroid 28l negative 3873 5| # F L HH B 151
3012, 451 & BREA LB 4. 77% F1 95.23% , hy-
pothyroid 257 & 1E # A 2¢. @ FL AR 8 HUIE £ (Wis-
consin breast cancer data set). ¥{3E4E breast & 483
ZACF, K BHE(2 2) K 444 kiR, B4 %)
39 Kic®R, BRICRE I T HERERR @
KDDCUP99 $iBEM T T 29 4 900 000 REHI A K
i@, M3t 22 M, 44 DOS, R2L, U2R, Probing
%42 7 M RRER 34 MEBE R E.
BABIEE AR, AP REPLEEI 19800 KiC% M F
&, oo b 257 igR.

KATHXXBRIERN T EER, FHLRER
EHENAHKE T . SERFTABIM Ripper
SREHER Weka'" T GI-HLAY IRip. £ 1 ~ 8 4
BHT 4 M BURE ERT LR R.

£1 FEsick WEE EMBAL( RS LHR LY

B Recall Precisi F. A
CEEP{7] 67.53 86.67 75.91 97.38
CREEPTP[7] T2.73 87.96 79.62 91.72
BeEPRC[6]  83.55 82.13 82.83 97.88
BeEPRCF[6]  83.98 83.98 83.98 98.04
Ripper 3%k  85.7 85.7 85.7 98.25
AXEH 89.19 89.49 88.73 96.03

%2 7 hypothy i385 £ 955 % ( hypothyroid )

SEYRLER
H Recall Precisi F. A y
BeEPRC[6]  90.07 87.18 88.60 98. 89
BeEPRCF[6]  89.40 86.54 87.95 98. 83
Ripper B3t 92.1 90.8 91.4 9.18
AXHES 92.50 91.55 91.76 99.21

#3  7E breast HIRE FMBE R HBRILR

oy Recall Precisi F A
Ripper B3 97.9 91.8 9.8 9.28
AXHE 97.19 85.11 90.33 92.70

F4 75 KDDCUPYY MBS LA X LB RILR

h $73 BAEYE  Recall Precision F-measure Accuracy
Ripper B3k de  97.6 9.6 98.6 99.93
pobe 20 100 33.3 99.93

AXHE  de 97.41 9.2 98.28 99.95
probe 40 40 40 9.95

ME1~FR4TTUESH, ETFNHEELIEN
X 4 MFAERRAES , 22T — B3R IS H Ripper A
EORBEHHEERERERNSAEHER.

NEBRRLERE r MAREROEWH, K5 ~F
9AWT 4 MBELERR r FHNRLER.

XtF sick PiEEE , BiHH RS EX =0.30,DX =
0.11. AKX S5 AR EMNED, S M r £EX~0.8
+ DX 3| EX +2DX B, B AKX BB E MR LK
R,%r#£0.2280.5 BREN , BEEILNE
ERBE THARE, EXE LI E RN H,
Yr=0.50 MEMHEER/D, ZHERENHR
LHERR.

Xt F hypothy $(#E %€, £t H k48 EX =0.23,
DX =0.14. AF 6 TR EHNED, S8 r £ EX
- DX 3| EX + DX B}, AT K Bl ia E R R.



B4 & E.%. LFELM Ripper WHE LS EF 43
%5 fEsick FHM r UHEENBEHE(L %) %9 7 KDDCUPYY ¥ t 5% r g ENH
HEBREBX LR f5 % (probe ) FEB R MKMW B
r Recall Precisi F. A y r recall precision F_measure accuracy
0.22 92.79 33.15 47.01 83.35 0.1 20 15 16.67 99.96
0.32  89.53 33.84 48.47 87.89 0.12 © 0 © 99.96
0.42  88.65 62.49 72.78 92.23 o.18 © © © 99,95
0.5 89.19 89.49 88.73 96.03
0.24 40 40 40 99.80
#6 % hypothy b $4 r H93E34 %% % (hypothyroid ) 0.3 40 “ “ 99.81
SRR ORI 0.35 0 0 0 99.92
0.4 25 30 26.67 93.58
r Recall Precisi F Accuracy
0.16  93.09 91.34 91.88 99.21 . .
0.22  92.50 89.32 90.51 99.176 LRIREREN, HSY r ERBHEEN
0.%4  93.9 90.39 91.91 99.23 it REREKERETL, HRT BEEHEL
032 92.50 87.89 89.79 99.02 HWAR, URLVEXNRH—-NMEEBE T H—1
0.4 SLW o 8686 83.38 %.50 # AR LIRS AR E, B R B L
0.42 9.3 88.38 89.44 98.96 -
0.48  92.49 9. 14 92.08 99.24 REEXMIES, TESEEHIHRIRATRE L,
0.5  92.50 91.55 91.76 99.21 TR S EE 4T B Ripper 43874 —E KW,
0.52  92.50 92.14 %.07 9.23

Xt F breast L E , 2 K18 EX =0.46, DX
=0.36. AR TAILIREIBHES , S8 r £ EX -
DX Z| EX i}, T LA BB E MR BHER.

#7 7 breast ESM r MRFMNHER(4 %)

BoE 3 o) Aclad
r Recall Precisi F- A y
0.1 97.07 91.19 93.80 95.85
0.2 97.19 85.11 90. 33 92.70
0.3 96.19 84.97 89.26 90.28
0.4 87.32 78.34 79.21 80.12
0.45  92.17 91.41 91.35 94.27

Xt F KDDCUPY9 ¥ #E &£, £it B KRB EX =
0.24,DX =0.13. AE S FIF I AT URABHEEH,
S¥ r £ EX - DX 8] EX + DX B}, A AR B E
HIRAH R '

#8 £ KDDCUPI9 +5¥ r B9 iExH
FH#(dos %) D EBFME MR

r Recall Precisi F- A y
0.1 98. 56 98. 89 98.68 99.96
0.12 97.27 99.58 98.34 99.96
0.18 97.41 99.26 98.28 99.95
0.24 97.41 90.45 93.29 99.80
0.3 97.71 94.51 95.92 99.87
0.35 98.95 97.58 98.13 99.92
0.4 98.40 23.98 37.4 93,58

RERRBTHRARBEEENMEEPNSRIOM
Hfl, AR B RN BERREGE - BRI EBREE
TR HAHE, xR LS/ MEREAK. B TFHRE
B HETHR 15% M AR R D83, AR+
EIRKLERNER, Bl FEAMEREMBER
DRTEXMN S r FRYR BRI,

ASCRY T EF—# R LK F Ripper KR H R
ST, T BRE, B R MR T
B i 9 LB T 15% B SRAARIR N D 28R, B A
Ripper £} B34 FIX D ER AN SRR ST /P KB
BIFEB-ENHA T X RER BN HERN
BRAHMME. £ UCL IBEIBER ERNXBR
1, & F—#RAA Ripper WA RPLHTERH
ERMBEER HEF - EREMSRKERE,F
MTREHH KK DTAMERE.
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