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Abstract:  This paper uses ensemble learning technique to improve clustering performance. Since the training data
used in clustering lacks the expected output, the combination of component learner is more difficult than that under
supervised learning. Through aligning different clustering results and selecting component learners with the help of
mutual information weight, this paper proposes a Bagging-based selective clusterer ensemble algorithm.
Experiments show that this algorithm could effectively improve the clustering results.
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HEAT &5 4 N IR AR 22 WF 97 4 22 AR 4 A K S (1) 42 1ok A v 19 7. Zhou 25 NI T ik $RPEHE B (selective
ensemble)” IR &, I U 1 38 3ok 328 486 38 40 A A0 2% o 28 DR M) 1 B8 1l T e 200 T4 FH BT A7 A Ak 27 20 gt ) 3t 1) 6
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(G0, GO, ,COY IR B P KX B A bR AE B AR SR BT GO GV BT i AR [ S A B R
1 kxk [f] OVERLAP Hi P 4R 5 3 £ 1 b 8 55 A 7] 5 S AN Bl K K B2 bn dd g v 6 B 6 R, R4 L 45 A
OVERLAP il ih B k. A UL Bl f2, H 2T B br il L T X R 56 R oA k.

AFAE M(M>2) A 5 bRk 1 S 1, D00 B AL 38 ECRE AN e T 1) A A G T 5k o FL A s i i 4 R B M A i
lf) 530 47 UG . DC P RV L B M — 1 ANhR A R R, S T (M — D)k KN BAT fik 25 8] SR AR A7
OVERLAP i B . 35 AN G FE 3ok F2 2 FROHERT 2 24017

TEAN A 25 ) 25 (0 45 L B B, AR SCR FH (R 2 — ol ik - AR 110 328 28 43 S5 S s P 1 B30 88 09 A A b i 10 o 1)
B HE 12,52 Strehl 1 Ghosh TAEP ) Jet 2, A SCIN g B8 b i 1) 8 o) 0 A7 JE 76 HE PR BE - i 220 o 3R A
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Input: number of cluster centers k, data set S, number of bootstap sampling T’

Output: cluster label C*(x) for data object x

For t=1 to T Do
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S;= bootstrap sample from §
A9 = kmeans(k,S))
/% A9 is represented as {C;,C,7,....C,O} */
/* for data object x, its cluster label determined by A is A2(x)e {C,,C,7,....C,} */
End of For
Albaseling) — randomly selected from {A°},=1,....T
Delete A%%¢) from {10}, t=1,...,T
For each A in {A“}Do
For i=1 to k, j=1 to k Do
OVERLAP(i,j)=Count(C,"”,C,"**")
End of For
/* OVERLAP is a kxk matrix; Count(4, B) counts the number of same */
/* elements labeled by 4 and B*/
=
While [3{C,beselind) ¢ (baseline) o (baseline)y
(u,v)=argmax(OVERLAP(i,j)) /* OVERLAP(u, v) is the biggest element */
C 0=, (baseline) /# align C, to C, i) %/
Delete OVERLAP(u,*)
Delete OVERLAP(*,v)
I=ru{c,™m
End of While
End of For
For =1 to T Do
Calculate w, for each A
End of For
C'(x)= argmax w,A"(x)
(I<I<T)A(w,>1/T)

3 RIEMK

ASCBRNFSET Bagging (#13% #6524 i (sel-b-voting) FIEREAT T S50 MR, 34 of 56T ) 45 5 1) TR 4
JSC (B BE LA 40 A TS a7 AR AN AR AR A i 5, P AT TRJ B 15 575 ) MR T U430 22 110 BRI 4 B (B B AL AY) 463 A 2R
Jerpla = A AN AChRAC 1) B, J AR A EL 18] £ TLAR B T S, AR A AT 2 TR B A T S50 DK

ATRHA UCT B 2% I B ET o 1 10 AN SR LIRSR IS SO IR HEAT T 5550 751X 10 B4,
B 7 2000 e Pk A AR, A Jeg R4 4 K fi s 4 Image Segmentation H4 5 o il T AEAE —F1 % KU M, 0 UG
10 2R S e R B A 5 By T B I Bk 3 10 AN £ 1 BB (B LK 1.

R AT 7 RAG B A 1% AR B AR e R BRI T B K — L2 A A P, R A
A W SR SRR TR L I T LA B R VRN SRR AE Modha il Spangler!™ (i T e g & I B 1 43 2615
SR PPN SR IS S5 R L IR 1 bR A 17 5 v 5 2R b 1 R 2 S Jag o S L 200 I 7 s A TR B B £
VUPRE 12 28 SR AL AT Nk XA B NS XA, 2 S B bR AL T LU B [ — NSR>SR AR A WA REXT B %2
AN RN T XA AR UL T, SRS 45 Rl T AR 23 A5 EOR AT VRA.
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Table 1 Data sets used in the experiments

F 1 LT A4

Data set No.attributes No.classes No.instances
Image segmentation 18 7 2310
Tonosphere 34 2 351
Iris 4 3 150
Liver disorder 6 2 345
Page bocks 10 5 5473
Vehicle 18 4 846
Waveform-21 21 3 5000
Waveform-40 40 3 5000
Wine 13 3 178
Wpbc 33 2 198

BRI n BT AR AR I 2 AR ERIARIC A C AT {C, G-, G SRR T k S SR IS A X 1% )
AT RMEE RN — D EA & DRI HFR L 7R AT (A4, A KRR R JE R IR KU R
P, SRR AL 1] B P (R sk — S A R0 R R il T B —AS GBI A TR 73 R N2 € 7R
9145008 4 1% 5 b ) 1) 5 5 T T Micro-precision BEAT i , F AR ) 5 LA R

micro-p :lia, (5)

i=1

Micro-precision FAE A, W2 75 28 8 A 1 In) B AL 5 500 8 A0 o X M DAY SO L BB T BL R ik ™ 212
I 5 JE AN ) BRI AR M RE, AN BE ] T PPAN SRR H0™ 28 B AN PR SR IS R e E AT OS2 3 ik 2y
B RS 4% 10 R 2R B s e O L A S

SIS Rk SRR M f KIEAOD By 100, 245 1L BIME ) 1e-5.0 TR Bt e, LR e 211 5
Tl JE AR SV 38 /N 5,8,13,20 T 30 AUARE IR B Rl e bt T — A & 10 IS5, AR5 il = FF
1) Micro-precision AUz AE (i 2. [F] I, AN k 29 2R AS 9 45 RARAC K T T oA, LU T A e 45 R AT HL .

T2 T A BETRE 0.05 BHERUA ¢ K550 45 R, 0 voting /s 3 T ] 580 10 3R R A2 L 1%, w-voting
FoRFET IIAUBEZE I 5 25 5 1 sel-b-voting R /n%: T Bagging ik £ VE TR L . “win” R B R E L R B F
HBEE AN & BIE SRR AR ) G5 R, “loss™ R 7R SR AL A A 18 35 ML LE A & P SRR A ) & 2 227, i ““tie )
TR R A A PA ke BIH IR & WA W3 % S

Table 2 Results of pairwise two-tailed ¢ tests with significance level 0.05

T2 BERRE 0.05 WXL ¢ K 45 5

Ensemble size Voting win/tie/loss W-Voting win/tie/loss Sel-B-Voting win/tie/loss
5 1/7/2 2/6/2 3/512
8 0/8/2 3/6/1 4/5/1
13 2/6/2 2/6/2 6/3/1
20 1/6/3 3/4/3 5/4/1
30 1/5/4 3/4/3 5/4/1

H1 3 2 AT LU H 36 T 157 B 43 22 A0 2R S AR e Tk BB L Lh oA e 38 (i 3R S 0 B 7 3 1 B3 2 1) 2R S 4 R
B e HAIME TR 2 e T A5 B A &5 SR 25 AN K T 3 T Bagging (326 6 S8 4 B BE B K 2048 38 2 B 41 4
S AR RIIR N A 13 BN, T 10 AN EH £ 18 FE SR SR A B I 459 B A 45 RALAE 1 MBI AR B LA &
WM FERA AT B 45 R B2 M 7E 6 N EUl 4 b 85 R B & A SR A T 45 B (1 & R L4 I 3 Wk %
PEER BT VETE JE MR 2 20 AUl R Sl 2 X T 5 28 ) R A AL

F 3 g T ORISR RN I Rk SR ISR S AT I AR SR A A H A MR R BB BOH I
Lo thEE 3 W LA 25T Bagging (L BEE TR BELE AL T 28%~40% MR K #2551k e Ja I K.

N B L F S 58 2305 3 A m] LA 0 M R S A B ORI 7 20 B A SR 2 i ik ) 1 LU AR Y A AN 1A 5
U I BOR.

[ IS, SEE 3 rpoxh T4 — N B SR AL I T RSN S (0 RSB Bk T A SR SIS B B 5 L R T 45 52 B AR R
BRI S M0, AR SCH ISR T ARG I S 00 25 B T 1 45 17 SR IS 1 1 Pk i i A 2 BSCASE 1) /I T A2 4k 17 5K R
B JL P voting 37 I T 1] B4 S (V0 B 4R i BT w-voting F7n 6 T IIA 45 22 1) 3 8 4 i, sel-b-voting R 7R I
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Table 3 The average percentage of component clusterers selected
by the proposed algorithm under different ensemble sizes

R 3 AEAREBONEEN AT 3P A A SRERAS K1 35 11 oy L

Ensemble size Percentage of component clusterers selected (%)
5 39.2 (1.96/5)
8 38.1 (3.05/8)
13 33.7 (4.38/13)
20 31.8 (6.36/20)
30 28.0 (8.41/30)
0.72
,*/Ak/%
o
§ 070 >K/*/ \ % Voting
% oes N _—* —&— W-Voting
& 0.
g —t— o o K— Sel-B-Voting
< 066
0.64 ’

Ensemble size
5 8 13 20 30

Fig.1 The influence of ensemble size on the performance of clusterer ensemble
P13 A 0 SR SIS 1 P 6 ) 5 )

M1 W LUE 1,5 T Bagging (KIE R RS A it 35 4 MR FR) 385 0K L SRSk R B AT BT 4 vy i 26 1
] B AL S () TR IS P8, 22 4 AR PR AR I L RE B i A e A 3 7 2R IR 5 1 D A T e o TR A 4R
FSCHABE PR 1 R 77 2 B 22 AN AR A 1) 8 7 e A fi) 2 ) T AN A R b3 1) B 8 B T i e 2R 1
g, S rh B ART REAE AR T AR PR 1 BIGIE T Zhou S APV S8, B Y0 — AL AR S BRI
BEAT 8 5 1 A B EE Y T A A AR A S G S R R, B TP Rl s R AR T R AR i B th TR T
Bagging {28 £ SR AR BV SOR P32 H A 1A SR A 25 BEAT A B, 2L S B AR L8 /N T 181 1 v 7S (.

4 HRiIE

AT T 3T Bagging (KL £ MR UL 900 47 SRR W, 1L T Bagging Ik £V IR I A ST VA fiE
A A AR R 2 ) BOR K i JE N RE. th T X PR IS B AT 31 17 38 20 1 A & A 5 AN A, T At P (1K
TSI AN AE TR 53 A, T SRR AR B SERUE A AR U & S E IR AR (0 45 KRR d ) St AT
T IR IEPAT ARE K IR SR TE R P LA SO 95 T Bagging (136 6k SRS AR i S0 ) Bt fiE O
T ke BIMELA AR At SR A4 A SO 1A A A SR A 85 15 R T D B L 2, et 3 AN 1) F A AL B2 B 12 0 SRR 46 R A
(7 R P52 ) 552 M0, AT St vy LA S A ] 2 ol e 8 38 B P A P SR S B AT 4R B

A R I YE AR S AR AT I K B 0 ST R T 26 AR e AR A MBI Har S 2 tH 9L TR
2 BE S AR O S WA F A i > B AR SR S B R — A B I R R b SR ST BRI T
e T M A T R MBS 2 B T 2 o) 2 >3 U T — 5 T U W) 4 R ST AU 22 3 T T2 A
A, G RO 5 7 100t R R 2 >0 RO 5 2 () SR AR K, JE A R A 1 > BRI 3t 27
2 A3 AT AR 22 H K [ SRR
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