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Clustering Algorithm of k,-means with Credibility

XIONG Jun-Zhu, HE Zhen-Feng
(College of Computer and Data Science, Fuzhou University, Fuzhou 350108, China)

Abstract: The clustering algorithm represented by K-means is widely used in many fields, but K-means cannot directly
deal with incomplete data. k,,-means is a clustering algorithm for processing incomplete data. It reduces the impact of
incomplete data on the clustering process by adjusting the calculation method of partial distance. However, the centroids
selected in the initialization stage of k,,-means are unreliable, resulting in local optimal solutions. For incomplete data, a
clustering algorithm that combined credibility was proposed to solve this problem. The calculation of distance was
adjusted by credibility to increase the reliability of cluster centroids in the initiali%_ation stage, improving the performance
of clustering algorithm. Finally, the algorithm was verified by the experimehtal results from the UCI and UCR dataset.
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BEXEAS [E] B 1) 8, A TN SR T 2 M aE A AN T
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f R TE e BEALEL, S HBK M T A &, 5
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XX B, IR DR R, M A
ERS A 1, HICA0.
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R (8) N5 & SIS B HOREEE T 52, 4 S lX; A AE
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s ST 5 R > 2 S B B —
Do RHEE proy, SRR U 52 6 1 Sy R — A

Fe AL, WTTTHE A R 0 TS 38 (9) 4
S ASEIR T FEROBE B o, 2 (9) 5 A SLJR ML T
£ B 454 7 AT (8) ALl

5E X 3. 9L A5 B (instance credibility, IC). %
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X B SEB AT AE FE N IC = ni/ p.

5E X 4. ASLJE A {SE (public attribute credibility,
PAC). S X; 5 52X, T3 5290 o 5 i k350 A e
RIMBIEE AN Ene =) V¥, WX S X A6
BT APAC = np. | &
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2
C
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PAC  RRX, H5C AL BT E . 456 F U H
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BN R4 D, RSB K, "B ERE

i K AN

1) K58 3 TR EASLBIC={IC, IC),+ IC,)

2) peBEHLIEE o) = XAEAE —ANRI PO, B, 1050
3) while |ul<K do // || EREE KNS

4) iR ®) ﬁﬁd,?:minlzl,l---,k—ldA,-%q

S) W proi=d? / S d2ie(1.2,n)

6) HIIMER pro LB kAN (=2, 3, -+, K) Tty
7)) pepUy

8) end while

AR (4) FRATATEAE A (8) 23 (9) & G ANA
AT AE RE, BTG AL I R b i B 155 KMIWNDAH+
HWE T — AR PO HIR, 72 R R & vk 5

T e 5] AT {3 BE (S50 AT {5 FE A S J o T £ 1), A5

B (2) Hhid e S A R R R e (S AR ) S
TERE—NERE L, U&/J\f%qﬂlb*@%@%%ﬁxﬂ% k
(k=2, 3, -, K) NSO UK . S0 BR (4)y DR (5)
I SR AE B (B A 3R T AE ) U R R R O
B, ek, T R AL P SE B R A TR — AN H L IR,
SR G b D BB AN e M HR G g B RS e A4S
WG 5E G 2 A T O A AR R . e, A
SCOKHAE B 3 WA 5L 1 FRYE KMMC (k,-means
with credibility), 2 T RAESH 4 1718 1T 5258 55 B xf b
k,,~-means Fl KMMC 7 45 & A~ 56 B 40400 4 1) Ab B3R

4 SEEG 5 M
Wk 1 Fros, LM BAE A 7 A UCT £ 4 A
3 4~ UCR ###4E. Seeds, Ceramic, Wine, Wdbc, CCBR,

Iris A1 Column 3 [ F UCI #3242, Plane, CBF ! Trace

K H T UCR ##i4E. Wdbe £/R /€ Breast'Cancer
Wisconsin (Diagnostic) ¥#i4, CEBR 7R~ Cervical
Cancer Behavior Risk@ﬁﬁ‘%, Ceramic 7~ Chemical
Composition of Ceramic Samples £ 4, Column £~
[fJ/& Vertebral Column H4E£E. AL IEH KM T Z-
Score FRAEAL.

AR SCOR S T IR R O B AR AT A0 T AL 3,
FEBENLER RALE] T B E B AR 4R, 75 s B A AR 2
fith b, 43 0 e A [ S 49 i 2K FE (IMR) AN 56 38 2 4w
8, MR A BIECIMR 9 0 10% F1 20%. 15 5638
I BEMLEC R A 2R AE n A S BENLIE B miss=IMR>n
AN SR Ry 2R 2, S8 5 E I BE LA K AR AR K IR AE
miss A~ SEAG)H BEALIEEL m A& 1, B %8 1% B AR

Ve B E, AT I BE LR 1% 5200 7 200 4
TS, B a s miss LS BRI IR 53 F n—miss
AN SERE I 5 2B LSS BT R AN e AR AR AR
PERTAE FEAELE N 0 SO, 41X, = (2,2,6),X2 = (1,5,7),
B PAC) 2 = 0, 4 7 8 G X Pl o, 440 2 3ok A A AR IE
AN AP B 2R (A B m<pr2. S AR T 1) 512451
R R B HEAT S0 A, SRS HEA A A R A L LR
# ARI (adjusted rand index) 7 &, SZ 45 BN 5 AL
G B SR @ SRS R IR 3 R R E B
¢’ 0.8 I, %ﬂﬁé‘%iﬁ%’%ﬂ@%%qﬂhﬁ%ﬁﬁ%, WA S

KRG 08 -
) ST BRERR

b G SN K JE M R
Seeds 210 7 3
Ceramic 88 17 2
Wine 178 13 3
Wdbc 569 30 2
CCBR 72 19 2
Iris 150 4 3
Column 310 6 3
Trace 200 275 4
CBF 930 128 3
Plane 210 144 7

920, W 2 AN 3 Fiow, @i S T
KMIWMD (5% 2) #1 KMIWMD++ (53 3) #1540 5%
i TR O AL R AR I AN 46 58 S R
L B [ — e 0 5 0, FE NG 2 9 &,-means
Sk o IR L e .

%2 BT G MG RUE

1 24 B, B B RAB I 1R

R AR SR E (%) m; LR IR TR
my 239
10 my 29
m3 2
nmy 362
KMIWMD 20 my 59
m3 2
nmy 390
30 my 107
m3 4
mj 213
10 my 13
m3 1
nmy 317
KMIWMD++ 20 my 41
m3 3
my 338
30 m 54
m3 2
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®3 B2 HE 3 IR R hLEE
R AE R AR IO

Hik AT R B (%) si H A B
52 42
10 7
§3 3
52 479
KMIWMD 20
§3 9
52 1
30 515
§3 13
52 400
1
0 $3 3
S
KMIWMD-+ 20 : an
53 8
30 $2 421
§3 9

52 HSLES, Nk 4 fR, 8 SLIE X &,-means
LGS AR R POV (A 2 STk
3) o S AT P PR S '

%2 2 M1 3 4 BIFE500 Iris KedE 42, R KMIWMD
A KMIWMD++ELEEHE4T 1 000 YR SZ56, WIUAAL 52 UG
34 B A1 5 2 e, e AR PR R BRI SR 2K O A ) —
AN BT (35 2 IR 3 HR IR B Ge - E A) — 2R s
e ). 2 Hm (i=1,2,--  FRIEFF EANE
oA B R R AB B REL, Wimy = 239787 1 000 X SE

o, JEELH K RARPOLEA 1 AEEP LB R
E I 239 Ik, % 3 s (1 =2,3,-- )RR FE 1 kA
R HOAE F— AT IR, Wss = 8% 1000 ik
WG, WHCH &k BAPOH 3 AAREPLER—A
BT 8 K.

ghiGae 2 AR 3 T giut B ol g, Bl B
B2 v ) S B S M K, 3 P R 2K P A B
(ML LE T v, (RTS8 X SR 2 L AE [
— AN R T . B 2 BT, BN RK
oL S LA n A S48 o o U\ 3 2491 e 2K B i
K, iiﬁlﬁ‘]?ﬁr/l\?%%EP'D"E’/ET@HHEE"JEI’EE RS
FETH . MR i SRS 5 5 2 oo 2 1) £ B )
1, DAL SRR A, 2 (7) 90 R
FIAE TG 202 0 BE B K. B0 — VOB R A SR e A
p1 = (6,2,8), HMRFH O A =(6,2,8), AR
(7) 5L X0 = (2,4,3) S 2 1] J& 8 #E BdY o =
[(6-2)2+0+(8—-3)21/2 =205, ifi SEhx EL 92 M B ES
dic = [(6—2)2+(2—4)2+(8—3)2]/3 =15. T %%
O H R R AR AP AE, 386K 7 % S i i i R — AN ERR
R AT B, T SR B SE I BE B — AN RIS R,
& F 5] — 7% P (0 R K. I 5008 4 11 S 051 e o i 4%
K, BRI OTE R — DM FERIREREK.

# 4 KMMC Fl k,-means 5% ART ZETEE

" k,-means KMMC L\
LS 0 10% 20% 0% 10% ‘ . w 20%
Seeds 0.730 0.662 0.559 0.730/0.730 0.675/0.686+ 0.583/0.561
Ceramic 0.926 0.841 0.813 0.926/0.926 \ “-" 0.896/0.852 0.825/0.811
Wine 0.877 0.814 0.648 0.877/0.877 . 0.834/0.829 0.651/0.649
Wdbce 0.723 0.683 0.651 0.7"2‘3/0.723 0.717/0.690 0.664/0.667
CCBR 0.461 0.378 0.269 0.461/0.461 0.382/0.377 0.306/0.305
Iris 0.769 0.754 0.671 0.769/0.769 0.763/0.773 0.743/0.717
Column 0.313 0.259 +0.190 0.313/0.313 0.294/0.291 0.219/0.221
Trace 0.432 0.405 * 0.393 0.432/0.432 0.422/0.420 0.396/0.394
CBF 0.361 g ! 0.299 0.290 0.361/0.361 0.302/0.336 0.291/0.266
Plane 0.736 0.667 0.628 0.736/0.736 0.684/0.680 0.621/0.636

# 4 £ KMMC 5 k,-means %} L5256 45 5, KMMC
SR —AT B AME 73 0 2R s SR S R 45 FE AT A 3%
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