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Abstract

Clustering typically groups data into sets in such a way that the intra
cluster similarity is maximized while the inter cluster similarity is minimized.

Most previous clustering algorithms focus on numerical data whose inherent
geometric properties can be exploited naturally to define distance functions
between data points. However, much of the data existed in the databases is
categorical, where attribute values cannot be naturally ordered as numerical
values.

The K-means algorithm is best suited for implementing this operation of its
efficiency in clustering large data sets. However, working only on numeric
values limits its use in data mining because data sets in data mining often
contain categorical values.

Pena et al, compared empirically four initialization methods for the K-means
algorithm: random, Forgy, Macqueen and Kaufman. Although this algorithm is
known for its robustness, it is widely reported in literature that its
performance depends upon two key points: initial clustering and instance.

Optimal determination of cluster size has an effect on the result of
clustering. In K-means algorithm, the difference of clustering performance is
large by initial k. But the initial cluster size is determined by prior know-
ledge or subjectivity in most clustering process.

This subjective determination may not be optimal. Due to the special
properties of categorical attributes, the clustering of categorical data seems
more complicated than that of numerical data.

The K-modes algorithm uses a simple matching dissimilarity measure to
deal with categorical objects, replaces the means of clusters with modes, and

uses a frequency based method to update modes in the clustering process to

_iv_



minimize the clustering cost function.

The original K-means clustering algorithm is designed to work primarily on
numeric data sets. This prohibits the algorithm from being directly applied to
categorical data clustering in many data mining applications. However, as is
the case with most data clustering algorithms, the algorithm requires a
pre-setting or random selection of initial points (modes) of the clusters. The
differences on the initial points often lead to considerable distinct cluster
results.

The K-prototypes algorithm integrates the K-means and K-modes
processes to cluster data with mixed numeric and categorical values. The
method is developed to dynamically update the k's prototypes in order to
maximize the intra cluster similarity of objects. When applied to numeric data
the algorithm is identical to the K-means.

Ahmad and Dey proposed new cost function and distance measure based on
co—occurrence of values. The measures also take into account the significance
of an attribute towards the clustering process. In this algorithm presented a
modified description of cluster center to overcome the numeric data only
limitation of K-mean algorithm and provide a better characterization of
clusters.

In this paper, we find another methods that work well for data with mixed
numeric and categorical features. We propose a novel divide-and conquer
technique to solve this problem.

Cluster ensemble is the method to combine several runs of different
clustering algorithms to get a common partition of the original data sets,
aiming for consolidation of results from a portfolio of individual clustering
results.

First, the original mixed dataset is divided into two sub—data sets: the pure
numeric dataset and the pure numeric data sets. Next, existing well

established clustering algorithms designed for different types of data sets are



employed to produce corresponding clusters. Last, the clustering results on
the numeric and categorical data sets are combined as a categorical data sets,
on which the categorical data clustering algorithm is used to get the final
clusters.

The goal of this paper is to provide an algorithm framework for the mixed
attributes clustering problem, in which existing clustering algorithms can be
easily integrated, the capabilities of different kinds of clustering algorithms
and characteristics of different types of data sets could be fully exploited.
Comparisons with other clustering algorithms on real life data sets illustrate

the proposal approach.
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o o] iggkel wWzFsith o] & s Asty] fdl AAl BFAQ W Ee] =(medoid)
= TAHo % Ab83li= K-medoids €12 5ol A5 o gt}
HZol=gt FH 2 oA AAE3re] Ht Jol=rt 7MY 22 AAE 9
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) g

2) K-medoids ¢ 18]&

K-means €1gl5o2 dojzxl Fej2y Ay o] dghel wzkstA wHbg-3ho,
Zgd o & kS zhy 9l Ayl Fe)AEH EIEHE A e AU 9

B Chol A FAlF} A Alo]o] Az S HAg el FHAHE A=
d& K-means ¢85 43ttt o] ¢85S K-medoids &g Fol

B,

(3) 7t7tel clolE AAet kAel 2ol wwel=st waste] A% Ate

(4) 2el26¢ FYHe] g MEe=g AW dolH AA O

el 1=
random = % H

A st A
G) @A AHE O, s THORE 3 YA dolE AR St F
Aele #F Se A

6) W FF S<0 ¥ Oy FHOE HUsta, 42E kAL v 5]

’

= Pgow 44

(7) Zel2gHo| M7t A7A &S w7 whE

Figure 2. K-medoids algorithm
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K-medoids ¢3l8]52 K-meansol B3] o]gkel]l d wizsiota &%
(Kaufman¥ Rousseeuw 1990).

K-medoids &2]& n7le] dlolel AA Tl k7ol dHele AAE Wd
sHA AdEste] TG o® =i, Holdde WA Hole AAES k7fe] wWiko
=9t A FA4& SlA 7MY Tk Wkol=E ZEa Sl Syl &
.

BE AAlEe] FH2H &5 HH, SH A s Wkol=7t ofd thE
delel el AAE o= T AAY FY2Hol £33 Holy AAE
ol AYE FASH. weF AR A" wEol=vt o 22 AY TFES A

o] mEol=rt ¥ 22 Ay Fde %
O olde] mol=g AERt ofefdt AL FAjel FeiE o P E
A EE tolE AAd disto] wkEgin
kel el digte] m=ol= AE Aol gy thA] k7o wlEol=
z7] 2Y2HE o ABS wrEH. ol FH 2L FHT WbA o

s

_—

ofl

?:51_

=

7k

d0d I g2 viEol=ER Fal 9

2
ftlo
rr

(1) PAM(Partition Around Medodis)

PAM %3185 (kaufman® Rousseeuw 1990)2 K-medoids®] 3F Bl o= &

g 2B Y SAS AA AAQ vEol=EE AR

PAM €ag]52 AAlgo] oA EAZ HgS BF Y & Hg= ]

g3l o] gHel vEol=g Hohuth the 4 (& PAM LmeFelA ol
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TCy = Z(C}m) (2)

(2) CLARA(Clustering LARge Applications)

CLARA ¢ 18+ (kaufman®} Rousseeuw 1990)2 RE Ho]HE AL&31A &

n AEYEL Agetel dE WYE FE2 T E ¥ PAM FmelEe A
g3ke] AN MR = Fin
daEd 4R4e 4T U AFYNA QolH Wmol=Ed 4EYE A

CLARA <52 delHelA AEdsty] wiel #i A7|e] oEd.
PAM ¢ne&e AA doleoA wrel=2 HelsAvw CLARA &1ugZ

ch)

CLARANS €385 (Ng9 Han 1994, Ngo} Han 2002)2 PAMY} CLARA &

g5 Z2%ds dRlew Al AEY Wyol Fasty AEd Aol w
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CLARANS ¢aglg2 a2z g o] &3 2= G, = nlel AA, k
el Zel2HE 7 dolHelA Z42be] x=E(node)E

=& dz=ol=5e JFA {0, Oy Oy oItk Wef 7 7o) mEolX &

[
1o
)
)
filo
1o
=)
ot
O
kr

}
Al WEelEw tEn vt WEeEEe FUSH, T wmsg olgold
Q‘q— é == Slz{omh Om27"'7 Omk}jq_ SQZ{O’[Ul? Ow27"'7 Owk}% |Slm52|

—k—12 % 79 wrto] k—17e 2% wEo=st Q= Aotk 77te]

E5E k(n—k)7Nel cl%Ee

N

P @A vWzel= O7F M= o=

0,2 o153 7§ Malsis gL PAM F3eZl A Aol (2] TC, % o

MEolE2 MIAZ o, vEol= O Sol &ate Ao, A2 HEol

= 0,8 80 &ake AAold 0, 0,& SNS2 A== 0,9 O ==
o WAF AT FAW, O, € S, O, € % wEo| Fate FAFA o
2 shtel Mmoluw AR vEe =R A4 H

g ZES Ad9etal, CLARANS &
ZES A9sth wgbA] CLARANSE i FZ¢ o] &gth

K-means &1g]&e zt7te] ZFej2eE e 2He FA(E)e=z A 8
oA 1, K-medoids &ae]&2 2474 S8 AE = Felay <t A4 F 3

Uz A 53 sl

¢l WZeol=E ol&sty] wiEel & ulolEdl= HFetA %o, CLARA,
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K-means 2125 Ao 2E Feo] vojee] #Hgo] slsdtan Sdd W

& ol H&o] Ha & doly Aol FEstvhs Aol o FHAH
T kol dig Arr sty FAAG 27 SYsHY 2Ae ARE S

olof st A7} 7Y tHPena 5 1999, Khan¥} Ahmad 2004, Bae$t

Roh 2005).

)
2
s

3) K-means &gl tisk 7] S8 24 2y

ol Ho|r = K-means ¢ile]lF9 27] S¢2H 24 WHozE MA ¥4,
KA %% 2 Max-Min WHol disfA <olr izl skth K-means €Lz 5ol A
7] 2812Y AA LS ST 2" dA4 B SH2H FA4 Az Fag 89l
Hog oo tigt B ATt M gt

%z7] 828 ZAA g A= FA(Forgy Approach)®# (Forgy 1965),
MA (Macqueen Approach)¥5 (Macqueen 1967), KA(Kaufman Approach)®H
(Kaufman® Rousseeuw 1990), Max-Min % (Bae9} Roh 2005) 5] 1

Pena 5(1999)& FA %, MA ¥4, KA ¥4 283 random W] e
z7] 2928 A4 Wol s ¥wg A3 KA Wio] f&sitta ZE8S W
t}.

Bae¢t Roh(2000)= W&o A AAYe S7FE elste] Hlwgk 23
Max-Min B2 27] S22 E A9 o 7]Edd ded 27] S2]2E 9
A kS 31857
7b S7ketd et = K
2Ho FAow 7] S 2EH7E AY9HY] Wi FHEE wzpA e wrEart

Ha, gAd SYaHe oA Alw F= AA dEhdna stk

3

> 5
Sl
=2
=<
>
ok
L
2
e
o
>
rlr
S8
rlo
>,
)
o,
b
fo
A
N
(2
=
o,
v
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(1) MA

MA B2 dolgox ddatA kel 7] S82EE Mdgsta ymx A
AEe 27 2zHe /Mg 7he Fe2EE AR & FE 2E o F4l
S oAl ARtskel SeisE FAe] WskEo] 7| gh(threshold) °lst7h 2 w7t

A urslel ZelsEg P4 Ho,
e AR 27 Fel2HE Hesy) il dm, AeldA e

H
T oy FAHL o] AEHAS e ARE SYUAHE 7EE Uk

2

D) AR kAS =] ZAZE 5,5, ...52 39

@) 7 BEg@)d dal 27 FAsY ()79 AAE AR

3 2 2,8 9 204 AR kA dF Y AL 2ezHR B9

3

—sl, i=1,2,...k i=1,2,...,n

(4) 23289 TAs B2l Art
A

(5) 82y T4 Wy gls wW7x @A 33 45 Hbs

Figure 3. Macqueen approach method
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(2) WA e dolH g, (x; = 51,1 = j), i =1,2,...,n°l tate]
a. Z7)gow AeYuzA g A5 vz, = s, i~ ), j=1,2,..,n° O
skl C; = max (D;—dj;,

714, d; = llz; — )|, D;=min(d,;) (x5 Aeg 27 FH=H)

bz ol dsA Y0 E AR
J
g 7T HA =7] EHLHE AY

3) Y, G g Adgee
J

(4 kY Z7Igke] B Addg w7px] @A 29 35 W&

Figure 4. Kaufman approach Method
(3) Max-Min "™

Max-Min ®H(Bae9} Roh 2005)2> MAMHo| A %7] F82HE dgsA A
#AHetRs W A7l EAFE dstr] sk Albd KAWMHo] B
olE|7} Wolddl we %7] Sy AAd wE Alzte] Bo] Aye 4RSS
wetsty] 93k WRjoln. o] WHE WA 2
o

H x7] 28 2EE0]

E
o
U
P
~N
ull
At
[
a
In
rx

S 27 ZY2HE ZASE H ARE £ F IEES

2 oAEss, A WA 27 2elzedA e BEgae AUE Pk 1
AGE A e BERe T oAA 2] 2

2HE Adgddl o] 27

il
i)
by
o
il
o

Ao F %27 FyAHE iy 9= AL ")
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(2) WA B33k o, (x, = 5), i =1,2,...,nl thate] R AR 27 FelxH
(s A E A= st 5% F AA 27 U2 5,2 24
(3) Ma= A e vmA A= x(x;, # s, 1=1,2), i =1,2,...,nd djsto

a. 2718 s, s, 948 AYE 47 Feto] olgd HAH sd; & Atste]
IRy

xy<—sd; = min{llx; — s)ll,lx; = s5ll }, i =1,2,...,n (x; # 5, [ =1,2)

b. 2+ #5F ;o WHSstE sd, & Pluste] ol5¢ S A= ste #=

#e 27 FH2H s3®E AE
83:xp(_max1§i§n($di) = sd,

(4) & @Ale] 7] F¥2YH s, m=4,... k& 237 93] old @A

A ARE x7 FELHES FsEA te BAE wEstel ke x7]

Um R BE% g, (1 # s, [=1,2,..,m—1), i=1,2,...n9 tato]

a. olvl Tl 2TVIgkE xokel ARE 47 etal ols AR A&y

zi—sd; = min{ Iz, — 51l kg, — sgll, - llgy — s, 4l }, i = 1,2, .m

(x, =5 1=1,2,....m—1)

Figure 5. Max-Min method
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2 dlolge tidk Az 7wk 2&8F FH2HY o]9lo] STING(STatistical
INformation Grid) ¢i18]5(Wang 5 1997)2 54 AH a8]= WHo g 4o

B s AAAEe] Az AS 2dste] SHAHA sad e deoly 29
2E "o =2 84S ZEARE Ao dHolEd el HE&AS Eilo] 9l
ot

CLIQUE(Clustering In QUEst) ¢i1128]% (Agrawal 5 1998)

% duste] deg BE god FHLHAS At Pow, wid o

flo
r )
i
)
2
0,
rlj

olf A 2 "MEE 7H 995 e A dagselt. CLIQUE: H2

DBSCAN(Density Based Clustering of Application with Noise) €&i8&
(Ester 5 1996, Ester % 1997)& AW%E X o9& o]fF:= #Hes FEAHEZEE
AAFo=A Fgo] e dHolE JFS aRAcr Add 5 A & 34t
A48 mUiEeeS H8=E st FAHo] 9l

BIRCH(Balance Iterative Reducing and Clustering using Hierarchies) &ilg]
+(Zhang s 1996, Zhang & 1997)> W& =9 doly S HAsiA CF
(Clustering Feature)¢} CF-treeE ©]-83sto], §812=HA sli=d CF-treex= Ul 9]
Hel A AAodA 402 F55EH HolH HES W gojA EFE
A4 g dvhs Aol v o duElEe AFTH dadFolr] "Wk o'

AA 7 shrte] eyl 2dEE v FHAHEE olsekA X3
=

—

Park® Ryu(2005)+ 12]= 7|§kS

e olgste] FYAHES AT Ay, AR IRl vl +d
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2. 3 Ooleo CHgt K-means 7|8t Y02[F

ol Ao = HF dolEE Fe]~EY 7] $8 K-means 7|W 28 2H
g dagss Lot g&F dHolHE thF= deold mlojd2 ®F dlolH
g X338l 497 s

Ralambondrainy(1995)= ¥ HolE& gt t&%F dHolHs Fej~Hd
at71 98l K-means ¢e]FS ol &sksint o] daglg2 toly o] B

MFe &S 3 o o A(binary)FOE vHEoloF B A g 2 A%

rlo

Foll A ddeA AAE A

LTS

K-modes €112 F(Huang 1997a)> W5 HolHE 422 K-means &Il

9 d4E FASHA FAIEE ol&sto] WF dolHl Ade=s At
K-means €2 F3 npi7bA 2 Axp7h 2hdstal sy 45271 W o

d, 271 228 E=(mode)o] A wet SHAE 237t 22kd S gl

ROCK ¢118]%(Guha 5 1999)2 H5 HlolHE F-S&(boolean) £4 HlolHZE

dolel ¥ X={X,X,..X,} = nAe AAs zdsn oz, 7 24=

mAel WE 4L 2t oA,
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X' = ()(il: )(227 (23] X;m),v 1= 172: AL

JAA WF S4e A Y FES AW T £EL o cpn P 3

sim (x;,x;) = b=l (3)

FAE sim(z,2)E 03 1AelS g2 AW, ¥ AA}L AR5 2 g
!

)
o
=
~

D

wn

=
o,
.
D
f
v}
H

2 gt T AARY fA40] Fojd AF
g o] %(neighbor)et 3k, A4 2,9l ol Gla;)e x5 o122 AAES 3

Fom Aot

G(x;) = {mlsim (z;,2;) = 0,1+ j} (4)

T oMo WA link(z,z;)E F AAY ol 2o S BE ool AF
2 Relsla, F ZelaE 9 GOl Bar Zexed St AAEe 92
o gow Heoa).
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link (C;, C;) = Z link (x,, x,) (5)
z, € z, € C,

P is g j

Fe~He HRS 98 Zesw e Pa 3, FelsvHd Sae A &
2 Gl MR 0% 1@ (G, C)e AN F, g(C,C)wel g 2
T ZesEE Wik,

link (C,, C,;)
Q(Q: C}): (n'+n()1+2f(9)_n1+2jf(9)_n1+2f(9) 6)
i 7 2 J

n; Fel2E Col &b A 5 f(0)=(1-0)/(1+6)

b g 7] W, A4 doled A go] g vlolE SA weh Aol
oF e},

M 7o 6ol dstel AATS KA e Akete] AARE o5 ol xwe

AR

A w R oopgel dol e
st fAtdzbe wmeath agn o 2esHE ¥l

A
G ) FeaE e Ar7hA e sty] wZel iAo



2 =@} 4o 2R A
s wgeln Ar e
24 @ 5 Qo WEe A%
Aol ohel Al ZHxE S0 Aw WEHE do] AL & A: JERO)
wel 2 sEe) f9 277t GejAy] W] HAe] sEike Qs s &

Aers dadAoR Aok Yoo = EA8HA] Bt

2) K-modes &8+

K-modes ¢i2]52 K-means €igl5& HT £A49 LZvle=z 33t
ety Fo|t). o] 4y S K-means &dag]sd ts] t}e 7R E A3
¢karg] Folt},

Weshe &4 WFY AAAA RE S5 RS nel @k 2A4A FE 3
Gk AS5E T AA Aol fARE A Hr)

d( 217 25 21]7 (7)

5(a,b) :{(1) gfé% i=1,2,..,m
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(2) 822 E=(mode of cluster)

X& W5 4 A, A4, .., A,S 2= M5 A4 ZF o 84 X9 Res
Oes HAn=

T_S]"E‘ H—'ﬂlEi Q: (Q17q27"'7qm),i 3

D(Q7X): d()(w Q)a where X:{‘)(I;XQ; s

X)) 8)
A Xol &5 2229 Q= (¢, ¢y -, ) E TH¥ 2h
A XelH 4 A7t £% ¢, 8 2E N £ n,e 39, A7) ¢, A
3 AuEs oo 2o
n
fre(A;=cyX) =2 k=1,2,..,1 (9)
RE j=1,2,..md] date] g A (10)

fre(A;= q¢JX) = fre(4; = c;/X) (10)

0= (g, Gs .r q, )= Aol =9 &

7=
n

Z;d()(i, Q) = Eié (xi,jy Qj) = i( y 6(%,;’7 qj))

— Enu—%&) = Zn(l_f(Aj: ¢/X))

7=

(11)
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(1) kel AAE Adebd deete] 27 Fel~d 2= (¢, @...q )= A
EH

(2) b=

(3) Zztel diolgl AAs k7o FelaE REs A SAHS Fske] M A
AL S AHA Y AAE (A)ER

(4) 28 2H REE Az 744

(5) SeaEl W7t gle w7bx] vk

Figure 7. K-modes algorithm

K-modes ¢ig]= 8
s WF o]y A¥stes A Aol & = vk kA dEF
deolgol sl &3 FH2HE dugFolgt & ¢ i, HeolHE ¥
A ot H 7] wjitol] Axte] tigk sjAlo] nmpE o] Fof
=

K-modes &e]l&e 2F FP2HE tiste 225 24T W 2 deoly
&

rlo
7
3

D

Q

5

w

(4
K
AL
[N
ot
i
o
o
X
ol
)
>,
i)
L
N

o] BAAY BE dolE e gol FuF wkgd o] ofy, HE FrE Hxi
2 3 REg A%t Bos Fe2E Uo 29E BZE dolH A 3
kol sl mdd Ao ofdet s FH AN Ad B HFTE
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3. 2% dolgof CHst K-means 7|EF YE|E

ol Ao &3 dolEE Fe~HY 7] $8 K-means 7|W S8 2H
Huang(1997b)& &3 dolHE thA e & K-means paradigme ©]-&3Fo] 4%
ol el |5 HolHE v & v &3E Aitste ¢agsS AAsd o,

Ahmad®} Dey(2007)+= =3 HlolHE o= K-means paradigm? ©]-83}9]

ﬂl

S dolE st WFE AolHE i T fAE FEE AA 2 £ @el B

[e]
S
A (co-occurrences) Zro.@ =A3 1 A 2L H| L35S A otstA ).

1) K-prototypes &a1e]=

K-prototypes &igls2 x| dolHe HF dolHd oist FH2HAYS
K-means &1d =S 7|Hto &2 3o}
K-prototypes &38]59] & g4+ 3 2
=1
m,: A 4, m AT 4, m=m,+m,,
d(d;, C)) = Z(d;—q;)uvjzé(d;, ) (13)
t= =

d.:

A A S, d WE 44

C=(Cy.Cp....C,): F2H jo| 54

J J J

o Ch A FRlzE RS54 te) B wF £ o] mE
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oX,
rlo
v
dlo
i3
.
flo
N
>,
o
&
il
P
rlr
v/

e BUZE joh WE H40 Fe2HPS AT ATl

T dely Sl dal H&3s (= HAastd

K-prototypes ¢ilg]5-2 % HolHe WG HolHE S@Ao=z FeliH

g v ohev 2 vl girk

() WF £ FeruYAA 22te FU2HE dEdE RSE 4T

T2 "HeolH e HAYH B HolHo ga wgshes oA ¥t REs 9
28 ¢tell X3 RE HolHES e BHd 2ol ddsA xdF Aol of

Yzt s Se2gHollA Ald B2 HFS AAss gte A

Y2 T4 EEs Y SHEHE AY=E HESHA Xk
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(1) kMo AAS adsiA At ke 7] Z2EEYS A9
(2) z+zhe] dlolEl AAZ A (13)e] 93 1A e TR EE Y & ds)
Ze2EE Y3 & 7 FejaEe ZZEEYS A

(3) EelxHo &g & dA ZREES I A FAEE AAbs

A, ohe Fezee) TrEHYte) fAE/ O au Y AAE Y 2

s

=)

i)

2HE d9etal, %X gow FHAEUe] TREEQE A

(4) A (3)& W3yl QS wjrpA] wrE

Figure 8. K-prototypes algorithm

2) Ahmad®} Deye] Alet dug]&

Ahmad®} Dey7}b #AIF& &are]F(2007) 44 dlolej et W5 Heolgol] sy

Bz Fe| A gS 7|gko g dhth Ahmad® Dey7b Al¢kel &a1e] <& Huang

=l

il

>
3
oL
N
AP
oX,
=,
=
of
o,
™
2
fllo
>
i,
oo
ol
N
&2
rir
a,
(&%
&
rlr
R
Lo
=
N
L
v

EA, 6(z;,y, )8 ALS 53 significancers £A4 9 Zel2egd g3 7]
=g YEdt

7V £ #ke BEEFE ANEHIEE AFEA Zorr aekA] gt
T2 HA 9 significance™ BT £33 LA AL, BE FH HHS

FH g Yo B2 Vo2 A FETHEE £33 £49 significancet= A
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(= 300, C) (14)

9(d;, C) = Y (w, (dy — C))* + Y 102(di G )’ (15)
m,.
M (w (dy, — Cy))*: 52 &40l et AA 4,9 228 F4 2 fA=

a[N
o
14
de
7l
x>
=
o

Q

@1
S
)
D

e

N
N
2
ol
e
=
)
m[N
1o
R
oX
flo

K-prototypes &%)
o5 o

AA, AR Ao Thsiks AMESHA o BEE X &4 (attribute) S ®T
sld AYE ALEgoh

=4, BT 54 (attribute)oll i3l o] g AFEeH] ReEoh F A4 Ato] 9

AYges FATA oz ALY

Ahmad®} Dey7l A¢tst dag]soA] ey 4 Cv oy TAHe=

)& FesEW WFE S @e) v BE AN,
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Huang ] K-prototypes &12]53 Ahmad®t Dey’} At dug&e &g
4 ]2 ¢ K-means paradigms ©]-&stom, 7] SH2HE AFEH

Hel g

4. 2 A H ensemble

i

Zengyou 5 (2005)2> W5 dloly Z ¥ Y TAlE ¢ 2~H ensemble ¥H

AN HAHs BAR Foldte], WF tolHE Ze2EY &7 A8 Ze~E

ensemble HS A 839921, Strehl 5(2002a)2 Z2]2~FH ensemble A=
HA3s TAZ A8, hyper-graph @0l 7|ntsle] EA|E 2= Wl
3] combiners AIQFeFSA AL, Strehl &(2002b)> HE Zel2HE HHE O
I FZol Actsidnt. FH2HY dadFe oy SH€Ad Adyes 7] FY&
Hol 93& WA gom, FesHy ARE oFt BAHS FHRE 2
2H g 2345 ¢7] Al Ade 23z 2gddua skt

v FlAe EF HelHE FHU2HA 7] AT 27 FH2H 2 A

o} 2 ~¥F ensembles ©]|&3 SH2HY WHES Aty
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Table 1. K-means algorithm for cluster update of the Iris data(all attribute)

7] 28 2F

Ze 2~ H sepal length sepal width petal length petal with
1 51 3.8 19 04
2 6.3 3.4 5.6 2.4
3 5.0 3.2 1.2 0.2

4 2H 744l
1 5.958 2.748 4.321 1.323
2 6.592 3.006 5.539 2.058
3 5.006 3.418 1.464 0.244
e
1 5.936 2.770 4.260 1.326
2 6.588 2.974 5.552 2.026
3 5.006 3.418 1.464 0.244

Table 2. K-means algorithm for cluster update of the Iris data

(choice attribute)

7] 2 2F

8~ H 1 2 3

&A1 6.3 6.0 2.5
44 3 4.9 3.3 1.0
&4 4 5.8 51 19

22y 74l
441 5.952 4.337 1.338
%4 3 6.626 5574 2.074
&4 4 5.006 1.464 0.244
AA A

%41 5.936 4.260 1.326
44 3 6.588 5.552 2.026
&4 4 5.006 1.464 0.244
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Table 3. K-means algorithm for cluster update of the Wine data(all attribute)

z7] ¢ A2H

S 2H 1 2 3
=41 12.752 12.414 13.609
&4 2 2.644 2.248 2.058
=4 3 2.343 2.296 2.433
&4 4 20.482 20.815 17.666
%45 96.875 91.821 107.433
=46 1.922 2.265 2.714
&4 7 1.347 2.089 2.727
=4 8 0.412 0.375 0.300
=49 1.372 1.549 1.850
%4 10 0.281 3.733 5.589
A4 11 0.871 0.993 1.029
£A4 12 2.198 2.668 3.022
=4 13 613.528 401.615 1091.194
2828 A4
=41 148920 WO 17 13.804
&4 2 2.504 2.494 1.883
£4 3 2.408 2.289 2.423
£ M4 19.890 20.823 17.023
£4 5 103.597 92.348 105.511
=46 BN 1 2.071 2.867
SAW 1.584 1.758 3.014
£ 8 0.388 0.390 0.285
£4 9 1.503 1.452 1.910
<4 10 5.650 4.087 5.703
=4 11 0.884 0.941 1.078
&4 12 2.365 2.491 3.114
=4 13 728.339 458.232 1195.149
A S4

£4 1 13.154 12.279 13.745
&4 2 3.334 1.933 2.011
%4 3 2.437 2.245 2.456
=4 4 21.417 20.238 17.037
&4 5 99.313 94.549 106.339
=46 1.679 2.209 2.840
=47 0.181 2.081 2.982
%4 8 0.448 0.364 0.290
=49 1.154 1.630 1.899
%4 10 7.396 3.087 5.528
A4 11 0.683 1.056 1.062
£A4 12 1.684 2.785 3.158
&4 13 629.896 519.507 1115.712

_87_




Table 4. K-means algorithm for cluster update of the Wine data

(choice attribute)

7] 2 2H

= | 2~ F 1 2 3

24 4 20.321 20.648 17519
%4 5 100.635 91.500 106.610
24 13 665.381 433.893 1131.017

Fe2g B2
24 4 19.890 20.823 17.023
%4 5 103.597 92.348 105.511
24 13 728.339 458.232 1195.149
A FA

&4 4 21.417 20.238 17.037
%4 5 99.313 94.549 106.339
%4 13 629.896 519.507 1115.712

Table 1¥ Table 2+ Iris Hlo]HE K-means &g 5o %83 Ao,
Iris HlolE&= 15071 AA &} 4719 £ o= o] Fojx] glom, HAA S2H 2
7= 37 & Setosa: 50, Versicolour: 50, Virginica: 502.% o] Fo]# <lt}. Table
19 23= BE £4S ol &3 SH2He SH2HA g JF T4 2]

1, Table 29 A= Z4ke] 7hg 2 £A4ES A9 S =H SH2HP

o
it

i HF A2l

Table 33 Table 4+= Wine H©]EE K-means &ilg] 5ol A-8&3F Ao},

hA

Wine HloJEli= 1787] AAA|ek 1370¢] S oz ofFolx glow, Al F22H

A= 37/0E class 10 59, class 20 71, class 3: 48°]t}. Table 3¢ ZA¥+= &

e ol SYLEe Sl U HS A ddolal, Table 49 2
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2. @ Oole Z:{2HE 2A

1) =wela

s

3

AL Ay, AE molel MFE &Aolgt s, DOM(A;), DOM(A,), -,
DOM(A,)& %4 mugloleh a2 =v|el DOM(A)E A (order)7h gl

fFale WEe gea,

Table 5. An instance of categorical example

Attribute ; ) ’
) Categorical 1 | Categorical 2 | Categorical 3 Cluster
Object
Object 1 A a X C1
Object 2 B a X C1
Object 3 (J b V4 C2
Object 4 C c Y C2
Object 5 D c 4 C2
Object 6 D b /4 C2

Table 5% 2zt dolg AAZ}F 32 &4 ({Categorical 1, Categorical 2,
Categorical 3})< zra 9l

Categorical 1 =12 {A, B, C} 371¢] M5 3k, Categorical 2 =W Q12 {a,
b, ¢} 370 W5 %k, Categorical 3 =21 {X, Y, Z} 3709 HF #S Ze=o)
olg]g ®F HolE e fFAE=E A HelHek= de Addow Adod F gl

.

2) K-modes &ilg]l& A

Figure 9% 2828 R=9f AA| Alo]lo] fALE F4d sk oot} {C, b,
YI¢F {C, ¢, YIE 2= {A, a Xto el FAI=7 322 Yehva, 2= {C, c,
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Yiol disid = FA=ZE 12 AL, {C, b, YIsH {C, ¢, Y= {C, ¢, Y} €9

22 dgdEn

Attribute | Categorical 1 | Categorical 2 | Categorical 3
Object

Object 1 A a X

Object 2 B a X

Object 3 C b Y

Object 4 C c Y

Object 5 D c Z

Object 6 D b Z

A | a | X 2c G | c | Y
L—V‘V v

FALE: 3 c b Y FAE T
FALE: 3 c c Y FALE: 1

Figure 9. Example of the similarity between object and cluster(true case)

Attribute | Categorical 1 | Categorical 2 | Categorical 3
Object

Object 1 A a X

Object 2 B a X

Object 3 C b Y

Object 4 C © \(

Object 5 D (oS Z

Object 6 D b Z

A | a | X oc C | - | Y
LV v

FAME: 3 D c 7 FAME2
AL 3 D b 7 AL 3

Figure 10. Example of the similarity between object and cluster(false case)

Figure 102 S &8 ok A Abole] FAE FAd theh doth. (D,
c, Z}et (D, b, Z}= EE= {A, a X}l d8] §A =7 302 e, 2= {C,
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¢, Y)ol daln s fAES} 20 302 AgHel, (C o Y BelAHE 299
%t

il

YEsHE mEg 9 o 2o ool E3Te] g delHEY ge
EFu st Raby) W] 2elsey Anoh i el giok
g EAE Ay AsiAE FelaEel &@ dolg AAe Yug A

e AbEeto]l S AHE st ez AA Fofof

-means LY FAAM = FHEHA EEH

doEe] FHo2 Ags] WE BE 7

%0,
rlr
td
ali
=
__)illl
il
=2
)
e
o,
4
ftlo
il W

-modes &gl Fo A= HF HolEHE A

o % AEEhr

K-modes ¢i12]5 K-means ¢ilg]ES T HolHd stA ®Es I
oty 22yt K-modes ¢alg]ls A FH2HE 74 L A= o8 doly
59 RE AAS TS5 e FY2HE R REE A9 &

%7] Wil Y Rert FHAHE dudtdis & 5 Ut

o

K-modes &1g]&5S FH2EH9 F4e Rt Zlo] F8AHE IS 4+ ¢l
7] wjiEol Fel~edy Ayl gk FsAdo] wojzith K-priority &S

Y289 E #FS S u K-modes &1e]Z3 o] AP = hife] A=
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3. 2¢ dlole E82HY

2 A= &3 delgE F82HY 7] 93 divide-and-conquer WH S
A otstt}, divide-and-conquer W2 A WA o]z HolHAA HF HAS

Zb= AR} A HAS Zke AAE LYgith o ® 8 d HolHE ol
st ®F HAd dlal S 2dHE o ®WF A4 gk ZHAHAYS

—priority(Figure 14) ¥ 4% K-modes(Figure 16) ¢i1glg oz 2 2HY
stal, e A HelEE ol&ste]l A £ ] EYAEE o A
Ao 3t FH2HH S FAH K-means(Figure 13) &18]5S o] &3t} n}
Aoz x| volE FeAE Aol BT dHoly Sy AdE A HE
Y 2HY Fhrh

Z82H ensembled UHolHE Eosle] ME O E FoAHy dugFo=z

RE dojxt A%E Agelr] 9@ Wtk

£ dolE FesEy o] 98 AL UL dew 2o 1) FoA o)
qHE ME £HS 2E AAS £A $42 2E dolg AAZ wed 2)
29 WF dolest £X dole el FHsHY Wk 3) £2 doly F
g2y Astsh WF dold HelsE AnNE AYstel WE volHE @ F
W doly 2esHd wl

Figure 112 CEBMDC(Cluster Ensemble Based Mixed Data Clustering) il
AEe Fxelth o YuelE FEE WF dolHs £A deldd o T

B A7t 2ol deu,
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Numeric Data Clustering

NOmenicalfPaia —» Clustering Output

Original
Dataset

—_—

Categorical Data — Clustering Output

\

Categorical Data Clustering

Figure 11. Overview of CEBMDC algorithm framework

D & deoly S 2EHE dads

(1) "ol Hgholl A
(2) H5 dlolE
(3) =] Hlo]Ef
4 2

2] 2~ ¥ ¥ (Modified K-means)

HaEE das Adgste] W5 dHolHE 49

=
&) &2 2~¥ & (K-priority, Modified K-modes)
Z

(5) Agt® HF dolgol s ZFe] ¥ g (K-priority, Modified K-modes)

Figure 12. Cluster Ensemble Based Mixed Data Clustering

2) 7] 828 AAAL 93 Modified K-means &8 &

K-means &1 ZeA2H Ao 714 &
1

Mejete] ZelsE

Aolg WolA ger RE £4& A8t
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29 5 ok WA At £1 doldel W FelsiHY dudEe 2o
Ea

Ejgo] o] & A4S Aol K-means &aLd &o A &3k},

(3) 7t7te] dlolE AAet ZejxE A st /44 fA Fel x|
A AAE ()
(4) 9o Hts A= A

(5) E8]2Eo] War} §S wrpx ur=E

Figure 13. Modified K-means algorithm

WE dolge 2e2HY a7 9% 27 2es" 44 2 2926

= -~ =3

1
Rl

(D) Z £A4GEDER Jhe g gl digh Z29dS 84

(4) Z2te] AAER k7je) S 2H priorityst Adl SAHE &8k 7HE AL
& e 2Hd g AAE (NPT

6) EE AAE deiA SH e o] EuH kel SYAHEIE
priority & A 2 7§21

(5) Fejseol Hs7r A4 b s wrpx] whs

Figure 14. K-priority algorithm
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A sk fALESE b Ae AAE F oA 2] BE m A%

@) gulA 27 mE 0 m=3.4,.. kS AN 98 olu] AN %
7] BES Z7swA UeA AR Xl dekel e AN

XDy =maz{d(X;.¢}).d(X;, ), ... d(X;. ¢y, 1)}, i =1,2,...m
(@ 72 AA Xol tate] Aojn D& maste] o5 g ArE F A
AE e 7Itez A

@, = X, min, o ;. (D;) = D,
(6) 2 AAWE BES FAEE A4St Y FAR FesEd AN @
K3
6) 2= AAE0] WA SHEHE g0 2y REs A
(1) @A G)E W7t gls w7ix] v
Figure 15. Max-Min method for K-modes algorithm

() Max Min B8 & ol 8ete] 27 FeXE BE {g,q),..q) & A1
(2) ¥H&
(3) ztz+e] dlolEl AA e} ke Fel2H Rt Ay 248 ko] /M

A Zelzdel Y AN (T

(4) 2812 =S A2 A

(5) 228 W7 Qo wrbx wruE

Figure 16. Modified K-modes algorithm
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A58 Microsoft Windows XP Professional, Pentium(R) 4, 3.00GHz, 512MB
RAM $H4olA &7 Az EG o] TA #7]#<¢] R-projectE Ab&3ste] dag+

M
= Ta3%3l
2. &9 dolH

2 Holx e F=HY daelFe Ado HIHEA A8 = UCI Machine
Learning Repository (http://mlearn.ics.uci.edu/databases/) 2] Ho|EH S A}-&313 2

H I 742 e 2o

Table 6. Experimental data

toly £4 A& o] E
T A Iris, Wine
HT Small Soybean, Mushroom
=3t Heart disease

Aol AHEHE dlolE = £A48 AES RS, 450 THE B =

25 Akt
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1)
=8
5\
o
ftlo
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micro —p = ’Zal/n (19)
=1

n: dole AA, k FHLH 5

2) TF dole Fd2HY A2

B

(1) Heart disease data

Heart disease dl°]El+= 303709 A<} 14719 AL zt= &3 do]Eo)H
570¢] F=%] dlo]E <} 97 M dolH=Z Fid A

gorm, A WA ZF2A2HNormal)S 16470 ojx, F WA ZFe A~ (Heart
-
=

iuf
Do
=
o
il
H
[>
a
il
-
o,
QL

patient) 1397§ ot} =3 HolH= A=o] {1

3 139A &40 AZo] EAlste] A2 A0,

Table 7. Cluster recovery result for Heart disease data with proposed

algorithm(accuracy)
Algorithm No. of data objects in desired clusters micro—p
K-priority 247 0.82
Modified K-modes 211 0.70

Table 7& 5ol A A|¢tst =8 H K-modes &are]&3 K-priority &g &
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of €% Heart disease Uleo]¥ ZS2]2=El® A3o|rh. K-priorityel o3¢ iz
o] #4¥ K-modes &ae]Fel vl3 2 AEEES Hebl A

o] A¥= FAHH K-modes &ig]FeoA 7] FY e E AATd 9o
HAsA "ol AA HAYEEs 27 F2{2F

2=
=2 A4sugE B Ao FAL AgsE BA e FRAws} 9

3) A Hely F2xH

(1) Iris data

€]

9 A9A

EN

rob

td

diolE o], 37 S

~HE FAe gom H wAe Zel g 507 o] i Wa| 2 2EE 50
M, A A FEzEE 5070 oM AZgke gtk

Table 8. Cluster recovery result for Iris data set with the proposed algorithm

Cluster No. Setosa Versicolour Virginica
1 50 0 0
2 0 50 2
3 0 0 48

Table 9. Cluster recovery result for Iris data set with the K-means algorithm

Cluster No. Setosa Versicolour Virginica
1 50 0 0
2 0 50 12
3 0 0 38
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Table 10. Comparison of different clustering algorithms for Iris data set(best)

Algorithm No. of data objects in desired clusters micro—p
Modified K-means 148 0.98
K-means(best) 138 0.92

Table 11. Comparison of different clustering algorithms for Iris data

set(average)
Algorithm No. of data objects in desired clusters micro—p
Modified K-means 147 0.98
K-means(average) 115 0.77

Table 82 Aot daz]Fol ot Iris dloly F#~H Zyo]li Table 9+
K-means &itg]Fol 9% Iris Hloly S2l&E Ayjelty, S2{XE Ado] df
5 AW E =3 H

dU9% A3 K-means udFS Ho AUZ7) 0.770] 2, Aokd ®

)

< H AEE7F 0982 YESTH(Table 11).

(2) Wine data

Wine HlolEl= 17870 AAlek 13749 4 £4+5 2t delgolH, 3749

FYU2EE FAstL Jder, 3 WA SY2EHE 5970 ola, F WA FYIF

7170, Al WA S 2E= 4871 oW, ASFS glth

-
R

Table 12. Cluster recovery result for Wine data set with the proposed

algorithm
Cluster No. Classl Class2 Class3
1 58 4 0
2 1 67 1
3 0 0 47
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Table 13. Cluster recovery result for Wine data set with the K-means

algorithm
Cluster No. Classl Class2 Class3
1 58 4 0
2 1 67 1
3 0 0 47

Table 14. Comparison of different clustering algorithms for Wine data

set(best)
Algorithm No. of data objects in desired clusters micro—p
Modified K-means 172 0.97
K-means (best) 172 0.97

Table 15. Comparison of different clustering algorithms for Wine data

set(average)
Algorithm No. of data objects in desired clusters micro—p
Modified K-means 154 0.87
K-means (average) 136 0.76

Table 12+= AotE =Y 23 Wine djoly 2]~ ZI}o|il, Table 132

K-means ¢ilg]5ol] 93 Wine Hloly Zej2¥ Aol Sy A

23743 K-means €18 =8 o+ AW

o]
JU =7 0.760] a2, A|ekE HH

2 Fit FE =7}t 0872 YERTH(Table 15).

4) W3 dolg Felagy A843

=

(1) Small Soybean data

Small Soybean ©l°|H = 47719 AA < B HFT £AHS 2=
H

=t o= R [ﬂo]E]O]Dq’
88 FH2HE AL doH, A WA FH2H(D)S 1071, F HA =9




ZH(CO)2 1071, Al | 222" ([R)2> 1070, vl HA S 2HP)2 1770 o],

AZze gl

Table 16. Cluster recovery result for Small Soybean data set with the

proposed algorithm

Cluster No. D C R P
1 10 0 0 0
2 0 10 0 0
3 0 0 10 1
4 0 0 0 16

Table 17. Cluster recovery result for Small Soybean data set with the

K-modes algorithm

Cluster No. D C R P
1 10 1 2 1
2 0 9 1 0
3 0 0 7 0
4 0 0 0 16

Table 18. Comparison of different clustering algorithm for Small Soybean data

set(best)
Algorithm No. of data objects in desired clusters micro—p
K-priority 46 0.98
K-modes (best) 42 0.89

Table 19. Comparison of different clustering algorithms for Small Soybean

data set(average)

Algorithm No. of data objects in desired clusters micro—p
K-priority 44 0.94
K-modes (average) 41 0.87

Table 168 Aetel =] 93 Small Soybean HlolE ZFe]~¥ Aol

_56_



Table 17& K-modes &2 g]<d] 93 Small Soybean HlolE & ~¥ ZAufo]

o Sy Aol o

0.870] 3L, A|tH WH-S

(2) Mushroom data

Mushroom H|o]E+= 8124712 A A2} 2271 9
=

Mol 2exes T don, A WA

o

o

A AT K-modes 1= Fi AUL7}

o AEE7F 09452 YERstH(Table 19).

HA Z2 228 = 3916(poisonous) 7 o] tf. A=o]

T
2=

o ~H

dle]Efolm, 2

4208(edible) 7/} o] a1, F
] A= Al

Table 20. Cluster recovery result for Mushroom data set with the proposed

algorithm
Cluster No. edible poisonous
1 3961 494
2 247 3422

Table 21. Cluster recovery result for Mushroom data set with the K-modes

algorithm
Cluster No. edible poisonous
1 3352 1284
2 856 2632

Table 22. Comparison of different clustering algorithms for Mushroom data

set(best)
Algorithm No. of data objects in desired clusters micro—p
K-priority 7383 0.91
K-modes (best) 6029 0.74

_57_




Table 23. Comparison of different clustering algorithms

for Mushroom data set(average)

Algorithm No. of data objects in desired clusters micro—p
K-priority 7072 0.87
K-modes (average) 5984 0.74

Table 24. Comparison of different clustering algorithms

for Mushroom data set(execution time)

Algorithm average time minimum time maximum time
K-priority 153.57 61.11 308.16
K-modes 139.93 50.85 218.89

Table 202 A<td "o o]k Mushroom Hlo|EH 2 2¥ ZAzlo]al, Table
212 K-modes &arg]5dl 9 $ Mushroom ©lol¥ &el2~E Aol F8]2H
Ayt 3t AYx A A3 K-modes &iid]Ee H+ AWE7) 0.740] 12, A
H g =7} 0872 YEFSTHTable 23).

obel

rlo
)
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N
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