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Abstract

Data mining is the process of analyzing data from different
perspectives and generates useful information. Technically, data mining
finds correlations or patterns out of dozens of fields in large data.

Cluster analysis or clustering is the task of grouping a set of objects
in such a way that objects in the same group, called a cluster, are more
similar to each other than to those included in other groups. It is not
only a main task of exploratory data mining, but also a common
technique for statistical data analysis, used in many fields, including
information retrieval.

The k—means clustering method 1is usually based on vector
quantization that is popular for cluster analysis in data mining. It also
aims to partition 2 observations into 4k clusters in which each
observation belongs to the cluster with the nearest mean, serving as a
prototype of the cluster. As a segmentation method for cluster analysis
schemes, the k—means algorithm is based on Euclidean distance, and is
best suited for the analysis of numerical data set. However, in reality,
there exist so many types of categorical data and more attention has
been put on clustering such categorical data. After all, many researches
need the cluster—based analysis mechanism especially for categorical
data.

A study of Huang Z. 1997 has presented the k—modes algorithm
which is an expansion of the original k—means clustering algorithm. The
k—modes algorithm extends the existing k—means paradigm to cluster

categorical data using the similarity criteria through the comparison

- viii -



between attributes of the data by selecting representative data mode.
However, the k—modes algorithm has a drawback in that it must decide
the number of modes in advance of the iterative optimization process. If
too many or less options are chosen, the accuracy of clustering will be
severely deteriorated. In this paper, built on top of the well-known
k—modes algorithm, how to select the number of modes and how to
analyze the cluster set have been presented. The number of initial
clusters decided by this way, makes it possible to efficiently estimate
the final number of clusters. This step involves creating, merging and
updating a great number of feasible initial modes of high similarity.

Experimental results, discover that the accuracy of the proposed
algorithm yields almost equal results, compared with the case beginning
from the optimized initial points. After all, the suggested algorithm is
more effective than existing ways in the analysis of unknown data.

The rest of this thesis in organized as follows: Legacy segmentation
strategies of cluster analysis techniques have been reviewed in Chapter
[I. Then, Chapter III describes our Chain k—modes algorithm in detail.
This idea focuses on how to select the initial values for the case that
they are not explicitly specified. In addition, how to analyze the
clustered sets created by our scheme and the limited bound has been
explained. Chapter IV has demonstrated the performance measurement
results of the proposed algorithm, obtained from extensive simulation

using R(3.0.1). Finally, Chapter V summarizes and concludes this thesis.
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delg el e xR 7IHe] g4, £7d0] :
o HHjelA e 3 w, HA o LA HRE T HAao JAAE AAshe 27
A A% A, 75 (Outlier) ©lolHE thF 1:1
Hollx @Asks ddd, aadoA e FPEA, Aok 2o ot

1% AFgRRYe] gEelatage] B84 Sl Ak

B Ao td TA% W Fel BAWL wow e g
& e Yk ANgoR, dolHe S48 FASHoR Yehts £49
R 9 WFF el

TRtk ARG HOlHE VNt e R gk

2 23 [Kaufman, 1987]¢] A<tst
k—medoids &ag]Fo] & dHAd low, yFddolHo] talA= k—means
= WAF k—modes ¢aelFo] vk FAFHolE e HFF ol 7}

&
== FFHIHE FAHEA & U+ 7o 2+ [Ahmad, 2003]
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2.1 dHolgAM 9 =9 £4

rr

dlo el (data) oM & ez == HolE o] oA o] JHA) (entity) & o7 &hH,
dats @AM A4 5 Q= Jhdoly RS dREM M2 s A
g0t ©§50% EA4T F Qe dAatEe AhR JEHEAY AdEgS & F
slow, shte] dseli= skt o)de £7d (attributes) 2 A FH O lTh =
¢ daEwe 4 A4 AR S0 dHE AR

£ /d (attributes)

o0& 1D L}o| ag 2M HE |EAMHE| xpEKAt
== | poool 25 = slA |eHIA | 700 ALbEt
O]+ | PO0O2 30 = el |4HTE | 600 ATpS
G B
Y70 | Pogo3 | 24 o 24 | sHBtE | 850 | HMAH | |

Figure 3. Hlo|E oA 9] HlzE 9 &4

°|& £°l, Figure 3°IA= 3AHES ©|F, ID, o], 4, #A, 4%, &

Y7, A 874 £YOR THHNNE ALEATS BT Utk of

Tat olelg AmERRE BolEolar A dmEe] £y A &
NG &40 WFF SHoE TR F Ak H4 F U], A% U EoyH
o £A¥ &Agolm, oF, ID, A, ¥4 @ AEA: WFY S0 ek

o ¥4 A% AT T 5 Ak

_‘]O_



N

EWIA=

138 do|E]9] ZHEA

Z

=
0

2.1

TAGHoIH Y £4

2.1.1

A
1

L

T

Fids ]

=W (Interval scaled variable) 2}

714

;L

K

B
22!

bl

Hq
ﬁo

A w
1AL HelE e

=} O
iy

%

I e B e K

&+

B

0

A

Alr

il

tei el

S

Aol HlolEel of
o, Ha== prle Holel HAel o

%2 e)

-
L

= 719 dolgY dm=zt A dii,j)

dij)= lr,—a,P+ley—aplP+ +lz,—x, P

2 %do] b5t

o

&3} ol

iAo

9|

\/w1|$le T |2 -I—w2|aci2 - xj2|2 + +wp|:L‘ip —xjp|2

d(i,j)

11



2.1.2 k—means €18

[Macqueen, 1967]1¢] A|¢Fs k—means 418 &E 27|72 kE 7|§lo 7 +
Al A2 =1 FHT AL 9A IS 1Y "olHE ke A
o2 FAgsk= 7I¥eltt. o] W, ZF meansE 7 A Hake F g

flo

Figure 4. 22+¢l 3732 dlojel g} #3372 #e

n)

lolgSoltt. = ®
A AdE 27 2 Ak, ky ko A 7ElE AldteAl ®Yh Figure
4NM = k2 7V 7PERA YERYER 4 kS Aol 23] #Hoh mpxhA|
Ao REENYS Fal e HOlHE ky, ky ko AYES AASiA 2

AL Ztobdith. &, ky, k50l X3k 2422 dHolH sl skl HolH =2

Figure 414 d+ 239 HAG st Joz xdd
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k—means algorithm

— 4 e FAFdHelguol A, 2712 APk A
(D g=9 dolgel thgh 2712 k7hel Ht gk (means) A7
(2) ks tlolE e fFe=Ag 7Y fAE =3
(3) FAME ol W& &% 3 a9
(4) - means 7321
(5) A W37t gls wW7bA (2) ~(4) DA w3

e I e B

Figure 5. k—means ¢1#%&

k—means ¥aelF2 FAFuolgel A5t otk AW B S

= FEEE Ags 7IveE d9geta low, dzzst 3] ARt
Zrow fAbsttkal wedste] s LAdel @detw, ARzl A Adolstthal
dalol & wew ddete duglEolt. k—means ¥ EFS FAF H O
HoA A £57F w25 £ A3E BojFrh AT A AAPEAe] {&
=AY E 7Rt g a7] wEo] WFEHelE oA #4 & F gtk =

e, k—means ¢ F2 AREAE 2R Y] 271A A kE vlY AsfoF T

_18_



ol z A4H

B

AL A% 2AY B A%E 0 Aol 9FL FA w9,
27 RAGSA AFE A BARA ARsh e A ek 2
Ag A e w8, 2 A4 ke 24 FAL dolw AgFowy
A2} el FARol dEhrlE gt

2.1.3 EM &18&

[Dempster, Laird, Rubin, 1977]°] #|2Fst EM (Expectation—Maximization) &

=
252 B¢ AR (missing data) o sk Ao A4 ndS HS

=
At AEst AR AR 5 9lon, 4] (estimate) 7} <+
dAolth. EM ¢alg]lE> HolAl 9= A W (latent variable) ol o] &3sk=
slEndoy RE4HE9 HUTEFH X (Maximum Likelihood Estimates of
parameters) & 2 x}st= &are

&4 ARl GEWHST 9 Eobd JRe gEWST Zo diste] B4 HE
b EAE W, LO)E HUE e 09 #e FHevh o, PXI9)E 09
likelihood”7} T}, oW logs #&3kd, L(0)=InP(X|9)o] =t

(X, 2)°l st gEdxEe

L(6:X,2) = P(X,Z10)

L(6:X)= P(X0)= P(X.ZI)

Z QoA Hv HYSEFAES ettt EM dugEe 999 ng gvs
o] g-3te] A EE B 9 TYS E(Expectation) ©41$ M (Maximization) ¥ &

_14_



o] 3 gk,
Bl 2eas 44 859 702 AN dstel ol Ans
ol gate] FAAZ et Bebd Awol et A Aghe FASA Hw,

00)=F . ,llogL@l6")]

‘X’et)

MeAl M= Foi Xl dlolEf ek 7IhA|7F Foje A WMgE o838t Eas

o] A EFAXE Axtettt. EQAlA AatE Q06" tlste] Eekd A

=
41852 k—means dElES G JEoRA, dHolHE SAS e
shist= W ol ofd, sid

EM algorithm

— input : With any initial values of the parameter

E-step : Q(9|9(t)):E [logL(GIG(“)]

7|1x,0"
M-step : 0"V =argmaz Q6l8")
— output : when the current parameter values approximately coincide with

the previous ones

Figure 6. EM ¢138&
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2.1.4 k—medoids €18 =

[Kaufman, Rousseeuw, 1987]¢] #|¢tgt k—medoids €i18]5F< k—means
darg|Fo] FA A oA wsth= He aEste] olE
THAA HIES FHEs Bu@poE Fske dialel A SAlelA THE ot
= xol AT AAEE medoids® AFska, tE dla=g dvd Fxd 3t
o A”E 7Ntz sto] Aolk & FHAFETE k—medoids EaEEFE

AM(Partitioning Around Medoids)ol2tal @& A 910, k—medoids %il

:\|]:‘4
2
(S
oF
ok
o)
o

Y

=< MY %7] medoidsE Y= A = M HolHE kR s
ok dlolE 9 Ha=52 medoidsite] Al e Ab7E 7MY B2 medoids® 45
W, ¥ Y2 medoidsZ WE7] Ya HHEH 02 medoidsE 73AIETE 3 9
S0l Has olfeA doer®, ol AVF TAE W k—medoids WA o]
29 d&gFS d 7] gF o] k—means &ElE B} a&Aol) AT kN

= Aollof st wAAS o8] sjdsfofst= Al olth

K—medoids algorithm (PAM)

— input : Initial setting. Choose the number of clusters, K,

1. Select K entries ¢ ,Cy...,c E1

1.1 Assume initial cluster list .5, is empty
2. Clusters update. Given K medoids ¢,/
2.1 Determine clusters &' (k=1, ..., K)

with the Minimum distance rule applied to dissimilarity d(3,5),3,jE1
3. Stop—condition. Check whether S =8. If yes, end clustering
S={S}, c= (¢). Otherwise, change S for S

— output : Medoids update. Given cluster .S,

determine their medoids ¢, (k=1,..k) and go to step 2

Figure 7. k—medoids ¥ 185 (PAM)
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2.1.5 Fuzzy C—means &3

[J.C.Bezdek,1974]°] #|Qt3t Fuzzy C—means €185 7 dolg e #=
CEo] 54 FAe ol AEE AXbeta, olF #A7He AR YER & 7]
=

otk w7 AmEe] A S FR Y F4% daszie f2Es Al
meletA ®a, olF dmEs vz AVAHER Sk Bk
Mo HIEE X oz, @y, - oz, pEb3 BH, HA FHE FA HHE
V={v, vy o v J2H 8, ZF FRT dlolE ARl gg o] mHW
ok
J = Eum o=, 1 m<
=1J=

—. ¢ g WA HATA

. uij -, ,7 I}]]O]E10 OL:]‘%;E—)]E

— m 7 dlele o] ARl tF AAG AR 2 7k A

Fuzzy C—means algorithm
— input : A (o) & HAFE(m) Ak

1. vlelH o g = Ak
ZUHZH% ek xpol W w784l

2. 39 A At

v —Zumx/zum Li=1, 2, ..., ¢

3. el g 2% Fd U AL

/Z(m o)

- zazd (V- J)) e

1
1) d2 (1‘,-,'[}-)

Fazgol wEd ubd 2334 13 W

Figure 8. Fuzzy C—means ¢18&
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EREERER
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N
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4

Hr
‘mo

4
=

A (attributes) ©] ™,

Eay
=

o
\n

B
ol

;OL
B

-

J_,Alo

s n O F O]F0]

Ao ()= 1, 2, 3,

A dlelefel Ao o),

7zl *

A

F7ste) AL

ol T

il

tol "z =zke]l A (d)7F A

S

s

SAl vreRd

J)J
Iy

CEXIEER

M

shA gk o]

.

A Ak 1A ol @isrel o

5]

227k Ay

r+s
qtr+s+t

dli,j)=
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g &
o, (HA dZE=9

]

2

==
3

FARE M gk

°©

=

sk

Ti 2ol

=

=

o]

SHAl Alate] =w, Zzp Aol gt 7}

t i
iRA HolE e ¢

SR e

o<
LN

s 7HAaL

=

o)Ak ¥ 5= (Discrete Ordinal Variable) = WEH9l S-Af

o] o]
gromA Axteolrt,

PR

=
=

—

0

¢

W o] ¥

el
=1

zee o

M1

7} W5

A2 A

v
ar

[0.0, 1.0]e=

EEE
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s
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2.2.2 k—modes &8

71 #18ted k—means ¢ FS 43 7]
+ k—means &85 A
7=zt AR ddstA

HAl H2= N,GENE N= G, .., G}o7 ple HFE H4& XFs)

Ny

>
o
rE
o
Lo
o
_c;L
2
o
N
o
1B
oX,
1o
offt
ne
2
—z
i

o
L
1o
o,
kU
I
Y
rd
lo
il
s
e
2
>
Kn)
o
a
=2
X

3 Stk k—modes ¥ EEFE WA BT C(rep)UA £49 HA
yiA dz=e Crep)AA £49 HAUS vluste] fAlE SHo] Fash

A% (d, ) S AT

g7 vl ek % el
record, | Hzm | eddz | @4 | ekmE [1009H9 o] &
record, | ®lm | aletel | sy [wmFE (10099 o]
record, [ Wz [ ddx [ ga [asFa]ioownd oy
record, | zvek | ®x [ waab | obkE 100819 o] 4]

Figure 99X Z7IXZ {record,, record,} 7} AB=E 79, {record,, record,}

L e deleEs AE wmsl frk ol AF@Ee]l WrFdolee &
e f2E Az AEe 8RS flone 98E Bow dasg v
s Heh 4R S4e vashe dmsel 4 go] god 0, A o

1S FAstA, ol dist 3+ FAE AgZE 42 ok record, 2 record,, record,
8l record,©l Wity (2, 5, 4) ] A=ZF ARG A=, record, & AR7E 7HE
7W7bE record, 9F 2 modeE TASHA WU WA WHO R record

record, 2F modeE T/ gt
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k—modes OE_}J—_I.E]%Q/] 7%‘2]74]}1\1'% ay}e 9 OE] U‘Hy

p 0 =y
d = 6,y ), where &, y)= 1 Ezl Z‘;, iSp

= vlwats dolEulol~s) PHESe takel Zzte %4 Fol T A%
L0, 2A 8 A%t 1= ANS Hv, masks dase] Ads oS
ma gow AsEd. A% Ae ()t F dmEite] Aolw glo] By ol
W Az (d, )7 FAbeE wmebs dmst £47ke] TE o] B AL
omate, A2 (d, ) 7h kAW Aol FAHE Zo] wrk: 2e omat).

& 2uFY WS Fo AL fAESL Fe PPOR FYEL

J
o:

ki

k—modes algorithm

— g NAe] WY &4 dolE, 2714 k9 M AA

(D A9 dolelel thdt 2712 kEol 3t mode N3
(2) mode 9} HFZEZRE o) 27|k FAEAY 54
(3) frAt= el W& 4 &9

(4) =32 mode 784

(5) o W7t gls W7k (2)~(4)dA W
t HA Y koA

l
.
)

Figure 10. k—modes & 18=
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2.2.3 /NA k—modes &18=

AA k-modes[£57, 245, 2006] LneFe 27149 Ae K=

AeE Zrow ARsta, olel tlg FAREANS AEANT A getel THBA

g FAdh =9, /1 A @i vad 5@ Adsudesa by

&4 JAL A gtk AR, A S BAANE SRS £4 AF

A% A§FORA THAE Y HolE AAE Gvp} gov], F o BEH
E

N k—modes algorithm

— 49 o JRe] RS dolEHol s, 271A APk A

Step 1.
1.1. ©olgel st 7452 wAA 9@ HA 9 gz (DA
1.2, 2712k AA

Step 2.
21 T wE ks} A4 AA] FARE At
2.2 frAFgk Exlel HlolE ¥

Step 3.
3.1 e Wsk7h glE wW7bA] (Step 2) WS
3.2 Hg7E gls A AEg= AN 9 =9

- =9 HA WA koA

Figure 11. 71 k—modes € 18]
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2.2.4 Initial points refining algorithm

[Bradly P, 1998]c] Ajtst =7|x HAAWHS /WS ditial  points

N
Aok A3 subset] Aol wEt FHRAAAIE GBABRR, subset A o] v

Initial points refining algorithm

step 1 : // sub—sampling
1.0 CM=0
1.1 For i=1,...,J
1.1.1 Let S be a small random sub—sample set of Data
1.1.2 Let SP, be a randomly selected K sample from .
1.1.3 CM, = Clustering(SR%K)
1.1.4 CM=CM U CM,
step 2 : // Refinement
2.1 FMS=0
2.2 For i=1,....,J
2.2.1. Let FM, = Clustering(C]Wi7 CM, K)
2.2.2. Let FMS=FMS U FM,
step 3 @ // Selection

3.1. LetFM= ArgMin ,, Distortz’on(FM, C’M)}

3.2 Return (FM)

Figure 12. Initial points refining algorithm

Aesold subsetel i3t MRFHL T FTAEL W, A HIL

B A4 FHRY A0 wojFuh
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2.2.5 k—representative algorithm

[Thu—Hien Thi Nguyen, Van—Nam Huynh]©¢] #|¢F3t k—representative
algorithm=> A& AHE At WHS /MAdst dauglso=Aq +3o AlE

= T $4Y WEE olgst Axtets WHelth A b @ ¢, .. q,

k—representative algorithm

1. Initialize a k—partition of D randomly
2. Calculate k—representatives, one for each cluster.

3. For each X, calculate the dissimilarities
dX,Q), =1, .., k

Reassign X, to cluster C

(3

Update both @), @

4. Repeat Step 3 until no objet has changed clusters after a full cycle

test of the whole data set.

olN

Figure 13. k—representative 2112
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23 ET¥Y dolHY TARA

&
R
AC)
AN

2.3.1 k—prototype &¢18&

[P.A. Vijaya, M. Narasimha, D.K. Subramanian, 2004]< Q&0 2 d|o]

&

He 748 £33 HE8 SA402E 78 4 9191, k—prototype &ilg] 5

k— prototype algorithm

- Qe nole £9F oleuel s, 2714 ARk
(1) g9 deolge] tat 272 kNE A4
(@) kot HolHZe £4M TR (GAF 54, WFT
AOIE(y A, FAEAL 57
(3) FAE gol WE TH B3
4) 23 A
5) FA9 AT QL WAA ()~ BA W5

e B s B - I |

b
oX,
)

Figure 14. k—prototype &18&
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)

+
ol
ol

xr
i

of thato] ©@<=3s] &

% k—modes ¥1d=

=
=]

k—means <17
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3 E7IA AR HH

23
st AT oHAE W At Hastth 5, e dolErt 4719 FHOE
T kE 4 Asta, o] 479 27IAE ojEA A
stthel] tigh A= thFshAl ol FoiA o Utk aAIRE 4719 FHolgke A
= B2 AT 27IAE A 4R alloksteAldd dEt =0 F535 Hoh
53], AFEHE 7oz gk V1A g A9 doe) g7 dolEHu AAd
dolel A7 AAzto® st Holg s HH 9 kel didt 438 V&

WHogEE SAE 7ML . B =RelAe HAY kE dAsks Wi -

oJEl s} TR RAEE AxeE HE AdtE ARe PHOR A F
g aelstgeh 3, WEGUelE e TAENS A% AR 2/H A3
2 8 ATRe] Ao AYe Haseus 27142 Adshs B, 27
AE 719 FAE AR A dolE Y S ;esHA FARE AASHE W

o
2
rO
ot
=
s
-
N
)
D)
o
i
o
s
=
AU
N
=
)
ofo
ol
o
N
o
2
i)
N
)
B
2]
v}
2
o
©
o

AL 7HAA Ak S 7712 dAba el o] Foi MFE #HolE
2 A X% (supervised learning) & AT =, olv] AAH AR

EI_
o so] AXY AN mESHE WAl B =R BRI QE TR
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% (unsupervised learning)

feig
o

A
2rE dolgs w4 Mat

o
e

3}
2,

o] ARt 4

3T
=

\!]
=

e

Ay

3

bl

==

-
T

s

, TH=g e ol

o
il

—

0

i)

M= HolH & # A

2] 3}

CREE R
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=
- WF

El
N

3 el W 7%

e
=

b,

)

olm 7} gloj ey,

i
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e

el

0

4

BiE
P
g

il
1

—_

jant

=
=

—test2} Fisher's exact probability test

o oy

s

2l A

NARE

e,

]

=
<°

ST RS

o)
=

4], k—Nearest Neighbor, HAEE, SVM 4 EM

- mode® +F

B

fite)

23!

ol

0

o

ol

oty F &

3}k
H

g9 3

HlolH
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¥+ modes9 F o] HArt.

- Fisher's exact probability test
Fisher's exact probability testi= HFFdlo|g o] st waEA oM &3t
Al &5 k. AT BRRlo] w3olal 7Nl ErF 5Hoh &2 Alo] &

Ak A A¥EA © 7 Fisher's exact probability test= 834 Ht}.

Bl B2

Al a b at+tb (a—i—b) c—l—d)
B a c | (a+b)(c+d) (a+e)(b+d)!

Az| ¢ d ctd 7 n ) B albleld! |

atc b+d N a+c

2+ =X g5 Qe Fdolg e sk FA e T Fast

=9 % 3}y o] Fisher's exact probability test ©| €3t mode7te {2
AS AAsta, 1 A5 FAE oz g okt
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3.1 AL ¢xngdsE

HEE AR olfefxl A HIE I D (v, zy x4 oy oz [Tl TR
d;= Ty, Ty Tygy oy xp = GEN)RA HZZ0)H iHA HIZEE prie] W
dq &£98{q, G G, ., oz FAH vk pAe WFERH HAd tsto]

[2)) 24y ... 2,

Do Ta1 T Ty

[Zp T - Ty,

c=[¢ G .. C)
d, = [xﬂ Ty e T; ]
[y ¢ ocy
BI= ¢y ¢y oy,

|

¢, iGENMA AZEY jGSp)aA WFE £ @

TARANA ATAL 2/1A kS JAR P Ak FueFe] mek TH

o S @8] 2ANIE SAW, AR AR A ko FFS WA @
thoolelg WAL JE dolHe Fust AZHE Aol W et &

Ak, kA2 271A7F o A A o] wel 24 ATsL 2 gkl £ )
&g oudh mE, g doly R Axgtow YT dolEe tjalA

ko s mg Aots WA a&Aoletal & g floH, AR JryE A

TolAE t&F dolel 2 AAZE dolE FellA HolHe| gt FEE
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ok Aol st oo o] Fold Holed A% 271N AFA AHAA A
et nheb] B ATeAE A7t 9oz Agehs
NAE oz ofe A 274

%
&, ANsEA P Ane AAHFORA,

Figure 15. At Ldu2lFe] AA 74

Figure 15+ Aot 48|59 AAAJ] #AS Bl itk dolg oA

A

%

-

WA 2714 AIE | (h=dED)E VIR AFHI (D) kI

—

_%)_
£()E madth fAE gol @A7F ot At ATE 4 = k3§

il

5t modeS TAEH, AR T} ZHoH A ZL modeEs WAAZITLEH HolE o RE

A7EE5L (meK) 1S modesa Blwdte] fFAFSHA W modeo] A4y
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3.2 FAV|=E

3.2.1 #AIE o AA

—modes &TE]Z9 SAIE §2 Tt o] HlEslol

FARAM AT W 5= 5, 6, 4} ok, olel @ FTHAE 4,
& A 5, & 27 mode® FsHe WAVFE 07 Ak £, 4, & 2

Ak diolEle] ARbARl fALEE & & e JEIF dh dE o], £40]
22711 mushroom H|°]E 2 8124719 dlolHE T 300/M&E ZEoR MEH
abal, E# WS 30%8 =l dE fFAEE Akt A% 6,,.,,=18.5°11, 3
A71EL 192 Attt A=, vlwsks dlo]E 9 modedlA 19712 £ 5
st -2 modeol] A2%F M, olBth Yo AMZE modedE WA Hrk S,
TR ANFE st Fast q3s e dAVIE 0E ATATE AL AL
= Qe g dolE] AAA o R WA= gk o] & O EA] A s Ho
Bl digh doidolal gl Al 7ol "t o] % dAVIE v A G E

o HALE Aldtel HgET

T
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mode 11

Figure 16. 24U $AF=( )3 247 §AH=(m,)  Figure 17. d, %hm, o w2 09 i 9%

Figure 16°14E mode? F+XE& HoF1 Qlth. dHolg 9 #Hit=ys T2
modeH oM & Zd FAIEE Holw, OE model dI=Ed= oFst fAE
7} Yebol st} o], modew] o] €@l = AMEHY st JH A S T

g o lom, o, Z} mode®E d,3> WA C® H|zeA YEdH d, =
ARt A9 F77F 24 mode®ME zpol7} Jlovt AAA QD fFAEE B2 ot
A YRt m, & modeZte] FAME Hdolth ZF modeEs ¥ modeE: 7}
AA Aok £49] Fhol A9 gtol ofyER $A49 Huws &
54w WEZF P w2 548 e O $A4Y dxzSHeR o B $A4
HE dE254e 5ok dld moded] Wi modeZt HW, o] #W ZF Y& mode

7b o] HREst HAE

b
N
]
M
=

FA7IE 0= 7] A modes? FAME B 2714 modedl s 4
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N 149 229 339 439 539 639 7A4Y 8xY 9x¥ 104Y &&5TF
1 3.4 5.7 9 8.8 9.3 11.1 10 10.9 13.7 138 1
2 4.1 5.3 6.8 8.1 86 11.3 11.3 11.3 12.5 149 1
3 5.7 5.7 7.2 7.7 9.2 9 10.3 13.3 128 15 1
4 4.8 6.1 8.1 7.8 104 9.2 114 131 13.5 144 1
5 6.5 6.3 6.6 9.3 9.3 10.7 119 11.7 139 134 1
6 5 6.8 7.6 8.5 10.2 9.1 10.8 126 135 13.9 1
7 4.8 4.5 7.4 9.3 8.3 10.9 11.3 12.3 12.8 14,5 1
8 4.6 54 7.5 7.7 7.3 9.7 106 123 134 14.1 1
9 3.1 6.4 7.8 6.2 8.6 10 9.6 11.4 13 13.5 1
10 5.8 5.5 6.1 7.1 9.6 9.2 9.6 11.4 13 14.1 1
11 4.1 6 6 8.1 10.5 9.9 10.8 124 133 15.1 1
12 5.4 6.9 9.2 7.4 9.7 10.2 11.3 11.9 123 14.2 1
13 3.8 6.2 7.6 7.2 8.9 10.3 9.6 11.3 12,7 15.2 1
14 5.1 5.7 6.7 8.2 8.8 10.5 10.7 11.8 12.9 14,5 1
1 6.1 7.2 8.5 8.9 96 11.2 127 13.3 145 15.2 2
2 6.5 7.4 8.3 9.3 10.1  11.1 121 13.3 144 15.2 2
3 6 6.9 7.9 8.7 9.8 10.8 119 13.2 13.8 15 2
4 6.2 7.2 8 8.6 96 11.1 115 13.1 13.6 14.7 2
5 6.2 7 8.3 9.1 10.2  11.5 12 12.7 14.6 15 2
6 5.9 7.4 8.2 9.2 10.2 106 121 129 13.7 149 2
7 5.7 7.1 8.1 9.1 10.3 11.1 11.8 12.7 13.7 15.3 2
8 5.9 7 7.8 8.8 9.5 10.4 11.8 127 13.7 14.9 2
9 6.3 7 8.5 8.8 10.2 109 11.8 128 139 156 2
10 5.9 6.7 8.5 94 10.2 114 125 131 14 15.4 2
11 5.8 7.1 7.6 9.2 10.1 109 119 129 14.4 15 2
12 6 6.8 7.8 9.2 9.7 10.9 11.6 12.6 13.9 149 2
13 6.1 7.2 8 9.4 10.2 11 12.2 128 13.6 15 2
14 5.7 7 7.8 9 9.5 11 12.2 135 139 14.6 2

Table 2. F 7§ 102+ G2 2] dolE
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B
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I
B
2,
(@2}
B
2,
(@)
B
£
ﬂ
B
£
oo
B
2,
©
B
2,
I
>.
B
37
o

1 3 6 9 9 9 11 10 11 14 14 1
2 4 5 7 8 9 11 11 11 13 15 1
3 6 6 7 8 9 9 10 13 13 15 1
4 5 6 8 8 10 9 11 13 14 14 1
5 7 6 7 9 9 11 12 12 14 13 1
6 5 7 8 9 10 9 11 13 14 14 1
7 5 5 7 9 8 11 11 12 13 15 1
8 5 5 8 8 7 10 11 12 13 14 1
9 3 6 8 6 9 10 10 11 13 14 1
10 6 6 6 7 10 9 10 11 13 14 1
11 4 6 6 8 11 10 11 12 13 15 1
12 5 7 9 7 10 10 11 12 12 14 1
13 4 6 8 7 9 10 10 11 13 15 1
14 5 6 7 8 9 11 11 12 13 15 1
1 6 7 9 9 10 11 13 13 15 15 2
2 7 7 8 9 10 11 12 13 14 15 2
3 6 7 8 9 10 11 12 13 14 15 2
4 6 7 8 9 10 11 12 13 14 15 2
5 6 7 8 9 10 12 12 13 15 15 2
6 6 7 8 9 10 11 12 13 14 15 2
7 6 7 8 9 10 11 12 13 14 15 2
8 6 7 8 9 10 10 12 13 14 15 2
9 6 7 9 9 10 11 12 13 14 16 2
10 6 7 9 9 10 11 13 13 14 15 2
11 6 7 8 9 10 11 12 13 14 15 2
12 6 7 8 9 10 11 12 13 14 15 2
13 6 7 8 9 10 11 12 13 14 15 2
14 6 7 8 9 10 11 12 14 14 15 2
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A Azpolr FEAMIH LS JAEZ thoFst zho] e ES 9it). Table
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4.1.2 73Y NFEEK=2) ) W& AE Type II
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4.1.3 73Y NFEEK=2)° wE AE Type III
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4.1.4 73Y NFEE=2)° ©WE AE Type IV
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4.1.5 ¥ MFK=3) & A3
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4.1.6 +3Y NFEK=4)] wE AE Type I
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4.1.7 #3Y NFEEK=4) ) ©WE AE Type II

o] dlo]gE AT T3, 7+ ES 5}
S A3 2438810, Figure 4148} o] FHE = oA Hlolg7t &
At e = AAsEA T Figure 423 Figure 419049

oA, TR B JRE AFHA FE A% dolE AAL B mEs

X
o,

.
® .
© - .
o . F
. . F" . ® * . .
-
. u "s w3l .'.‘.b:-‘. .
_ . . .-
[ - -. -.&:.-‘ ::::.:-.v
ORI R T T
= *e .‘..-’f ..”. . ..: e
= st A R Srese
.
0 - - L3 *ia
el LI |?:.':.:;.. 0“. “..:ﬂ‘.'. -
-t .'r'-;' ~ Ll
5 et % e
R ° .
D 4 . -
0 —
T | T T | T T

Figure 41. £33t 4719 10+ 94

_66_



65

6.0

55

Table 8. A% (4.1.7)° th3t Chain k—modes

i

_67_

2%e] 1008 Wk 5o

3}

* N I? e .‘.. S
" ki T ‘ Y
o @ o@' .. o 2 4"':. . . o - t . » °' . B ..-.. . .
« O -2 F _J_. - . . b iy .
& (=] o J i ..: t'r .: L] . ': * : . -o
o«o ° " C : B # o . * ot S .
d;o ) " £ 4 * * ak £ o .: S . . % . -
23 )\ o0 i,; * ¥ . % . .. 2 LI .
% ox " .. .
o5 =) B a k o | - - . . P
T 2 T T T T T * T * T | T T T
5.0 52 54 56 58 6.0 50 52 54 56 58 6.0
X X
Figure 42. 33k 4709 102k =2 AW {50 wE vl
g
- Oz [ A= [ S& MAE | SAmAE
TR i Z 1.7 1.7 1.7
93 5 43 4.3 E.1
.94 28 243 24,3 30,4
95 32 278 278 553
96 29 252 5.2 83,5
a7 4 3.5 35 &7.0
.98 15 13.0 13.0 1000
27| 115 100,0 100,0
=E2H=+
0 | HAE [ SEpAE | THHAE
2 4 B5 bE.5 bE.5 56.5
5 35 30.4 30.4 g7.0
6 13 11.3 11.3 98.3
7 2 1.7 1.7 100.0
A 15 100.0 100.0
2%
Eomes oo
Eaa=T  Peamson dor Al 1 - 323+
TREE (2F) .000
N 115 115
&2+ Pearson &A= - 323+ 1
TREE (25) .000
M 115 115
o 001 S EEO0IM T EICH




70— I
604
)]
504
401
H
F1] )=
30 -4
20 -1
]
10
T T T T T T T T T T T
Ll 5 [ 7 w2 () e 0% 103 er 08
ZHO N4 2aEsC
. - _ . = -
Figure 43. A& (4.1.7)l thgt Chain k—modes €18 F2 A7} IH=
vl vag
— w2 vao A~
1501 va val
v vaz2
'| vE vai
vG w4
| v vas
V8 Va6 G0
v war
v10——vad
00—}
! vl vag
vi2 w40
viad vl o
A V14 vz ;540—
—vi5 viz
w16 W
1 | w4
S0=1 Lal} w46
vin vi7
Va0 vd8 204
el vl
—— v22 V50
vea w51
wed w52
o L] v53
vas - w54 0
Y Vib !I_I_!_!i!I!!IIIIIII!lII_IkII
A~ B e - BRLheUmEZCzrraoocERORRRERE

Figure 44. A3 (4.1.7)°] W3t Chain k—modes € 118Z2] 1003 w8 43 Auo} FF =

AAZY BEst 4709 Aol fist FA4elA % Chain k—modes €ilE&S
WAooz sodon] 57 o]Ae FHo®
Fole A dolHY &40 £ dolHES MEY FHoE st
9t} Figure 449 H g o= Chain k—modes ¢18]Z9 443 +4

o £2 PRI YL B BeIFT Yuk

o
N
ot
o,
ofr
flo
f
Q2
N
=
30
o
=

o
Sl

_68_



4.2 Mushroom dataset

Mushroom data set< UCI Machine Learning RepositoryolA A &s= H
FRuolel 2 A, 22709 3} 8124719 HZ=R FA ot
47 9%k FAEEH
bell=b,conical=c,convex=x,flat=f, knobbed=k,
1 cap—shape 1~6
sunken=s
2 cap—surface fibrous=f,grooves=g,scaly=y,smooth=s 1~4
brown=n,buff=b,cinnamon=c,gray=g,green=r,
3 cap—color ) . 1~10
pink=p,purple=u,red=e,white=w,yellow=y
4 bruises bruises=t,no=f 1~2
almond=a,anise=l,creosote=c,fishy=y,foul =f,
5 odor . 1~9
musty =m,none=n,pungent =p,Spicy =s
6 gill—attachment attached=a,descending=d,free=f,notched=n 1~4
7 gill—spacing close=c,crowded=w,distant=d 1~3
8 gill—size broad=b,narrow=n 1~2
black=k,brown=n,buff=b,chocolate=h,gray=g,
9 gill—color green=r,orange=o,pink=p,purple=u,red=e, 1~12
white=w,yellow=y
10 stalk—shape enlarging=e,tapering=t 1~2
bulbous=b,club=c,cup=u,equal=e,
11 stalk—root ] o 1~7
rhizomorphs=z,rooted=r,missing="
12 stalk—surface—above—ring fibrous=f,scaly=y,silky=k,smooth=s 1~4
13 stalk—surface—below—ring fibrous=f,scaly=y,silky=k,smooth=s 1~4
) brown=n,buff=b,cinnamon=c,gray=g,orange=o,
14 stalk—color—above—ring ] . 1~9
pink=p,red=e,white=w,yellow=y
) brown=n,buff=b,cinnamon=c,gray=g,orange=o,
15 stalk—color—below—ring ] . 1~9
pink=p,red=e,white=w,yellow=y
16 veil—type partial=p,universal=u 1~2
17 veil—color brown=n,orange=o,white=w,yellow=y 1~4
18 ring—number none=n,one=o0,two=t 1~3
. cobwebby=c,evanescent=e,flaring=f,large =1,
19 ring—type . 1~8
none=n,pendant=p,sheathing=s,zone=z
) black=k,brown=n,buff=b,chocolate=h,green=r,
20 spore—print—color ) 1~9
orange=o,purple=u,white=w,yellow=y
. abundant=a,clustered=c,numerous=n,
21 population ) 1~6
scattered=s,several=v,solitary=y
) grasses=g,leaves=]l,meadows=m,paths=p,
22 habitat 17
urban=u,waste=w,woods=d
23 Class edible , poisonous 1,2

Table 9. Mushroom Dataset®] &4 A&
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4.3 Soybean(Small data set)

Soybean (Small) data set< UCI Machine Learning Repository®llA =&
st W dlolHZA, 35712 $4% 47719 dIZEZ FAH Sl

%7 &%k FAPYEd
1 date April, may, June, July, August, september, october, ?. 0,1,2,3,4,5,6,7
2 plant—stand normal, lt—normal, ?. 0,1,2
3 precip lt—norm, norm, gt—norm, ?. 0,1,2
4 temp lt—norm, norm, gt—norm, ?. 0,1,2
5  hail yes, no, 7. 0,1,2
6  crop—hist diff-st—year, same—lst—yr, same—lst—two—yrs,same—lst—sev—yrs, 7. 0,1,2,3,4
7  area—damaged scattered, low—areas, upper—areas, whole—field, ?. 0,1,2,3,4
8  sevrity minor, pot—severe, severe, ?. 0,1,2,3
9 seed none, fungicide, other, ?. 0,1,2,3
10  germination 90-100%, 80—89%, 1t—80%, ?. 0,1,2,3
11 plant—growth norm, abnorm, . 0,1,2
12 leaves norm, abnorm. 0,1
13 leafspots—halo absent, yellow—halos, no—yellow—halos, ?. 0,1,2
14 leafspots—marg w—s—marg, no—w—s—marg, dna, ?. 0,1,2,3
15 leafspot—size 1t—1/8, gt—1/8, dna, ?. 0,1,2,3
16 leaf—shread absent, present, ?. 0,1,2
17  leaf—malf absent, present, ?. 0,1,2
18 leaf—mild absent, upper—surf, lower—surf, ?. 0,1,2,3
19 stem norm, abnorm, ?. 0,1,2
20 lodging yes, no, 7. 0,1,2
21 stem—cankers absent, below—soil, above—soil, above—sec—nde, ?. 0,1,2,3,4
22 canker—lesion dna, brown, dk—brown—blk, tan, . 0,1,2,3,4
23  fruiting—bodies absent, present, ?. 0,1,2
24  external decay absent, firm—and—dry, watery, ?. 0,1,2,3
25  mycelium absent, present, ?. 0,1,2
26 int—discolor none, brown, black, ?. 0,1,2,3
27  sclerotia absent, present, 7. 0,1,2
28  fruit—pds norm, diseased, few—present, dna,?. 0,1,2,3
29  fruit spots absent, colored, brown—w/blk—specks, distort, dna, ? 0,1,2,3,4,5
30  seed norm, abnorm, ?. 0,1,2
31 mold—groth absent, present, 7. 0,1,2
32 seed—discolor absent, present, ?. 0,1,2
33 seed—size norm, lt—norm, ?. 0,1,2
34  shriveling absent, present, ?. 0,1,2
35 roots norm, rotted, galls—cysts, ?. 0,1,2,3
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4.4 ¢12F 23 vl

4.4.1 Initial points refining algorithm

itial points A<t Chain k—modes

T A%= 1€ guss refining algorithm )
95%~100% 7 14 16
85%~95% 2 4
0.75%~85% 3 5
65%~75% 5
55%~65% 3 1

~55%

=

Table 15. Initial points refining algorithm¥¢] &% A&% A3} nulw
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4.4.2 k—representative algorithm

Be ggs —representative A9t Chain k—modes
algorithm gieF

98%~100% 519 380

94% ~ 98% 87 497

89% ~ 94% 80 259

85% ~ 89% 89

81% ~85% 86

T7T% ~ 81% 94 29

T2% ~ T7% 28 44

68% ~ 72%

64% ~ 68%

53% ~ 64% 2

Table 16. k—representative algorithm¥}2] & A% A3 vw
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