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A go] A HA N Sl THEA YL
2ME A3Y FAE4 9 (Hierarchical Clus-
tering Models; Blashfield 1976), %% 324
e B8 TR ¥&(Combina-
tion of Hierarchical Clustering and Partitioning
Methods; Milligan & Sokol 1980), SE-F2 &4
W (Overlapping Clustering; Arabie, et al,
1981, Srivastava, et al, 1984), &F =¥
(Mixture Models; Wolfe 1970, McLachlan &
Basford 1988), 183 K-v3 $93& o] &3
F2 2 AE Y (K-Cntroid Overdapping Custering;
Chaturvedi, et al, 1997) 5& & ¥ Utk
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Berson et al.(2000)3} Jain et al.(1999)2 T3
8 Wie zZA AZF H3EE wy
(Hierarchical Clustering)®} HIA|Ed £& £8
4 Z3 84 wH(Non-Hierarchical & Parti-
tioning Clustering)©.2 732 2}

2.1 H55 FEEM(Hierarchical Methods)
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shiel #HoE Agshs doiARE U3
THENE AP $FAAM 4 71 fAE
T e e e #oeg et o™
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{Single Linkage Method), SAZIFATRLA
(Complete Linkage Method), B 71Z 4344
(Average Linkage Method), 28] 2 Ward(1963)
9 FHAEAEY(Ward’'s  Minimum  Error
Variance Method)2.2 8% & 4+ it}
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tHAnderberg 1973; Sneath & Sokal 1973). &
28y FHRENNME 98 AFY 2727
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o §84 £AEY e ZA 7 7HA9
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W (Single Pass Method® AEEZEF W
(Reallocation Method) (Berson et al., 2000). &
Y 23 FREA pHe o @9 2GS
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(Arabie et al., 1981; Srivastava et al., 1984). A
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35 sjA we) A3t HolHY Relch K-

P TIARHE ojg} Po] FHE SHAG W
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al, 2000). Chaturvedi et al. (1997)= A¥#E& ¥
8te] MAPCLUS(Arabie et al, 1981), INDCLUS
{Carroll & Arabie, 1983), SINDCLUS (Chaturvedi
& Carroll, 1994), 2€|322 GENNCLUS(DeSarbo,
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ﬁ]'q?ﬂt #Ae) glolA F8 £ (Overlapping
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el 2 71X 4% 471 gtk K-4#
THEY WYY 1 & EAFEL FHEHY
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2 Ao} she W4 (Parameters)S9] gkl mhe}
RgdtA HstEs AoltiSchaffer & Green,
198). A& Sol, 739 = ¥ A2 & A
A, ZHENY ofF 4xuEFS AT AR,
AP E ol RS HdE AUAA, YHHS
L IHAE BEIE AYA 5o w} g
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(Milligan & Cooper 1986). 28t K-HF &
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Convergent Cluster Analysis{CCA), CONCLUS
X2 3W(Helsen & Green 1991) 5& yhEFHo
2 ZHENE 59 7 A9 23S Zohl
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1997).
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&9 dFdMe 29 F, 239 Z7), 2%
AR T 2E g gl ZHEA Y
9] Z8x7} 2el7t dES AARL ULo=
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Clementine)® K-H# w3EA Zgago] o}
Uz gk go] AMg3ta gl IBMO] Intelligent
Miner®] 4371 239 #, £3d9 27, a8z
Z71gkel Gt NFAEA WEeAg BHse
b +8 3] gt}
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2039 Y =233 (Demographic Clus-
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AtelAl 71 WAl AME3 de A AY
K-3¢ T3 EY T23¥53} Intelligent Miner
o] LN 22aYPg wHY F=7} ou &
BA A AHAR AMgEe 2 A E vl
o Frpshe B84 478 sk Uk 2
A2 FAAHQ dF A o 2ok

Lol 7He) ZREA =2 3W(CCA, Howard-
Harris, Clementine, Intelligent Miner) Zll
A oj= ZZ o) oju] AFA = 2
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FRae AT U BHVWDH YUL 2
(VD22 WhrolAn] ztzke] Q% W) Bake A
@el Jeht gith.

V=V, +V. A (4)

med Ue U 29e ge 0 2o
Ve :ZVI' 4 (5)

NZ9 $94& K/ Adez o) A%
1F2 g3 19 £ Vw)E JLseke
8 PINK)E 731 8o & g7 e PC
£ Howard-Harris T2 (Smith 1990)& A}
239t} Howard-Harris 384 L2392
9 #ARY 2otk & & WY AEE
TS TS Wgol7t e, o W 4
e AR ZHEA =2 ahd vsjs 274
AdAe] wjg- HzksHA ¥ Aoltt
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5.2 Convergent Cluster Analysis(CCA)
T2

CCAE PCE ZAEY Z2afez AMEA
7t ARQEE M) FHARY S APJF F
Zizte] #3EA AR e AM-DRY 23
24 ARE TR AP (FEE, Reproduc-
ability)& AME3te] wimdt ¥, MY & BT
AL Ad TAEHEAE JF(aZ F
%) 2384 298 A3 K-¥BE THES
=2 ao|th Al F A9 THEN 2
#& K x K E(Cross-Tabulation Table; K&
39 42 Jepd)E Jehdlo] dizhddel 9
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Asre FHAEY 74§ 2T CCA% 2
& w3 FAEAELS QP EY K-BF ¢
LN ZRIFS0] 27X Uk g2y
HZAL RN A 9T AR Bl
Az Aold & Stk @3S 2% & A
CCA® th&a} & Ot 71A9] 7)) 44 §
4< 7P Jid.

® Distance-Based: ©] ¥d-& vxa Pz o
A Qe SRAES VN 4% PE
o= g waA FHEHE s 4
otk et of WHE AR AT Y
98 #AEYY A7 Jehdr] dEZ)
HEHoz FHRENS £RY Fart Yok

» Hierarchical-Based: dl¢}Ele] Sl -&HAH¢
7t 509 oY At 0o THAE
229 3339 AFH THEA(Complete
Linkage)& 33t z ¥y T3IHT
(Cluster Centroid)& &71X2 €3l o]
t}. dlelge] gAY 471 509 ek 74
£ AA doleE 271X AR AHEF

® Density-Based: Hierarchical-Based %
ol tA 2 27)X 238 93 50989 &
HAE 729 230 o] WclMe 89
Ago] vlmd LE A FAe) 7}7}o)
AP SHAE T2 AR F2PG

» Mixed Strategy: AR THE42 Distance-
Based 4% A3t dgsn EuAg
whEA ZHRAL Density-Based ¥HiE A
f3e], 221 & HAY v THEY
2 Hierarchical-Based §4& A3t 4%
"t} SawtoothAl= WF-£9 K-¥# ¢3&
Ao lof o] HhYE AHE A& A3 Ut
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$A7 AFSe 2R249) uz AMD 7
AYEE 2702 ARV, o AL A8
a7) AsAE CCAS 49 olddl Age 7
AR PHEALS HelE)h Bash

2 dFdMe 274 43S A Mixed
Strategy & AHE-3GTL CCAT ALY FHE4
woz oy 7hA] WEoez 27|E 43P
F71 3171 e, &Y 23 ZHEA B
Howard-Harris HHEtHs 18] %50 7]

o dAd 22 V33 westA Feth

5.3 SPSS2| Clementine

SPSSE Clementine2 ZF 3 4d4S 713 71
e THEDE AD 2 2EAI=E T3
< 34 €tk o] AN £39 BTL U
Ho g FAHHAA FANFL 2 FR0 A
3Eo} Zc} t}A] @), Clementine® T34 e
%= A4 (Within-Cluster Homogeneity) & #3832t
2] o)A A (Between-Cluster Heterogeneity)-g =
d3EleE gExgoz ZPL el 7}
(Aldenderfer & Blashfield, 1978). ©}& K-3¢
TAEY 22203 2ol 2N 9] F44

<IE 1> 2FL

7 oA S ) AT 2HHEEAN Eu-
clidean A= A= ¥HE AH-3H¥ . Clementine
o 9leide CCA% 2] ARE FHEH Wy
g AREed, x71R AA3d SlejMe
Howard-Harrisel A9} 9] Random3}A &7]4]
& 433 A8

5.4 IBM9 Intelligent Miner

Intelligent Minerts 2.5 ©ojg #jo]Ad] gl
e dIZEES & W F A4 wiadd F o
ojf #E FAMS Ast 1 g 7|RE
gl 2AE A goh d2ES Al £
AHde 2 HE=) LE @S vlwstel FHg
A "t 29 g Y% 3 e 8=
E fARE A9 FelAM tE 3 ZE /4L
9] FE 9 e AL F dEFHoE ¢
A& A Eoh YoM A K-Hd 2HE
A wsi= 2 Intelligent Miners 271342
2R gart glol TN 44% vlasio
U9 2249 #3709 ojd AL Fdsls}
=5 gEAoez FE e it

<H 1>& 4714 3 W 2e)HdE o
ofsl Fotch

A ghelel D

T2 g ATE E7|R A | X2 X7I% MY 24 WP Hel &3
Howard-Harris | K-Mean Random T AtE 8IS chad Euclidean
CCA K-Mean Mixed Strategy zZt 2F e HE bl Euclidean
Clementine K-Mean Random 4 FEY "HA ubg Euclidean
I-Miner Euzg‘;%ﬁp“’c *‘Zg ;{ ;lg 20%1 2t 239 BF vt= | Matching
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6. o1y

B dFoAE Monte Carlo WEE o]-&3q]
olu] 424 Qv FHTE(Cluster Structure)&
743 21939l H o€ (Synthetic Data)S Y] 7}
9] dg FAEY TIPS AHESe] E4%
o2H, od d7l 2R T2IH 43
o] B2 4L A, ojd FHEH T2
dol 714 AH3A 238 =E2H=AE Y76
Bt

6.1 PEZ=M T2

2 ddMe oy ¢4¥A e TFFZRE
21l 219132 dlo]HE wEr] 98 Milligan
(1985)e] <f3l e 22 T2 2W(Cluster
Generation Program)-& AM-3l5itt. B |41 E
A3t 93 o2 e dojEe g7 2

£ 54L& AYz A

» TR T2IYL 7 Yot Q9N 5
A Ao)o] 2RL 2T - £3e F

s 2RSS 4N, 67, £L &l AA(AF)
ojste] vehjo] Ak - FHE P4 W
T

m Z}zhe] F3 2 10070 & 200709) AAE 7A
2. - 239 727]

m &5 (Noise)S F7He e A8 2388 7
483 e ¥4y Fxd LAHEmonNE 3
718 4 k. - 7|EFRe] TP

@ A F AN FL A QY 28 (Noise
Dimension}& #7128 HA dojgd £
AHEmonyE #A71E + o - F7HAQ &%
4

42 FTRXSEHEMAYE| =2 47H M22 20019 128

o] =2¥e thiF AET (Truncated
Multivariate Normal Distribution) 2%€ E2<
F2YPoEN FHE T3 FEY ARE
3 Ik o HAANA Z 29 FIYHF
(Cluster Centroid)®] *15 ¥FHza} fd) e
EE Joghy 54 2L Hse FES
=28 9. 2Eln 23L& Ure 7134 9
3 37 M2 PR REL gES 7S
A%t} (Non-Overlapping Clusters).

21¢ PAE W5 2ot A71¥
HEQE) S Tt 2ok

Ei=Ti*Aey 2] (B)

Ty = 23E 7%k A 19 A 23 gie 1R
#HHE (Error-Free Coordiante)

gj = ¥4 329 2xKRandom Error)

A= a5 B

6.2 HE4A

2 AT 993 dole]e] Monte Carlo
AFS {35l O3 e Ay HEES ALE
3] 4HS dAsa

L A8} 27129 W4 100; 200
2. A SRS ") 27% 370 478 5
3 AT T8 Y 3Ry W) 4
6. 8
3 a9 el W)
a 712FEe & A=0(Emor Free
Situation); A=1, A=2
b. 7 A& A9(Additional Noise
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Dimensions): 1219; 2314
4. TAEY Z2aPWlY W<): Howard-
Harris; CCA; Clementine; Intelligent Miner

A2 48 WLEE A 2AF YA (Full
Factorial Design)© 2% Monte Carlo 4¥<&
A 14470 9] dlolHE rAF[E  dA7dA
t© 2 F 50789 Data Set& 7FA3A Monte
Carlo 248& 3l9ct. Z2tg Holg e vl 719
THEY T2 93t 45U

6.3 TETEY FERecovery) EHET

£ adiMe F A9 23234 2 21
T2 FHEY T2 P L AHEEA 22 Z
FAFZE)IZEY A=E Golr7] A3t Adjust-
ed Rand Index(Hubert & Arabie 1985; ARDE
o] 88}%th Rand Index®d F 719 WxEzte] 1)
§24 EHLSTIE 598 F 9o $9A %
o] 3Ug F3o| 2&Ho} Yert T Aol
TR A&5H ezt Rxgel ER (4
B 24 394 49 Feld o8 Y, A4
S92 71 NY ZA¢ 22e NN-1)/2¢t)

<# 2» Rand2} Adjusted Rand Index

Test Structure

Te Siuctre | (ZHEAS B3l0] Wois 2HIF)
(2raix gl

2E7E)  [BYRTA S8 NoiE 2T |

Adel | &8 A

SYZFo)
&8 A W A B A8
Aolg 2o
astl | C P “P

) A+C B+D R

W 5 e FFel M2 FEEA YA e
Rand Indext 10°]th. 9 39 PAYST
of AX7t AF o]FojAx F=thH Rand
Index¥ 0Oc|t}. 12}, 92 Rand Indexolle 4
% 237t EAHEE BE 2 QIE $45
o AgdA # o] Adjusted Rand Index
(ARDolt), <& 2>+ Rand9¥} ARIE 3R 4
4% 393y o

Original Rand Index:

(A+D) _ _(A+D)
R Lvwv-1) 4
Adjusted Rand Index
A+D[E A;-(B A+C(z C-)i-(D B)+]D
—[(A+B)(A+ O+ (C+ DB+ D
2} (8)

R=1mn-1

7. Monte Carlo A8 43}

<E DL B BN ARg Bo F3 §)
o}, 2 9439 Monte Carlo 2847 2319 3
g, 739 ¢ 28x $F T2IYL EAFe
2 {3 AoZ Jehygth agln, Eye 2
7], AL P AY (859 $= A%
HozZ fostA L AL E JeKt &, 23
o] ¥y, 239 &, 283 FY TP o}
g 248 729 3% 33 I= AR} dadg
T AL sy v, 23 27, 23
& T ALMF)9 = 3 ARIY 93
S vjAA g Ao eyt

BSXSEHEALA S =X q7A A22 20010 128 43
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Souxce of Varation | DF | 42 | £ vaiue | P-valure
Moce! 13 | 02158 | 543 0001
xigel 37| 1 | oo | 128 02685
22| ge 4 | 02418 | 665 |0.0001ws
25 74 agel | 2 | onz | 285 | 00608
25 % 3 | 094 | 376 | 0011
28 824 Z228 | 3 | 03714 | 934 | 0.000%-

<E e G 4.l HE ARIE B
of 3 3tk & Gl AHEE v e 23 &
A x2ayW 716 A, CCA0.9548), Clementine
(09524), Howard-Harris(0.8242), wA|2%te =
Intelligent Mmer(O 7868)8] A2 ojv] LA
3 TEE AYSA FEIANAT. WHEF 2F
4 EEJ%E‘?J CCA$} SPSS9] Clementinex™
o4 ule} o] oju] UHA Qe FHTE
9 £&d Ao AFAA g THEY =2
279 Howard-HarrisBE T 43 A= g
Wtk F7HH 02, CCAS 27X 44 Ao o
E K-37 #4whde 4% d=kRng & o A4
# (Random Strategy7} ¢}'d Mixed Strategy A}
£rolojA v e EHEN 22aP F R F
2 ZA3E 4 T8y, K-B7 2HEY =
27330] old Intelligent Minere T}E K-H7
ZAEY ZEayrg FIAFTEE =&
Ao FEE7}E GiHez Azsg. Intel-
ligent Minere= +3JE4& $i% 273y 44
o] glo] & EHUEE sy Hlmsto gHE
Fog 73S FAYSAE Bl i
A8 W5 LY Wkt 258 AT}
U2 2L AHAQ dolgrt 7lAe §4§ &
Ao AUHUE Aolth. & 7oA U4
QA dlo]y A4S $3te] AME-F Milligand T3

44 BIRXA|STHBAARSE|=EX MR H2E 2001 128
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Abstract

A Methodology for Comparing Clustering
Programs

Sung-ho Kim*
Seung-ik Baek*

Over the years, cluster analysis has become a popular tool for marketing and segmentation
researchers. There are various methods for cluster analysis. Among them, K-means partitioning cluster
analysis is the most popular segmentation method. However, because the cluster analysis is very sensitive
to the initial configurations of the data set at hand, it becomes an important issue to select an appropriate
starting configuration that is comparable with the clustering of the whole data so as to improve the
reliability of the clustering results. Many programs for K-mean cluster analysis employ various methods
to choose the initial seeds and compute the centroids of clusters. In this paper, we suggest a methodology
to evaluate various clustering programs. Furthermore, to explore the usability of the methodology, we
evaluate four clustering programs by using the methodology.

Key words: /&4, K-Bd 23 £4, dolg rlojg

* College of Business Administration, Hanyang University

FRASHEAAHES| =X M7H W25 2001 1284 49



