2 o

AR dolEeA FEAHE Fote BAE 2 TR A wolH mlold FoelA Z A Atk Fel2E 4L A 4,
dolel £4, A &4 59 ol2] &8 Eobol FUNASA AHEHAA DL Atk A2 o] EAE F £ e FI9E F2HY|HE M2
W o] A7IAA) o)L UA 4 FH Fe{AEY FEAYE S YT 0|8 ZAZ & A A5l wet A shE Ee2Ee] Hol
WA $2e 1A dolHg FEAY SF2HYSE J2E dnFE Addrt dndFe FoE A FEL O HAG Ny H
58 Ze o /9 R ZeLEHE 9 FES £¥dy, @uF gAdA F8eA &2 Fe2EEE Addn, 2 @HYH F4
ZEEL HE $4E AHgdte v AP Aol S ER HEEY UE 2u2Ey dudFd vastd AMe guzEe £
A AT 95k g2 d4de FYRAY

o

An Effective Algorithm for Subdimensional Clustering
of High Dimensional Data

Jong Soo Park'- Do-Hyung Kim'!

ABSTRACT

The problem of finding clusters in high dimensional data is well known in the field of data mining for its importance, because cluster analysis
has been widely used in numerous applications, including pattern recognition, data analysis, and market analysis. Recently, a new framework,
projected clustering, to solve the problem was suggested, which first select subdimensions of each candidate cluster and then each input point
is assigned to the nearest cluster according to a distance function based on the chosen subdimensions of the clusters. We propose a new algorithm
for subdimensional clustering of high dimensional data, each of the three major steps of which partitions the input points into several candidate
clusters with proper numbers of points, filters the clusters that can not be useful in the next steps, and then merges the remaining clusters
into the predefined number of clusters using a closeness function, respectively. The result of extensive experiments shows that the proposed
algorithm exhibits better performance than the other existent clustering algorithms.

7|9{= : HIOIE] OI0IY(Data Mining), B2 AE{Rl(Clustering), DA HIOIE|(High Dimensional Data), ¥12|Z(Algorithm)
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dlole] Fga & atd Al #AH I, the dofy HE
A= & 2 A3t #BEo] AL F 97] ", o
E40% EA XS AAste Arde AR SH2
sted Ze{2Hgo] AR A RapA Art TAY o
Bl Ze2Agge o2 wete g RExY(subdimension)
& mas= 74—%; y7E 5 alur (71§ 1 31}"1 %
7

E

E

T to wN o

=)

-

ol

Helfar 9lrk é—a ER IS Lﬁgi JES omJ_ =3
A% 18] HES YEOo® WA HA A3, X-Z HH
ANe ME 7trte] eg & 4 3dth l—:—?& #HAA, &
2% 0FS TASE 58 33 REAU X—Y 3
Holl Al A 7prtel glth o] oA A A<l 3x44
S uHse FYsHIE A HW e 547} ve
- &11, Zk %EL&EM £ HE9 RENYE 17
8}04 1

2e|av g e g
CLIQUEL3], PROCLUS[ 1, ORCLUS[2], DOC[14] Sl 3t

2 = AE A dolHE ARl REAEeR
oA dolEE FelxE st s dATsch dol
Elg 7} FelaEo AT o, "4 dadew AE
Abehiz Zle] efel 7t Eeladol weh vhEA ddg P
AgE Atstd g 828
ol & HiAsA @t} Altd ¢xelE SUBCLUS(SUB di-
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= A7 FEE b Fo2EHEY HEHY medoid
& FAHE wAste Sl Hdws HIHE Heshu i
8, Greedy ol % medoid® TRES 7Fssld o
% }] e HeE fAsER stdt agde ﬁfﬁé‘}
i, ¢12F PROCLUSE %71 medoid ¥l UF 4

‘4%— Geg Wi FelaHY DS vEelum Yt
o] % 4xzF PROCLUSE 7H A% ORCLUS[2I9 DOC
[14]7} #EHQYT. ORCLUSE: Ze]AEe] $4%o0

¢ "Helg o 249 F3t ﬁf%‘o}ll e Ao FHA 63)

#(covariance matrix)S ©] &3 IF W (eigen vector)
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AlZre] AojAthe @3] gl
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TAH] gunEFe] dHEHY Ut AAHo2E A GA
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719 AR ZE28ER vrrh dngFd SUBCLUS
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MNE ZEF Sk A71A, 27] 28 A5 ky=A - k2
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Algorithm SUBCLUS(%, /,,)
begin
ky=k.=A-k ; // initial number of clusters, k,
(81, 8¢, C1,-,Cy) = Partition (k) ;
while (4.> # do begin
(Dy, -, Dy, )= FindDimensions(k., l,y, C1, -, Cp.) ;
(s1, .88 Cy, =+, Cp ) = AssignPoints (sy 5., Dy, -, Dy ) ;
(C, -+, Cy, ) = FilterClusters (k,Cy,,Cy);
k,=max(k/2, k); // new number of clusters
(s, 8. C1, -, Cs. ) = Merge (Cr, Crp b k) s
ke=kFk,,
end
(D, -+, Dy ) = FindDimensions (k, lp, C\, -, Cy) ;
(sy, .86 C1, ++, Cy ) = AssignPoints (s)-,84, Dy, -, D)
return( C,, -, Cs ) ;
end
(28 2) L12|E SUBCLUS
31 A e obA - 28 HA|(Partition Stage)
A 1DAR £8 dAdME nlld 48 HES kY

2SR Wrkd, 4 Feabd £ 959 A5

7bFestd ddsESE @t CHAMELEON[10] M 12
x o]2& H&at] A AT HES £ o

71 EeaHyy 2 44 F9 sl K-Means &
A EE o8y Sith EFE32H ;9 4% (centroid) &

t
Adshs WS 5= X p/t0lth 71N = FEAH
th o] BAMNE  FeAHAA AEo] Az WA 5o =
AEe FIE FEAYES FohA A HEALe] o} of & Hol(p,eC), t= Col &3 FB9 7k (¢=|C,))
AW BE HEol 4 FY2HY FHA Ateld Arg ¥ ojt}, (1% 3)& K-Means &g Zo] HEe] AL =g
TN AR I ".‘:;'-':1{:.:\ oo Y
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sEHRHA e A9 woiFn A7), (18 HE ol o
& dueBE Aesn Aok

Partition(k)
begin
Arbitrarily choose k points, s, -

// by K-Means algorithm{7]

-, S as the intial cluster centers ;
local-iteration = 0 ;
repeat
(Re)Assign each point to the cluster to which the point is
in the most similar, based on the mean value of the
points in the cluster ;
Update the cluster mean, s, ie., calculate the mean
value of the points for each cluster C;;
local-iteration++ ;
until (local-iteration >= THRESHOLD or no change) ;
return (s, 8, Cy, -, Cp) 5
end

=13
=2

P

7]

o

L8l5k= Partition &<

A

(32 4)

K-Means ¢xg]Fel A Ex3=7F Avd FAHR &
e Hes FE39 27 wAY EY2H FHHCR
ALgE £ o1, 2, 13). o] ASelE AHA AYE 1d
e ~EEe Eilo] o]FAEE AssignPoints F5E
A gsfor Art oo K-Means Wyl nls] 272y £¢
2B o] FYA HAYUA A& FE UolA tF ©A
o Fe2HYo Y® Jdgg vAA et o] £ dA
Mol A= gole FeaHEe] wddA A4 ARE 3§
3, agln 7 FYaHo] £ FE NEx ZolAEE
st Zo) mabAo|th 2e g AMEEE K-Means ¥
229 A7t EREE Olmind) Q) A2 (2 4)oll A repeat-
loope] m¥l F#3h= AL onsta, oA HEY A
g FARE ﬁlﬁ}% EUHE" mi FH3E Fojrt o] F

3’—3114 T l{ l 5

Z
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Olr

A 34 %Jﬂ& g F }t;

HEol BHE &9E wﬂ 6}04 Aetd o
2|2 A A3y Aol miHe= FFo] HofALE gt
(g 4)lA THRESHOLDY 3t& #1743t dAS 3+
o loop& FHIEE s, o g i FAY xAtd
A H3EE gt

w
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S imy chA e efA(Merge Stage)

o GAQ BE dAdA 98 HEo] ofF B AT
FH2HER AL o] dAldME ke kY
HaBEol ¢g wrtA] dl A F5E AMEst wHE 3
AE HEold), & o dAdA "ad u N9 I
58 BAE dget

nuz 271 #4 o) o= BIRCHI519H ORCLUS
ol Al AL&8}= clustering featured), Zt F#AEJ 4%
Aeol A8 F(linear sum)T AF FHsquared sum) LS

9} SS& Ag3th LS9 SSE AMEEt 7 EeiAE e A
Eo] 7 Ao EXE FEE vehlE EF HAE AN
ato], o] & VIFoR 77 Y REAYS ARt (1
¥ 5 o] d4E A9t vt EuaH 9 HE e
d/e 942 FA= dx, 74 dae LS;;= Zﬁr,
AAET o7 E poe Colth 28X, AF FE HY ¥
Aol AFE AdFte A oY Hsd wew Ak
o colA dAE FAaE Ay 39 A 94 SS,, =
el

2 2 AR 2eieE o dA dAlE FAA
Ha o] E¥xd HEY Hdtghmean) p, ;= LS,/
|G 12 A, 1 5% HARstandard deviation)iz o, =

V(SS.,—1Cil - i2 DI(C =) 2 Axkgt

FindDimensions (&, ,C,, -, Ci)
begin
for each cluster i do begin // linear sum, squared sum,
and standard deviation of C,
IC,1 il
LS;; = le,,, and SS,,;= Z_:] ., for p.=C, and

1=j<d ;
pi;=LS,/ICiland o, =V (SS,,~1C,l- 5 )IC =D
for 1€/7<d;
D=0 ; [
end

i

Pick the #%-/ numbers with the least values of ¢,; subject
to the constraint that there are at least 2 dimensions
for each cluster ;

if ¢;; is picked then add dimension j to D;;

return (D, ,D,)

end

(22! 5) 8 E2{AE0M FEARE = FindDimensions &4

BE ZY2HEY AA JAdAA Hel $XE ﬂl**fﬂ
EF HAE QLBAToR HET T, I @& v A4
& 15—116‘}04 s FejaHo FEapdor AAsA el
AAHeRZ = k- 109 2AYE Mestn, A8 zriow W
A= 1 Elol A A4 l% x& #A4E #i= T ol

Mol E# HA

Adg Mg @k 1 Foll ke (1-2)
e 27 o2 Adstd 1s Xt el F
BEadoz Aok (18 DA 27/ zhgo] HdEdrtd,
Col &3t 3A9Y FEY FEAYS X 27 ", Gl
da) HesE FEAde (X, Y7 "ok

A WA @4 (19 6)¢ AssignPoints 5= 4 8
e 4™ (s FEAY pE adstd, 2 HE HY
g FAEE e FexEE fAsA "ot & A p,
9} g FezEY FHFH Alole A Asbshz S
SegPdis (p.,s, D)2 %7138, Euclidean segmental dis



tance$! SegPdis(p,,s., D;) = ‘/ _D(p,‘,,-—s;_,)Z/IDili A A

gttt PROCLUSE medoid® $4o2 7Hd 77k S8l
Hel d& wjAstm, SUBCLUSE FAHA ()& 7o
7V 7ike 22 de wiAgske ZeolHol ok B
€ HES /M sk FeizEd AT Fol, Merge &
FollA dag 4 22 A8 &, AF &, 28 T
AHE oA Ak,

AssignPoints( sy, -, s Dy, =, D)
begin
for each i € {1,,k} do C;=9 ;
for each data point p do begin
Determine SegPdis (p,s;, D;) for each i € {1,--,k};
Determine the seed s; with the least value of
SegPdis (p,s;, D;) and add p to C;;
end
for each 7 = {1,,k} do begin // linear sum, square

sum, and centroid
1C

Gl
LS;; = Zl p,;and SS;; = Zl p%; for p,eC; and

1<;<d,;
si;=LS;;/IC;| for 15/<d;
end
return(s,, -,sp Ci, -, C) »

end

(08 6) ZE MEE SHAH0 BHESH= AssignPoints Bt

g o7 g d A oA oE FeliEe
HEY At U AU e A%d HEC Y

A, FilterClusters &4 old E#2HE
HE guste o3 9] AelM AAgc HE
ot B4 ARE #dsE HeE (2¥ DA fum
4 0,01 2 AFE2ZE O FES AR S AA FE vE
faio= 0% 1 Ato]ol gho 2 FelAE 7}t AR 7 ofd
He9d Mg Fsted AALET fuw =010 AL o
d ZFeagel &8 F59 At e Aee 10% ol
W de 1 2Y92HE AYddE A& A@ 6.
Fei2gd 24" HES WIS HEE Vehdy] H3 ¥
g grez o] gtETh oW 1 ZHAEHE AAEGY 7
FeaHAdA g FEAYEY EE U MHEHA
U AUEY FE HAY ¥]EE o2 AMd) 8 2H
ColA FEALeRE Hd5A e AHdES EF HA
ol whel L EAT-e R FAF gho] &2 D, 1M BFE
#Hatgo] vlg A4tel Abgdth (¥ DA o7t ATHE
Re Adg REXJES EFE HAI} AUyoR ofF
ol 1 FejzEel £3 HEo] BAtHY A ¥ 9
A=l ke AL ugc AR AASE fumt
Oraric?l Ol I3 W FME g A HAEE T
A g
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o] ol o 2= F2HE ddsic v 3
FHoE 93 AFKR FHAHERTY o e g2
HEol Mg ZH9rt LA ol HedE 7
Hagel &3 HEY A (1% AEY HAx 3§
e o E BE G 7R 2 #$e #E Sy HE
Moz Mesta Udhs Age EHAEHE YR E
ok nlAwo 2 Aleld Fe2Hd &3 FEL Y
g 2Eo A
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FilterClusters (&, Cy, -, Cy.)
begin
double fras, Gratio s 1/ Fraios 0013} 0.1 Ale]9] 3t
G 3.0 50 Atol9] gk
ky =
small

[T

fmtio* n / kcv

for each cluster { do begin
10,1
or; = 2, a,;/ 2 0,;; // the ratio of standard
j&D, jeD,

deviations
if ({C;1 >= small and or; >= 06,4, ) then begin
Choose C;;
ket
end

end
if (& < k) then
Select the (k— k) largest cost clusters from the
(k.—k;) remained clusters, where the cost of a
cluster C; is |C;| % or;;
Reassign points of the discarded clusters into the
chosen clusters ;
return (Cy,,Cy,) ;

end

(33l 7) 43 = o8l BEs WY €RxI) Be
E{AEE M 2Sk= FilterClusters &

Wy 35 (23 8)9 Merge 5 Yoz Fo7 o
2 A9 FLHES FH2HY UHE B 2AF
oq 44 A9 ZY2EHE HE Y] FH2EHEE B
g 7tk 7 SeaEY 1A e Addtd 43§ A
£ vehhes mxm ¥ DistMatrix® et} 3189 o
7HAE FAE 9 AAFH sgsteE $ER A4
Uz el qMe AR @3 g i Y
T Ggor o|FoiXnE AMEA ek 7 FuaE %
C;9 7HA(distance)s Adte= 4+ Closenesselt}. o]
oo de 9 F ZFexe REALA FFE Ayl
A=A Aok woF FHE Age] gloed F Feay
o} ZA43 Alolol A Euclidean segmental distance® AAtah
i weighting factor #to2 A 9 NFEUd 48 F3h
a3A =HY, F F4-¥e 1128 93 Euclidean distance
7 €oh % kel e FHfddE, F REardd e
& 7]% 2% Euclidean segmental distance® T3}i weight-

e
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ing factor®2 €A mAFY v &S F3hA @ T
T ZeaHe gEAdo] 2o o] Hl&o] o] Ho| 7H7H
2 Euclidean segmental distance’} =9, @433 w3
ol Hgo| 180 AW 7HZo| ¢he] HeHTh ¢ AAA

A} thAl detd F ZeaE BEAAE oA F
T Aol ‘1“%9.“& B&4E A (distance)2 FHopA| L,
oA gew AL AAA du F F2EHe 1

Merge( Cy, -+, Cy, ko, by )
begin
m = k.,
Make an m x m matrix, DistMatrix[ i, j]
= Closeness(s;,s;, D;,D;) for i < j;
while (k.>k,) do begin
Find indices (i,7) such that DistMatrix[i,j] is
minimum from the matrix ;
Ci=C;UC;; // Merge the corresponding
clusters C; and C; into C;
LS; = LS+ LS; and then, s, =LS,./1C;}
for 1<x<d;
SS; =SS, +SS; and then,
6=V (SS =Gl s2 OG- for 1sxsd;
Pick max(2, (I D,/ +1D;1)/2) numbers with the least
values of ¢, for 1<x<d;
D;= o ; if 0, is picked then add dimension x to D;;
Discard C; and set the elements of DistMatrix[ |
with index j to infinite, oo ;
Update the elements of DistMatrix] ] with index i
using the function Closeness( } ;
ko=k.—1,
end
return(s,, .53 .. Ci, ", Ci,. ) 5

end

Closeness (s;,s;,D;, D;) // distance between C; and C;
begin
if |D;ND;| = then do distance = SegPdist(s;,s;,, D) xd,
// d=|D|
else do distance = SegPdist(s;,s;, D; U D;)

> (1D; U Dil/1D; (Y D,1) 5

return(distance) ;
end

(3% 8) EHAHE WHlshs

4 Merge Btet & S22E7b]
LHZE Athsls g

iy

BgoR FoaH A%t 94 A4S 8 WA
AaHES WRET F 2d28 Aolrt b ugw
e £ Fezg Aol 4ol AY A Aoz, ¥
DistMatrix® 94 FoA Ad 22 @& 7HAHe 4429
Qe st jg e e, T FEsE o oF W
o] Bk 2 42g 2esd o Aok 4EE Fo2H
col &3 g5 49 %, AF ¥, F4E, 2en vy
A0g A pRAAE AdstAR WA 7 Ao

=9

XE AEY @ BF HAE AMNE Fol, o] E#F 9
e FoN Ae
Mgt M2 ZFY2HY C YA
o 2v FYaEe FEAYEY At A4 2 HE
& FindDimensions 249 W&& ws slojoh ¥+
Fe2e7 9=, 3 DistMatrixol A 79 joll #dg
Qae) gEe WAdoleh @ 2aay on YgHol
golonz dda jo Avy d39 U4 e Fo
2 FoA g HdA AYEHEE Fo AzE Fes
Bl C;9f ldlx o} dgydl Felxg oA da Fex
HE dolgles Ao sigss g 94 ¢S Closeness
d4E o] g3t tha] Ak

Sid

FME max(2, (1D, | +1D,1)/2)He] 3e1g
2 gk of7]A,

i

33 Ml M A - M cHAI(Refine Stage)
o] @Al T MY 3¢ TET olFoizuh WA F oW
A AN ke FHAHES HEs 744-1‘1 ViAgo

FEabe 3] gerelM 2 YA £8 Hue B

S Uthie 4 ALAAS £E QA ANdel 7 2
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