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A Subspace Clustering Algorithm of Categorical Data Using
Multiple Attribute Weights

PANG Ning® ZHANG Ji-Fu! QIN Xiao?

Abstract In this paper, we propose a subspace clustering algorithm using frequencies of multiple attributes of categorical
data. An attribute-value weight is calculated on the basis of equivalence class in rough set theory by using frequencies of
multiple attributes. Attribute-value weights offer ample opportunities to improve classiffication ability of clustering. The
well-known parameter problem, which is caused by using a threshold to delete noise points, is solved by the virtue of interval
dispersion degrees. By adopting the hierarchical clustering method to iteratively merge sub-clusters, we effectively measure
various scale clusters on the basis of a multi-objective clusters quality function. An attribute subspace is determined with
the relevance degree of dimension to a cluster, so as to improve the cluster’s interpretability. Finally, we validate the
feasibility and effectiveness of our algorithm through extensive experiments using synthetic data as well as UCI and stellar

spectral data sets.
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Fig.1 Clustering sample
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THAEA B SR A, RA K (9) X508k X,
BT I 25 B i, AR R NAT 528G F1H
X (7), LI EAR LR ML, Rt H
VIR Be A G 7 B BeA 1, 4 53 ER R 1 BRI B
INC #1 MEC 5£8; et 58 (10) 45 i@t
XA B BE, B 5 WA X B @ 1S e, LR S
PREH R %L SUT S8R, BAREER AR

1) M% WAC: 5 m MR E B 4K

BN, EYERUE 2

. AU W (2k);

begin
PRAE or TER B ai ERENE [2r]ass
R (1), X (2), 30 (3), I Wa, (zri),
Wa, (@ri), W(xk:), 5 W(wh);

end

2) PR NATL: B SR

M. Bl U;

M. Bk NOS;

begin
R (8) TR MREIE Os(:), HHRMBG IR
z; THFHET
meinind = 0;
fori=1ton
{REARF5 80 Lz, @] M Hlzir, a];
HRAE (9), A EIXE L #1 H #ei)E Ds(L)
M Ds(H);
minind = min((Ds(L) + Ds(H)), minind);}
NOS «— L[z1, Tminind], HHiHEEFE NOS;

end

3) PRECINC: WIHEA

BN, U=U—NOS, W(zp);
widl. 7L SC;
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begin

SC = ({ox}h

for i =2 to |U|

{Qmax = 0; idmax = 0;

for j =1 to |SC|
{sumi = Q({zi} U sc));
suma = Q({z:}) + Q(s¢));
if (sumi > sums) && (sumi > Qmax)
{Qmax = Q({xl} U Scj)§ 1dmax = .77}
if (idmax > 0) SCidmax < SCidmax U {Zi};
else {x; HERHfk;}

iy O

end

4) A MEC: %%
BN, T4 SC;
W BANEE C;
begin
repeat
maxind = 0;
for i =1 to |SC|
for j =1 to |SC|
{FIH= (7), 15 SC: 5 SC; G IGmEEE
Q(SC(1));
s =Q(SC(t)) — Q(SC(t — 1)), SC(t—1) & &
ARG T A
if (mazxind < s)
{mazind = s; max; = i;max; = j;}}
A SCmax; Fl SCrmax;;
until (maxind == 0);
C — SC, I miiEseE C;
end
5) ek L SUL: A& +25 1R 71
BN H5E C;
W, %% Cs BB X T2500] SAs;
begin
FI3 (10), H55 C 194 TRIELE a5 FIICIIEE R(as, Cy),
HRFRE N A& B PR PR
minind = 0;
fori=1tod
{3 E0 Lla, a:i] 1 Hlaiva, adl;
minind = min(X[A) L B + XA H #al,
minind)};
SA, — Hla1, Gminina], i SAs;

end

EICHARR) SAC JEE, i AT I 1]l gl B 4
L. ZAE T E b =B, )
HEVERCETIT R WL G IR, Hi, BE
SAC MBI 2 B2 F A E AT =APr B &%
n = |U|7 d= |A|7 § = MAXai€A|Vai|v k RETHE
EE, ¢ = MAX.. esolscs| (scs RAIREILH
THE), t NI RIERIAEL.

1) AR R I TR S 2% E . %P Bt IS
[F) 4 A T2 AR v e A O S M B MR 1 B e |

H T35 SAC SR H MRS SE M S50 252, Seit [ aR
JEVEME R LB TEE  n g/ 2 s, T By R A
ZEH O(n X s X d?).

2) WIS I 22 B2 B B i) - A
ST AT PN R A ) AR T B R, B
BRI a2 2R O(n x k x ¢ x d).

3) A AT R AR L. B B B[R] #E
FEEPEFI R G I PR ERAE L, P By
M52 Ot x ¢ x d X k?).

ity B =AW B AT, 53k SAC w42
FEROMmXxsxd®+nxkxexd+txexdxk?).
mTEEEEEE, n > d, n> s, n> c, #HXT
n M5, B3k SAC FrifFery )& L e K.

5 SEWK iR

SLEGFAES: 3.2 GHz Intel Core 15 4RSS, 2 GB
W1, windows 7 iy #:/E &4, ECLIPSE 1.0 1
HEEIAEE, JFRH Java 7.0 i F LI T AL SAC
#yk. CLICKS®) #y:. PROCADEY %4 pA &
EWKMB g AT-DCBYU | DHCCB? 45 4 5
HAEEAL. bk 5 FhEVAM T TXT L SE T, X
LB W] DA i A o S R g SRS ) . o,
CLICKS #i¥ke2—FE TR B LR, &H
V& AR PEAE [ IS BAE R R KK, PROCAD &
ERE R R TS R BIE, AR
PR TE g M B iR B A E; AT-DC i
DHCC 2S5 2R R AL, Hor, AT-
DC 53 DA A8 78 75 v 9 25 R R A 0 B 1A
#, DHCC 53R H 2 Joht . A AR b 45 JE@ vk
ERELREPIIER; EWKM # @i T 20 K-
Modes FvA R BRIESAE, FIH S/ METEN R 22107
P ERETT R EEAE. SAC BER—Fh 4 28dE
W) 725 (B R REE, FyRE TS, FHZ BN
2 (L B4 A3 A et 2% T R AL, SR 2 U O 2R SR s
I SAC Ayk. PROCAD &k, AT-DC HyEM
DHCC Hi¥) @ s Rk, iS4 CLICKS
R E BSOS k, a fl ming,, Hd, k 3E
B a Tl ming, M 0.1~0.9 #4K 0.1 B
5SS, LR BCFEIE N LR 45 R, ik EWKM
S EEARE k, m, o Fllr, Hvp, b SRSEBRigsg,
m o BH 1, r 3 5ch 1, 2 f5. B 27
AN LA BEESE . UCT B4 DA S B S Gis 5
=R, 3R 2 WA T S BRI BAR(E S

REBFEWIEN a5 0] LAS A A AR 28,
ANERVE R A 1h T A N AR RS R 1%L
LR, [ H R AEE LS B 0 R E5 R S AW
SER AR 4 By S5 AT X B, W DA R P SR
REFEREES T REIEE. S [30-31], 4
SR R 24l 2 %0 ART (Adjusted rand index) .
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Table 2  Dataset
el FIEIIES LG 7 AL S g I EAY
& BB Type 1 10000 50 6 2= BUMEPERT H 2T
Type 2 10000 200 6 P YERETTY R LS
Type 3 60 000 50 6 2 BB T RS S
Type 4 10000 50 6 % RV R HE SR 2 BORAT L S
UCI Voting 435 16 2 i JE MBI TT 2 AT R IR G 5
Splice 3190 60 3 i w2 UCT B iUt s
Mushroom 8124 22 2 = KA IR ISR LS
Zoo 101 17 7 i R RR LS TR M2 1) S
TSR SR 8315 208 7 w LSRR RORRT eS8

4l fif Purity. Mo b R %k Jaccard, =fE45%L RI
(Rand index) PUAFMEPEAFESR, ART FEZHAR
REEFN B 2 M AHRUEE. Purity P28 5445
S b a5 W SRR I 8 E el Jaccard FRALE
BEH W SR JE T R — 2 B X TR R — AR He sl RI
F2 VTN () S B0 2 75 1 2R A DA S i v &
Ea] PASrTF. Hop, ARI, Jaccard f1 RI =445
ANAS Y FE X B o 4 SR 45 R N DT R 1 4 AR L
O B T R SR S AR A R B 2R e R
Purity 50U & 1 & 78 N o5 35510 07 500 S L
.
51 ALER#ESE

AT AT A ) RO, S5 G Sk [40]
25 A B O, B TR 2 R I Y b A AR
s

mE 2(a) i, B4 Type 1 &2 EH)
B s A K@ A O T A 1Ak ST A AE, B AT
Type 2 fRFRE L S L, WK 2 (b) PR,
MAE B 2S84, x5 FTRAST T8 TS AN [E Y
% Type 3 FAFEIE A X T2 A4, WK
2(c), J@ME a; MR T7E Cy MR T, XET
Cy #y¥2310); 4 2 (d), Type 4 5 Type 1 £dlisy
FHE—2, ARMZ, Type 4 2R ZREKR
S| €=
5.1.1 T\ R

TR PR Type 3 b, 3 B4 A B0
Za bpgnly M, 43l 6 000, 10000, 20000,
40000 F1 60 000 1 Ay Ehdh 3y 5L, SEgm2s R an
3. MK 3 ATPAL IR, WA SR RGN, ra s
VAR RN RIES 2 I L L K $, SAC &
Y T I #E 1A B[R] AE JUr % e i B85 A Lk PROCAD
b FEEESE Type 2 &, EENAL BELEEMEYE

BE BT R, e R a4 B R 50, 100,
150 F1 200 4, 255 anE 4. WK 4 Fios, WG YEE
FI3E AN, B CLICKS PASh, H AR LN R EFER 2
MM KA, SAC BEIEAER I [H] £ A4 LA
¥ AT-DC A1 DHCC £, {HigftT- CLICKS 3£,
W4T PROCAD &3k,

M 3 B, SAC 535 PROCAD S53AITE]
AR 1 T At =R Y, PR X R A S A A
JEMERCE R, TR AR AT B B,
L BN, 2 H DA SR N A
vEFREE. M 4 a1, CLICKS 4435 [ i ] 250% B
A2 BT AE R, IR R R % AVE R R A A
P K] o e, i T b P AP B e 30 o [R] 1)
IR EL, YR et 2 o 38 R o T = 2 1,
Geit & YERE A T A A IR B B e 2 ) ).
R4 SAC LT JE A 1) () [R] BUBUR T SAAN
Bl 7 55 4 S M AR R 3G K, ST B A, (H
ZEEAE R R R F MRS S /N Jm A ke L
YR AR VT B R], [F AT R A R R A
KK BIRERESE, WL, B 3 5K 4 Frsid-
JErksegh gt BRI, SAC ByERE 1T I A BEEE =
FYE P B LR PEIE K

5.1.2 Il

PR S0 - B FE  TH: SAC BIATEG K
Bl b LA [R] 48 B 2 [a] (R e vk BB AR 1k DA S fE
SOGIEEE Erybin e SAC Sk S HAh 5 PR
FBEAE A BRSO T e S

1t Type 1 ##ia4€ b, Fdli S5 4 10000, 435
£34 900, 1800, 3150 F1 4500 AN w5 /E A it
R, FEMEAE 15, 30, 40 Al 50 4 @ k25 h) b5k
SAC MBI fk. & 5 (a) MK 5 (b) 45l
BT FEAR R E R 2 1) T, M o B A AR A Jvk
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a 23 a3 a 5] s a 5] s a 5] s
x a X a b X a b G| ox a
¢ G G
X, a X, a b X, a b X, b ¢
X3 b ¢ Y X3 a b ¢ X3 b ¢ G| ox b ¢
G G G
X, b ¢ X, ¢ Xy b ¢ Xy b ¢
(2) BAREE type 1 2141 (b) FHRLE type 2 A (©) BERE type 3 8 (&) BIRE type 4

(a) Type 1 sample (b) Type 2 sample

{¢) Type 3 sample {d) Type 4 sample

K2 A s R o E
Fig.2 Synthetic data sets sample

30
——SAC
25 .
—8-CLICKS
5ol | ==PROCAD
“ ~#-AT-DC
215 DHCC
£

6000 10 000 20 000

B3 Bl Ty
Fig.3 Scalability with data

40 000 60 000

S
(=3

L |——sac
| | - cLICKS
—— PROCAD
—— AT-DC
DHCC

U
W

195
W (=3
T

Time /min
— [Nd (a4
W =

T

s ¥
50 100 150 200
K4 ZEREnTy
Fig.4 Scalability with dimendionality

SAC fiahs ARL Ml Purity Y52, MK 5 R
SAC HIAEME RSN, PERERAAE, ARL 5
Purity f54r¥9 5T 90 %, JLHIZ 50 4Er) g 1425 ],
PIrA HEAR39AE 96 % DAL, 1H] SAC A RA REF
HIPTRPERE. &l 5 (a) A& 5 (b) Ik, SAC HIk
FIERE )5 T ks TR RS, W s U B % A
N TR SR BRI, PRk e 5 R k=SR]
AILERORIE L. Y JE e as Al BN e i, SRR
ORI sz maiioR, HERE A2 SAC k2T
Ja 2 1) £ ) EHUE 3 2R PR, 24 i P s T o
NI, ANFTFHZ IR SR I

T SAC SVATE LS E R E R ],
WAL 8 315 4% 208 ZifH Gkl sk EdE g, 7
A 1000, 2000 13000 &Mtk % 3 SR
TEARFEME S IREE TR, SAC Z M35 i %k B AR &
PEREFR AR AR Ak, 2R B O B SO 1) SR 2
LA K SAC FIERIPIMERE 1. MR 3 Al A1, 50
T SAC PEREFR AR EL, i RAREYY NI, H
Hr, ARI T %, Purity &b FIN, KGR
W ()RR B 5 M B ) ROE FE. B39 SAC mf ATH B
EBR RIS, DRERE R A LSRN
TR, IR BT e, IR FR R AR
X Purity 20 d5/)s, (HIE IS5 B 15 H A
REFE A o TR

1E Type 1 ¥¥iife I, BEHL 50 4EJ& M, 10000
ANEAE AR R B, B M B B 900,
1800, 3150 F1 4500. [ M S A3 h, ke
SAC B3R H A A AP RER R IER. 5 (c) bk
TR BRI AR AL X AN R SRR R 2R FE bR ART 1)
5. M 5 (c) mIHl, Fk SAC Fil PROCAD ¥E
UMM E RIS T HoAh 4 FpEE, R 2
SAC #1 PROCAD #FHA KM W& S nfe 1, KK
ZHTE AR T M ST, RUER SRR RE .
RS, T2 B AT A BT 5Ok 1 b S e e
SRS TR B SR ZERE Sy, T DAE v A ARG ) B I
ik, BT E A E R PROCAD BHi M L
3k SAC BEAL.

5.1.3 FRIEBHIBEMBE L MEREITEL

R 2 Frlik PO AS A g4 Type 1, Type
2, Type 3, Type 4 1ERLEEAHE. WO BHRENR
BEAH ], B 10 000 AN%cd s, 50 4e @ik, f5h 6 4~
#%; Type 1, Type 2, Type 3 & PH%idi, #5R T
FEA—, Type 4 FEMRSFEREK, K, Cp fl
Co A 3000 r, & H AR =45

K6 SR FE DY R A R R S L, BE4EJE AR L,
SAC HZ454r ARL, Purity B2 {b15 N B 6 7]
A, R Type 1 Al Type 4 853 1AH ], (HFER R
TR ZESR, FEliE Type 4 &£ HEHBZEER . SAC
HYEAE Type 1 il Type 4 BB RIF, &4
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Table 3 Noise immunity on the spectral data for SAC
AR F g R ARI (%) Purity (%) Jaccard (%) RI (%)
1000 993 2.56] 0.13] 2.28] 2.08]
2000 1984 2.04] 0.57] 2.72| 2.21|
3000 2971 3.25] 0.92] 3.01] 2.52]
To Jo
100 100 100
98 o8 90
% 15 4 96 80
§ o ™ —
2 oa] — AN NS N T ——# Zro
< o —e—304F Eo4lf —e—304 o
40 Y A0 #E 6 ——FAC —=—CLICKS
90 N 92 - 50 ——#—— PROCAD —t— AT-DC
——50 4 ——50 4 ——=— DIICC ——e— EWKM
88 90 40
0 900 1800 3150 4500 0 900 1800 3150 4500 0 900 1800 3150 4500
PASE L=

(a) S4EE N BRI RE (ART) R Lh

(a) ARI for various dimensions

merK
(b) E4EE N PUEERE (Purity) 3TLE
(b) Purity for various dimensions

(o) SHEBH MRS (ART) XL
(¢) Experiment (ARI) for all algorithms

K5 piMpsc
Fig.5 Immunity to noise

%
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C
N\
e Types N
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A
(a) ARL{H
(a) ARI

——Type |

—a—Type 2

96 ——de—Type 3

95

101 %
100
¥ \/\_
g 98
£ —t—Type | \
97 H —8—Type 2
96 1 e Type 3 \
——Type 4
95
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e
(b) Purity{H
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Kl 6 SAC SRR ERAE LIRS LS

Fig.6 Contrast experiment on four data sets for SAC

PREJRAE] 100 %, Bl SAC SRR IHOR 5%
R RA-F#TLR; 1 Type 2 Fl Type 3 Y5504k
KRR, SAC REROCR 5B R HM K, ik
AERERYIE RN, Type 2 Al Type 3 Hidfa - inyAefenl
RE T U A R IR RERY T I

TR A A G B2 2 =2 B/ MRS L T
C WS B S SN A PN £ 1Y M | B
WAL A 2 RSP E H 260%. & 6 Type 1
M Type 4 _LRRERCER A, SAC FIREA 325
P R Z 2. RN 2 SAC FRER 2 H bx
RAUMEN, 5 A R AT Gt 55 /N 2 TR 2 [ 2
BRI TR 23 B Be i) )2 ORZR AE R TR B
X, FHZAFELER R, s B 22
" PG 7€ Type 2 il Type 3 I, SAC 83k

) ARI Al Purity {8, F&4EH38 M R REHZ
BEECHRAEFERG I, Type 2 ¥R <2 4EF0 Type 3 H
() S 1 - 25 (R A2 SRR I FE R, M A4 Ll it K
i, REEZ M ER B2 W, EAIFRLHE,
JE ARG SRS B s o — 2.

K7 R TE 50 4k, 10000 A~ ) £k s
B b, SAC 5HA 5 FEEAE Y FE R4 ) ARI
PERETEARZE 5. AR 7 WT UL, SAC FEYATE I 2448
R ERREORI T H A, HF HAZFEER
[ Ba A E R AR R E

SCHR [15] F5 i, CLICKS SByEAr Sl 4 Type
2 Fl Type 3 FRIMEREANER FEIE R 2% B
7R R TUARE, M PROCAD, DHCC Al
AT-DC 7EPYSEdE FTEREZ IR K, RAFHE
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DHCC fl AT-DC Joi: 4 i FE4E A 6 125 1), (H
TE S YE R TEaS AR, 1% = 2B 0 B0 SR 45 4 A 8k
B 5k EWKM 25T K-Modes ## H 1), X5
VEAE U R ST 220 3R TR ER I, & B “I9 5934
N7, UL, EEEAEEESE Type 4 FRIERAETERE
2L

%

120

| ESAC mCLICKSmPROCAD = AT-DC ®m DHCC m EWKM

100

& 60
40
20
Type 1 Type 2 Type 3 Type 4
YRR

Bl 7 ABETEU RS L (ART) XL
Fig.7 Contrast experiment on four data sets (ARI) for

all algorithms

5.2 UCI #iEE

SEIG Ay W HE B Voting, Splice, Mushroom I
Zoo PUA~ UCT $udlidk, X SeHdinde s ih o 3 8din 4
B, Horr, Zoo th HEA — N EUE AR By
WA AR, W AR AN IEAFRTR, % ULk B 5

BRI R AERCR.

Voting #0435 4055, S40atH
16 MBI EEGE AN — IR ZEAG 1 P
{Y,N}; B mac s vl Ao AN E, Hrb 267 &%
1O 42 democrat FEEZE R, republican By ZE D
o 168 4%. Splice g4I 3190 MEHE A, 60
AN JEVELE DA S — AR 1 B — B 2 —
HEFFH, SR PAZF I B —ME, JEtE
s {A, T, G, C}; Bl 3oy =AM, 4052
EIL (767 5 5) . IE (768 4A~%dE ) Al Neither
(1655 ~%#iE ). Mushroom g St & 8124 4~
Bm A, 22 ADNEYE & TR AR B R A 1 1) 45
AR, max [V, | = 10; Hldedtr hmisk, h
3916 %% poisonous 0 EFR /N IZBELE A 5, 4208 4
WA edible FR&REHRER R M. Zoo Hiifasdt
A 101 NEHE A, 17 ANEtE, 1T ASAREE; BaRser]
PAZR R 7 25, 4350k Mammal (41 N &) . Bird
(20 A% 5) . Reptile (5 AMd &) . Fish (13 4
Hdfi 50 . Amphibian (4 ¥ ) . Insect (8 /MK
P 5) Al Invertebrate (10 PNEHES).

M 4 FE 8 a4, SAC B EEAE Voting Fl
Splice I (1) RFEROR YT H A =Fh 553 7
Mushroom _F, PROCAD %k ARI, Jaccard Hl
RI $84r8 T HA SR 1 AT-DC 5334 Zoo |
PSRRI, HEZREEF: 1) SAC 7£ Voting Al

# 4 UCI Hdilssk ERYFIAERE

Table 4  Algorithm performance on UCI
Bk UCI ARI (%) Purity (%) Jaccard (%) RI (%)
DHCC Voting 53.67 86.67 63.17 76.84
Splice 41.75 46.08 38.96 75.11
Mushroom 29.90 89.50 38.22 63.52
Zoo 73.79 73.26 68.05 89.21
AT-DC Voting 38.5 80.92 54.23 69.28
Splice 19.78 40.22 35.31 61.28
Mushroom 45.20 93.21 48.81 72.63
Zoo 92.00 92.08 88.55 97.03
PROCAD Voting 58.49 88.28 66.39 79.11
Splice 16.57 63.29 34.31 59.30
Mushroom 61.10 89.11 68.22 80.56
Zoo 10.91 42.57 23.79 28.81
SAC Voting 84.88 96.09 86.80 92.47
Splice 86.26 94.76 84.23 93.54
Mushroom 46.21 84.25 59.62 73.13
Zoo 85.37 92.08 79.53 94.95
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= DHCC 8 AT-DC = PROCAD 8 SAC|
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Voting Splice Mushroom
(a) ARI {H
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ARI
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120
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2
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Voting Splice Mushroom Zoo (UCT)
(b) Purity {8
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Kl 8 UCT Hudlide LBk rERE
Fig.8 Algorithm performance on UCI

Splice ¥l FMRCR AL, J5 X A $idn 4
1) 3 [F] A 2 SR MR T R R R D, Hor, Con-
gressional Voting fY) )@ M E 21 /R $idli & Splice
T JEPEMEACE U, 85 JE A AT E B, &
T BT PR Y DX 4 BN B A, T R e 31 T
BB R B BRI R AR IELR, 1 SAC BEFH
2 Ja V1 ) IR 8 AT AR 5 b A e ixX — i) 3, s —
HEE S BRI RERCR, AR HE S FIk 6 1)
HRRLERBHIIE. 2) SAC 7£ Mushroom |5
FMEREALR T PROCAD, MifE Zoo b4 /2HEART
AT-DC, 2 SAC ByEH (3) sk T2 MM
N R ACE B 5, BT A, BV [ — AN 2SI i,
SAC &AidE T Er2e 740 o s T 2h B =
T, Gl &I RN R A RIBER =, =
[Fi] it 2% B ) 20 S 4 ) IV A, 7 R Atk > DRk
FYRM RN, (HAL 2 m T HoAl =T 48 4%, I
TR T MK 8 PhEA AL

#5 Voting £ LAYSLERETER

Table 5 Experimental results on Voting
Bk B EEY %5  democrat  republican

DHCC 2 0 49 159
1 218 9

AT-DC 2 0 186 1
1 81 166

PROCAD 2 0 226 10
1 41 158
SAC 2 0 2 153

1 265 15

53 BMMEXF=E

Zoo FmAEE N, (HIEtE ez, AT
PraidR, HAzBdage it W R B2, nl DASE 4 1hi
Hb S Bl A RIS 22 5, DAL Zoo Hidle sk
ARTIHR SAC SR R PEAR 5 122 18] B iy U1

o
HE ).

# 6 Splice £ LHysL4h R

Table 6  Experimental results on Splice
Bk HEMEEL  HRS EI IE Neither
DHCC 6 0 15 10 419
1 668 19 28
2 40 3 393
3 11 0 369
4 28 728 34
5 5 8 412
AT-DC 3 0 55 78 513
1 151 644 1058
2 561 46 84
PROCAD 4 0 304 0 0
1 462 747 687
2 1 20 909
3 0 1 59
SAC 7 0 765 82 37
1 2 0 1
2 0 682 45
3 0 1 1566
4 0 2 0
5 0 1
6 0 0

M9 AL, SAC FIRMERIER AT A =
R Koo e MERRRYRE, Bl C F1 Cs 45 W%
HERAE—ERFE, flin Cy M Cs 4 WRAGHN—A
%, H WA, B Co. Cs T Co. B3 1A=
RGO, 70 MBI U A, R SAC SRS
SRR OB AT S A

1) BRI 2 B s R AR IR A
A RSRAYSE A REAL, [R5 P9 R A R S
ik L JEEBE R AR — 2 gl C i 37 Mriizlsh
IR, FAR K5 aS A B TR IER) S 3, rlie A
Koo ABEA L WL TCEERIA 4 JRBR, X SRRE 2
FLBIPI L] SRR AL
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F£ 7 Zoo i IHYLERLER

Table 7 Experimental results on Zoo
=R/ TR ME g Mammal Bird Reptile Fish Amphibian Insect Invertebrate
DHCC 3 0 41 0 0 0 0 0 0
1 0 0 5 13 4 0 8
2 0 20 0 0 0 8 2
AT-DC 7 0 41 0 2 0 1 0 0
1 0 0 0 0 0 0 7
2 0 0 0 0 3 0 0
3 0 0 0 0 0 8 2
4 0 20 0 0 0 0 0
5 0 0 3 13 0 0 0
6 0 0 0 0 0 0 1
PROCAD 2 0 41 18 5 12 4 7 10
1 0 2 0 1 0 1 0
SAC 9 0 37 0 0 0 0 0 0
1 4 0 0 13 0 0 0
2 0 20 0 0 3 0 0
3 0 0 0 0 0 0 6
4 0 0 0 0 0 8 1
5 0 0 2 0 3 0 0
6 0 0 3 0 1 0 0
7 0 0 0 0 0 0 2
8 0 0 0 0 0 0 1

2 8 Mushroom 4£ [[f5C56 45 5

Table 8 Experimental results on Mushroom

=R/ MMM %Y poisonous  edible
DHCC 10 0 24 32
1 1728
2 1296
3 0 16
4 736 2880
5 72 808
6 0 216
7 44 0
8 16 64
9 0 192
AT-DC 8 0 360 3536
1 0 288
2 1734 0
3 456 192
4 1296 0
5 64 0
6 0 129
7 6 0
PROCAD 2 0 3050 20
1 866 4188
SAC 3 0 1258 4185
1 2615 23
2 43 0

2) KJERRAREE— RN AL %
P AR 53 05 2 A A ST K, Wﬁ/\)\ﬁ\
43 25 A BE b A3 AT, 3 Sk S EL A — UL [R] )y
PREFAE, W RAHA—2. filtn, Cy /2 76.5 % myfh
FAN 23.5% WL A BT, AL S Y
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Table 9  Relevant subspace on Zoo data set
3 A B A TS A b Y e B IR
C, 100 % Mammal hair = 1; eggs = 0; milk = 1; fins = 0; legs = 4
Cs 76.5% Fish; 23.5 % Mammal fins = 1; legs = 0; aquatic = 1
Cs 100 % Bird feathers = 1; airborne = 1; legs = 2
Cy 100 % Invertebrate backbone = 0; legs = 0
Cs 88.8 % Insect; 11.2 % Invertebrate backbone = 0; legs = 6
Cs 60 % Amphibian; 40 % Reptile hair = 0; predator = 1; toothed = 1
Cy 75 % Reptile; 25 % Amphibian breathes = 1; legs = 4; tail = 1
Cs 100 % Invertebrate legs = 8
Cy 100 % Invertebrate legs = 5
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AR B, 3 W A R A ) 23 O AT 2, DA I,
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Table 10 Clustering performance of different

discretization methods

ARI (%) Purity (%) Jaccard (%) RI (%)
7 AEPR B 45.18 67.55 36.86 85.20
11 PR BHL 46.65 84.02 36.12 87.38
15 Z5HE Bl 41.75 91.34 31.06 87.13
18 S5 HE BIH 36.68 91.61 26.61 86.46
22 ZEfH BHL 31.40 92.71 22.22 85.78

SN 11 250 R I R A B e R B, 5K
Kot bt SAC SRR 5 Al 5 FhF A E L RdE LY
RAMEREZE . MR 11 I, 53k SAC ATERES
e T H b E Y, PROCAD., DHCC #1 AT-DC
PERE TG B 25 57, Fivk EWKM kgt Sl
BR8] 75 A AR AR R R S g 4 R, 2
JE R e R AR R, o2k A e

KO 13, 3R EWKM AE K AR B 240,
RPRMERER T, R e i 2 g2, |
FRREBOTR L, RN RA e, B, Bk
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Table 11  Algorithm performance on spectral data

ARI (%) Purity (%) Jaccard (%) RI (%)
SAC 46.65 84.02 36.12 87.38
PROCAD 43.41 80.18 32.41 82.72
DHCC 40.79 78.31 31.23 79.67
AT-DC 41.38 79.84 31.86 80.21
EWKM 33.47 70.08 30.11 71.64
CLICKS 40.65 71.66 30.83 75.79
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