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ESCHCD: entropy-based algorithm for subspace clustering
with high dimensional categorical datasets

SUN Hao-jun, DU Yu-lin, JIANG Da-zhi
( Department of Computer Science, Shantou University, Shantou 515063, China)

Abstract: In high dimensional categorical data datasets, the lack of exact measurement of similarity between data and
the distributions of the data are usually sparse. This makes most of those traditional clustering algorithms which work
well on low-dimensional data invalid for high-dimensional categorical data datasets. Focusing on these problems, a new
high dimensional categorical clustering algorithm was proposed, called ESCHCD ( entropy-based algorithm for subspace
clustering with high dimensions categorical datasets). An effective and unsupervised objective function was designed to
determine the subspace associated with each cluster by considering the entropies of the matched subspace and the noise
subspace. At the same time, an average entropy-based global optimization method was also proposed to find the best
clustering results. By comparing with other categorical clustering algorithms, the results demonstrated the advantage of
the new algorithm on efficiency, entropy measure, category utility( CU) and the number of cluster on synthetic data sets
and real data sets, such as Votes ,Mushroom and Soybean.
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root-rot £ & 10 45, 28 PU S 2 phytophthora-rot
35 17

Mushroom J2& 8 124 x 23 BSR4, 55 —%1 K25
PR, B s oy 2 28, — 2R T B T B A
4 208 , T3 — 2802 A T B 25 1 53 916 1 EK
o B AR v A SO 0 R PR BR 2R S e ke 2K
(RS AR L 27 VR il

3 EHEERBIEE R, g 1 PR,

#1 BARERBIREE

Table 1 The information of three data sets

BAREME REURIE)  BdRERA/N KE

Soybean 21 47
Votes 17 435
Mushroom 23 8124

3.2.2  SEEREER KT

AR AD R LI EE R, R 2, g2 7]
M1, ESCHCD RE@S i #f 1) 4% 1 B AL & 126, B
AR A HERR 3 T B RN, CU ERER, 7847
7R T ESCHCD (A %k

%22 ESCHCD pyZkas g
Table 2 The clustering results of ESCHCD

Bk MERE WE CUME E i
Soybean 0.957 0.339 7.104 4
Votes 0. 89 0.524 2.912

Mushroom 0. 883 0.719 7.131

¥ ESCHCD 1525545 % 5 DHCC ,COOLCAT ,
k-modes I SUBCAD H. 1k SE B0 25 S i AT X T b, 3%
3.324.45 1 6 45| & DHCC , COOLCAT . k-
modes 1l SUBCAD B iE7E 3 /N4 4 b i) sE 16

4R

#3 DHCC fRES5 R
Table 3 The clustering results of DHCC

BiEgE WERER W CU H B
Votes 0. 832 0. 420 2.22 2
Mushroom 0. 789 0. 264 6.1 10

24 COOLCAT R4
Table 4 The clustering results of COOLCAT

s MERRE REE CUfH B¢
Votes 0.618 0.574 1. 040 2
Mushroom 0.702 0.219 6.133 10

25  k-modes [E gL
Table 5 The clustering results of k-modes

s MERRR NE CU i B
Soybean 0.923 0.425 6. 874 4
Votes 0. 805 0. 663 2. 838
Mushroom 0. 853 0.738 4.045

M1 A LA Y, Mushroom Zfs A< HA P4~
J5, M4 3 M4 4 78 Mushroom # %] 434 10 4>
2k, B4k DHCC #1 COOLCAT X} Mushroom %4
RFRRMA . AL, HE R DHCC I COOLCAT 7
Votes $di4E b Al LIMER SR K, (B AEHER S CU
EHPH A 46 A5 b, A B 19 45 R G i T ES-
CHCD, H it 7] 1, ESCHCD %5 iy 58 2534 S DH-
CC .COOLCAT B LT,

5 532 MLk, k-modes 553 (1) L5 R 1) U
TR FR R AR S 7 5CR 56 424 4 ESCHCD Y 526
455, BiAR k-modes 7E Votes Ffla 4 111 CU {HRY4S
WS LU 5 24T (H 2 S >k Ui ESCHCD ) SR 245
RULEALT k-modes,

36 x| SUBCAD Bk RALE R AE 3 4

TR bR E_E F#SAS { ESCHCD fy 345 5.
# 6 SUBCAD RyRAEZEH
Table 6 The clustering results of SUBCAD

Bede MERRR W CU(H g
Soybean 0.934 0.412 6. 985 4
Votes 0.614 0. 688 2.743 2
Mushroom 0. 857 0.732 5.368 2

TSI AN SRR AR B
SLAE Votes B EIYRAEEE RN E 7 BB A
AR 1R, s 4 s

4 J& 5 FVEILTE Votes i 4 F Y45 XTI
HJ7E, .98 ESCHCD Xf Votes %4l 42 1) 2R 25 45
TENERR R JR(E AN CU {4 3 Wids b LARZE W AL T
k-modes .SUBCAD #il COOLCAT & 3:4E Votes |
RALER, BAK ESCHCD YRS RACE F 0 =
T DHCC , {H & H A P 15454548 i ESCHCD i & (5
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Fig.4 The comparison of five algorithms on Votes data
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