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Abstract: Currently, the mainstream subspace clustering methods for categorical data are dependent on linear similarity measure and the
relationship between attributes is overlooked. In this study, an approach is proposed for clustering categorical data with a novel kernel soft
feature-selection scheme. First, categorical data is projected into the high-dimensional kernel space by introducing the kernel function and
the similarity measure of categorical data in kernel subspace is given. Based on the measure, the kernel subspace clustering objective

function is derived and an optimization method is proposed to solve the objective function. At last, kernel subspace clustering algorithm
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for categorical data is proposed, the algorithm considers the relationship between the attributes and each attribute assigned with weights
measuring its degree of relevance to the clusters, enabling automatic feature selection during the clustering process. A cluster validity
index is also defined to evaluate the categorical clusters. Experimental results carried out on some synthetic datasets and real-world
datasets demonstrate that the proposed method effectively excavates the nonlinear relationship among attributes and improves the
performance and efficiency of clustering.

Key words: clustering; categorical data; kernel method; nonlinear measure; subspace
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Table 1 Synthetic datasets parameters
x1 GREIEESH
JEYESH D BEH K HA%H N

DataSet1 6 2 1000
DataSet2 30 4 1000
DataSet3 60 8 1 000

75 KSCC AR 1 0 2w BB K I E S 0. TR O 44 w8 H KX — 03
AL SRIGUEFR IR Viee (A 2500 1 58,30 5 [ 5 S 40 03k il o8 KR 38 il v H SR 19 KR e S AL 11 0.8 T 4k
WK IRATBE 0=5 I H K e[ 2, N | PR A TEFAL Viee M5/ K AE R St B P 2 BoR 1 R4
PWARLEARIF ) K FISAT 30 IRI9T3Y Ve 45T 3 Won T 6 MR 4E B e R4 H KA R OIUE NI Ve fH.0
MR A 1~10, 8 3G 0 0.5. 85 Ve (R NAFAS O7E B 55 1 50 IRSEER K1 Ve
Ve
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Fig.2 Change in the cluster validity index V¢ with various K on the Synthetic datasets
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Fig.3 Change in the V¢ with various € on the synthetic datasets
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Table 2 Comparison of F-score and Accuracy by different algorithms on the synthetic datasets

&2 ORCEE BB LA SIL ) F-score A1 Accuracy FE 54 EE

fabr K4 KSCC WKM MWKM KKM
DataSet1 0.95160.02 0.931240.18 0.9503+0.06 0.8869+0.04
F-score DataSet2 0.8023+0.05 0.723140.12 0.7623+0.06 0.7882+0.13
DataSet3 0.7133+0.13 0.6156%0.15 0.63796+0.08 0.6723+0.03
DataSet1 0.965410.02 0.931440.12 0.9631+0.03 0.8952+0.03
Accuracy DataSet2 0.8305+0.04 0.7319+0.11 0.7824+0.06 0.8054+0.06
DataSet3 0.7232+0.13 0.6346+0.14 0.6526+0.05 0.6833+0.03
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Table 3 Summary of the parameters for the real-world datasets

=3 RSEHRAE A RAE

UCIT #dli 4k B H D B K HABHN
Breastcancer 9 2 699
Vote 16 2 435
Mushroom & 2 8 124
Soybeansmall 35 4 47
Dermatology 33 6 366
700 15 7 101

B4 Breastcancer 2 FL RIS B Vote >Rk H 55 [ [ £ 4% 5510 3% B8 7 5P 42 Mushroom 2 [ AEAE: £,
JEHHTHLAM veil-type a2 P HUE ME—7E 5256 7 51 BR;Soybean(Small) A 35 44 [19 K 579595 £ 4 ; Dermatology
BHE A H T B 7 AR IR 12 W1 Zoo S s ELHs, th T3 W0 4 FR @ M TUE B AN [R], 5 s R P 200 56, PR e 7E 52
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Dermatology 41 £ 7] &1, 54~ 28 ) I RE A2 I3 A0 AN YIRS 0T BB T Ve, T EC S A28 B R R B Viee
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1.5(Breastcancer),1.5(Vote),2(Mushroom),2.5(Soybeansmall),3.5(Dermatology),1.5(Zoo) i, 58K i & i 4. 3R 4 7
TS PEVRLE B ARAE AR R R EE WK 4 T LU 5 HA 3 Bl LAV A L KSCC VR TE K6
Iy FCR R BRI R R R B U HLAE A A B 2 1Y) Mushroom RN Z 1) Zoo FAHXS i 4E 1K)
Soybeansmall F4f 4 b, 156 B BT 579560 28 Jg 20 200 46 LA 1 4 (105 W% . 7E. Dermatology (157 4038 57 k9% 12 WT)
Bn e 21 BE A B O Jm M R 1 AR AR IR I A A B R IR DG R, WKM B 5 MWKM 89258 TR0 AR H Ak
P, M R 2 (W@ AR QI 3X S 07 vk ™ H s e T 2R 2R 45 AL, T KSCC Skl i i 77 v A R & i 7 A%
& T JE AR ) 06 &R H R T 2R 8B & . Mushroom 040 SR AN P [RIAH2C, 1% 21 AN P I G v PRI A7 7E B R 1
7 505 KKMU MM B K SCC SV T R AE A X 43 Y bruises(5 4 A& PE) R veil-color(5f 16 4@ 1) %5
T @R T e T RO R, 3 — 2P U T % 1 s T SR SR L .

Ve

50

2 3 4 5 6 7 8 9 10

—e— Breastcancer —#@—Vote —e— —h— == D —*—Z00

Fig.6 Change in the cluster validity index V¢ with various K on the real-world datasets
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Fig.7 Change in the Vic with various € on the real-world datasets
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Table 4 Comparison of F-score and Accuracy by different algorithms, on the real-world datasets

R4 AU R BB LA SIL ) F-score A1 Accuracy FE 54 EE

e bs EiSinES KSCC WKM MWKM KKM

Breastcancer 0.9659+0.00 0.771340.06 0.8514+0.06 0.9125+0.02

Vote 0.8841+0.00 0.8223+0.06 0.8623+0.06 0.8438+0.04

Foscore Mushroom 0.7733+0.13 0.6746%0.08 0.7136+0.08 0.7014+0.02
Soybeansmall 0.8975+0.04 0.753840.13 0.7938+0.13 0.8126+0.07

Dermatology 0.7241+0.02 0.6442+0.11 0.6542+0.11 0.6717+0.02

Z00 0.76030.05 0.7425+0.03 0.7625+0.03 0.7625+0.05

Breastcancer 0.9654+0.00 0.810340.03 0.8631+0.03 0.9154+0.03

Vote 0.8805+0.00 0.8324+0.06 0.8824+0.06 0.8562+0.04

Accuracy Mushroom 0.785610.08 0.6862+0.12 0.7195+0.12 0.7326+0.03
Soybeansmall 0.9326+0.03 0.7869+0.12 0.8069+0.12 0.8155+0.07

Dermatology 0.8678+0.04 0.6821+0.08 0.6821+0.08 0.6959+0.02

700 0.7732+0.03 0.7726%0.04 0.812610.04 0.7789+0.02

L Breastcancer A, 8 45 H T &R EILIZAT 100 UK 1 2R SR BE 4310 Bt AR bR AR 38 25 BV AT B B P AL
FriE L F-score $abrfim Bk RIGRIG MR A 45 L Kl 8 Fivn, KSCC 5k 5 A vk Al b, sl e/ i F
k-modes! "> B 5y 5 2K 5k AR P AN 5 RE AT S B N SR S e At LA B T BR e vh 0 hy K AN BE AL B 1A 52, T L 3 3
BRI N FE R K (AREAE - Y05 B i kR viE 22 L) KSCC Sk d 1] B4k 3k 40 T LA a) 8, 2. A5 bb HA A 2%

SEREE I fiE.
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Fig.8 Comparison of F-score with different algorithms on Breastcancer
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Fig.9 Comparison of different algorithms running average time
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