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Attribute Reduction Method Based on k-prototypes Clustering and Rough Sets
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Abstract For target information systems containing both continuous and symbolic values,a novel attribute reduction method is
proposed based on k-prototypes clustering and rough set theory under equivalent relations, which is suitable for hybrid data.
Firstly,k-prototypes clustering is applied to obtain clusters of information systems by defining the distance of hybrid data,form-
ing a division of the universe. Then the obtained clusters are used to replace equivalent classes in rough set theory,and the con-
cepts of cluster-based approximate set.positive region,attribute reduction are correspondingly proposed. An attribute importance
measure is also defined based on information entropy and the clusters. Finally.a variable precision positive-region reduction meth-
od is established, which can process both numerical and symbolic data,remove redundant attributes, reduce the needed storage and
running time cost,and improve classification performance of classification algorithms. Besides,the division of different granulari-
ties of the universe can be obtained by adjusting the clustering parameter £ and thus the attributed reduction can be optimized. A
large number of experiments are carried out on 11 UCI data sets, four common classification algorithms are used for classification
problems. The classification accuracy before and after reduction are compared. The influence of parameters on the results is ana-
lyzed in detail and verifies the effectiveness of the reduction method.

Keywords Attribute reduction.k-prototypes clustering, Rough set, Hybrid data. Multi-granule
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¥ H Python3 47 4 B, B BE L & 4 Intel (R) Core (TM) i7-
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Table 2 Comparison of classification accuracy before and after reduction

) KNN # & DecisionTree 7 SVC # NN #
& — — — ]
R 46 N R 4 4 g R A 4 e R A 4 JE
hayes-roth 0.76 0.77 0.70 0.70 0.52 0.52 0.58 0.61 0.95
crx 0.73 0.74 0.77 0.77 0.77 0.77 0.72 0.77 0. 80
Australian 0.82 0. 86 0.87 0. 87 0.75 0. 86 0. 86 0. 86 0.95
german 0.69 0.70 0.73 0.73 0.70 0.70 0.70 0.70 1. 00
messidor_features 0.67 0. 66 0.66 0.63 0.68 0.73 0.72 0.72 1.00
cme 0.48 0. 50 0.46 0. 46 0.49 0.52 0.50 0.53 0.95
seismic_bumps 0.95 0.95 0.95 0.95 0. 95 0.95 0. 95 0.95 1.00
abalone 0.23 0.23 0.25 0.25 0.23 0.24 0.27 0.25 1.00
Frogs_ MFCCs 0.88 0. 86 0.75 0.75 0.83 0. 86 0.76 0.73 1.00
letter-recognition 0. 84 0. 85 0. 84 0. 85 0.71 0.68 0.75 0.70 1.00
adult 0.82 0.83 0. 84 0.83 0.78 0.79 0.83 0.82 1.00
Average 0.7155 0.7227 0.7109 0.7082 0.6736 0.6927 0.6945 0.6945 -
A ke STV I (P NE 2 R E 3 T RET AR B %
AT A 6&’5@%% 28] ,@Hﬂgﬁ@f%%}% M 25 T7 )5 B 3 45 Table 3 Reduction rate of attribute number based on
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{8 TR 2 B0 ) I e R B O B JRUAR 15 L

F 3T T T RIS T 1k A TR S 0 e AL
Ko 23 T F Chy 29 181 J5 09 A5/ T 00 i A B0 L Sk AR 30 24 18] )5
AR B R . 11 AN SR 4 R F 2 2 Rk E)
72% HEBIE 4 german FIAH] 95% , 7F seismic_bumps | ik
F 94l FEMRE TROEEMIEO T W R BEAR 7 A7 6, i
25 il A5 43 28 5k A 2 O RO B0HE B AT R SR AR R
=,

clustering method

Bk JR 46 A % X g A # 41 %
hayes-roth 4 2 0.5
crx 15 2 0.87
Australian 14 2 0. 85
german 20 1 0. 95
messidor_features 19 6 0.68
cmce 9 4 0.56
seismic_bumps 18 1 0.94
abalone 8 1 0. 88
Frogs_ MFCCs 25 10 0. 60
Frogs_ MFCCs 16 7 0.56
letter-recognition 14 6 0.57

N T AARBUR M2 TS 43 28 R TR RO LA I8 AT 250 R il
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BARAE L AR B R 625,44 % F 37 %, AT SR W B
AN TR A el T 0T 00 TR M 0T A R AR TR A 24 1T D P 1 4
WA FTAR ] (A german JAT 20 4@ M 7T 25 i 45t 19 4, 29 /i 2%
BT eme HEA 1Y 9 A& RBELTRT 4 4, i BUR [ 4
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Table 4 Running time of classification algorithm before and

after attribute reduction

47 B /s

A% oy e B JE] 2 %
hayes-roth 53.68 24.17 0.55
crx 121.76 45.63 0.63
Australian 146.09 87.19 0. 40
german 209. 90 52.99 0.75
messidor_features 266.11 152.08 0.43
cme 326.82 289. 65 0.11
seismic_bumps 417. 81 133.28 0.68
abalone 3823.92 1329. 36 0.65
Frogs_ MFCCs 8517.59 3270.41 0.62
letter-recognition 24690. 68 13774.68 0. 44
adult 30017.67 18959. 02 0.37
Average 6235.64 3465. 31 0.51

FERCE AR 0 R EC AT HO T8 A 5 I EO 18 o B0 58 10
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after reduction

4.2 SHHIRME

HETZRERIENEEATE L EBZE LW
REAB R AR BH B £ B/ R WA B 25 Y 2805
RN ISR 3 SR A L LA e T 24 TR BT T B B A
B MRS S 40 B UAE T N IE B 24 AT A R AR L p=1 I
JIT SR A5 Y 249 TR 2 7™ B B4 AE B2 T L BT R DU 2 30 AL 24 L —
Mex & A AR SR A L 2 7R R AT RE IS A .

B ATRERIEDBN 2 8] 7 HAT LML ARE p=1
BT L WL EERH X L B o3 26k BE R A AR E L FL A SR
# 5 3.

F5 O WAEEHE L XPREMZWCREREN 25 7
Table 5 Effect of clustering number & on accuracy (number of clusters from 2 to 7)
) ‘ # 14 J& KNN #5 & #% & DecisionTree 4§ &
RER 2 3 4 5 6 7 R £ 2 3 4 5 6 7 Rk %
hayes-roth 0.67 0.67 0.61 0.70 0.77 0.72 0.0493 0.61 0.61 0.58 0.64 0.70 0.64 0.0374
crx 0.74 0.54 0.54 0.74 0.74 0.74 0.0943 0.77 0.60 0.60 0.77 0.77 0.77 0.0801
Australian 0.64 0.86 0.64 0.64 0.64 0.86 0.1037 0.68 0.87 0.68 0.68 0.68 0.87 0.0896
german 0.70 0.68 0.68 0.68 0.68 0.68 0.0075 0.73 0.71 0.71 0.71 0.71 0.71 0.0075
messidor_features 0.60 0.60 0.60 0.63 0.66 0.60 0.0229 0.59 0.59 0.59 0.59 0.63 0.54 0.0261
cmce 0.49 0.49 0.50 0.50 0.49 0.48 0.0069 0.46 0.46 0.46 0.46 0.46 0.46 0
seismic_bumps 0.95 0.95 0.95 0.95 0.95 0.95 0 0.95 0.95 0.95 0.95 0.95 0.95 0
abalone 0.23 0.14 0.22 0.22 0.20 0.20 0.0297 0.25 0.18 0.23 0.23 0.25 0.25 0.0248
Frogs_MFCCs 0.86 0.35 0.35 0.52 0.28 0.30 0.2017 0.75 0.47 0.47 0.47 0.30 0.30 0.1503
letter-recognition 0.85 0.79 0.78 0.77 0.79 0.78 0.0262 0.85 0.82 0.83 0.82 0.82 0.82 0.0111
adult 0.83 0.83 0.83 0.84 0.83 0.83 0.0037 0.83 0.82 0.83 0.83 0.83 0.84 0.0058
Average 0.69 0.63 0.61 0.65 0.64 0.65 0.0496 0.68 0.64 0.63 0.65 0.65 0.65 0.0393
g & # e SVC A % )5 NN
2 3 1 5 6 7 ok £ 2 3 1 5 6 7 iRk E
hayes-roth 0.39 0.48 0.45 0.42 0.52 0.42 0.0431 0.58 0.39 0.55 0.55 0.61 0.64 0.0797
crx 0.77 0.53 0.53 0.77 0.77 0.77 0.1131 0.77 0.61 0.53 0.77 0.77 0.76 0.0959
Australian 0.66 0.86 0.66 0.65 0.65 0.86 0.0967 0.55 0.86 0.55 0.67 0.67 0.86 0.1276
german 0.70 0.70 0.70 0.37 0.33 0.70 0.1654 0.70 0.70 0.70 0.70 0.70 0.70 0
messidor_features 0.63 0.65 0.55 0.70 0.73 0.55 0.0683 0.63 0.63 0.56 0.66 0.72 0.56 0.0559
cmce 0.50 0.47 0.41 0.49 0.48 0.52 0.0344 0.44 0.46 0.43 0.52 0.51 0.51 0.0362
seismic_bumps 0.95 0.95 0.95 0.95 0.95 0.95 0 0.95 0.95 0.95 0.95 0.95 0.95 0
abalone 0.24 0.18 0.21 0.20 0.22 0.22 0.0186 0.25 0.18 0.25 0.25 0.24 0.24 0.0250
Frogs_ MFCCs 0.86 0.47 0.47 0.47 0.30 0.31 0.1853 0.73 0.33 0.36 0.40 0.37 0.35 0.1388
letter-recognition 0.68 0.70 0.72 0.70 0.76 0.75 0.0285 0.70 0.78 0.78 0.77 0.78 0.78 0.0293
adult 0.79 0.78 0.79 0.79 0.79 0.80 0.0058 0.82 0.82 0.81 0.81 0.82 0.82 0.0047
Average 0.65 0.62 0.59 0.59 0.59 0.62 0.0690 0.65 0.61 0.59 0.64 0.65 0.65 0.0539
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Table 6 Influence of threshold 8 on accuracy
. KNN DecisionTree
A% s —
B B2 By B Bs ok 2 B B Bs By Bs TR £
hayes-roth 0.67 0.61 0.61 0.61 0.61 0.0240 0.61 0.58 0.58 0.58 0.58 0.0120
crx 0.74 0.74 0.74 0.74 0.74 0 0.77 0.77 0.77 0.77 0.77 0
Australian 0.64 0.64 0.64 0.64 0.64 0 0.68 0.68 0.68 0.68 0.68 0
german 0.70 0.70 0.68 0.70 0.68 0.0098 0.73 0.73 0.71 0.73 0.71 0.0098
messidor_features 0.60 0.60 0.60 0.60 0.60 0 0.59 0.59 0.59 0.59 0.59 0
cme 0.49 0.41 0.41 0.41 0.41 0.0320 0.46 0.39 0.39 0.39 0.39 0
seismic_bumps 0.95 0.95 0.95 0.95 0.95 0 0.95 0.95 0.95 0.95 0.95 0
abalone 0.23 0.23 0.23 0.22 0.23 0.0040 0.25 0.25 0.25 0.25 0.25 0
Frogs_ MFCCs 0.86 0.22 0.22 0.22 0.22 0.2560 0.75 0.25 0.25 0.25 0.25 0.2000
letter-recognition 0.85 0.62 0.37 0.37 0.37 0.1930 0.85 0.68 0.33 0.33 0.29 0.2266
adult 0.83 0.81 0.81 0.82 0.82 0.0075 0.83 0.82 0.82 0.82 0.82 0.0040
Average 0.69 0.59 0.57 0.57 0.57 0.0478 0.68 0.61 0.57 0.58 0.57 0.0411
i e SVC — NN _
B B2 By By Bs ok 2 B B2 Bs By Bs Rk #
hayes-roth 0.39 0.45 0.45 0.45 0.45 0.0240 0.58 0.55 0.55 0.55 0.55 0.0120
crx 0.77 0.77 0.77 0.77 0.77 0 0.77 0.77 0.77 0.77 0.76 0.0040
Australian 0.66 0.65 0.65 0.65 0.65 0.0040 0.55 0.68 0.66 0.66 0.67 0.0476
german 0.70 0.70 0.70 0.70 0.70 0 0.70 0.70 0.70 0.70 0.70 0
messidor_features 0.63 0.60 0.63 0.60 0.63 0.0147 0.63 0.61 0.63 0.61 0.63 0.0098
cme 0.50 0.49 0.49 0.49 0.50 0.0049 0.44 0.49 0.48 0.47 0.50 0.0206
seismic_bumps 0.95 0.95 0.95 0.95 0.95 0 0.95 0.95 0.95 0.95 0.95 0
abalone 0.24 0.24 0.23 0.23 0.23 0.0049 0.25 0.25 0.26 0.26 0.25 0.0049
Frogs_ MFCCs 0.86 0.17 0.17 0.17 0.17 0.2760 0.73 0.25 0.25 0.25 0.25 0.1920
letter-recognition 0.68 0.25 0.14 0.14 0.11 0.2134 0.70 0.35 0.18 0.18 0.13 0.2097
adult 0.79 0.76 0.76 0.76 0.58 0.0759 0.82 0.80 0.80 0.79 0.79 0.0109
Average 0.65 0.55 0.54 0.54 0.52 0.0562 0.65 0.58 0.57 0.56 0.56 0.0465
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Fig. 8 Comparison of performance of three algorithms
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