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A New Attribute Reduction Algorithm for Covering Decision
Information System Based on Graph

ZHANG Jie', ZHANG Yanlan"”, LIN Yidong®
(1. School of Computing , Minnan Normal University, Zhangzhou 363000, China;
2. School of Mathematical Sciences , Xiamen University , Xiamen 361005, China)

Abstract: At present, attribute reduction is one of the important research issues for rough set theory and is mainly used to
remove redundant information of high—dimensional data. It is proved that solving the attribute reduction of covering deci-
sion information system is equivalent to finding the minimal vertex covering of a hypergraph. Our new attribute reduction al-
gorithm was proposed with a three—step strategy. Firstly, the discernibility set of the covering decision information system
was determined, then the incidence matrix of a hypergraph was specified and finally the minimal vertex cover of the hyper-
graph with greedy method was found. Experimental results showed that the new attribute reduction algorithm can reduce the
dimension of data as well as the time complexity effectively.
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Table 1 Table of numerical data

U a, a, a, a, d
%, 0.45 0.65 0.30 0.70 0
X, 0.10 0.15 0.95 0.40 1
e 0.50 0.05 0.25 0.95 0
Xy 0.65 0.90 0.20 0.30 1
xs 0.30 0.80 0.65 0.10 1
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Table 2 Discernibility matrix of S

X, X, Xy Xy X
X, A A A C,C,C, c,ciC,
X A A c,ciC, A A
X A c,csC, A c,C,C, A
X, C,C, A C,C, A A
s A A A A A
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Table 3 The neighborhood of a point
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Table 4 Incidence matrix of hypergraph H of example 4

v, v, v, v,
E, 0 1 0 1
E, 0 1 1 1
E 1 0 1 1
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Table 5 Experimental data set
aes e Ul IC! AL
1 Aggregation 788 2 7
2 Car 84 11 8
3 Glass 214 9 6
4 Heartstatlog 270 13 2
5 Hepatitis 155 19 2
6 LSVT_voice_re 126 310 2
7 SCADI 70 205 7
8 Sonar 208 60 2
9 Wine 178 13 3
10 WarpAR10P 130 2 400 10
x6 HEEHEMEHE
Table 6 Number of attributes after reduction
Hutadk CDG CDG2
Aggregation 2 2
Car 1 1
Glass 1 1
Heartstatlog 1 1
Hepatitis 1 1
LSVT_voice_re 53 53
SCADI 1 1
Sonar 1 1
Wine 1 1
WarpAR10P 2 2
R7 PHAKHIEITRE
Table 7 Running time of identification data set
ms
Kbtk CDG CDG2
Aggregation 5.00 <0.10
Car 3.00 1.00
Glass 8.01 <0.10
Heartstatlog 4.00 1.00
Hepatitis 3.02 <0.10
LSVT_voice_re 29.02 0.99
SCADI 77.01 1.00
Sonar 20.00 <0.10
Wine 5.00 <0.10
WarpAR10P 1770.10 7.00

%6 4 CDG2 B3l CDG B :%F 10 M4 HARI 2 g R . R aT LI, AR SCH: i CDG2 3

A CDG kA T LAFRAS
Ef1¥Ee
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e — D HIER AR



5513 SRR, 45 BT R B R 5 AR SR PR R RA 23

7 0 CDG2 5L A CDG B AE 10 /B 45 b7 A BERAE (IS TR a] . AZR 7 T 0 ARBIF ST 38 1 1)
CDG2 BB 7E SCADI A HE A 15 3 R4 (1IN [A] 2 CDG 35 5519 1.29% , 76 LSVT _voice_re $Ui 4 F15 3R
LM TAE: CDG BYA 1Y 3.44% , 7F Warp AR10P Ba 4 A5 BN AL (IR & CDG B34 0.39% . M SEEGEL
PRI LA Y, CDG2 Bk A i 4 G 45 Warp AR10P 145 2 HEHAE A A1) R RRA o0 IR . A LA B i
CDG2 B30 T = 2 O B A /D T — 2 A8, JLAs [a) & 8 v 5 R e A 46 AH L PRS2 . CDG
FERL I 29 O(|U | A]) 9 =W B HC, T CDG2 SEIE M IS A O (|U (| A|) WM. 4| U | 3R,
LAERREO (U | A) e s O (| U LA B8 B R W . b o7 0, CDG2 A5 5 B AR (32 AT e ]
BI/NF CDG I, BLAE LRy Hr i Bdia 4 iz 7 e (Rl R34 fin BH &

228 4 CDG2 B CDG VL TE 8 MR AE I A 2 R AR IS TR E] . R AT LA ), ABFSE 42 i
CDG2 FVEAE Aggregation B4 1159 31 2 i 4 (O B ]2 CDG S35 1) 14.24% , 78 Car 30545 115 2] 2 R 4E (1)
Bf B2 CDG 5535 14 21.23% , 7F Glass BU64E A5 2] 25 i 4R (B ] LS4 in B S o it ] L, CDG2 B A
Y fEHE AT I E/NF CDG Bk, i S gl 45 ik — 25 3 B CDG2 S —Fh i L JE P A fi i o &5 1]
1L, CDG2 B4 T CDG B .

®8 HEEMIZITHIE
Table 8 Running time of reduced set

Bk CDG CDG2
Aggregation 146.01 31.00
Car 797.05 190.01
Glass 928.05 281.02
Heartstatlog 242.01 129.01
Hepatitis 727.04 735.04
LSVT_voice_re 24401 24301
SCADI 863.05 773.04
Sonar 572.04 198.01
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i A S C A Ik Al LA A PR Rl o b, 5 3CR116]A9 CDG SR AH LL , CDG2 SR 7 ik i
Ak B AR AR AR L RIS, CDG2 30k AT AR A ik [ SR 38, -t S 40 MRS (B Y S 3R 3 1k A 3L
P, %07 1% T LR AR — b e i S R 0 O R e SR o SR, A ik — 2D A5 foe /N DO B e DA A Jl —
AT REFEAT B IO ) g/ VRFIE T4 SR FRAT T 2 08 = BT Tr ) 22—
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