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Rough Set Based Attribute Reduction Algorithm for Hybrid Data

TAN Xu, TANG Yun-lan, ZHANG Shae- ding, CHEN Ying-wu
(College of Information System and Management, National Univ. of Defense Technology, Changsha 410073, China)

Abstract: With regard to the attribute values in decision table, which are described with hybrid data, a new algorithm of attribute
reduction based on ugh set theory is proposed. Fimst, the similarity relations among objects with hybrid data are defined. In order to
obtain reasonable soft paititions among objects, the optimization model for threshold accounting is presented. Then, based on the upper
and lower approximation concept from rough set theory, the covering upper and lower similar partiions among objects are ohtained. In
succession, through descriptions of the upper and lower similar distribution matrixes found on condiion attributes and decision attribute,
the two attribute reduction results of different viewpoints can be retrieved intuitively, based on the maedistribution matrixes. Finally, the
experiment results prove that this algorihm is effective and feasible.
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Tab.1 Decision table of flue-cured tobacco leaves classification
(em) (%)
1 25 35
2 28 30
7 45 10
13 35 35
14 40 20
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14} }
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Tab.2 Comparison of manifold reduction method based on CART algorithm
Al A2 A3
Attr Ace Mis  Attr Acc Mis  Attr Ace Attr Acc Mis
E. coli 1 042610017 0.213 7 0.820F0.04 0165 5 0.805%0.081 0.173 7 0.851£0.064 0 142
Ausgralian credit 12 087%0.140 0.158 13 0.84F0.1492 0074 7 0. 81%0.075 0.082 10 0.862+0.041 0 040
Yeast 4 0357%0.102 0246 8 070310082 0197 5 0.689F0.101 0.208 8 0.803*0.051 0 117
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Tab.3 Comparison of manifold reduction method based on RBE-SVM algorithm
Al A2 A3
Attr Ace Mis  Atir Ace Mis Attr Ace Mis  Atr Ace Mis
E. coli 1 046%0.017 0.231 7 0.851%0.0% 0158 5 0.85%0.062 0.173 7 0.869%F0.030 0 087
Ausgralian credit 12 086F0.089 0.102 13 0.814F0.072 0063 7 0.827F0.045 0.071 10 0.866F0.028 0 033
Yeast 4 0401F0.063 0.248 8 0.706%0.021 0201 5 0.693F0.057 0.207 8 0.811F0.04 0 144
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