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Abstract Neighborhood rough set theory is mainly used for knowledge discovery,attribute selection, decision analysis
and data mining,and other fields. It can choose appropriate discretization strategy based on the characteristics of data
and perform well in dealing with fuzzy and uncertain knowledge, but the traditional rough set attribute reduction algo-
rithm is difficult to obtain reduction,and the attribute recognition accuracy of reduced rough set is low. Therefore, this
paper put forward a kind of attribute reduction algorithm based on attribute importance. Considering the shortcomings
of conditional information entropy in many aspects,the threshold parameters are re-selected by using the theory of varia-
ble precision neighborhood rough set. Based on the new conditional information entropy as the measurement bench-
mark, the preference decision rule set is deduced according to the preference attributes in the decision information sys-
tem. This paper extracted rough rules from preference decision rule set and established a variable precision neighbor-
hood rough set model by using neighborhood granulation method. When dealing with large-scale rough set attribute da-
ta, this model takes a long time to calculate and has too many redundant attributes. Aiming at this problem,an evalua-
tion strategy of attribute importance was given. Based on this,a variable precision neighborhood rough set attribute re-
duction algorithm was theoretically designed by fusing multi-tree. The experimental results show that compared with
the traditional method, the accuracy of attribute recognition of the proposed method is 92 % , which is improved by 10 %.
This fully verifies that the proposed attribute reduction algorithm has strong effectiveness and higher application value.
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Table 1 Information table corresponding to rough set

information system
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Table 2 Attribute information of rough dataset

MeEEE  HAN/A O BEE/A BRERA/X
vehicle 1692 36 8

ionosphere 702 68 4
sonar 416 120 4
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Table 3 Attribute results after attribute feature reduction using

two algorithms
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Table 4 Attribute results after attribute feature reduction using

traditional algorithm

ALK HAE & YRS R
vehicle [24;20;2]
ionosphere [10;2;18;28;48;16;52;40]
sonar [90;72;42;52;46;66;38;48;44;22;24;54;28;68;80;86;92]
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Table 5 Attribute results after attribute feature reduction using

improved algorithm
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vehicle [22;12;34;30;32;10;26;2;28;3634;6514] 1

ionosphere [10:2;6356316;40;12;14;22;20;60;68] 1
sonar [22:32;72;32;6310;2] 1
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Fig. 1 Recognition accuracy of different algorithms after attribute

reduction
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