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Abstract

In recent years, information technology has been improved and developed rapidly, and data has
shown an exponential growth trend, which makes data mining techniques less efficient and less
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performant. Attribute reduction, which can remove redundant attributes and retain important
attributes in information systems, is an effective method for data dimensionality reductionand the
shortest reduction can delete irrelevant attributes, thereby improving the efficiency of data pro-
cessing and analysis of the systems. The existing attribute reduction methods under set-valued
systems require the participation of all decision classes, and the efficiency of the algorithm is low,
while the reduction for all decision classes may be non-essential in some practical applications. To
address the above problems, this paper takes the set-valued decision system as the data back-
ground, proposes the definition of class-specific generalized decision simplification, constructs the
discernibility matrix and discernibility function for class-specific generalized decision simplifica-
tion, introduces the shortest simplification algorithm, proposes the shortest reduction algorithm
for class-specific generalized decision, and finally verifies the algorithm using eight sets of UCI data
sets from the length of reduction results, the percentage of non-empty terms in the discernibility
matrix and the reduction efficiency.
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Table 1. Set-valued decision systems
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Table 2. The minimal attribute reduction algorithm of general decision based on discernibility matrix (GRM)
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Table 3. The minimal attribute reduction algorithm of general decision reduction algorithm based on class-specific (MGRM)
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Table 4. UCI datasets

%< 4. UCI #1118
Fr5 Hm LR A4 PR XF 5 JE A
1 Daily Demand Forecasting Orders 60 12 9
2 Breast Tissue 106 9 4
3 Auto Mpg 398 7 10
4 Zoo 101 16 7
5 Speaker Accent Recognition 329 12 6
6 Primary Tumor 339 17 21
7 Absenteeism At Work 740 20 4
8 OBS Network 1075 21 4
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Table 5. The Comparison of reduction number and average reduction length
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3 {2,3,4,5,6,7} 6 {2,3,4,5} 4 {2,3,4,5,6} 5
4 {1,2,3,5,6,8,10,12,13,16} 10 {1,2,5,8, 13} 5 {1,2,7,8,9, 10, 13} 7
5 {1,2,3,4,7,8,9,10,11,12} 10 {1,2,3,6,7,8,9, 12} 8  {1,2,3,4,6,8,10,12} 8
6 11.23,46789,10,11,12, {1,2,3,4,5,7, 10, b L234571011,
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Figure 2. The comparison of Reduction efficiency
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