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Approximate reduction of fuzzy ordered decision information system
with attribute weighting

Xu Weihua', Kong Zimo, Chen Yaoqi
(College of Artificial Intelligent, Southwest University , Chongqing,400715, China)

Abstract: In order to ensure that the key attributes can be retained during attribute reduction process, attributes of the
information system can be weighted, so as to improve the influence of the key attributes. Based on this, this paper establishes
the models of upper and lower approximate reduction in fuzzy order decision information system with attribute weighting,
obtains the judgment theorems of two kinds of reduction, and gives the identification matrix and reduction method for solving
the upper and lower approximate reduction. Finally,an example is given to verify the effectiveness of the reduction method.
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Table 1 A fuzzy ordered decision information system
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Table 4 The experimental datasets
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Table 5 Classification accuracy of upper approximate

reduction under SVM and KNN

LISITES

SVM

KNN

Caesarian Section

Classification Dataset

iris

wine

Connectionist Bench

seed

Blood Transfusion

Service Center

audit_risk

banknote authentication

61.90% 4 5.83%

99.17% + 0.55%
95.71% + 0.63%
84.85% + 3.26%
71.86% + 4.38%

76.76% + 4.72%

86.13% + 2.36%
97.81% +1.51%

68.75% 4 4.93%

96.67% + 0.72%
97.14% + 0.47%
76.16% + 2.96%
61.90% =+ 6.47%

75.33% +4.37%

81.41% + 2.74%
91.27% +1.79%

84.27% +2.91%

81.08% + 3.06%
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Table 6 Classification accuracy of upper approximate

reduction under SVM and KNN
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KNN

Caesarian Section

Classification Dataset

iris

wine

Connectionist Bench

seed

Blood Transfusion

Service Center

audit_risk

banknote authentication

74.60% + 5.47%

74.17% + 4.68%
91.43% + 3.62%
88.79% + 4.38%
99.04% + 1.49%

78.92% + 5.37%

95.81% + 1.74%
97.35% +1.37%

43.75% + 7.46%

63.33% + 4.37%
65.71% + 4.73%
69.52% + 6.24%

85.71% + 2.84%

77.33% +5.22%

87.82% + 2.68%
90.91% + 2.03%

87.51% + 2.97%

73.01% + 4.45%
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