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Abstract  Attribute reduction can effectively remove the unnecessary attributes in order to improve the performance of the classi-
fiers. Fuzzy rough set theory is an important formal of processing the uncertain information. In the fuzzy rough set model, the ap-
proximations of an object may be affected by uncertain distribution of samples. Consequently,acquiring effective attribute reduc-
tion may be influenced. In order to effectively define approximations, this paper proposed a novel fuzzy rough set model named
distance ratio scale based fuzzy rough set. The definition of samples based on distance ratio scale is introduced. The influence of
uncertain distribution of samples to approximations is avoided by controlling the distance ratio scale. The basic properties of this
fuzzy rough set model are presented and the new dependent function is defined. Furthermore, the algorithm for attribute reduction
is designed. SVM, NaiveBayes,and J48 were used as test classifier executed on UCI data sets to verify the performance of the pro-
posed algorithm. The experimental results show that attribute reduction can be effectively obtained by the proposed attribute re-

duction algorithm and the classification precisions of classifiers are improved.
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Table 4  Accuracy on J48

CHLA s 5D

Data Set Raw RS FRSDM  DRFRS'F DRFRS-L
credit. a 86.09  86.23 86.09 86.52 86.81
glass 66.82 — 67.76 68. 22 70.09
heart. ¢ 77.56 76.9 79.87 78.22 81.19
heart. statlog 76.67 — 80. 74 80. 37 81.85
hepatitis 83.87  81.29 85.81 85.81 83.23
1LPD 65.46 65.98 65. 64 67.01 67.01
ionosphere 91.45 92.02 91.74 91.74 92.02
messidor 64. 38 62.9 64.38 65.51 65.25
wine 93.82 93.26 94. 38 94. 38 95.51
sonar 71.15 — 74.52 78.37 77.40
wdbe 93.15 94.9 94. 38 94. 38 94.73
Avg. 79.13 — 80. 48 80. 96 81.37
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