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Fast Feature Selection Algorithm Based on Fuzzy Rough Sets
Zhang Xiao!, Yang Yanyan?

(1. Department of Applied Mathematics, Xi'an University of Technology, Xi'an, 710048, China;2. Department of Automation,
Tsinghua University, Beijing, 100084, China)

Abstract: Fuzzy rough set theory has been paid much attention since it can be used to deal with the
uncertainty in the real-valued data or even the mixed data. One of the most important applications of fuzzy
rough sets is feature selection, and there have existed many related feature selection methods. However,
little attention has been paid on fast feature selection algorithms. Data collected in practice generally include
noises or possess some instances with less information. Considering to previously select representative
instances from the original data set and perform data mining algorithms on the selected instances set, one
may reduce the computation of the algorithms. In view of the advantage of instance selection, the instances
are firstly selected based on fuzzy rough sets according to the values of the fuzzy lower approximation of
instances in this paper. Then, the evaluation measure of feature selection is constructed by using fuzzy
rough set-based information entropy of the selected instances, and the corresponding feature selection
algorithm is provided to alleviate the computational complexity. Some numerical experiments are conducted
to show the efficiency of the proposed fast algorithm, and the reasonable suggestion of the critical
parameter is given to determine the number of the selected instances.
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Wisconsin diagnostic breast cancer WDBC 569 30 30 0 2
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Cardiotocography CTG 2126 20 20 0 3
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Tab.2 Best threshold and the related experimental results obtained by 1NN

Average number of

Average number of

Average running time

Data set Best a
selected instances selected features Time/s Ratio/ %

Wine 0.15 115.4 12.8 0.18 70.7

WDBC 0.30 63.8 29.0 0.92 12.4
Libras 0.05 318.6 71.3 52.3 98.7
Steel 0.10 1542.9 20.9 38.75 89.7
CTG 0.20 1507.3 20.0 24.21 80.0
Heart 1.00 168.8 8.0 0.26 58.2
Horse 1.00 323.8 9.9 1.35 82.5
Credit 1.00 509.3 8.0 1.54 64.3

®3 LSVMAETWEHRESRE REMMREER
Tab.3 Best threshold and the related experimental results obtained by LSVM
Data set Best Average number of ~ Average number of Average running time
selected instances selected features Time/s Ratio/ %

Wine 0.30 59.0 12.8 0.09 35.8
WDBC 0.35 45.9 26.0 0.64 8.7
Libras 0.25 275.3 70.8 44.89 84.7
Steel 0.20 884.0 20.9 22.18 51.3
CTG 0.15 1706.5 20.0 27.17 89.8
Heart 1.00 168.8 8.0 0.26 58.2
Horse 1.00 323.8 9.9 1.35 82.5
Credit 1.00 509.3 8.0 1.54 64.3
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