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Cross-validation strategy in attribute reduction based on decision cost
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Abstract: Attribute reduction is a core problem in rough set theory, with its purpose of getting rid of redundant attributes
to obtain a reduct with better generalized performance. In decision-theoretic rough set, the decision cost is frequently
regarded as constraint of attribute reduction. However, it is worthy to notice that although the reduct obtained by the
algorithm based on the consideration of decision cost can effectively reduce the decision cost of the training set, it may
fails to effectively reduce the decision cost of the test set. To solve such problem,a new algorithm, based on the method
of cross-validation, is designed through using the decision cost as constraint. The experimental result over eight UCI
data sets show that compared with the traditional algorithm based on decision cost, the proposed algorithm not only
reduces the decision cost of training set and the test set, but also brings better classification performance.
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Table 1 Cost matrix in decision-theoretic rough set
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Table 2 Description of datasets
D RS AN wIEAE R
1 Breast Tissue 106 9 6
2 Connectionist Bench (Vowel Recognition-Deterding Data) 990 14 11
3 Dermatology 366 34 6
4 Ecoli 336 7 8
5 Forest 523 27 4
6 Ionosphere 351 34 2
7 Statlog(Vehicle-Silhouettes) 846 19 4
8 Urban Land Cover 675 147 9
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Table 3 Classification accuracies and lengths of feature subsets

KNN SVM CART Y fRi K
P ikl Bk ikl Bk ikl k2 ikl Bk
1 0. 6087 0.6043 0.5315 0. 5387 0.6147 0.6318 2.14 2.58
2 0. 8652 0.9196 0. 5290 0.5384 0. 7230 0.7565 5.78 9.82
3 0. 8944 0.9185 0. 9002 0.9270 0.8956 0. 9300 5.70 7. 44
4 0.8154 0. 8647 0. 8068 0. 8381 0.7721 0.8078 4.28 5. 64
5 0.8152 0. 8458 0.8223 0. 8380 0.7816 0. 8003 2.82 4. 64
6 0.8958 0. 8975 0.8581 0.8618 0.8538 0. 8806 2.32 3.80
7 0.6351 0. 6672 0.5316 0. 5507 0.6117 0. 6477 3.42 5.04
8 0. 7874 0. 8163 0.7453 0.7914 0.7671 0.7982 3.30 4.78
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Fig.1 Decision cost of two algorithms
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Table 4 Time consumption of two algorithms

D GGRC B2

1 0.0676 0. 3095
2 3.6052 21.7105
3 2. 0940 11.3334
4 0.2941 1.2293
5 1. 5900 8. 2857
6 0.9510 4.7678
7 1.6639 9.9960
8 10.4979 149. 1929
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