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Over-Fitting and Its Countermeasure in Feature Selection Based on Rough Set
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Abstract:In rough set theory, forward heuristic algorithm selects the most important feature in the process of

feature selection until the given constraint is satisfied. However, the feature subset selected by such strategy

may bring us over-fitting. To solve this problem, a new heuristic algorithm is designed. The importance of the

feature 1s obtained by cross validation and then the early stopping is employed to terminate the algorithm when

over - fitting occurs. Based on the neighborhood rough set, the new method is compared with the heuristic

algorithm over several UCI data sets. The experimental results show that: the proposed algorithm can

effectively reduce the degree of over-fitting, and the feature subset obtained by the new algorithm may offer

better classification performances.
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8 Vertebral column 310 6 2
9 Wilt 4839 5 2
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Tab.2 Classification accuracies
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2 0.498 5 0.5112 0.699 2 0.745 4 0.462 0 0.484 5 0.680 3 0.723 6
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9 0.946 1 0.946 1 0.9339 0.9256 0.947 0 0.949 5 0.913 2 0.9215
F- A 0.767 4 0.783 6 0.765 6 0.819 3 0.761 5 0.782 2 0.756 3 0.7951
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