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Improving performance of decision trees
with multi-edit-nearest-neighbor algor ithm

YE Chen-zhou, YANG Jie, YAO L i~xiu, CH EN N ian-yi
(Institute of image Processing and Pattern Recognition, Shanghai Jiaotong U niversity, Shanghai 200030, China)

Abstract: Noises and overlgpped regions existing in training samples hurt the smplicity and generality
of decision trees To lve this problen, a sanple selection algorithm based on multi-edit-nearest-
neighbor rule is proposed This algorithm, under ideal conditions, can eliminate the noise satisfying
ome prerequisites, purify the overlgpped region according to itsmembers' posterior probabilities, and
finally fom aBayesian boundary betw een samplesof different classes W hen applied to an agopropriate
training dataset, it obviously cuts down the sizeof resulting decision treesw ithout sacrificing the
accuracy. This mproves both the understandability and generality of decision trees
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