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Discussion of Classification for Imbalanced Data Sets

ZHI Weirmei  GUO Hua-ping FAN Ming YE Yang-dong
(College of Information Engineering, Zhengzhou University, Zhengzhou 450052, China)

Abstract Because of imbalanced class distribution, most classifiers lose efficiency with it. In fact the rarely occurring

class in imbalanced datasets shows statistical significance, The problem of learning from imbalanced datasets has attrac-

ted growing attention in recent years. The paper provided a comprehensive review of the classification of imbalanced

datasets, the nature of the problem, the factor which affected the problem, the current assessment metrics used to evalua-

te learning performance,as well as the opportunities and challenges in the learning from imbalanced data.
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