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Abstract : A dataset is imbalanced if the classification categories are not approximately equally represented. Often real-world datasets are
predominately composed of “normal” examples with only a small percentage of “abnormal” or “interesting” examples. It is also the
case that the cost of misclassifying an abnormal ( interesting) example as a normal example is often much higher than the cost of the re-
verse error. Traditional machine learning algorithms may be biased towards the majority class, thus producing poor predictive accuracy o-
ver the minority class. Based on the deep analysis on current research about rare cases classification , proposes a learning framework to ad-

dress the problem of relative isolation of research between data complexity and solution of imbalanced data, and lack of systematic defects

to meet the increasingly urgent applications.
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