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Recently there have been many research efforts focused on imbalanced data classification
problems, since they are pervasive but hard to be solved. Approaches to the imbalanced data
problems can be categorized into data level approach using re-sampling, algorithmic level one
using cost functions, and ensembles of basic classifiers for performance improvement. As an
algorithmic level approach, this paper proposes to use multilayer perceptrons with higher-order
error functions. The error functions intensify the training of minority class patterns and weaken
the training of majority class patterns. Mammography and thyroid data-sets are used to verify
the superiority of the proposed method over the other methods such as mean-squared error,
two-phase, and threshold moving methods.
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