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Abstract

In this paper we analyse the effects of Bayesian algorithm in leaming class imbalance problems and compare the
performance evaluation methods. The learning performance of the Bayesian algorithm is evaluated over the class imbalance
problems generated by priori data distribution, imbalance data rate and discrimination complexity. The experimental results
are calculated by the AUC(Area Under the Curve) values of both ROC(Receiver Operator Characteristic) and
PR(Precision-Recall)} evaluation measures and compared according to imbalance data rate and discrimination complexity. In
comparison and analysis, the Bayesian algorithm suffers from the imbalance rate, as the same result in the reported
researches, and the data overlapping caused by discrimination complexity is the another factor that hampers the learning
performance. As the discrimination complexity and class imbalance rate of the problems increase, the learning performance
of the AUC of a PR measure is much more variant than that of the AUC of a ROC measure. But the performances of
both measures are similar with the low discrimination complexity and class imbalance rate of the problems. The
experimental results show that the AUC of a PR measure is more proper in evaluating the learning of class imbalance
problem and furthermore gets the benefit in designing the optimal learning model considering a misclassification cost.
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Table 2. AUC-ROC comparisons(%) with class distances and imbalance rates.
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Table 3. AUC-PR comparisons(%) with class distances and imbalance rates.
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AUC-ROC vs. imbalance rate
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