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Abstract The imbalanced data set refers to more instances in one class than that in other classes, which can
influence classification results, and make basic classifiers have bias towards the majority class. Synthetic minority over-
sampling technique ( SMOTE ) is one of over-sampling methods dealing with data imbalance problem, this method
generates one synthetic sample according to a line segment of two minority samples as endpoint. This paper proposes a
new over-sampling method of the minority class based on SMOTE. This method made improvement on how to generate

new samples, it took more than two real samples into account to generate one synthetic sample, which increased diversity

of synthetic samples. The experimental results show that this method achieves better area under curve and stability.
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