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Abstract ; Software defect prediction (SDP) is an important method to improve the quality of software. Currently many latest results from
machine learning has been applied to improve the performance of defect prediction. However,imbalance of class distribution usually exists
in SDP dataset, which might affect the prediction performance. For this, we propose a novel software defect prediction method termed
class—imbalance sparse reconstruction metric learning (CSRML). In CSRML, by introducing cost—sensitive factor into metric learning ,a
feature matrix of distance metric can be learned and the problem of different cost of misclassification can also be solved. And weight pa-
rameter is added in objective function to further improve the accuracy of the small class samples distance metric learning. Finally, im-
proved weighted KNN (IWKNN) method is employed to predict the label of test sample for tackling class imbalance in prediction phase.
Experiment on the NASA SDP dataset demonstrates that the proposed method can improve the recall rate, F' —measure value and classifi-
cation performance.
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