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Abstract; With the development of computer technology , how to predict the potential defects in software project preciously is an important
topic. Recently , researchers have introduced some machine learning methods into the software defect prediction field. However, they usual-
ly utilize the traditional Euclidean metric in classification phase. Distance metric learning can learn an effective distance metric by exploi-
ting the feature and label information of training sets, which makes the original samples hold better discriminability in the new feature
space. The distance metric learning is introduced into the software defect prediction field,and a novel software defect prediction approach
called Local Sparse Reconstruction based Metric Learning (LSRML) is proposed. It incorporates the local sparse reconstruction informa-
tion into the distance metric learning scheme. The learned distance metric not only has favorable discriminability , but also effectively han-
dles the noise problem. The experiment results on the NASA projects demonstrate the effectiveness of the proposed approach.
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