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Cross—project Software Defect Prediction Based on Multiple Kernel
Ensemble Learning
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( School of Automation,Nanjing University of Posts and Telecommunications , Nanjing 210003, China)

Abstract ; Software defect prediction aims to predict the defect proneness of new software modules with the historical defect data so as to
improve the quality of software system. The defect modules of software have complex structure and unbalanced category distribution with
limited historical data. In order to solve these problems,we propose a cross—project software defect prediction method based on multiple
kernel ensemble learning. Cross—project software defect prediction is an effective way to solve the lack of datasets in the initial project
defect prediction. Multiple kernel learning can combine kernel functions with different characteristics to make the data better expressed in
the new feature space and improve the prediction accuracy. Ensemble learning can solve the problem of category distribution imbalance.
Considering that the risk of predicting a defective module as a defect—free module in software defect prediction is far greater than
predicting a defect—free module as a defective module,a cost—sensitive matrix is introduced in the calculation of the error. The NASA
and AEEEM datasets as test data are used to evaluate the performance of all comparison methods. The experiment shows that the
proposed algorithm is efficient.
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