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Abstract ; Software defect prediction is a system reliability assurance method which can improve the quality of software system and opti-
mize the distribution of test resources. When the previous defect labels of modules in software history warehouse are limited , building an
effective prediction classifier by using machine learning methods becomes a challenging problem. Aiming at this problem,a co-training
algorithm for software defect prediction based on non-negative sparse graph is proposed, which combines with the advantages of the
graph-based semi-supervised learning method and the co—training method and estimates the confidence of unlabeled data. A non-nega-
tive sparse graph has been constructed by the similarity between the software modules so that the edge of the graph reflects the similarity
between samples. Then three classifiers have been employed for co—-training. In order to reduce the introduction of noise data, the reliable
unlabeled samples have been selected for training by the implicit selection of the three classifiers and the confidence estimation of the cate-
gories. The classifiers keep to iteratively updating until the maximum number of iterations has reached or the recognition rates of classifi-
ers have been reduced. Experimental results on NASA MDP datasets show that the proposed method is superior to the representative semi
—supervised co—training method.
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