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Partial correlation analysis for software defect prediction
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Abstract: In order to improve the performance of predictors, and reduce the dissention, this paper propsed a new predict
model based on partial correlation analysis. Firstly, different to prior works, analyzed the correlation between attributes and
defects. Then computed code complexity density values. Based on these values, built a new predictor. Experiments were per-
formed on the public Eclipse dataset. This predictor had a good performance with high recall rates and substantially high F-
measure values. The satisfactory results also confirm the partial correlation is a very important factor in software quality analy-
sis. This conclusion is helpful for building more stable defect predictors.
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