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Impact of Skewed Effort Distribution in Effort-Aware Software
Defect Prediction and Its Validation Techniques
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Abstract: To handle the bias in traditional model validation methods for effort-aware software
defect prediction, the skewness of skewed distribution is used as numeric feature to investigate
the bias of effort skewness and estimation bias in the datasets of three major validation
techniques. Based on out-of-sample method which is less biased in effort skewness, a refined
hold-to-sample method is proposed, which maintains the class label proportion of the testing data
to avoid generating invalid testing data. Results show that the commonly used 10-fold cross-
validation method has the greatest bias in effort skewness and the greatest estimation bias. In
comparison with this method, our refined method reduces the evaluation bias by 4. 9%—26.9%;
in comparison with the out-of-sample, it does not generate invalid testing data. Experiments
confirm the effectiveness of reducing the evaluation bias by decreasing bias of skewness in testing
data. The hold-to-sample method provides a more reliable validation method for effort-aware
software defect prediction and can evaluate model performance more accurately.
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Fig. 1 Histogram of effort
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Table 1 Statistics of effort skewness in defect datasets
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Fig. 2 Distribution of effort skewness in testing data
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