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Software Fault Prediction using Semi—supervised Learning
Methods
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Abstract Most studies of software fault prediction have been about supervised learning models that use
only labeled training data. Although supervised learning usually shows high prediction performance,
most development groups do not have sufficient labeled data. Unsupervised learning models that use
only unlabeled data for training are difficult to build and show poor performance. Semi—supervised
learning models that use both labeled data and unlabeled data can solve these problems. Self—training
technique requires the fewest assumptions and constraints among semi—supervised techniques. In this
paper, we implemented several models using self—training algorithms and evaluated them using Accuracy
and AUC. As a result, YATSI showed the best performance.
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Fig. 1. Fault Prediction Model
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Table 4. Experimental results when all attributes are used
5% 10% 20%
BEDES ZRAE
Accuracy AUC Accuracy AUC Accuracy AUC
CM1 84.31 0.53 82.81 0.55 85.25 0.55
Chopper
PC1 89.22 0.57 90.22 0.58 89.80 0.57
CM1 81.56 0.52 81.10 0.58 82.84 0.56
CollectiveEM
PC1 88.97 0.60 90.29 0.57 89.67 0.58
CM1 69.72 0.49 71.26 0.50 71.05 0.50
SimpleCollective
PC1 67.18 0.47 73.13 0.48 70.97 0.52
CM1 81.44 0.56 80.94 0.62 85.78 0.62
YATSI
PC1 89.89 0.61 90.75 0.60 91.25 0.67
CM1 82.02 0.52 81.26 0.58 82.95 0.58
Weighting
PC1 89.89 0.61 90.34 0.56 89.93 0.57
3® 5. &4 AARE AHEE A9 AY 2
Table 5. Experimental results when the attribute selections are used
5% 10% 20%
BEDES ZRAE
Accuracy AUC Accuracy AUC Accuracy AUC
CM1 82.63 0.55 84.74 0.54 85.20 0.51
Chopper
PC1 89.49 0.58 90.16 0.56 90.82 0.57
CM1 82.08 0.56 82.06 0.57 85.31 0.53
CollectiveEM
PC1 89.39 0.59 89.19 0.57 90.58 0.61
CM1 82.91 0.58 85.58 0.53 84.62 0.49
SimpleCollective
PC1 90.26 0.54 90.47 0.49 89.09 0.50
CM1 82.39 0.60 81.29 0.64 85.96 0.61
YATSI
PC1 90.01 0.62 90.47 0.64 92.08 0.71
CM1 82.63 0.56 81.68 0.57 85.64 0.54
Weighting
PC1 89.67 0.57 89.37 0.56 91.00 0.55
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