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Semi-supervised Model for Fault Prediction using Tree
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Abstract A number of studies have been conducted on predicting software faults, but most of them have
been supervised models using labeled data as training data. Very few studies have been conducted on
unsupervised models using only unlabeled data or semi-supervised models using enough unlabeled data
and few labeled data. In this paper, we produced new semi-supervised models using tree algorithms in
the self-training technique. As a result of the model performance evaluation experiment, the newly
created tree models performed better than the existing models, and CollectiveWoods, in particular,
outperformed other models. In addition, it showed very stable performance even in the case with very
few labeled data.
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Table 4. Experimental results when all attributes are used
5% 10% 20%
dEE nZHE
ACC AUC ACC AUC ACC AUC
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
M1 81.90 0.60 84.87 0.68 85.45 0.69
CollectiveForest
PC1 89.18 0.57 90.19 0.74 90.89 0.79
CM1 81.47 0.61 85.77 0.69 86.51 0.71
CollectiveWoods
PC1 90.87 0.76 91.10 0.75 91.38 0.79
B 5. xtH FSAE MES Z2 M Nt
Table 5. Experimental results when the dimensionality reductions are used
5% 10% 20%
FelE BL L
ACC AUC ACC AUC ACC AUC
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 80.86 0.64 81.55 0.66 84.47 0.65
CollectiveForest
PC1 88.82 0.75 89.55 0.73 90.30 0.79
CM1 81.65 0.67 83.68 0.71 85.31 0.71
CollectiveWoods
PC1 90.54 0.79 90.81 0.75 90.92 0.81

-111-



Semi-supervised Model for Fault Prediction using Tree Methods
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Table 6. Experimental results when the Random Forest is used as a base classifier for YATSI
5% 10% 20%
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ACC AUC ACC AUC ACC AUC
CM1 80.37 0.58 82.55 0.61 86.55 0.61
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T cM1 81.44 056 80.94 0.62 85.78 0.62
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PC1 89.89 0.61 90.75 0.60 91.25 0.67
CM1 82.63 0.64 81.48 0.64 85.45 0.64
YATSI(RF)
24 4% PC1 90.43 0.64 91.13 0.65 91.53 0.73
= CM1 82.39 0.60 81.29 0.64 85.96 0.61
YATSI(48)
PC1 90.01 0.62 90.47 0.64 92.08 0.71
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