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Abstract Most previous studies of software fault prediction have focused on supervised learning models for binary
classification that determines whether an input module has faults or not. However, binary classification model determines
only the presence or absence of faults in the module without considering the complex characteristics of the fault, and
supervised model has the limitation that it requires a training data set that most development groups do not have. To
solve these two problems, this paper proposes severity-based ternary classification model using unsupervised learning
algorithms, and experimental results show that the proposed model has comparable performance to the supervised
models.
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Table 1, Labeling when the number of clusters is
fixed to 3
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Table 2. Labeling when the automatic clustering is

used
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Table 5. Experimental Results of Unsupervised Model
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