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A severity predication method for variable granularity bug report
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Abstract: The previous studies generally model the bug report severity prediction problem as a coarse—grained classi-
fication problem (i.e., binary classification problem) or a fine—grained classification problem (i.e., multi—class classifi-
cation problem). Finer prediction granularity means higher requirements for classification accuracy, so prediction per-
formance tends to decline. Since using the coarse granularity classification can achieve high prediction performance
while using the fine granularity can obtain finer prediction granularity, a variable granularity bug report severity pre-
diction method (VG-BSP) is porposed. Firstly, the bug report is classified into two categories via the coarse—grained
classification. Then according to the previous classification results, the corresponding prediction model is utilized to
predict the specific severity of the bug report via fine—grained multi—class classification. To verify the effectiveness of
VG-BSP, bug reports from two Eclipse subprojects (i.e., JDT and CDT), and bug reports from the Mozilla project are
collected. The proposed VG—BSP method is compared with the previous classical fine—grained classification methods,

such as logistic regression (LR), K—nearest neighbor (KNN), decision tree (DT), random forest (RF), support vector
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machine (SVM). The results show that compared with the previous methods, the performance of the proposed method

can be improved by 19.6% on average in terms of the macro—F1 measure. Moreover, the LR classifier and the Spacy

word embedding can enable VG-BSP to achieve the best performance.

Key words: software repository mining; bug report; severity prediction; machine learning
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Fig. 1 Overall framework of the VG-BSP method
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Tab. 1 Statistical characteristics of the bug report datasets used in the study

WHZM #6EHREEC #blocker #major #eritical #minor #rivial  #Enhancement
Eclipse JDT 2567 12 144 27 159 2214 11
Eclipse CDT 1 690 35 329 65 281 943 37
Mozilla 1181 8 241 322 523 87 0
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Tab. 2 Confusion matrix of classification results
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Tab. 3 Performance comparison between the method

VG-BSP and baselines

b Eclipse  Eclipse Mosilla 14 ﬁ 1
JDT CcDT 7%

LR 0217 0247 0363 0276  0.063
KNN 0.192 0263 0350 0268  0.065
DT 0.185  0.183 0326 0231  0.067
RF 0.162 0198 0347 0236  0.080
SVM 0.155 0229 0377 0254  0.092
VG-BSP  0.248 0276 0407 0310  0.069
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Tab. 4 Performance influence of different classifiers on

variable granularity bug report severity prediction method

PR ﬁﬁf iﬁf Mosilla  Hfi Zg
LR 0.248 0.276 0.407 0.310 0.069
KNN 0.196 0.238 0.362 0.265 0.070
DT 0.199 0.208 0.325 0.244 0.057
RF 0.187 0.196 0.396 0.260 0.096
SVM 0.158 0.221 0.409 0.263 0.107
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Tab. 5 Performance influence of different text modeling
methods on variable granularity bug report severity

prediction method

Spacy 0.248 0.276 0.407 0.310 0.069
Word2Vec 0.157 0.119 0.124 0.133 0.017
BOW 0.215 0.253 0.399 0.289 0.079
TF-IDF 0.241 0.265 0.405 0.304 0.072
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