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Software Bug Triaging Method Based on Text Classification and Developer Rating
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Abstract Bug management and repair in open-source software (OSS) projects are meaningful ways to ensure the quali-
ty of software and the efficiency of software development, and improving the efficiency of bug triaging is an urgent
problem to be resolved. A prediction method based on text classification and developer rating was proposed in this pa-
per. The core idea of building the prediction model is to consider both text classification based on machine learning and
rating mechanism based on the source of bugs. According to the experiment on hundreds of thousands of bugs in the
Eclipse and Mozilla projects,in the ten-fold incremental verification mode, the best average accuracies of the proposed

method reach 78.39% and 64. 94 % , respectively. Moreover, its accuracies are increased by 17. 34% and 10. 82% , re-

spectively,compared with the highest average accuracies of the baseline method (machine learning classification -+ tos-

sing graphs). Therefore, the results indicate the effectiveness of the proposed method.
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A%, Eclipse Fl Mozilla 4 8 46 & 76 H SVM 4 28 5 ik i
S5 0w SR B R L A3 R 61 05 %6 A 54, 12 %6, T X R 4 AR SC
ST B T v 0 TOUI o 6 2R 43 0 A 78. 39 V6 64. 94 %6, AR HE T
BN, AL 5 R E D7 A L. AR 3BT 4R 7 Bk #E NB, KNN,
CART 45 HoAh 5 Fh 43 500 F 107 1 ol i 58 184 AN ) 72 B2 1Y
PR ALHEM ] CART B4R THBUR R . 55 — i, i%
VD v SR P A O R 4 TG SR T AR ST R D vk
TR — R A, AN 2 B R 22 0 T4 e
IR S 25 T 22 38 3 T A 1 8 23 LA R b A0 AR S 48 O vk 3
AR

# 4 BT ML+TG My RT3 45 R (k=5)

Table 4 Results of benchmark method based on ML+ TG (k=5)

- %ﬂ'ﬂ’%%%@/% :
NB KNN CART RF LR SVM
Eclipse 20.40 38,21 54,45 52,43 55.73  61.05
Mozilla  22.43  29.75 37.51 38.89 51.18 54.12
5 3CHRC22 T 55 5 AH Lo, JE M D5 ¥R 78 A SC 92 8 v i o1 2
WEG R IEAR . — 5 T X 2 (R Sy A ST A S 6 B0 5 3

HRC22 ] rp P A B0 7 MUASE A 7 22 5 . AR TR AV 1T Y 2K
oA H D S (H R iy SE R 45 R AT LUA L T A SO 4R U5 2 45 2
B4 249 B A ST B R . 5 — T T 3 T RE R AR i T
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P B AL
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Mozilla B3 A~ 40H8 4 , i 2 77 v 70 A 408 4 1 938 F M e
o Ik .
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FATRMEHT Word2vec i [ i 1k o ) Skip-gram 77 % f1 6
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X5 44 TR I EH Eclipse Al Mozilla )+ T3 9% Bk Fe P 2 40
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