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Bug Report Severity Prediction Based on Fine-tuned Embedding Model with Domain Knowledge

CHEN Bingting,ZOU Weiqin, CAI Biyu and LIU Wenjie

College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China
Abstract Accurately predicting the severity of bug reports is crucial for efficiently assigning them and facilitating developers to
timely detect and fix software bugs. However, existing severity prediction methods based on traditional information retrieval or
general pre-training models have limitations in prediction accuracy due to the ignorance of context semantics or bug report charac-
teristics. To address this problem, this paper proposes a severity prediction method based on domain knowledge fine-tuning. A
BERT pre-trained model that can fully consider the semantic context of text is used,and the model is fine-tuned with bug report
data to learn relevant domain knowledge. The fine-tuned BERT model is then used to extract semantic features of bug reports,
and a support vector machine is employed to construct a severity prediction model. Experimental results on 15 projects,including
Mozilla, Eclipse,and Apache,demonstrate that compared with traditional information retrieval methods,the proposed method can
improve the accuracy,recall,and F1 score by 4. 5% to 22.0%,3.0% to 22. 0% ,and 4. 0% to 22. 0%, respectively. Compared
with the general BERT model, the fine-tuned BERT model can improve the accuracy, recall, and F1 score by 2. 0% ~5.1%,
1.9%~5.1%.and 1. 8% ~5. 0% ,respectively.

Keywords Word embedding. BERT, Pretrained model, Bug report, Fine-tuning, Severity prediction
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b g B R T O REE L OF 8 B % % AR B XS BERT
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MEEAC,

2 BXIESHRER

2.1 BREEME

T B 2 R DAl N B % B0 LA A2 Bt 6 R R A R
HEEA R, B 1Al T A TR B G R R
%4i (Bug Tracking System, BTS) W ££ WS fa 45 . WE 1 pr
TN — U B A S 8 B L& BuglD. IR 25 (Status) | 72 i (Pro-
duct) .4 4 (Component) , B B 4 (Importance) . it 45 & & B}
[8] (Reported) . [A] HEARE 2 4 1A (Summary) | [7] 85 3 20 4 iR (De-
scription) . PF 3 (Comment) 45 7 Bt . BugID (41 & 1 & 7% 4
5502000 & — N E0F, FH T ME— MR — T H A R . R)
MEZEH & (Summary) 3 7 J& — 4 3% , B Z L HESS T — A BREE
M () B TE 40 5 38 (Description) #8446 7 3¢ F 1z BB A9 4075, H
rh R 200 5 — Bt AT B I B R Y 2D BRI AT S BOUE B B Y
TR, RS (Status) TR T — AR S W7D, ™
T (Severity) 5 Bt Bl 22 W] 3% Bl b 4 25 19 7™ 34 Cn 18] A
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Bug 550200 - "Dirty" flag appears when opening PDF file

Status: CLOSED WONTFIX

Reported: 2019-08-19 05:58 EDT by Eugene Grebenyuk
Modified: 2021-08-09 14:02 EDT (History)

Alias: None CC List: 0 users

Product: Platform
Component: IDE (show other bugs) See Also:
Version: 4,12 4
Hardware: PC Windows 10

Importance: P3 normal (vote)
Target Milestone: ... (&
Assignee: Platform-Ul-Inbox
QA Contact:

Eugene Grebenyuk 2019-08-19 05:58:18 EDT

[Description|

Created attachment 279619 [details]
Dirty flag

In Eclipse IDE 4.12 (under Windows 10 x64):

1. File -> Open File...

2. Select .pdf file, press "Open" button.

3. File opens inside Eclipse by In-Place Editor but with "x" - dirty flag!
And in parallel, this pdf opens in external Acrobat Reader.

Eclipse Genie 2021-08-09 14:02:39 EDT Comment 1

This bug hasn't had any activity in quite some time. Maybe the problem got
resolved, was a duplicate of something else, or became less pressing for some
reason - or maybe it's still relevant but just hasn't been looked at yet. As such,
we're closing this bug.

If you have further information on the current state of the bug, please add it and
reopen this bug. The information can be, for example, that the problem still
occurs, that you still want the feature, that more information is needed, or that
the bug is (for whatever reason) no longer relevant.

The automated Eclipse Genie.

1 Eclipse k&R 55 H B il
Fig. 1 Example of bug report in Eclipse
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Fig. 2 Overall framework of bug report severity prediction method based on fine-tuned domain knowledge
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Table 1 Experimental datasets
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JDT 62920
Eclipse Community 24591
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Firefox 262038
Firefox OS
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Thunderbird 32407
Tomcat 13494
POI 4789
Apache JMeter 4776
Fop 2086
Log4j 1335
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(DVSM: i = M BB, (B & TR AR RN ER T
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(3)BERTFT . fifi FHI Bk B 4 & & FH 18 B 0 J5 19 BERT
Tl GRAE T,

(4)BERTOwn fif FI i [ 4 5 & FH o e 3 50U 405 1
BERT il 42,

TEARBUES BRI E WF LT A 4.2 3 d iy
M Febr s S 45 5 BRI T,
4.4.1 4N BERT 544 7% % VSM 4 Rt ik

gk 2 a8 ik A $ AR BERT ARSI T 15 B A
RKHHAR VSM M LA W BT+, 5 VSM M 1L, BERT 7£
EclipseTii H 1.1 Precision ¥ HETFH T 9. 9% » Recall V34
F T 9.8%,F1 ¥R F T 10. 0% ;78 Mozilla Wi H L, Preci-
sion EHIRTF T 12. 7% sRecall FEHRTFT 12. 7%, F1 3
WFT 12. 9% 5 £ Apache T H I, Precision F ¥4 F+ T
4.5% sRecall FIREFT 4. 4%, F1 FHEHT 4.5%. X
S G 5 LRI A AR S R IR TR B AR R 19 7 . BERT Be
i 47 b B SR O S 09 3 SO TR SCOR &R AT v T
IR G Y=t

%2 Wi A BERT 5507k VSM £ (%) 1t
Table 2 Comparison of results between BERT and VSM
Precision Recall F1_score
Project Product

VSM BERT VSM BERT VSM BERT
CDT 0.62 0.67 0.62 0.67 0.62 0.67
Community 0.48 0.70 0.48 0.70 0.48 0.70
Eclipse Mylyn 0.63 0.68 0.63 0.68 0.63 0.68
PDE 0.63 0.72 0.63 0.72 0.63 0.72
Platform 0.63 0.73 0. 64 0.72 0. 64 0.73
DevTools 0. 64 0.85 0. 64 0.84 0.63 0.83
Firefox 0. 60 0.75 0.59 0.75 0.57 0.75

Firefox OS -
Mozilla . 0.53 0.66 0.53 0. 66 0.53 0. 66

Graveyard

Testing 0. 84 0.94 0.83 0.94 0.83 0.93
Thunderbird 0.69 0.73 0. 69 0.73 0.69 0.73
Fop 0.58 0.58 0.58 0.58 0.58 0.58
JMeter 0.59 0.65 0.59 0. 65 0.59 0.65
Log4j 0.58 0.61 0.58 0.61 0.57 0.61
Apache POI 0. 59 0. 66 0.59 0.66 0.59 0.66
Tomecat 0. 60 0.66 0. 60 0.66 0. 60 0. 66
Fop 0.58 0.58 0.58 0.58 0.58 0.58

4.4.2 & AEHEMA T BERT 8 %@
e 3 g, 48 A B A i 5 L H R O %W BERT i

Y| g5 (BERTFT) 53 F§ BERT i JIl 25 4% 78 (BERT) 7 5t
W 7™ R BT 45 b EAT He A,

# 3 WA BERT BYIZRA5E AL 558 Al BERT FUIl 2545 2 1% 45 SR X L
Table 3 Performance comparison between fine-tuned BERT(BERTFT) and BERT pretrained model
. Precision Recall F1_score
Project Product
BERT BERTFT BERT BERTFT BERT BERTFT
CDT 0.67 0.70 0.67 0.69 0.67 0.70
Community 0.70 0.72 0.70 0.72 0.70 0.72
Eclipse Mylyn 0.68 0.71 0.68 0.71 0.68 0.71
PDE 0.72 0.74 0.72 0.74 0.72 0.73
Platform 0.73 0.73 0.72 0.73 0.73 0.73
DevTools 0.85 0.86 0. 84 0.83 0.83 0.83
Firefox 0.75 0.77 0.75 0.77 0.75 0.77
Firefox OS
Mozilla 0. 66 0.71 0.66 0.70 0. 66 0.71
Graveyard
Testing 0.94 0.95 94 0.95 0.93 0.95
Thunderbird 0.73 0.76 0.73 0.76 0.73 0.76
Fop 0.58 0.67 0.58 0. 66 0.58 0.66
JMeter 0. 65 0.68 0.65 0.68 0.65 0.67
Log4j 0.61 0.66 0.61 0. 66 0.61 0. 66
Apache
POI 0.66 0.71 0.66 0.71 0.66 0.71
Tomecat 0. 66 0.71 0.66 0.71 0. 66 0.71
Fop 0.58 0.67 0.58 0. 66 0.58 0. 66
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Fig. 3 Performance comparison between domain-specific BERT (BERTOwn) ,fine-tuned BERT(BERTFT) and
BERT pretrained Model
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