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Research on Just-In-Time defect prediction with temporal features
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Abstract : Just-In-Time ( JIT) defect prediction aims to identify code defects in continuous integration commits to optimize testing
resource usage and reduce testing times, thereby accelerating integration build processes. However,the temporal information in-
herent in the integration history is overlooked by existing JIT defect prediction methods, which only utilize traditional manual
features , code structure and semantic information. Inspired by research on temporal models, temporal features can be extracted
from the integration history information for defect prediction. Therefore, this paper proposed a Just-In-Time defect prediction
model with temporal features ( TSF-JIT). It began by extracting historical trajectory information from the project datasets integra-
tion version history and processing it in segments. Then, it used a bidirectional GRU and multi-head self-attention mechanism to
extract temporal features from the segmented trajectories. Finally,the model applied convolution to reduce the dimensionality of
temporal features before constructing the defect prediction model to predict whether the committed code contained defects. The
proposed method was compared with two current representative baseline methods across six project datasets, showing improve-
ments of 4. 74% ~7.21% ,8.05% ~8.74% ,5. 56% ~8.31% and 2. 92% ~4.79% over those of the baselines in precision,re-
call ,F1 score and AUC,respectively. The experimental results demonstrated that the proposed TSF-JIT method could effectively
improve the precision of defect prediction, thereby reducing the consumption of testing resources and time in project develop-
ment.
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Just-In-Time Defect Prediction Method with Temporal Features
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Table 1  Dataset description

it H 5% MBI BRRRBUR R %
cloudify 5742 1 470 26
jackrabbit-oak 8 205 3488 42
metasploit-framework 8 839 704 8
open-build-service 5199 1 360 29
rails 19 447 6719 35
ruby 15 388 3422 22
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2 JRIR TASSCHR Y J7 s TSF-JIT AR 5 12
AR E e, SR Lok E (FF 6 A3 H 5
SEYE) | A SCHE B D7 TSF-NIT 76 BT A PEA 38
b b2 HAT B AR #. XF b BE4k 777 DL-CIBuild A5
RO W CFLE M AUC 185 5 90 & b 7.21% .
8.74% . 8.31% 1 4.79% ; b FEZE Tk DeepAR , K 1
[ M EFLE M AUC {43 90 5 4.74% |
8.05% . 5.56% F12.92%.

AT H A A SCHE B 77 % TSF-JIT 78 6 4
I H & e 4E L3 T T 1E cloudify 11 H £
£ I TSF-JIT 7EPUAPF 0 8 05 15 53 B e, THEBf 6 F
fHAT AUC fH, 15 T S AERUR, 405 0 89.24% ,
84. 14% F191. 30% ; 7& jackrabbit-oak 3 H %48 4E I,

TSF-JIT 43 [N 3355 84. 95% , HUATH5 1=

{E A5 7 2 1Y & , 7F metasploit-framework 5T H £ 4f
45 b TSF-IT 582 07 I AEAG i 232 A I3 A0 F1 (.
R H A H AR A R, FE R 2
metasploit-framework M H Z 48 48 i T8 P-4y | 42 1% ik
B B IRRAS 2o 70 (S o AR 1) 8% ), T BRABE AR %o 5k
BEAARPAE B RN BE AN 1, 7 o000 45 SR i i 22 K
H TSF-JIT 77 b3 4k J7 1 DL-CIBuild 764 i %6 A7
15.26% W T, 78 M %A 6. 15% W T, 78 F1 A
A 14, 44% (IR TE 78 AUC 18 EA 3. 97% 14271
FEIEZE T5 9 DeepAR TEKE i KA 24. 86% WY T, 1F
BERA 15% W TH 16 F1LEH EA 23.98% 4T,
1E AUC 1 B4 5. 34% 4T

SR, TSF-JIT Xt H 528 77 % DL-CIBuild 1
DeepAR, TE T A PEA 76 b5 L #F AL T34k, K4 TSF-
JIT J5 o8 nl GRU RE 8% 42 BT 1) RS 1] ) B 345
B 2775 DL-CIBuild H AEHRHUE iR A 24~
R[] B AFAE ] B9 G 2R, DeepAR U AE 2 UL — 7 [7]
(IS A B PRI, AR SO M A9 O vk 7 4 BURR AIE 1) B
LA #h BRI B A,

®2 TSF-IT SELTEERG
Table 2 Comparison of TSF-JIT and baseline performance

SR €S BEnl MRS FEJnE S Fl{H AUC
TSF-JIT 0.892 4 0.796 0 0.841 4 0.9130

cloudify DL-CIBuild 0. 890 4 0.780 0 0.8272 0.900 3
DeepAR 0.874 5 0.768 0 0.817 8 0.897 8

TSF-JIT 0.72517 0.849 5 0.782 8 0.716 3

Jjackrabbit-oak DL-CIBuild 0.718 1 0.794 5 0.754 4 0.658 0
DeepAR 0.703 0 0.726 6 0.719 7 0.678 0

TSF-JIT 0.483 3 0.1917 0.274 5 0.756 5

metasploit-framework DL-CIBuild 0.419 4 0.180 6 0.252 4 0.727 7
DeepAR 0.387 1 0. 166 7 0.2330 0.718 2

TSF-JIT 0.681 2 0.5158 0.587 1 0.7950

open-build-service DL-CIBuild 0.5750 0.484 2 0.5257 0.764 6
DeepAR 0.676 9 0.463 2 0.539 8 0.7813

TSF-JIT 0.741 8 0.5459 0.628 9 0.763 2

rails DL-CIBuild 0. 663 7 0.478 3 0.556 0 0.676 1
DeepAR 0.710 6 0.5230 0.602 5 0.734 9

TSF-JIT 0.765 1 0.542 9 0.6351 0.842 4

ruby DL-CIBuild 0.734 4 0.447 6 0.556 2 0.841 0
DeepAR 0.743 4 0.538 1 0.624 3 0.840 3

TSF-JIT 0.7149 0.573 6 0.626 7 0.797 7

FEfE DL-CIBuild 0. 666 8 0.5275 0.578 6 0.761 3
DeepAR 0.682 6 0.5309 0.593 7 0.775 1
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AN R T BE AN SF- 5 895 5 metasploit-frame-
work , TSF-JIT #H H B2k J7 A5 T A5CR 1B 3d L
SRR EFRREATET R T 23k A d B P
A PR AE IR A T3 7 Tt X5 i 4 SR A 4 B A
AT IRE R I RGE AR N OGO R B R
AHHE.
3.4.2 HEkik

R T BRUE TSF-JIT AR A3 1 i A8 sk, AR 327 3t
T TR, oha 23k A 32 ALY TSF-JIT A5
R 44 4 TSE-JIT-A) , 76 AH [RS8 SCRTEE 4
5 TSF-JIT #E47X) b, 2553403k 3 iR,

VA FORAE TSF-NIT BERAH L i 23k H R
JILHIE TSF-JIT-A 76 AP P br L, 72 6 NI H

BARET-HIELE R LR 0R LS 3.88% , £ 4 1
L 4.85% , 7€ F1 {8 L& 4. 14% FI{E AUC
H EH 2.26%.

Rl L, 7E metasploit-framework % 4% 42 I+, TSF-
JIT A EE TSF-JIT-A 76 UASTEMR PR ARG 1R A 81 5%
FL {6 1 AUC fH I 43 5 @ ih 11.82% | 19.40% |
17.21% F1 4. 34% .

SR, TSF-JIT AR A 23k [ dFE B T HR
REAE W] 0 P A5 R A AR RIOR. W] A 7 B B2 AN SF- A 1)
Tt 5 F R4 1 TSF-JIT AH LE TSF-JIT-A #2780 5 h
W3 UL 23k A R HLE R HR I AN i EcHE
B /D BCRFEA I A5 B, DT B2 T S50 45 SR A i

R3 HEMIEEAR

Table 3 Performance of ablation experiment

RISEYeITES Ay MRS # F1 & AUC {8
TSF-JIT 0.892 4 0.796 0 0.841 4 0.913 0
cloudify
TSF-JIT-A 0.8835 0.728 0 0.798 2 0.8750
TSF-JIT 0.725 7 0.8495 0.782 8 0.716 3
jackrabbit-oak
TSF-JIT-A 0.705 2 0.843 4 0.780 3 0.701 5
TSF-JIT 0.483 3 0.1917 0.274 5 0.756 5
metasploit-framework
TSF-JIT-A 0.4322 0. 160 6 0.234 2 0.7250
TSF-JIT 0.681 2 0.5158 0.587 1 0.7950
open-build-service
TSF-JIT-A 0.636 4 0.485 1 0.550 6 0.793 3
” TSF-JIT 0.741 8 0.5459 0.628 9 0.763 2
rails
TSF-JIT-A 0.734 1 0.5459 0.626 2 0.759 0
b TSF-JIT 0.765 1 0.5429 0.6351 0.842 4
ruby
TSF-JIT-A 0.737 8 0.521 8 0.6113 0.8270
) TSF-JIT 0.714 9 0.573 6 0.626 7 0.797 7
T
TSF-JIT-A 0.688 2 0.547 5 0.600 1 0.780 1
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