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Just-In-Time Software Defect Prediction Approach Based on Fine-grained Code Representation
and Feature Fusion

ZHU Xiaoyan, WANG Wenge, WANG Jiayin and ZHANG Xuanping

School of Computer Scienceand Technology,Xi’an Jiaotong University, Xi’an 710049, China

Abstract Just-in-time software defect prediction(JIT-SDP) aims to predict the defect tendency of software changes at the time
when they are first committed. Such predictions are made on a single program change rather than on a coarse granularity. It has
been widely used in fields such as continuous testing due to its immediacy and traceability. Existing JIT-SDP studies extract fea-
tures from code changes at a coarse granularity . merely marking the changed lines without fine-grained tagging. Moreover.studies
based on commit content are limited to simple concatenation of features extracted from commit messages and code changes, lac-
king deep alignment in feature space. This makes the prediction results tend to be disturbed by noise when the quality of commit-
ted message cannot be guaranteed. Existing methods also fail to fully utilize artificial features designed by domain experts and se-
mantic syntax structure information in commit content at the same time,thus not fully leveraging existing features. To address
these problems,a JIT-SDP approach based on fine-grained code changes and feature fusion is proposed. The method introduces
new change embeddings to represent code changes at a fine granularity. By designing a feature alignment module, the impact of
noise in low-quality commit message on performance is reduced. Meanwhile, neural networks are used to learn domain-specific
knowledge from artificial features and fully utilize existing features. Experimental results show that compared to existing me-
thods, this approach improves significantly on three performance metrics.

Keywords Just-in-time software defect prediction,Feature fusion,Software engineering, Deep learning,Code representation
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PAGAR T T SCRITE B AE B T2 e 1 BB M g

# 3 AUC-ROC $6¥5 I i 5256 25

Table 3 Experimental results on AUC-ROC metric

A Qt OpenStack JDT Platform Gerrit Go Apache]IT
FCRFF 0.7628 0.7562 0.6617 0.8067 0.7221 0.7678 0.8669
DeepJIT 0.7011 0.7148 0.6239 0.7574 0.6977 0.6631 0.7828
CC2Vec 0.7046 0.7101 0.6387 0.7754 0.6948 0.6679 0.7954
CodeBERT4JIT 0.7142 0.7260 0.6128 0.7401 0.6936 0.6751 0.8162
LR-JIT 0.6802 0.6814 0.5761 0.6373 0.6696 0.6227 0.7726
DBN-JIT 0.6825 0.6858 0.5859 0.6703 0.6823 0.6561 0.7763

F 4 AUC-PRC $8 45 I 9 52 50 25
Table 4 Experimental results on AUC-PRC metric

A Qt OpenStack JDT Platform Gerrit Go Apache]IT
FCRFF 0.3075 0.3527 0.6379 0.6016 0.1505 0.6890 0.5752
Deep]IT 0.2482 0.3353 0.5516 0.5665 0.1465 0.5480 0.4703
CC2Vec 0.2604 0.3348 0.5648 0.5664 0.1304 0.5546 0.5272
CodeBERT4JIT 0.2675 0.3176 0.5716 0.5057 0.1297 0.5986 0.4896
LR-JIT 0.2396 0.3098 0.5449 0.4088 0.1282 0.5394 0.4403
DBN-JIT 0.2328 0.3003 0.5426 0.4857 0.1274 0.4966 0.4667

% 5 F1-Score 1645 I A 9256 25
Table 5 Experimental results on F1-Score metric

A Qt OpenStack JDT Platform Gerrit Go Apache]IT
FCRFF 0.3552 0.3624 0.6663 0.5886 0.2018 0.6541 0.4609
Deep]IT 0.3265 0.3289 0.6345 0.5419 0.1764 0.6146 0.4362
CC2Vec 0.3214 0.3256 0.6348 0.5564 0.1804 0.6193 0.4385
CodeBERT4JIT 0.3141 0.3229 0.6101 0.5601 0.1824 0.6127 0.4287
LR-JIT 0.2855 0.3020 0.5846 0.4761 0.1548 0.5132 0.4085
DBN-JIT 0.2675 0.2911 0.5501 0.4628 0.1618 0.5109 0.4139

WA, A A FCRFF 78 3 A48 65 M 7 A8 48 31k
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BT T 13.8%~28. 3%, 1k F1-Score #6453 F# T T 11.3% ~
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# 6 AUC-ROC 1545 b #91 fl 52 40 45 2R
Table 6 Ablation experiment results on AUC-ROC metric
A Qt OpenStack JDT Platform Gerrit Go Apache]IT
FCRFF 0.7628 0.7562 0.6617 0.8067 0.7221 0.7678 0.8669
NoFCR 0.7391 0.7328 0.6283 0.7756 0.7017 0.7382 0.8312
NoFA 0.7339 0.7304 0.6387 0.7745 0.7138 0.7198 0.8351
NoHF 0.7505 0.7359 0.6548 0.7862 0.7185 0.7541 0.8410
None 0.7142 0.7260 0.6128 0.7401 0.6936 0.6751 0.8162
F 7 AUC-PRC b5 L (15 il 52 50 45
Table 7 Ablation experiment results on AUC-PRC metric
AR Qt OpenStack JDT Platform Gerrit Go Apache]IT
FCRFF 0.3075 0.3527 0.6379 0.6016 0.1505 0.6890 0.5752
NoFCR 0.2870 0.3406 0.6073 0.5204 0.1368 0.6656 0.5378
NoFA 0.2788 0.3193 0.6201 0.5637 0.1422 0.6517 0.5507
NoHF 0.2956 0.3447 0.6293 0.5865 0.1436 0.6716 0.5669
None 0.2675 0.3176 0.5716 0.5057 0.1297 0.5986 0.4896
# 8 F1-Score F 7 LAY IH Ml 9 30 45 5L
Table 8 Ablation experiment results on F1-Score metric

AR Qt OpenStack JDT Platform Gerrit Go Apache]IT
FCRFF 0.3552 0.3624 0.6663 0.5886 0.2018 0.6541 0.4609
NoFCR 0.3246 0.3386 0.6388 0.5798 0.1886 0.6479 0.4418
NoFA 0.3286 0.3315 0.6201 0.5781 0.1862 0.6380 0.4484
NoHF 0.3497 0.3447 0.6493 0.5852 0.1950 0.6518 0.4587
None 0.3141 0.3229 0.6101 0.5601 0.1824 0.6127 0.4287
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