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Fig. 1 Method level bug prediction model framework
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Table 1 Research projects

Number
Project Version

Commit Method Bug
ActiveMQ 5.16.0 5920 3660 1526
Avro 1.9.1 860 613 223
Calcite 1.24.0 2,971 863 407
Cassandra 3.11.6 10631 1309 587
CXF 3.3.7 10635 6120 1248
Drill 1.15.0 2682 1924 953
Flink 1.8.0 9950 1713 444
Flume 1.8.0 1060 378 266
HBase 3.6.3 3740 877 420
Ignite 0.94.8 12009 1610 200
Kafka 2.6.0 3338 812 199
Maven 2.5.1 5591 1063 211
Nutch 1.17 1714 617 227
PDFBox 2.0.20 6883 3597 1627
Struts 2.5.20 2773 763 311
Wicket 8.8.0 14777 2112 663
Zookeeper 358 879 653 358
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Table 2 Code metrics

F3 AR SRR E
Table 3 History & Commit metrics

Index Code metric Index Code metric Index History metric Index Commit metric
Cl LOC CK4 WMC H1 Added LOC NF1 First commit time
C2  Number of comment lines CK5 Number of returns H2 Deleted LOC NF2 Last commit time
C3 Number of all lines CK6 Number of loops Average of commit
H3 Changed LOC NF3 o
C4 Number of blank lines CK7  Number of comparisons time interval
i Std. deviation of commit time
Cs Number of declare lines CK8 Number of try/catches 14 Number of changes NE4 '
] Number of parenthesized interval
C6  Number of executable lines || CK9 expressions Number of added change
H5 Number of authors NF5
commit

C7 Number of parameters CK10  Number of string literals

C8 Number of statements CK11 Number of numbers
C9 Number of declare statements || CK12 ~ Number of assignments

Number of executable

C10 CK13 Number of math operations
statements
Cl1 Halstead-vocabulary CK14 Number of variables
Cl12 Halstead-length CK15 Max nested blocks
Number of anonymous
C13 Halstead-difficulty CK16
methods
Cl4 Halstead-volume CK17 Number of inner methods
Cl15 Halstead-effort CK18Number of lambda expressions
Cl6 Halstead-defects CK19  Number of unique words

C17 Cyclomatic complexity CK20 Number of log statements

Cl18 Quantity of path CK21 [Boolean] Has javadoc
C19 MaxNesting CK22 Modifiers
C20 Fan-in CK23 Number of methods invoked
Number of methods
C21 Fan-out CK24
invoked local
Number of methods invoked
CK1 CBO CK25
indirect local
CK2 CBO Modified CK26 [Boolean] Constructor
CK3 RFC
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Table 4 Average feature rank
Index Rank | Index Rank || Index Rank || Index Rank
NF1 8.1 NF7 26.4 C8 40.3 NF5 55.6
H12 9.0 C21 26.5 CK5 40.7 CK15 557
NF4 9.5 CK22 282 C4 40.8 H18 56.0
H4 9.7 CK2 28.5 H17 432 NF10 577
NF3 10.1 NF9 29.7 CK11 435 CK8 59.5
NF13 10.2 C15 29.8 C6 44.0 CKé6 59.9
H5 14.8 Cl11 30.0 C18 44.7 CK20 59.9
NF2 15.0 H13 314 CK25 452 CK9 60.4
C3 15.2 C2 315 Cl17 453 H9 60.4
Hl16 16.4 C10 31.7 C9 45.8 H8 62.9
NF14 16.9 NF12 31.9 CK7 474 H11 62.9
H1 17.4 C12 32.0 Cs 47.7 H10 63.4
CK19 17.7 CK12 322 CK14  50.1 CK16  69.8
C20 20.5 H3 33.4 CK24 517 NF6 70.8
HI15 20.6 Cl 34.8 NF8 51.8 CK18 715
CK3 21.1 Cl14 37.1 H19 52.0 CK21 72.5
CK1 22.4 CK10 37.2 CK13 52.8 CK23 74.4
NF11 22.8 H14 37.7 H2 53.1 CK17 74.4
Heé 239 CK4 38.5 H7 532 CK26 74.4
C13 24.1 C7 40.0 C19 535 Cl16 74.4
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Method-Level Bug Prediction Using Code Commit Information

DONG Hang, YU Huiqun
(Department of Computer Science and Engineering, East China University of Science and
Technology, Shanghai 200237, China)

Abstract: Software bug prediction is a vital aspect of software quality assurance and has become a key research
area in software engineering. However, current prediction technologies face two main challenges: First, coarse-grained
bug prediction often fails to meet the practical needs of industry. Second, existing models have limited adaptability to
dynamic development processes and rely heavily on static code features and historical data, making it difficult to
effectively capture code changes and commit information. To tackle these issues, this paper presents a method-level
bug prediction framework that utilizes multi-dimensional commit features to improve prediction accuracy. The primary
innovation lies in introducing a novel set of features derived from code commit information, which are combined with
traditional code and historical features to create a more comprehensive feature space. This model significantly
outperforms existing technologies across 17 open-source projects. SHAP-based feature importance analysis further
confirms that the commit features possess strong predictive capabilities while enhancing model interpretability. By
identifying key features, the model is streamlined without compromising efficiency or accuracy. Experimental results
show that incorporating code commit information increases AUC (Area Under the Receiver Operating Characteristic
Curve) by an average of 4.3%, F1 score by 8.4%, and MCC (Matthews Correlation Coefficient) by 17.7%.

Key words: software bug prediction; method level; commit metric; feature importance; interpretability
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