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hrM What is Software Defect Prediction (SDP)?

@ SDP: Detecting software modules likely to contain faults in new
releases.

@ Essential for software maintenance, reliability prediction, and guiding
testing activities.

@ Traditional approaches rely on static code metrics (complexity,
coupling, cohesion) [1].

@ Gap: Process-oriented metrics (development effort, test coverage) are
underexplored for SDP [2, 3].
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Statement
@ Software effort estimation (SEE) and SDP share relevant features (e.g.,
code complexity).

o Effort-related metrics capture how code evolves: change frequency [4],
bug-fix history [5], static analysis warnings [6].

@ Test coverage metrics directly measure how well code is validated [7].

@ Hypothesis: Combining effort-related and test coverage metrics creates
more informative code embeddings for defect prediction [8].
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@ RQ1: How to extract meaningful effort-related and test coverage

metrics to enrich the feature-based representation of application
classes for SDP?

@ RQ2: How qualitative are the proposed embeddings in uncovering
patterns correlated with defect-proneness?

@ RQ3: Are the effort-related and test coverage metrics beneficial for SDP
compared to software metrics previously proposed in the literature?
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Proposed . .
Two Apache projects from the Herbold dataset [1] (4189 software metrics
per class):

@ Apache Calcite [9]: 15 releases (1.1.0-1.15.0), data management
framework

@ Apache Ant-lvy [10]: 6 releases (1.4.1-2.4.0), transitive package manager

Defective rates: 3.3%-16.6% (Calcite), 2.9%-14.2% (Ant-lvy) — severe class imbalance.
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. Stage 2: Build Core .
Stage 1: Feature Sets Embeddings Staqg;.sg%sci?;rxlsed stage 4:75upgwised
FS:: Top 30 Software metrics Embed:: FS S
FS:: Effort-related metrics R DBSCAN Clustering
g Embed:: FS: v FS: 3 Random Forest
FS: Test coverage metrics Embed:: FS. U FS: U FS: Evaluation via Silhouette Score

Four stages: (1) Feature set construction, (2) Code embeddings, (3) Unsupervised validation,
(&) Supervised SDP.
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@ F5S;: Top-30 software metrics selected via clustering relevance ranking

from 2859 non-zero features [1].

@ FSy: Effort-related metrics from 5 categories:

@ CHANGE_TYPE, HASSAN, ISSUE, MOSER, PMD
e 170 features (Calcite), 149 features (Ant-lvy)
e FS,_common_26: 26 features with correlation > 0.1 in both projects

@ FS55: 5 test coverage metrics from JaCoCo [7] (instruction, branch, line,
complexity, method).
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Three embedding variants for representing application classes:

@ Embed;: 75, (top-30 software metrics)
© Embed,: FSy U FS3 (effort + coverage only)

© Embeds: FS; U FS, U FSs (all combined)

For F.S,, two variants: project-specific (F55_170 /| FS,_149) and
cross-project (FS,_common_26).
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Unsupervised (Stage 3): DBSCAN clustering [11]
Proposed . . .
@ Internal: Silhouette Score, Davies-Bouldin Index
@ External: Homogeneity, Completeness, V-measure

Supervised (Stage 4): Random Forest classifier
@ Chronological expanding-window CV: train on releases 1..k, test on
k+1
@ 14 folds (Calcite), 5 folds (Ant-lvy)
@ Metrics: Precision, Recall (POD), F1, AUC, AUPRC
@ Class weights inversely proportional to class frequencies
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Dataset | Embedding | Variant | Silhouettet | DB| | Homog.t | Compl.t | V-meas.t
Embed; - 0.932 0a77 0.024 0.025 0.024
Results and
\ | Embed, | FS»170 | 0518 | 0462 | 0067 | 0.040 | 0.050 |
| Calcite | | FS2c26 | 0.478 | 0769 | o0.043 | 0.065 | 0.052 |
\ | Embeds | FS».170 | 0.565 | 017 | 0065 | o045 | 0053 |
\ |  Embed, | - \ 0.987 | 0,012 | 0001 | 0.012 | 0.001 |
| Ant-lvy | Embeds | 75149 | 0569 | 0485 | 0.016 | 0.025 | 0.019 |
\ | Embeds | FS».149 | 0.566 | 0487 | 0016 | 0025 | 0.019 |

Key finding: Effort-related embeddings achieve better alignment with defect labels (higher
V-measure) despite lower cluster separation.
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Dataset | Embedding | Variant for 75> | Prec POD F1 AUC | AUPRC

Embed; - 0.386 | 0.297 | 0321 | 0.632 | 0.253
— | Calcite | Embed, | FS>_170 | 0.847 | 0.493 | 0.610 | 0932 | 0720 |
Embeds FS>.170 0.859 | 0.497 | 0.614 | 0.933 | 0.723

Embed; - 0.355 | 0.338 | 0.299 | 0.587 | 0.205
| Ant-lvy | Embed; |  FS5».149 | 0461 | 0.263 | 0.300 | 0.883 | 0.450 |
] | Embeds |  FS»149 | 0434 | 0250 | 0.274 | 0.882 | 0.433 |

Effort + coverage metrics dramatically outperform software metrics: AUC improves from
0.632 t0 0.932 (Calcite) and from 0.587 to 0.883 (Ant-lvy).
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Top RF feature importances (chronological CV, Calcite):
@ COV_BRANCH (0.072)
© COV_COMPLEXITY (0.055)
© COV_INSTRUCTION (0.053)
@ COV_LINE (0.052)
© COV_METHOD (0.041)
© MOSER_age (0.035)

All 5 coverage features rank in the top 5 — test coverage is highly
predictive.

Ablation: Removing bug-related features has negligible impact (< 01%
AUC), confirming that the performance is not driven by potential label
leakage.
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@ vs. full Herbold SM set [1] (2859 features):
e Comparable clustering V-measure (0.053 vs. 0.051)
o With 93% fewer features (205 vs. 2859)
Comparison to
@ vs. SVC [12] (4189 SM features, same CV methodology):

e Precision: +921% (0.859 vs. 0.447)
e AUC: +19.3% (0.933 vs. 0.782)
o F1: +17.8% (0.614 vs. 0.521)

@ Consistent with findings of Al-Shaaby et al. [3] on Apache Lucene,
confirming the utility of coverage metrics for SDP.
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@ ET-SDP: effort-related and test coverage metrics create more
informative embeddings for SDP.

@ Adding software metrics to effort features brings no significant
improvement.

Comparison to
Related Work

@ Test coverage metrics are the strongest predictors of defect proneness.

@ Validated on two Apache projects with chronological cross-validation.

@ Future work:

e Combine with semantic features (CodeBERT)
e Extend to additional projects
e Use estimated effort as a predictive feature [13]
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