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Abstract

Software defect prediction can support early allocation of wverification and
testing effort by identifying modules that are likely to contain defects before
release. This study develops a leakage-safe explainable machine learning
framework and evaluates it on four cleaned NASA Metrics Data Program
benchmark datasets: CM1, JM1, KC1, and PCI1. Within each training
fold, the framework applies median imputation, correlation-aware feature
filtering, robust scaling, and Synthetic Minority Ouversampling Technique
balancing. Random Forest, radial-basis-function Support Vector Machine,
XGBoost, and LightGBM are compared using stratified fivefold cross-
validation and six complementary metrics. Across projects, XGBoost provided
the strongest overall balance, attaining the highest macro-averaged accuracy
(0.816), precision (0.435), and Fl-score (0.402). Random Forest achieved
the highest ROCAUC (0.761), Light GBM achieved the highest precision-
recall AUC (0.429), and Support Vector Machine achieved the highest
recall (0.470), demonstrating that the preferred model depends on the
operational cost of missed defects and false alarms. A Friedman test detected
an overall model difference for ROC-AUC (chisquare = 8.40, p = 0.038),
whereas differences for the remaining metrics were not statistically significant
across the four projects. SHAP analysis of XGBoost on JM 1 identified blank
lines, numbers of unique operators and operands, design complexity, Halstead
difficulty, cyclomatic complexity, and total lines of code as influential
predictors. The framework therefore combines competitive prediction with
transparent global and module-level explanations, while avoiding optimistic
leakage from preprocessing or class balancing. The results support explainable
defect prediction as a decision-support mechanism for risk-based testing rather
than as an automatic replacement for engineering judgment.

1. INTRODUCTION

Late detection of defects in the software life cycle
can result in multiple cycles of debugging,
regression testing, redeployment, and
maintenance. Software defect prediction is the
practice of learning the relationship between

historic measurements of software and its defect
labels in order to estimate the likelihood of
defects in new software modules. A working
model could assist quality assurance teams to
determine which code should be inspected and
tested given limited time and resources. Static
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software metrics have an advantage in being
easily calculated even before deployment without
execution traces.

Past research on defect prediction has found that
code attribute-based models can be used for this
task, although they exhibit sensitivity to data
quality, class imbalance, metric correlation,
experimental methodology, and classifier tuning
[1-3]. Defective modules are normally in the
minority. Therefore, a model can achieve high
accuracy simply by predicting non-defective
modules for the majority of cases while failing to
identify defective modules. The performance
measures of accuracy need to be supplemented
by measures of precision, recall, Fl-score, ROC-
AUC, and Precision-Recall AUC.

The second challenge relates to interpretability.
While it is obvious whether a probability or a
binary label was returned by a module classifier,
this alone does not say why this decision was
made. Such an explanation is crucial when it
comes to differentiating between real engineering
signals and unstable artifacts, explaining results
to practitioners, and drawing attention to those
metrics which played role in forming a certain
prediction. Explaining artificial intelligence
provides global insights about model behavior
and local explanations for particular modules,
but explanations have to be produced from a
well-validated predictive pipeline [14-17].

The current work suggests and empirically
evaluates a full-fledged framework comprising of
leakage-safe  pre-processing, correlation-driven
feature selection, class re-balancing, comparative
classification and SHAP-based explanation. Four
pre-processed NASA Metrics Data Program
datasets are wused in order to maintain
comparability with the existing defect-prediction
literature and mitigate known data quality issues
[3]. The goal of the study is not to establish
supremacy of a particular algorithm. On the
contrary, the focus is on exploring the trade-offs
of various models and on producing
explanations for predictions.

The main contributions include the following:
An imputation-robust pipeline where
imputation, feature filtering, normalization, and
SMOTE are calculated solely based on each
training fold.

A fair comparison between Random Forest,
Support  Vector Machine, XGBoost, and
LightGBM on four benchmark projects after
cleaning, based on six different metrics.

A statistically conservative cross-project analysis
that discerns the strength of individual metrics
without the assumption of universal supremacy.
SHAP-based explanations of the global and local
importance of the features in an XGBoost
classifier that performs well.

An executable analysis script along with data and
model descriptions.

2. Related Work

2.1 Software Metrics and Defect Prediction
Static Defect Prediction Studies normally involve
the use of size, complexity and Halstead-like
features. The McCabe cyclomatic complexity
feature represents an estimation of the number
of linearly independent paths of execution [4]
while Halstead features describe program
vocabulary, length, volume, difficulty and effort
based on operator and operand count [5].
Features such as lines of code and comments
indicate the module size and document features
respectively. Such features are indicators but not
direct causes of defects and yet they have the
advantage of easy accessibility and lower costs of
acquisition.

Menzies et al. established that code features
could be used to build good defect predictors
while Lessmann et al. established that
conclusions drawn could be contingent upon the
design of benchmark used and also the set of
classifiers considered [1,2]. The importance of
data quality assessment before any modelling was
subsequently stressed. Shepperd et al. revealed
that there were duplicates and inconsistencies in
the original NASA data set and also provided
cleaned data sets that are suitable for
reproducible empirical research [3]. This study
uses the cleaned D-double prime data sets.

2.2 Imbalance, Correlated Metrics, and
Evaluation Bias

Defect datasets are usually imbalanced due to the
preponderance  of non-defective  modules.
Rebalancing could help with sensitivity towards
the minority class, although its impact differs for
different classifiers and can alter the meaning of
the model [6]. SMOTE creates synthetic minority
examples by interpolation of nearby examples
and is commonly used as a way of re-sampling
instead of replicating [13]. It is important to note
that the ressampling procedure should be done
post train/test split and using only training data.
Otherwise, it will lead to the information leakage
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from validation data into the training
distribution.

Software metrics show considerable redundancy:
for instance, several Halstead metrics are linearly
dependent, and measures of size are highly
correlated with complexity metrics. The high
correlation between the variables destabilizes the
model interpretation without decreasing the
predictive power of the model [7,8]. The
proposed approach uses transparent Spearman
correlation criterion on each fold of training data
to decrease redundancy prior to explanation.

2.3 Explainable Defect Prediction

While the random forest and gradient boosting
algorithms are able to model non-inear
interactions, they lack a clear representation
based on coefficients. SHAP expresses a
prediction in terms of contributions of each
feature with respect to the expected output of the
model [14]. Efficient TreeSHAP methods make
this possible for tree ensembles and allow
aggregation to compute the global feature
importance [15].

Previous work done on defect prediction has
studied model-agnostic explanation methods and

found that such methods were valued by people,
but there is the possibility that different models
yield different explanations [16,17]. This leads to
two considerations in this study. First,
explanations are created only after evaluation of
the model is completed. Second, the explanation
is presented as model-specific associations and
not as an indication that changing metrics would
fix the issues.

3. Proposed Explainable Machine Learning
Framework

The described framework has six interconnected
steps: acquisition of benchmarks, data quality
control, training folds pre-processing, correlation-
based features filtering, class-balanced models
creation and SHAP explanations. Step-by-step
process is shown on Fig. 1. Each data-driven
transformation is re-trained separately for each
training fold during crossvalidation. Held-out
fold is transformed based on the parameters
obtained from the training fold but never
participates in median selection, wvariable
selection, scaling and synthetic samples
generation.

Leakage-safe explainable defect-prediction workflow

1. Public benchmark 2. Quality checks & 3. Correlation-aware
software metrics median imputation feature filtering
6. Prediction + SHAP 5. RF, SVM, XGBoost, 4. Robust scaling &
explanations and LightGBM SMOTE in training folds

Stratified 5-fold cross-validation: every preprocessing step and SMOTE are refitted inside the training fold

Figure 1. Leakage-safe workflow for explainable software defect prediction.

There are two types of outputs from the
framework. First, the predictive output, which
includes either the defect probability or decision
score along with the binary class. The second
output is the explanatory output, which includes
the following three components: (a) Global
ranking through the average absolute value of

SHAP values; (b) Plot indicating the effect of
high/low feature values on the prediction; and
(c) Waterfall explanation of a selected module. It
is important to note that the decoupling of
prediction and explanation is deliberate.

https://ijournalar.com

| Siddiqui et al., 2026 | Page 47



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

ISSN: 3106-7980 : 3106-7972

Volume 3, Issue 2 [May, 2026]

4. Materials and Methods

4.1 Datasets and Outcome Definition

The analysis of the data set used the CM1, JM1,
KC1, and PC1 from the D" collection of the
NASA Metrics Data Program that is kept for
empirical defect prediction research work. Each
entry in the data set refers to a software
component; each predictor is a static software

measure, and the dependent variable indicates
whether the software module was classified as
defective (Y=1) or non-defective (N=0). There are
altogether 9,888 software modules in the four
data sets, out of which 2,003 are defective;
however, performance measures were first
computed per project.

Table 1. Dataset composition and retained feature counts.

Dataset Modules Orlgl.nal Defective Non- . Defect Metrics  retained
metrics defective rate per fold
CM1 327 37 42 285 12.8% 17-19
M1 7720 21 1612 6108 20.9% 10
KC1 1162 21 294 868 25.3% 7
PC1 679 37 55 624 8.1% 16-17
Class distribution in the cleaned NASA MDP datasets
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Il Non-defective
7000 - W Defective
6000 A
@
S 5000 A
pe]
Qo
£
o 4000 -
(]
=
§ 3000 -
2000 A
25.3% defective
1000 1 8.1% defective
12.8% defective

cM1 M1

KC1 PC1

Figure 2. Class distribution in the four cleaned NASA MDP datasets.

The rate of defects varies from 8.1% for PCI to
25.3% for KC1. Such differences suggest that
one single performance metric may not be
enough. For instance, accuracy can be easily
manipulated in PC1 but not in KC1 because
precision-recall AUC  captures the true
performance given class prevalence [19].

4.2 Static Software Metrics

Candidate predictor variables include metrics
based on lines of code, comment and blank line
counts, branch counts, McCabe complexity
metrics, and Halstead metrics based on operator
and operand counts. The number of metrics

used varies between projects; CM1 and PC1
utilize 37 candidate metrics while JM1 and KC1
use only 21. Due to the high degree of
correlation between some of these metrics (as
they describe similar characteristics of module
size and complexity), feature reduction is an
important part of the proposed framework.

4.3 LeakageSafe Preprocessing and Feature
Filtering

Stratified 5-fold crossvalidation was performed
with shuffling and seed 2026. Stratification
ensured that the fraction of defectiveness specific
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to the project was preserved for each fold. Each
split was completed as follows:

1. Missing values for predictors were imputed
using the median from the training fold.

2. Constant metrics were filtered out. Next, the
absolute Spearman correlation between the two
non-constant metrics was calculated based on the
training fold metrics. If the absolute value of
Spearman correlation for a pair exceeded 0.90,
then the metric which had a weaker absolute
Spearman correlation to the outcome in the
training fold was removed; deterministic column
ordering resolved ties.

3. The remaining metrics were scaled using
robust scaler, based on the median and
interquartile range calculated from the training
data.

4. SMOTE was performed for the training
observations only, with 3 nearest neighbors. The
validation fold had the natural class distribution.
5. The model was fit using the balanced training
set and evaluated on the untouched validation
fold.

The number of features could thus change across
folds, depending on whether or not the absolute
Spearman correlation close to the threshold
varied due to changes in the training sample.

4.4 Classification Algorithms

Four classifiers that use supervision have been
chosen since they demonstrate complementary
learning algorithms and are often used as
baselines in software analytics. Random Forest
learns an average of decorrelated decision trees
and is fairly insensitive to nonlinear relationships
[9]. Radial Basis Function Support Vector
Machine learns a nonlinear margin in a higher-
dimensional feature space [10]. XGBoost learns
regularized gradient boosting in an incremental
way [11], and LightGBM uses the efficient leaf-
wise gradient-boosting approach [12].

The hyperparameters were set prior to
performing cross-validation as opposed to being
tuned on evaluation folds. This allows a
straightforward comparison but does not claim
to find the optimal configuration for each
project, even though it avoids any kind of
optimization leakage. The hyperparameters are
detailed in Appendix A and the provided script
for analysis..

4.5 Evaluation Measures

TP, FP, TN, and FN represent true positive, false
positive, true negative, and false negative
respectively. The accuracy metric describes how
many predictions have been correctly made.
Precision captures the ratio of predicted
defectives which are indeed defective, while recall
captures the ratio of actual defectives identified.
The F1 score is the harmonic mean of precision
and recall. The ROC AUC score captures the
performance of ranking, while the precision-
recall AUC score gives more weight to the
minority class. All the above scores were
calculated since none captured the entire trade-
off.

DPrecision = TP/(TP + FP); Recall = TP/(TP + FN);
F1 = 2(Precision x Recall)/(Precision + Recall)
Results at the fold level were averaged per project
and per model. Macros at the cross-project level
were computed as the arithmetic average, giving
each project equal weight. Statistical significance
was tested using the Friedman test on project-
level data for each individual metric with models
considered as repeated measures and projects as
blocks [18]. With only four projects available, p-
values and rankings were cautiously interpreted
without making any broad claim about
superiority.

4.6 Explainability Analysis

XGBoost was chosen for explanation due to its
better macroscopic performance in terms of
accuracy, precision, and F1 score and because of
the efficient computation of SHAP wvalues
specific to each tree. The stratified 80/20 split of
JM1 dataset was created independently with the
same preprocessing process used only during
training phase. The SHAP values of 600 test
modules were calculated. The mean absolute
SHAP values were used to quantify the global
effect, the beeswarm plot showed the direction
and distribution of SHAP wvalues, and the
waterfall plot gave an explanation of one correct
high-risk module detection.

5. Results

5.1 Project-Level Predictive Performance

The table below provides the mean of the five-
fold validation results for each data model pair.
The performance is highly project dependent.
XGBoost performed best in terms of F1 score in
CM1, while SVM performed best in JM1 and
KC1, whereas LightGBM performed best in
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PC1. For the ROC-AUC metric, Random Forest
performed best in JM1, KCI1, and PCI, while

XGBoost was the best for CM1.

Table 2. Fivefold cross-validation means by project and model.

Dataset  Model Accuracy  Precision Recall F1 ROC- PR-AUC
AUC
CM1 LightGBM 0.832 0.287 0.233 0.251 0.801 0.421
CM1 Random Forest 0.835 0.360 0.308 0.324 0.785 0.373
CM1 SVM 0.820 0.379 0.378 0.358 0.724 0.350
CM1 XGBoost 0.856 0.433 0.378 0.399 0.806 0.427
M1 LightGBM 0.779 0.457 0.307 0.367 0.700 0.405
M1 Random Forest 0.780 0.466 0.349 0.399 0.717 0.423
M1 SVM 0.715 0.363 0.476 0.411 0.685 0.367
M1 XGBoost 0.764 0.424 0.368 0.394 0.700 0.401
KC1 LightGBM 0.741 0.485 0.415 0.446 0.689 0.476
KC1 Random Forest 0.737 0.478 0.425 0.449 0.693 0.470
KC1 SVM 0.708 0.435 0.497 0.463 0.673 0.437
KC1 XGBoost 0.743 0.490 0.408 0.445 0.691 0.480
PC1 LightGBM 0.910 0.448 0.364 0.395 0.830 0.415
PC1 Random Forest 0.898 0.409 0.345 0.369 0.851 0.421
PC1 SVM 0.813 0.221 0.527 0.311 0.749 0.281
PC1 XGBoost 0.900 0.392 0.364 0.372 0.836 0.395

5.2 Cross-Project Comparison

The method of macro averaging makes sure that
every project contributes equally. The best macro
accuracy was achieved by XGBoost, with a score

of 0.816, while its precision was 0.435 and F1-

Score was 0.402. The highest ROC-AUC was
scored by Random Forest, which had a score of
0.761. LightGBM had the best PR-AUC, scoring
0.429, while SVM had the highest recall, scoring

0.470.

Table 3. Macro performance across four projects (mean +/- standard deviation).

Model Accuracy Precision Recall F1 ROC-AUC PRAUC

LightGBM 0.816 +/- 0419 +/- 0330 +/- 0365 +/- 0.7155 +/- 0429 +/-
0.073 0.090 0.078 0.083 0.071 0.032

Random 0.813 +/- 0428 +/- 0357 +/- 0385 +/- 0.761 +/- 0421  +/-

Forest 0.070 0.055 0.049 0.052 0.071 0.040

SVM 0.764 +/- 0349 +/- 0470 +/- 0386 +/- 0.708 +/- 0.359 +/-
0.061 0.091 0.065 0.066 0.035 0.064

XGBoost 0816  +/- 0435 +/- 0379 +/- 0402 +/- 0.758 +/- 0425 +/-
0.075 0.041 0.020 0.031 0.074 0.039
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Comparative predictive performance
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Figure 3. Macro-averaged predictive performance across the four projects.

The smallest differences occur among the tree
ensembles. XGBoost, LightGBM, and Random
Forest within
approximately 0.003 of one another, so the
practical model choice should be guided by the
preferred profile and

have macro accuracies

error explanation

5.3 Statistical Comparison

requirements. The absolute F1 and PR-AUC
values are moderate, reflecting the difficulty and
imbalance of the cleaned benchmark projects
rather than the near-perfect results sometimes
reported under less stringent validation.

Table 4. Friedman tests across project-level model results.

Metric Friedman chi-square p-value Interpretation at alpha = 0.05
Accuracy 7.500 0.058 Not significant

Precision 3.300 0.348 Not significant

Recall 7.342 0.062 Not significant

Fl-score 1.200 0.753 Not significant

ROC-AUC 8.400 0.038 Significant

PR-AUC 7.200 0.066 Not significant

The only metric showing statistical difference in
overall performance between the models was
ROC-AUC (chisquare = 8.40, p = 0.038). The
mean ROC-AUC scores were 1.50 for Random
Forest, 2.00 for XGBoost, 2.50 for LightGBM,
and 4.00 for SVM. The accuracy, recall, and PR-
AUC values were close to, but below, 0.05. With
the few blocks of projects in the experiment, the
statistical test is underpowered, so it should be
taken as an indicator of tendencies, not ranking
of the algorithms.

5.4 JM1 ROC Analysis

Figure 4 depicts the out-offold ROC curves for
JM1. In terms of ROC-AUC, we have the
following order of models: Random Forest with
ROCAUC of 0.717; LightGBM with ROC-
AUC of 0.700; XGBoost with ROC-AUC of
0.699; and SVM with ROC-AUC of 0.684.
These curves are quite similar at all the
thresholds. This supports the idea that small
differences numerically should not be over
interpreted.
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Out-of-fold ROC curves on JM1
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Figure 4. Out-of-fold ROC curves for the four classifiers on JM1.

5.5 Global Explainability
Explanations of XGBoost for the global data on
JM1 are shown in Figures 5 and 6. The variable

higher than any other metric. Number of unique
operators and operands, design complexity,
Halstead difficulty, cyclomatic complexity, and

having the highest average absolute SHAP value number of lines of code were the other
was LOC_BLANK with a value of 0.518, much important variables.
Table 5. Global XGBoost SHAP importance on the JM1 explanation set.
Rank Metric Mean absolute SHAP value
1 LOC_BLANK 0.518
2 NUM_UNIQUE_OPERATORS 0.176
3 NUM_UNIQUE_OPERANDS 0.149
4 DESIGN_COMPLEXITY 0.137
5 HALSTEAD_DIFFICULTY 0.113
6 CYCLOMATIC_COMPLEXITY 0.112
7 LOC_TOTAL 0.107
8 LOC_COMMENTS 0.096
9 LOC_CODE_AND_COMMENT 0.077
10 ESSENTIAL_COMPLEXITY 0.037
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Global XGBoost feature importance on JM1

LOC_BLANK +0.52
NUM_UNIQUE_OPERATORS
NUM_UNIQUE_OPERANDS
DESIGN_COMPLEXITY
HALSTEAD_DIFFICULTY
CYCLOMATIC_COMPLEXITY
LOC_TOTAL
LOC_COMMENTS

LOC_CODE_AND_COMMENT

ESSENTIAL_COMPLEXITY

0.0 01 0.2 03 0.4 05
mean(|SHAP value|)

Figure 5. Mean absolute SHAP importance for the JM1 XGBoost model.

Direction and magnitude of feature effects High
19

LOC_BLANK
NUM_UNIQUE_OPERATORS
NUM_UNIQUE_OPERANDS
DESIGN_COMPLEXITY

HALSTEAD_DIFFICULTY .

CYCLOMATIC_COMPLEXITY

Feature value

LOC_TOTAL
LOC_COMMENTS
LOC_CODE_AND_COMMENT

ESSENTIAL_COMPLEXITY

Low

-15 -10 -05 00 05 1.0
SHAP value (impact on model output)

Figure 6. Direction and magnitude of feature effects in the JM1 XGBoost model.

Directionality is incorporated into the ranking by number of size and complexity features usually
the beeswarm plot. For instance, high scores of a push predictions to a higher chance of defect,
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though the relationship is not necessarily

monotonic with respect to all the features. The
distribution of the SHAP wvalues highlights
interactions and  heterogeneities  between
modules. The correlated features were removed
before training the model, thus the explanations
are more cohesive, yet still model- and data-
dependent.

5.6 Local Explanation of a High-Risk Module
As shown in Figure 7, the following is the
explanation of a properly classified defective J]M 1

with a predicted probability of 0.962. Higher
cyclomatic complexity, number of unique
operands, blank lines, and code & comment
lines contributed to the higher prediction.
Halstead difficulty and essential complexity
decreased the output of the model for this
module. This clearly indicates that a single
prediction may be based on several features that
compete for each other’s value contribution. The
explanation can help in reviewing the score
based on recorded values.

Local explanation for a high-risk JM1 module (p=0.962)

CYCLOMATIC_COMPLEXITY
NUM_UNIQUE_OPERANDS
HALSTEAD_DIFFICULTY
LOC_BLANK
LOC_CODE_AND_COMMENT
NUM_UNIQUE_OPERATORS
LOC_TOTAL

DESIGN_COMPLEXITY

ESSENTIAL_COMPLEXITY —0.19 '

LOC_COMMENTS

fix)
+0.79
-0.59
+0.56
o3
.+0.27
'+0.26
’+0.06
0 1 2 3
E[f(X)]

Figure 7. Local TreeSHAP explanation for a high-risk JM1 module (predicted probability = 0.962).

6. Discussion

6.1 Interpretation of Comparative Results
However, the results do not lend credence to the
notion that any one classifier reigns supreme
over all defect prediction tasks. XGBoost had the
best overall tradeoff and therefore would serve as
a sensible default in situations where both
precision and F1 score are desired. The best
classifier in terms of ROC-AUC is the Random
Forest classifier while the LightGBM had a slight
edge in PR-AUC. The SVM performed the best
at generating high recall scores, which might suit
well in cases where false negatives have greater
consequences than false positives.

The ranking of the models also varies from
project to project, which is quite natural since
the data sets differ in feature set, class imbalance,
project nature, and sample size. For instance,
PC1 has 55 defective modules, meaning that
there will be higher variability in fold-wise
precision and recall rates. Thus, deployment of
the chosen model needs to be based on the local
project experience as opposed to adopting the
winner blindly.

The moderate performance scores represent a
strong point in the evaluation procedure but not
a weakness in the framework. Preprocessing and
oversampling took place only within training
folds, clean datasets were used, and performance
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was evaluated on naturally imbalanced validation
folds. It minimizes the probability of the
optimistic estimates appearing due to the use of
synthetic instances, global feature selection, and
duplicating examples across the evaluation
boundary.

6.2 Implications for Software Quality Practice
A defect prediction model should be used as part
of a triage workflow. The following procedure is
recommended:

1. Calculate the static metrics that are needed for
the model, once the module or release candidate
is ready.

2. Provide a defect risk score and sort modules,
instead of assigning a simple binary label.

3. Choose an appropriate decision threshold that
reflects inspection capability and the costs of
false negatives.

4. Periodically examine the global explanation to
see if the model makes use of technically
reasonable signals.

5. Provide a local explanation of each risky
module so that the reviewer can see what factors
led to its selection.

6. Keep track of review results and re-train the
model if project practices, = programming
languages, or defects criteria are changing.
SHAP-based  explanations may  help  to
communicate between data scientists and
software engineers better. The reviewer can
determine whether the score is determined
mainly by size, control flow complexity, operator
set, or some weird combination of metrics. An
explanation can also point to potentially harmful
dependencies on the metric that has been
modified due to tool changes..

6.3 Explainability and Actionability

Global importance can help facilitate discussions
about processes, but it should not be directly
translated into prescriptive guidelines. A large
value of SHAP in the global sense for the
LOC_BLANK variable implies only that the
model often utilizes this variable in the
framework of JM1 data set; it cannot prove that
blank lines result in defects. This variable is
related to programming style, generated code,
module structure or something else.
Explanations on a local level are more practical
when it comes to prioritizing actions since such
explanations will explain what makes a specific
module different from the baseline of the model.
Nonetheless, the stability of explanations has to

be taken into account. The literature shows that
rankings of explanations can be dependent on
the sampling and model parameters [16,17].

7. Threats to Validity

7.1 Construct Validity

The binary defect categorization relies on the
procedure used in collecting the data and linking
it to the defect. The static metrics account for
measurable qualities of the code but do not
account for all the reasons why a defect could
arise, like the experience of the developers,

requirements  changes, = or  architectural
dependencies.
7.2 Internal Validity

Leakage is the primary source of internal validity
problems. Leakage was avoided by applying
imputation, feature selection, normalization, and
SMOTE only on the training set. However, the
correlation filter makes its decision using
training labels and hence it is a supervised filter.
The estimates made by the filter may differ in
small samples. Random seeds ensure replicability
but results may change with different thresholds.

7.3 Conclusion Validity

A total of only four projects was considered in
the Friedman test across projects, thus reducing
its statistical power. Various measures were
considered, and the single p-value that is less
than 0.05 needs to be taken with caution. The
standard deviations are for variation among
projects for the macro analysis and variation
among folds for the project-level analysis and not
confidence intervals for future projects.

7.4 External Validity

The cleaned NASA projects are widely used but
are historical and may not reflect modern
development languages, continuous integration,
microservices, or contemporary code-review
practices. The results should be replicated on
current industrial and open-source projects,
preferably with temporal validation. Performance
can also change when the defect definition,
metric tool, unit of analysis, or release process
changes.

7.5 Explainability Validity

The SHAP values correctly decompose the
selected model using the selected background
distribution; however, they do not create any
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causal relationship nor can they guarantee
explanation stability with respect to retraining.
The correlated feature filtering eliminates the
possibility of one ambiguity; however,
unmeasured confounders and model interaction
ambiguities still persist.

8. Conclusion

This study introduced a leakagefree XAl
machine learning framework for early software
defect prediction by utilizing four NASA
benchmark projects, which were cleaned to
eliminate leakage.

The best performing algorithm in terms of
balanced  cross-project  performance  was
XGBoost, showing the highest macro accuracy,
precision, and Fl-score. Random Forest had the
highest ROC-AUC, LightGBM had the highest
PR-AUC, and SVM had the highest recall. This

Appendix A. Model and Analysis Settings

proves that model selection cannot be based on
one measure but depends on the organization’s
defect cost profile. Statistically significant model
difference was shown only for ROC-AUC, not
for other measures due to limited number of
projects.

The results of the explain ability analysis
provided insights on how global and local SHAP
outputs may reveal the software metrics which
were used by the models for predictions. In the
context of quality assurance workflow, the
framework can identify priority modules for code
review and give engineers explanations behind
each critical score. Further research should
include evaluation of temporal and cross-project
generalization, probability calibration, threshold
selection based on costs, explanation stability,
and new code metrics.

Table A1. Fixed model hyperparameters used in the reported analysis.

Component Setting Value

Crossvalidation | Splits

Stratified 5-fold, shuffled; random seed 2026

Feature filter

Correlation threshold | Absolute Spearman rho > 0.90

Scaling Transformer RobustScaler: median and interquartile range

Class balancing SMOTE k_neighbors = 3; random seed 2026

Random Forest Core settings 200 trees; max_features = sqrt; min_samples_leaf = 2
SVM Core settings RBF kernel; C = 10; gamma = scale

250  trees; depth 4; learning rate  0.045;

XGBoost Core settings subsample/column sample 0.85; min_child_weight 2

LightGBM | Core settings s ol st 85 i ien 20
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