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Abstract: The increasing complexity of contemporary software systems makes accurate and interpretable software fault prediction
a challenging task. Although ensemble learning techniques have demonstrated promising predictive performance, existing
approaches continue to face challenges related to feature selection, cross-project consistency, and model interpretability. This study
proposes a Hybrid Boosted Stacking Ensemble Framework (HBSEF) for software fault prediction that integrates hybrid feature
selection, ensemble learning, statistical validation, and SHAP-based interpretability. The proposed framework incorporates data
preprocessing, class-imbalance handling using Random Oversampling, and a hybrid feature selection strategy integrating filter,
embedded, and wrapper methods to identify software metrics with consistent predictive importance across multiple software
projects. The core predictive model employs CatBoost, XGBoost, and LightGBM as base learners, with XGBoost serving as the
meta-learner in the stacking ensemble. The framework is evaluated on an unseen test set using standard classification metrics, while
paired t-testing is employed to assess the statistical significance of performance differences. Experimental results identify LOC,
CBO, WMC, RFC, LCOM, and MAX CC as the most influential software metrics. The proposed framework demonstrates
statistically significant improvements over the baseline ensemble models, as validated through paired t-testing (t = 4.53, p =
0.0004), indicating the effectiveness of the proposed approach in enhancing software fault prediction performance. SHAP-based
explanations provide both global and local interpretations, revealing the contribution of individual software metrics and base-model
predictions to fault classification. Overall, the findings indicate that integrating principled feature selection with a boosting-based
stacking ensemble can improve software fault prediction performance while providing greater transparency for software quality
management.

Keywords: Feature Selection Methods (FSM), Software, Metrics, Software Fault Prediction, Stack, Ensemble Learning, SHAP,
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1. Introduction

Testing is a critical part of the software development life cycle, ensuring high-quality software by evaluating
all generated modules, like classes and components [1]. It is the most resource-intensive and expensive activity in the
development process. A robust mechanism is essential to guarantee the high quality of the final product while
optimizing resource usage in the testing process. Identifying fault-prone modules before testing serves as an effective
solution to this challenge. Software Fault Prediction (SFP) models enable the automatic identification of fault-prone
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modules before the testing phase. These models mainly rely on software metrics from previous releases and fault data
gathered during earlier testing stages[2].

Fault prediction models are utilized to improve software quality and help in software inspection by pinpointing
potential faults. The effectiveness of these models is determined by the modeling technique used and the software
metrics implemented. Several software metrics have been proposed in existing research for SFP, and identifying the
right set of metrics for an SFP is challenging [3]. Many studies in SFP have reported unusually high misclassification
rates, which may be due to inherent issues in the project datasets [4]. One such issue is that the datasets often contain
unnecessary information, requiring pre-processing before they can be used for fault prediction. Additionally, some
metrics may be redundant or, in the worst case, have a confounding effect on the fault proneness results. Existing
research has shown that a large number of features (attributes) can reduce classification accuracy and increase
misclassification errors [5]. The use of High-dimensional data is challenging for many classification algorithms
because of high computational cost and memory usage [6] [7]. One of the major challenges in high-dimensional
datasets is the occurrence of redundant features, which have strong connections with other features and can be
accurately predicted using current data. Such features provide minimal additional information to the fault prediction
process and can affect model performance by extending training time and creating noise, which further leads to
overfitting. These challenges not only reduce model efficiency but also compromise generalization capabilities. To
address these challenges, feature selection techniques are frequently used to minimize dimensionality by selecting and
keeping just the most relevant and non-redundant features [8].

Feature Selection (FS) approaches are used to detect and maintain the essential data elements(features), helpful
in developing reliable prediction models. FS is critical in data pre-processing since it addresses the complexity of
high-dimensional datasets. This challenge has two major issues: irrelevant variables, in which certain features
(independent variables) do not influence the target variable (dependent variable), and redundant variables, in which
independent variables are highly correlated and can be removed without loss of information [8]. There are four basic
feature selection techniques: filter[9], wrapper[10], embedding [11], and hybrid[12]. Numerous
studies[8][13][14][15][16][17][18] have used feature reduction approaches to enhance prediction models'
performance but still suffer from some drawbacks 1) limited number of classification techniques across a small set of
dataset ii) lack of addressing both class imbalance and feature redundancy issues iii) lack of investigation into the
impact of various feature selection methods (FSM) on the performance of ensemble classifiers iv) Limited evaluation
of individual metric importance within the dataset v) Narrow selection of an ensemble learning classifiers.

To address the aforementioned shortcomings, this research work proposes a robust hybrid framework divided
into three key phases: (i) addressing class imbalance to improve model reliability, (ii) assessing the significance of
individual metrics using diverse feature selection techniques, and (iii) using the most relevant features to train and
evaluate models across classification models using 10-fold cross validation employed to ensure robust and
generalizable results. This technique ensures higher prediction accuracy, adaptability, and a better comprehension of
feature contributions.

1.1 Contribution
This research provides the following key contributions:

® A novel formulation for metric selection is proposed to assess and rank software metrics in terms of their
relevance across datasets and predictive importance, aiming at identifying robust fault-related software
metrics.

® A hybrid feature selection framework combining the filter, embedded, and wrapper methods is proposed to
improve the robustness of the chosen metrics. This is achieved by using the proposed framework on various
PROMISE datasets.

® A boosted stacked ensemble learning architecture is proposed, in which XGBoost is used as a meta-learner to
effectively integrate the results of various base models and improve the accuracy of fault prediction.
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® A cross-dataset evaluation approach is followed to identify universally significant and consistent software
metrics, and the results show that LOC, CBO, WMC, RFC, LCOM, and MAX CC are stable predictors of
software faults.

® Comprehensive experimental analysis is carried out along with statistical validation to confirm the
effectiveness of the proposed framework by comparing it with individual ensemble models.

® Explainable AI(XAI) interpretation is incorporated using SHAP to provide global and local explanations to
enable the transparent understanding of the impact of software metrics on the results of the predictions.

The research paper is organized to ensure that the research flows logically and is presented clearly. Section 2 reviews
the relevant literature and highlights the existing research gaps. Section 3 presents the proposed framework and
evaluation methodology and also describes the experimental settings. Section 4 reports the results, detailed analysis
of the findings, offers an in-depth discussion, and presents a comparative analysis with previous studies. Section 5
addresses the threats to validity and outlines potential limitations of the study. Finally, Section 6 summarizes the
important findings and suggests options for future research.

2. Related Work

Software fault prediction is significant in software engineering because it identifies defect-prone modules,
hence increasing program reliability and maintainability. Traditional SFP models generally rely on a wide range of
software measures, many of which are redundant or less useful. To increase model performance, several feature
selection procedures are attempted to discover which metrics are most important. A diverse set of software
measurements helps improve program quality by predicting faults. At the same time, numerous software measures
are investigated to determine the most effective combination for predicting software quality. Control. [.H. Laradji et
al. [19] demonstrated the efficacy of integrating feature selection and ensemble learning for software defect prediction.
The authors cover important concerns such as feature repetition, excessive correlation, irrelevance, and data
imbalance. Greedy forward selection (GFS) is more effective than Pearson's correlation at identifying relevant traits.
The findings highlight the necessity of careful feature selection and robust ensemble models in enhancing defect
detection and software quality control.

S. S. Rathore and S. Kumar [3] tested six fault prediction techniques: genetic programming, multilayer
perceptron, linear regression, decision tree regression, zero-inflated Poisson regression, and negative binomial
regression for predicting the number of faults in software modules rather than simply classifying them as faulty or
non-faulty. The study examined 18 datasets from the PROMISE repository and evaluated model performance using
criteria such as average absolute error, average relative error, completeness, and prediction at level ll. Statistical tests,
such as the Kruskal-Wallis and Dunn's multiple comparison tests, were used to compare methodologies to improve
software testing and dependability. The author also examined how the metrics RFC, NPM, DIT, CBO, MOA, and
MFA continually surfaced as meaningful across a large number of datasets.

Raed Shatnawi [20] investigated software quality assessment by analyzing software metrics and their
correlation with faults. The study indicates that, while there are several metrics, not all of them are highly associated
with fault-proneness. In addition, uneven fault data challenge fault prediction and threshold identification. The authors
used ROC analysis to accomplish three main goals: (1) establishing threshold values for risky modules, (2) assessing
the impact of unbalanced data, and (3) applying ROC for feature selection. Their findings demonstrate that ROC may
successfully define thresholds for four critical measures, including WMC, CBO, RFC, and LCOM. Furthermore, even
after data sampling, the results are consistent, with ROC consistently selecting WMC, CBO, and RFC across most
datasets, whereas other approaches showed considerable variability in metric choice. A similar type of study was
reported by C. W. Yohannese and T. Li[21] to enhance Software Fault Prediction (SFP) by addressing key challenges
such as feature redundancy, irrelevance, and class imbalance in software datasets. It introduces a new framework that
integrates Feature Selection (FS) and Data Balancing (DB) techniques to improve classification performance. The
study applies multiple feature selection methods and Synthetic Minority Oversampling Techniques (SMOTE) to refine
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the dataset, ensuring that only the most relevant features contribute to model training. The empirical findings highlight
that Random Forest (RF) with Information Gain (IG) feature selection achieves the highest ROC (0.993) for Static
Code Metrics (SCM), while RF with Correlation-Based Feature Selection (CFS) attains the highest ROC (0.909) for
Object-Oriented Metrics (OOM).

To improve Software Defect Prediction (SDP), L. Jia [23] suggested a Hybrid Feature Selection (HFS)
technique to address the problem of redundant and unnecessary features in high-dimensional datasets. To find the
most significant attributes, the approach employs a combination of ranking approaches such as Chi-Squared,
Information Gain, and Pearson Correlation Coefficient. The chosen features are subsequently used to train an RF
model for defect prediction. Experimental testing on five NASA datasets revealed that the suggested strategy
efficiently minimizes feature redundancy and enhances predictive ability, as seen by improved F-measure scores. The
paper identifies several significant benefits of feature selection, including reduced computational complexity,
prevention of overfitting, improved generalization, and improved fault prediction accuracy. The feature subset is
refined using feature selection methods such as varlmp (), Boruta, and Recursive Feature Elimination (RFE).
Experimental results show that RF-based feature selection greatly enhances classification performance, making it an
effective approach for software defect prediction.

Early works are largely based on the use of traditional machine learning algorithms, including Decision Trees,
Naive Bayes, Support Vector Machines, and Logistic Regression classifiers based solely on static code metrics, though
often limited by high dimensionality, imbalance, and dataset dependencies[22][23]. However, to address the
limitations of high dimensionality and redundancy, SDP techniques are combined with feature selection methods to
eliminate redundant code metrics, hence improving the accuracy of the classifiers[24]. However, the current trend of
research has focused on the benefits of meta-heuristic approaches for code feature selection, which has yielded
prominent advances when combined with ensemble classifiers for SDP, including within-project and cross-project
defect prediction analysis [25][8] Ensemble methods like bagging, boosting, and stacking have often been able to
outperform single classifiers due to the utilization of complementary strengths provided by multiple learners. Other
works have extended the so-called deep learning models, such as multilayer perceptrons and autoencoder-based
architectures, in capturing complex interactions among features. However, the black-box nature of most deep learning
models raises several barriers to practical adoption. Recent literature has called for explainable Al methods, including
SHAP and LIME, to enhance transparency and trust in SDP models; however, their integration into robust feature
selection and ensemble or deep learning frameworks remains poorly explored, hence justifying further research in this
direction.

2.1 Research Gap
Among the literature surveyed, there appear to be a number of limitations.
® Techniques for selecting features may fail to provide stability between datasets.
® Ensemble methods and deep learning networks value their performance over interpretability.
® XAl methods are not often incorporated within the SDP pipeline.
® Few studies capture class imbalance, consistency of features, and interpretability at the same time.

These gaps motivate the need for integrated frameworks that combine robust feature selection, advanced
learning models, and explainable Al to improve both predictive performance and practical usability.

2.2 Agnostic Feature Selection Process

Fig. 1 depicts a systematic framework for feature optimization and generalization, which is intended to improve
the performance and reliability of predictive models. The approach starts with Reducing Dimensionality, which
removes superfluous and extraneous features, leaving a cleaner, more efficient dataset that increases model speed and
accuracy. The following stage, Top-k Feature Selection, systematically finds the most influential features, allowing
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the model to concentrate on the most useful variables and thereby enhancing interpretability and predictive strength.
Moving ahead, the approach focuses on Universal Important Features, guaranteeing that the selected qualities are
consistently relevant across numerous machine learning models. This not only improves the robustness of the strategy

but also reduces model-specific bias.
Reduce Dimensionality
f Simplifies the model by removing
irrelevant features, improving efficiency.
Top-k Feature Selection
{ Focuses on the most important features,
enhancing interpretability.

\ /4 Universal Imp Features
®
@ @ Ensures features are consistently

important across models,
increasing robustness.

k Check Generalizations
Z Verifies that selected features work well
across different models, improving
reliability.

Fig. 1. Feature selection pipeline

Finally, the Check Generalizations phase validates the selected features across diverse models, confirming their
reliability and stability in varying experimental conditions. Together, these stages form a powerful and cohesive
pipeline that transforms raw features into a refined, interpretable, and generalizable feature subset, ensuring that the
final model is both efficient and trustworthy, a key requirement for real-world predictive analytics and software fault
prediction studies.

3. Methodology

This section outlines the research methodology adopted to achieve the objectives of the research work. It
describes the data sources, pre-processing methodologies, feature selection methods, model implementation, and
evaluation procedures utilized in the analysis.

3.1 Proposed Framework

The proposed framework is a three-stage Software Fault Prediction framework designed to improve prediction
performance while maintaining statistical reliability and model interpretability. As shown in Fig.2, in the first stage,
Data Pre-processing and Feature Engineering, ten PROMISE repository datasets are considered and divided into 80%
training and 20% testing data. The training data is preprocessed through missing-value handling, outlier detection and
treatment, normalization/standardization, and data cleaning. Feature selection is then performed only on the training
data using filter methods (Chi-square and ANOVA), embedded ranking methods (Random Tree, Decision Tree,
XGBoost, and Extra Tree), and the wrapper-based RFE method. The rankings obtained from these approaches are
used to derive the final selected feature subset. In the second stage, Model Evaluation, Validation, and Statistical
Analysis, Random Oversampling is applied to the training data to address class imbalance, followed by 10-fold
stratified cross-validation. AdaBoost, CatBoost, LightGBM, and XGBoost are evaluated as candidate classifiers. The
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selected base models, CatBoost, XGBoost, and LightGBM, are subsequently combined through a stacking ensemble,
with XGBoost acting as the meta-learner to generate the final prediction. The ensemble is evaluated on the independent
20% test set using Accuracy, Precision, Recall, and F1-Score, and a paired t-test is used for statistical significance
analysis. In the third stage, Model Interpretability, the importance of the selected software features is examined, while
StackSHAP is employed at the meta-level to determine the contribution of each base-model prediction to the final
stacking decision. Overall, the framework provides an end-to-end pipeline that combines data preprocessing, multi-
method feature selection, class-imbalance handling, ensemble learning, independent evaluation, statistical validation,
and explainability for reliable and interpretable Software Fault Prediction.
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Fig. 2. The Proposed HBSEF Framework
3.2 Materials and Methods

This section describes the datasets, pre-processing steps, feature selection strategy, learning framework,
evaluation protocol, and explainability techniques employed in this study.

3.2.1 Dataset

This research utilizes ten benchmark datasets from the PROMISE repository, namely Ant-1.7, JEdit-4.0, Log4j-
1.1, Lucene-2.4, Ivy-2.0, Poi-2.0, Prop1, Camel-1.0, Xalan-2.4, and Xerces-1.2. Each dataset comprises 20 software
metrics including Depth of Inheritance Tree (DIT), Weighted Methods per Class (WMC), Coupling Between Object
Classes (CBO), Response for a Class (RFC), Lack of Cohesion of Methods (LCOM), Coupling Afferent (CA),
Coupling Efferent (CE), Lack of Cohesion in Methods version 3 (LCOM3), Data Abstraction Metric (DAM), Number
of Children (NOC), Method Fan-out Average (MFA), Method Overloading Average (MOA), Coupling Among
Methods (CAM), Number of Public Methods (NPM), Inheritance Coupling (IC), Class Binary Metric (CBM), Afferent
Method Count (AMC), Maximum Cyclomatic Complexity (MAX CC), and Average Cyclomatic Complexity
(AVG_CC). These metrics measure the structural, complexity, and coupling aspects of software modules that
determine their fault-proneness.
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Table 1: Summary of Software Fault Prediction Dataset

Dataset Name | Total Instances Features Faulty Non-Faulty Imbalance
Instances Instances Ratio (Non-
Faulty: Faulty)

Ant-1.7 579 21 166 413 2.49:1
Camel-1.0 326 21 13 313 24.08:1
Jedit-4.0 230 21 79 151 1.91:1
Log4j-1.1 272 21 34 238 7.00:1
Lucene-2.4 337 21 203 134 0.66:1
Ivy-2.0 312 21 16 296 18.50:1
Poi-2.0 277 21 141 136 0.96:1
Propl 456 21 66 390 591:1
Xalan-2.4 613 21 110 503 4.57:1
Xerces-1.2 369 21 77 292 3.79:1

However, not all measurements make equivalent contributions to software fault prediction (SFP). A
fundamental challenge associated with these datasets is the class imbalance problem, where the number of faulty and
non-faulty instances differs considerably across datasets. As shown in Table 1, the degree of imbalance varies
substantially: Camel-1.0 and Ivy-2.0 exhibit severe class imbalance, with imbalance ratios of 24.08:1 and 18.50:1,
respectively, while Log4j-1.1 also shows considerable imbalance at 7.00:1. In contrast, Lucene-2.4 and Poi-2.0 have
relatively balanced distributions, with ratios of 0.66:1 and 0.96:1, respectively. The remaining datasets, including Ant-
1.7, Jedit-4.0, Propl, and Xalan-2.4, show varying degrees of class imbalance. Such variations may bias model
learning toward the majority class and consequently affect the reliable identification of faulty instances. To address
this issue, Random Oversampling is applied to the training data to balance the class distribution, ensuring that both
faulty and non-faulty instances receive adequate representation during model training.

3.2.2 Data imbalance

Data balancing involves undertaking changes in the class distribution in a given dataset to ensure there is an
equal or balanced presentation of each class, which plays a fundamental role in eliminating the issues of classification
bias in skewed datasets. Based on the literature, the simplest method to overcome issues of class imbalance in a
classification problem would involve the use of the Random Oversampling method to create a balanced class
presentation by replicating the instances of the minority class until a balanced presentation is achieved [16]. According
to the research in [26], the use of random oversampling increases the classifier’s sensitivity to the minority class.
Based on the research, therefore, there are valid arguments to prove that despite the deficiency in the method of
creating new data, the method remains very effective and easy to compute in terms of the pre-processing technique as
a means of dealing with an imbalanced problem. Fig. 3. Illustration of oversampling, where instances belonging to the
minority class are duplicated to equalize the class distribution in the original dataset.

724



OVERSAMPLING

Copies of the
minority class

== .
Original dataset
Fig. 3. Oversampling Process for Class Imbalance Handling
3.2.3  Hybrid Feature Selection Process

Feature Selection (FS) is an NP-hard optimization problem [27] that aims to identify the most useful and
discriminative features from a dataset while maintaining its predictive integrity. By reducing redundant, noisy, or
unnecessary features, FS not only improves classification accuracy and clustering quality but also considerably
reduces computing complexity and overfitting risks. [28]. Therefore, researchers use various feature selection
techniques to improve the outcomes and reduce computational time for large-scale challenges. Feature selection (FS)
techniques typically accomplish two tasks: (i) identifying the smallest subset of features that effectively represents the
original dataset, and (ii) evaluating the selected features using a predetermined fitness function.

To achieve these objectives, various FS methods adopt different evaluation strategies. Generally, feature
selection is categorized into three major approaches: filter, wrapper, and embedded methods.

® Filtered methods are approaches that choose or extract relevant data, features, or information from a larger set
based on predefined criteria or circumstances. These methods use a "filter" to eliminate undesired or insignificant
aspects, leaving only the most important or valuable for further analysis or processing[27].

® Wrapper methods are feature selection techniques that employ a prediction model to assess the efficiency of
various subsets of features. Each subset is evaluated by training and validating the model, and the subset with
the best performance metric is chosen[28].

® FEmbedded methods are feature selection strategies that involve selecting significant features within the model
training process. These methods combine the benefits of filter and wrapper approaches by selecting the most
relevant features while developing the predictive model[12].

725



Filla|fi]  eveeennnn fe
r
Original dataset .
]
— ra
I'y
[ Feature selection techniques ]
S| 2 [ S]] eerneeees I il f
rn n
r2 Validate r;
I > Ta
Selected features
| ™ Iy
\ J \ J
1 |
Selected features subset Validated feature subset

Fig. 4. A pictorial diagram of the Hybrid feature selection process

Filter methods assess the relevance of features by using a ranking procedure that subsequently removes low-
ranking features. Several univariate measures like chi-square, ANOVA, information gain, coefficients, and correlation
are used in the filter method[3]. Next, the wrapper technique is a greedy search approach that selects a subset of
features by comparing a model's performance across different feature subsets. It assesses feature subsets using the
performance of a particular machine-learning model. This means that the model used can have an impact on the
features chosen. Recursive Feature Elimination (RFE) is a type of wrapper method, and it is used to find and choose
the most important features [18]. Embedded methods combine the advantages of both filter and wrapper methods. In
an embedded method, feature selection is integrated or built into the classifier algorithms. The goal of embedded
methods is to reduce the amount of time that wrapper methods require to compute the reclassification of various
subsets. Embedded methods include various types of methods like L1 Regularization (Lasso), decision tree, random
forest, XGBoost, Extra Tree, and Elastic Net Regularization[29].

I.Tumar et al.[30] used a binary representation to address feature selection (FS)
problems, where 0 indicates that a feature is not selected and 1 indicates that a
feature is selected. However, this approach has some limitations. Specifically, the
authors only determine whether a feature is selected or not, without evaluating the
relative importance or ranking of each feature. In other words, they did not assess
how important each metric is based on its contribution. Fig. 4 depicts a pictorial
diagram for an original dataset of n features. Feature selection (FS) techniques are
applied to select s features from the original set of n features, satisfying s < n.
From these selected features, a subset of v—validated features (v < s) is further
chosen based on their ranking scores. The desired result is achieved using the
following formulas:
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1. Calculate the frequency of selection (fi) for each feature across all datasets.

D
fi=) sij )
=1

e fi=frequency of selection of feature i

e Sjj =1 if feature i is selected in dataset j, and Sij = 0 otherwise.

e D = Total number of datasets (D=10).
2. Calculate the percentage of selection for each feature:

pi=(fi/ D) x100 2)
Where: pi = percentage of times feature i is selected.
3. Select features that meet the 90% threshold
Feature i is selected if pi >=90% 3)
3.2.4 Ensemble Methods

An algorithm that performs classification, especially in practical implementations, is commonly referred to as
a classifier. In this research work, SFP models incorporated sixteen well-established classification algorithms from
Extra Tree [31], XGBoost[32], Adaboost[33], CatBoost[34], LightGBM[35], and Random Forest[36]. Extra Trees
improves prediction accuracy by generating a set of randomized decision trees. To improve performance, XGBoost
combines scalable gradient boosting with advanced regularization algorithms. All of these algorithms are implemented
in Jupyter Notebook, which enabled efficient testing and comparison of their performance in the context of software
fault prediction.

® XGBoost

XGBoost is an efficient and scalable gradient boosting method that generates decision trees in a sequential
order, with each tree rectifying the faults of the preceding one. It uses regularisation (L1 and L.2) to reduce overfitting,
allows parallel and distributed computing for performance, and can automatically manage missing variables.XGBoost
is commonly used for classification and regression problems due to its high accuracy, adaptability, and superior
performance on large-scale and complicated datasets[32].

® AdaBoost

AdaBoost is the best-known dependent algorithm for creating ensemble models. AdaBoost aims to identify
misclassified instances when training a new inducer. Each instance in the training set is assigned a weight that
determines its level of attentiveness. It addresses a variety of categorization issues, including multi-class settings.
AdaBoost generates a strong classifier by minimizing errors in each iteration[33].

o LightGBM

LightGBM (Ke et al., 2017) is a gradient-boosting framework created by Microsoft that is designed for
efficiency and scalability. It employs a leaf-wise tree growth strategy with depth limitations, resulting in more
accuracy than typical level-wise methods while preserving speed. LightGBM also supports approaches for efficiently
handling large-scale, multidimensional data, such as Gradient-based One-Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB). LightGBM is popular in classification, regression, and ranking problems due to its quick
training speed, minimal memory utilization, and great performance[35].

® (Cat Boost
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CatBoost (Dorogush, Ershov, & Gulin, 2018) is a gradient boosting technique created by Yandex to efficiently
handle categorical information without considerable preprocessing. It employs ordered boosting and oblivious
decision trees to minimize overfitting and improve generalization. CatBoost offers quick training, enables GPU
acceleration, and requires little parameter adjustment, making it ideal for real-world applications. It is commonly used
in classification, regression, and ranking applications, especially for datasets with a large number of categorical
variables[34]

3.2.5 Hybrid Boosted Stacked Ensemble Model (HBSEF)

This approach combines both boosting and stacking techniques that leverage the complementary capabilities of
different ensemble learning algorithms for software fault prediction. Through stacking a set of different boosted
learning models, this approach captures complex defect data while reducing model bias and variance. This hybrid
approach aims to improve robustness, increase generalization capabilities over different datasets, and provide highly
accurate results for software quality evaluation through reliable fault prediction. The predictions of each base learner
are stacked and fed to a higher-level layer in a stacked learning layer. The stacking allows the model to learn optimal
combinations of base-level outputs without depending on the individual classifier or predictors. To improve predictive
performance, boosting within the architecture of stacking is utilized to iteratively correct misclassified instances and
improve discrimination on fault-prone modules.

3.2.6 STACKSHAP: Explainability for Boosted Stacked Ensembles

STACKSHAP has been proposed as an explanation framework to interpret the decision-making process for
boosted stacked ensemble methods. In stacked architectures, existing methods for computing feature importance may
fail to properly interpret the complex interactions between the base learners and the stacked ensemble. STACKSHAP
takes advantage of the stacked ensemble architecture to properly apply the SHAP technique, which stands for Shapley
Additive explanations.

In STACKSHAP, SHAP explanations are derived independently for individual base learners. The SHAP
explanations are then aggregated and transferred to the stacked layer, where the contribution of each base learner’s
prediction to the final output is determined. By combining base learner SHAP explanations and stacked layer
explanations, STACKSHAP delivers an explanation that describes both importance and interactions.

3.2.7 Performance measures

To assess the effectiveness of the proposed framework for software fault prediction, several performance
measures are employed. These metrics quantitatively evaluate the predictive capability of the models in identifying
faulty and non-faulty modules. Therefore, additional evaluation measures such as Precision, Recall, and F1-score are
considered to provide a comprehensive understanding of model performance. The following section presents the
definitions and formulas of the performance metrics used in the experimental analysis.

® Accuracy: Accuracy is one of the common measures of assessing the performance of an Al system on its
predictions or classification results. Accuracy is calculated as the quotient of the correct predictions divided
by the total number of predictions. Though accuracy works well in a class-balanced dataset, its use could be
problematic in the case of datasets that are class-imbalanced.[37].

TN+TP

Accuracy =——————
Y TN+TP+FN+FP

C))

® Precision and Recall: Precision and Recall are significant evaluation measures for classification problems,
particularly when there is a class imbalance. Precision is measured as the ratio of correctly predicted positive
instances to all positive instances [38]. Recall is measured as the ratio of correctly predicted positive instances
to all positive instances [38]. Precision and recall measure how well the model distinguishes positive
instances from negative instances and suppresses false positives [39].
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® F1 Score: It is a measure of a statistic that merges the values for precision and recall into a single score. It is
the harmonic mean value between precision and recall, offering a well-rounded assessment criterion that
takes into account both false positives and false negatives. The F1 measure is particularly helpful when
dealing with an imbalanced data set, where both precision and recall are necessary [40].

Precision*Recall

FI Score= p* @)

Precision+Recall
3.2.8 Parameters Configuration

Reproducibility is one of the basic principles of this study. To improve reproducibility, all aspects of the
experiment pipeline, including pre-processing and the final model deployment, are governed by a set of parameters
that are predefined and specified. This includes not only certain parameters of the experiment, such as the usage of
Random Oversampling during the training of models and ensuring that the random state is preserved across all
ensemble models, but also all aspects of the experiment have been described in Table 2.

Table 2: Experimental Setup and Parameter Configuration

Parameters Specific settings

Data Pre-processing Handling missing values,
normalization/standardization, and categorical
encoding

Class Balancing Random Oversampling

Cross-Validation Stratified K-Fold (n_splits=10, shuffle=True, random
state=42)

Training-Testing Split 80% Training, 20% Testing (per fold)

Classifier Settings random state=42, n_jobs=-1, class_weight=balanced

Ensemble Classifiers XGBoost, AdaBoost, CatBoost, LightGBM

Base Classifiers XGBoost, CatBoost, LightGBM

Meta learner XGBoost

Evaluation Metrics Accuracy, Precision, Recall, F1-score

Model Interpretability StackSHAP

3.3 Data validation

In this case, the Stratified K-Fold cross-validation technique (with K=10) has been employed to thoroughly
assess the performance of the models on an unseen dataset. Although randomly splitting the entire dataset into the
training and testing datasets is common and accepted best practice, it often leads to biased results, particularly when
the dataset is small or unbalanced. Consequently, the application of the K-fold cross-validation technique has been
considered, which represents the best technique to effectively obtain reliable performance estimates [38]. This
technique allows the dataset to be split evenly into K folders, and K-1 of the folders are used for the training dataset,
with the lone folder serving as the testing dataset. The technique has been repeated K times to ensure that every
dataset instance has been tested only once. The technique of stratification has been employed to preserve the original
representation of the number of faulty and non-faulty modules in the 10 folders to mitigate the issue of class imbalance
and make the entire testing process of the model more efficient and effective[39].
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4. Results and Discussion

The selection of relevant software metrics helps in improving the prediction capabilities of the models in
software development. The selection of the relevant metrics for the prediction task helps in developing the models. In
addition, the availability and quality of data related to the metrics also affect the performance of the models. To
determine the relevant metrics for the models, different techniques have been employed, and these are presented in
Fig. 2. The main goal of the research study is to find the software metrics that have the largest effect on the software
fault prediction task. Software metrics such as WMC, MOA, CAM, NPM, IC, CBM, AMC, MAX CC, NOC, CBO,
RFC, LCOM, CA, CE, LCOM3, LOC, DAM, MFA, and AVG_CC are considered in terms of the importance to the
software metrics in the ten different datasets including Ant-1.7, Camel-1.0, Jedit-4.0, Log4j-1.1, Lucene-2.4, Ivy-2.0,
Poi-2.0, Propl, Xalan-2.4, and Xerces-1.2 from the PROMISE repository. To make the study credible and reliable in
terms of the metrics' performance, the first five metrics in terms of the rank scores in each technique have been
considered.

From Table 3, the Chi-Square test from the camel-1.0 dataset revealed that CBO (710.4), LCOM (1049.6),
NOC (150.40), LOC (448.83), and CA (1217.3) had high scores, thus showing strong relations with fault-prone
modules. These are important in assessing code complexity and coupling criteria. ANOVA, which measures variation
within groups, identified CBO with (29.117), WMC with (8.115), NPM with (8.044), CA with (26.74), and NOC with
(12.92) as influential metrics. Using Random Forest, which measures variation within groups, CBO is (0.1154), CA
(0.1173), CAM (0.08381), LOC (0.07651), and LCOM (0.06625) are the most influential metrics. NOC is (0.2083),
followed by CA (0.1510), MFA (0.1671), CAM (0.1455), and MAX_ CC (0.1263) by the Decision Tree Classifier.
Extra Tree Classifier identifies CA (0.1183), CBO (0.1012), NOC (0.0904), LCOM (0.0586), and NPM (0.0647). On
all occasions, this approach identifies metrics explaining the code dimension, coupling, and cohesion. Boost identifies
NOC (0.1243), CBO (0.1301), LCOM (0.0785), NPM 01128, and AVG_CC 0.0804. Lastly, Recursive Feature
Elimination (RFE) ranks the selection criteria using their ranks, and the selection criteria selected based on their ranks
include RFC (rank 1), LOC (rank 1), AMC (rank 1), DAM (rank 1), and MFA (rank 1), which all belong to the top-
ranked criteria. The final column represents how often each selection criterion is selected by the implemented feature
selection methods for the Camel-1.0 dataset. From the study, it is observed that WMC and MAX CC are selected by
1 method, NOC by 6 methods, CBO and LCOM by 5 methods, CA by 6 methods, LOC, CAM, AVG_CC, and MFA
by 2 methods, and NPM by 3 methods. Since the selected criteria for the study demonstrate persistence and stability
in their selection across various feature selection methods, they would be selected for further study, as they are also
relevant for software fault prediction. Additionally, criteria such as DIT, RFC, CE, LCOM3, DAM, MOA, IC, CBM,
and AMC, which all have zero frequency, would not be selected by any feature selection method and would thus not
be selected for consideration in this research work. A similar set of analyses is performed on the rest of the datasets:
Ant-1.7, Jedit-4.0, Log4j-1.1, Lucene-2.4, Ivy-2.0, Poi-2.0, Propl, Xalan-2.4, and Xerces-1.2. Only the results on
Camel-1.0 will be presented here for brevity.

Table 3. Analysing Metric Relevance through Feature Selection Methods on the Camel-1.0 Dataset

Methods Frequency
Chi- ANOVA RT DT ET XGBoos RFE of metrics
Squafe t selected
by
methods
Metrics
DIT 1.488 2.013 0.01955 0.000 0.0357 0.0351 15 0
WMC 67.63 8.115 0.04813 0.000 0.0495 0.0052 16 1
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NOC 150.40 12.92 0.06525 0.2083 0.0904 0.1243 1
CBO 710.4 29.117 0.11546 0.0505 0.1012 0.1301 14
RFC 48.80 2.675 0.05926 0.000 0.0543 0.0277 12
LCOM 1049.6 2.200 0.06625 0.0585 0.0586 0.0785 1
CA 1217.3 26.74 0.1173 0.1510 0.1183 0.0401 1
CE 3.664 0.718 0.04863 0.000 0.0448 0.0227 10
LCOM3 1.029 1.991 0.04352 0.000 0.0369 0.0461 8
LOC 448.83 2.615 0.07651 0.000 0.0527 0.0647 11
DAM 0.2243 0.6822 0.01550 0.0215 0.0177 0.0000 4
MFA 2.051 5.471 0.02510 0.1671 0.0276 0.07038 1
MOA 1.849 1.091 0.03142 0.000 0.03417 0.0043 13
CAM 0.3073 2.427 0.08381 0.1455 0.0499 0.0435 2
NPM 65.52 8.044 0.03974 0.000 0.0647 0.1128 9
IC 0.657 0.8417 0.00426 0.000 0.0148 0.0000 7
CBM 1.651 0.885 0.008654 0.000 0.0113 0.0000 6
AMC 8.057 0.831 0.05286 0.000 0.0403 0.0570 5
MAX_CC 0.6417 0.2956 0.03075 0.1263 0.0495 0.0566 3
AVG_CC 0.510 1.203 0.04795 0.0710 0.0461 0.0804 1

The highlighted numbers indicate selected metrics IMPORTANT), and the non-highlighted depict non-
selected metrics (UNIMPORTANT) based on their importance. (Threshold _value=5)

Table 4 illustrates the datasets selected for this research work. These datasets are pre-processed and analyzed
with the help of FSMs to identify the most relevant software metrics. These metrics significantly contribute to the SFP
accuracy. The summary of selected metrics for each dataset is as follows: For Ant-1.7, 12 metrics are chosen, including
WMC, CBO, RFC, LCOM3, LOC, and others such as DAM, MFA, and NPM. MAX CC AND AVG_CC are also
included due to their significance in predicting fault-prone modules. The Camel-1.0 dataset included 11 selected
metrics, such as WMC, NOC, CBO, LCOM, and CA. Metrics like MFA, Cohesion Among Methods, and cyclomatic
complexity measures MAX CC AND AVG_CC are also prioritized. For Jedit-4.0, there are 15 important metrics:
WMC, NOC, RFC, LCOM, CA, LCOM3, and LOC. There are other metrics such as AMC, MOA, CAM, Inheritance
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IC, and CBM. The cyclomatic complexity MAX CC is also chosen as a metric. For Log4j-1.1, there are 10 important
metrics: LOC, WMC, CBO, RFC, LCOM, and CE. There are other metrics such as MOA, NPM, MAX CC, AND
AVG_CC. There are 14 metrics for the dataset of Lucene-2.4. These are DIT, CBO, RFC, LCOM, CA, CE, AMC,
and LOC. There are other metrics such as CAM, NPM, IC, CBM, MAX CC, and AVG_CC. For Ivy-2.0, there are 14
important metrics: DIT, CBO, RFC, LCOM, CA, CE, LCOM3, AND LOC. There are other metrics such as CAM,
AMC, NPM, IC, and MAX CC.

The POI-2.0 dataset had 12 metrics, including AMC, WMC, CBO, RFC, LCOM, CE, LCOM3, and LOC.
Metrics such as MFA, IC, AVG_CC, and MAX CC are also considered. For Propl, a total of 13 metrics are
considered, including DIT, WMC, CBO, RFC, LCOM, CE, and LOC. Metrics such as AMC, MFA, IC, CBM, and
MAX CC & AVG_CC are also given high priority. The Xalan-2.4 data set had a total of 12 metrics, including WMC,
CBO, RFC, LCOM, AMC, CE, LCOM3, and LOC. Metrics such as CAM, IC, MAX CC, and AVG_CC are also
considered. Finally, for Xerces-1.2, a total of 15 metrics are considered, including WMC, AMC, NOC, RFC, CA,
LCOM3, and LOC. Metrics such as DAM, MFA, CAM, IC, CBM, CBO, DIT, and AVG_CC are also considered.

Table 4. Important Metrics Selected by Feature Selection Methods

Dataset Selected metrics Selected by the FSM method are
important
Ant-1.7 WMC, CBO, RFC, LCOM3, LOC, 12

DAM, MFA, NPM, AMC,
MAX_CC, AVG_CC, LCOM

Camel-1.0 WMC, NOC, CBO, LCOM, CA, 11
LOC, MFA, CAM, NPM,
MAX_CC, AVG_CC

Jedit-4.0 WMC, NOC, RFC, LCOM, CA, 15
LCOM3, LOC, DAM, MFA,
MOA, CAM, IC, CBM, AMC,

MAX_CC

Logdj-1.1 WMC, CBO, RFC.LCOM, CE, 10
LOC, MOA, NPM, MAX_CC,
AVG_CC

Lucene-2.4 DIT, CBO, RFC, LCOM, CA, CE, 14

LOC, CAM, NPM, IC, CBM,
AMC, MAX CC, AVG_CC

Ivy-2.0 DIT, CBO, RFC, LCOM, CA, CE, 14
LCOM3, LOC, CAM, NPM, IC,
AMC, WMC, MAX_CC

P0i-2.0 WMC, CBO, RFC, LCOM, CE, 12
LCOMS3, LOC, MFA, IC, AMC,
AVG_CC, MAX_CC

Propl DIT, WMC, CBO, RFC, LCOM, 13
CE, LOC, MFA, IC, CBM, AMC,
MAX_CC, AVG_CC

Xalan-2.4 WMC, CBO, RFC, LCOM, CE, 12
LCOM3, LOC, CAM, IC, AMC,
MAX_CC, AVG CC
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Xerces-1.2 WMC, NOC, RFC, CA, LCOM3, 15
LOC, DAM, MFA, CAM, IC,
CBM, AMC, AVG_CC, DIT, CBO

As presented in Table 5, it analyses the different software metrics on ten different software systems:
Ant-1.7, Camel-1.0, Jedit-4.0, Log4j-1.1, Lucene-2.4, lvy-2.0, Poi-2.0, Prop1, Xalan-2.4, and Xerces-1.2.
Each metric is identified by a checkbox ([7) and an (X) to identify whether it is suitable and not suitable for
each software system. The "Count" column expresses the number of software systems for which each
metric is suitable, and the "Selection%" column expresses the percentage for which each metric is suitable.
As presented in the table, it provides the selection rate of the most important software metrics on the ten
datasets of the PROMISE repository, highlighting the significant role they have in software defect prediction
problems. Lines of Code (LOC) is the most frequently selected metric on all ten datasets (100%), which
expresses its universally significant role in predicting software defects. Other significant measures are
Weighted Methods per Class (WMC), Coupling Between Objects (CBO), Response for a Class (RFC), Lack
of Cohesion in Methods (LCOM), and the Maximum Cyclomatic Complexity (MAX_CC) because they are
presented in 9 out of the 10 datasets (90%). These metrics are closely associated with software faults and
are important for training models. The Efferent Couplings (CE), Lack of Cohesion in Methods (LCOM3),
Measure of Functional Abstraction (MFA), and Cohesion Among Methods (CAM) are moderately chosen
metrics, which appear in 60% of the datasets. The other metrics are Inheritance Coupling (IC) and Number
of Public Methods (NPM), showing that they have a moderate influence on fault prediction; they are selected
in 70% and 50% of the datasets, respectively. On the other hand, the remaining metrics are less chosen:
the Measure of Aggregation (MOA) is chosen in just two datasets (20%), while the Number of Children
(NOC) and Data Access Metric (DAM) appeared in 30% of the datasets. It seems that these measures
have less impact than the generally used ones. In brief, the table provides significant information regarding
the relative importance of different software metrics to predict bugs, which helps researchers and
practitioners concentrate on the most significant phase related to training the model and the improvement
of software quality. Based on the above study, the metrics that lie within the selection range of (90%-100%)
represent LOC (100%), and CBO, WMC, RFC, LCOM, and MAX_CC with 90%, which indicate the
significant importance of the respective metrics.

Table 5. Feature Selection Across Multiple Datasets

Dataset Ant | Camel | Jedit | Log4j | Lucen | Ivy | Poi | Prop | Xalan | Xerce | Cou | Selection

-1.7 1 -1.0 -4.0 | -1.1 e-2.4 - - 1 -2.4 s-1.2 nt %
20| 2.0

Metrics

DIT 0 0 0 4 40%
U U U U X U U U U U 9 90%

WMC

NOC X U O X X X | X |X X O 3 30%

CBO U U X U U U U U U U 9 90%

RFC U X U U U U U U U U 9 90%

LCOM U U U U U U U U U X 9 90%

CA X [ 0 X 0 0 X X X 0 5 50%

CE X X X 0 0 0 0 0 0 X 6 60%
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LCOM3 [ O [ X 0 X X S 0 0 6 60%
LOC 0 | O 0 0 0 SN IEEEE 0 0 10 | 100%
DAM SRR 0 X X X [ x |x X 0 3 30%
MFA 0 | O 0 X X X |0 o X 0 6 60%
MOA X | x 0 0 X X [ x |x X X 2 20%
CAM X | O 0 X 0 0o x [x 0 0 6 60%
NPM 0 | O X 0 0 0o x [x X X 7 50%
IC X | x 0 X 0 SN IEEEE 0 0 7 70%
CBM X | x 0 X 0 X [ x |o X 0 5 40%
AMC SRR 0 X 0 SN IEEEE 0 0 8 80%
O | O 0 0 0 S IEEE 0 X 9 90%
MAX _C
C
0 |O X 0 0 X [0 o 0 0 8 80%
AVG C
C

As the research moves to the next stage, there will be an emphasis on the training of models based on the
selected metrics LOC, CBO, WMC, RFC, LCOM, and MAX CC. The metrics will be applied due to the high
frequency of their selection among different methods of feature selection, symbolizing the impact they have on
software failure prediction. These metrics represent different aspects of software architecture and complexity. They
will therefore enable the identification of possibly defective modules. For instance, LOC will measure the size of the
program. Other metrics, such as CBO and WMC, will reveal the dependence of the classes. Additionally, RFC will
reveal the reactivity of the classes to external events. On the other hand, the cohesiveness of the methods in the class
will be measured by the metrics LCOM and MAX CC, which represent cyclomatic complexity and evaluate a class's
logical complexity. These metrics are used as input features in a variety of ensemble classifiers such as XGBoost,
AdaBoost, LightGBM, and CatBoost. The performance of these models is evaluated in the form of Accuracy, recall,
precision, and F1 score. Then we evaluate the mean performance percentage of each ensemble model in the individual
ensemble models; the highest value for accuracy (93.93%) is observed for XGBoost, followed by LightGBM with
93.49%, and CatBoost with 93.25%, which reflects the best predictive power, while the lowest accuracy of 78.66% is
observed for AdaBoost due to the model’s vulnerability to noise and imbalanced samples as shown in Table 6. The
performance comparison of the classifiers is visually represented in Fig. 5. For further improvement, the models
having the highest performance (%) are chosen as base models, namely LightGBM, XGBoost, and CatBoost, for the
stacking hybrid ensemble technique, and XGBoost is chosen as the meta-learning algorithm due to its robustness to
noisy data, regularization property, and efficiency for processing non-linear relationships.
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Fig. 5. Performance comparison of ensemble classifiers across benchmark datasets

Table 6. Comparative Evaluation of Classifiers for SFP

Ensemble Classifiers Performance percentage (%)
AdaBoost 78.66%
CatBoost 93.25%
LightGBM 93.49%
XGBoost 93.93%

4.1 Paired t-test

To further confirm the efficacy of the proposed Boosted Stacked Ensemble model, a paired t-test is performed
on the proposed technique against the best ensemble-based models on all datasets as shown in Table 7. The result of
the statistical analysis shows a t-value of 4.53 and a corresponding p-value of 0.0004, which is significantly smaller
compared to the significance level of o= 0.05.

Table 7. Statistical significance analysis of ensemble and Boosted Stacked Ensemble models

Comparison | T-statistic P-value Cohen's d 95% CI Significant Interpretatio
(a=10.05) n
Base 4.53 0.0004 1.71 [0.015,0.052] Yes Stacking
Ensemble Hybrid
model vs Ensemble
Stacked performs well.
Ensemble

Additionally, its large effect size is evident from its high value of Cohen’s d of 1.71. The 95% confidence
interval [0.015, 0.052] of the experiment is within a safe zone and does not contain a value of 0, and so on. The result
of this experiment proves the proposed technique to be significantly better than traditional ensemble techniques and
is a scalable and efficient technique for software fault prediction.
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4.2 Model Explainability

Finally, Fig. 6 shows the importance of the parameters after the combination of the base models using the meta-
learned approach, where LOC, followed by the importance of CBO and RFC parameters, plays a significant role,
whereas LCOM, WMC, and MAX CC have the lowest importance.

LoC

CBO

RFC

LCOM

wWMC

MAX_CC

T

0.0 0.5 1.0 15 2.0 2:5

Fig. 6. Effective feature contribution of validated feature using SHAP

STACKSHAP Meta-Level Importance

XGBoost_pred

LightGBM_pred

CatBoost_pred

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75
mean(|SHAP value|)

Fig. 7. Mean absolute SHAP values of the stacked model.
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Fig. 7 represents the comparison between base-level and meta-level importance carried out by the
STACKSHAP technique on the boosted stacked model. The base-level analysis indicates that the three ensemble
models are important contributors to the prediction task, with LightGBM having the highest average SHAP importance
value, followed by CatBoost and then XGBoost. On the meta-level analysis, it is found that CatBoost pred has the
greatest contribution towards making the prediction, followed by LightGBM pred, with a relatively lower
contribution by XGBoost pred. The relative importance difference between the meta and base levels indicates that
the stacked model has the flexibility to assign weights to the predictions made by the base learners instead of giving
importance solely to the models with good prediction outcomes. The STACKSHAP analysis has been able to establish
the dependencies among models and has explained how the base predictions are used by the stacked models with
diverse learning capabilities to generate improved fault prediction results.

4.3 A Comparative Evaluation Against Existing Studies

Table 8 offers a comparison between the proposed Boosted Stacked Hybrid Ensemble Model (HBSEF) and
existing state-of-the-art research works on software defect predictions. Existing research works mostly concentrate on
stacking ensemble models or on boosting models, but lack integration of multi-feature selection and are not based on
explainable Al. For example, Chen et al. (2022) use nested stacking models along with heterogeneous feature
selections but lack the incorporation of interpretability techniques, while Alazba and Aljamaan (2022) use tree-based
stacking models based on optimization but lack feature selection. Similar research works from other authors, such as
S. P. Sahu et al. (2021) and H.Wang et al. (2018), lack comprehensive feature selection techniques and hybrid
ensemble models. In fact, the proposed HBSEF offers its innovations in combining multi-features, hybrid boosting
and stacking models, and STACKSHAP-based techniques for explainability. This comprehensive design enables
HBSEF to achieve the highest predictive performance, with an accuracy of 0.988, outperforming all compared
approaches. The comparison shows that most of the existing studies have focused on ensemble learning techniques
without considering the cross-dataset consistency of software metrics and interpretability of models. The proposed
HBSEF framework considers the cross-dataset consistency of software metrics and interpretability of models, thus
improving the predictive capabilities of the models.

Table 8. Comparison of Existing Feature Selection Approaches with the Proposed Framework

Study Core Cross-Dataset | Explainable Al Ensemble Best Accuracy
Methodology Metric Strategy
Consistency
Chen et al.[40] | Nested-Stacking No No Stacking ~0.92-0.95
with MLP meta-
classifier
Alazba & Optimized Tree- No No Stacking ~0.93-0.96
Aljamaan [41] Based Stacking
S. P. Sahu et al. Hybrid No No Bagging / ~0.91
[42] Ensemble Boosting
Learning
H.Wang et al. Feature No No No ~0.88-0.92
[15] Selection
Stability
Analysis
The Proposed Boosted Yes Yes Yes (Boosting 0.988
tud Stacked + Stacking)
study Ensemble

4.4 Discussion
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The results of the above study make it clear that the proposed Boosted Stacked Hybrid Ensemble Model
(HBSEF) outperforms the existing approaches remarkably well in software fault prediction. The proposed approach
comprehensively uses the strengths of multiple gradient boost learners combined in a stacked manner. Thus, the
approach efficiently identifies the highly non-linear patterns simultaneously associated with software features that
usually remain unnoticed by individual classifiers. The robust performance of the proposed approach over all datasets
manifests the outstanding generalization ability of the approach. The most important thing that has been noticed is
that the gradient boost learning-based ensembles outperform the traditional ensemble models. The proposed stacking
approach further boosts the advantages of the above aspect by comprehensively using the decision boundaries of
different classifiers that are likely to be complementary. The result of the paired t-test, plus the large effect size, makes
the proposed approach more trustworthy by minimizing the possibility of observing a significant improvement due to
randomness. In conclusion, from the above discussion, it is clear that the synergistic integration of hybrid feature
selection methods, boosted stacking, statistical validation, and explainable Al results in a robust, accurate, and
interpretable fault prediction system. It can be stated that the proposed method represents an advancement of state-of-
the-practice because it deals with some of the most critical issues, such as model instability, redundancy, and a lack
of interpretability, prevailing in software defect prediction techniques.

5. Threats to validity

External validity: External validity is the measure by which the applicability of the result obtained from the
experiment to other datasets can be ascertained. Even though the PROMISE dataset is very diversified, it may not be
possible to understand the exact nature and depth of the projects that can be measured using industrial standards. In
order to overcome such difficulties, multiple datasets belonging to various domains, application sizes, and
distributions, which can contribute towards bias, are considered for evaluating the new method. Hence, multiple
dataset evaluation increases the validity of the method, making it applicable to similar projects. However, validation
is recommended on industrial projects for ascertaining the exactness of the method.

Internal validity: Internal validity is the extent to which the results are affected only by the variables and not
by any extraneous factors. One of the most significant internal threats to fault prediction problems is imbalance among
the classes because the number of samples not classified as faulty often outnumbers those that are faulty. This often
results in models biased towards the majority class because the model is not able to capture as many of the actual
faulty examples. To address these problems, oversampling techniques are employed by the research study to balance
the results among all the classes. Additionally, a 10-fold cross-validation approach is applied throughout all the
experiments conducted to guarantee the validity of the results.

Construct validity: A possible threat to the construct validity of the study could be the use of software
measures such as LOC, RFC, LCOM, WMC, CBO, and MAX CC, which may not be able to account for every
different aspect of the software. To tackle this, the study makes use of a combination of filter methods (ANOVA, Chi-
Squared), embedded methods (Random Forest, XGBoost, Extra Trees), and wrapper methods (Recursive Feature
Elimination) to make sure that only the most important features are selected, which will further help make sure of the
construct validity of the study and will not be biased.

6. Conclusion and Future Work

This study presented an experimentally validated framework for identifying important software metrics for
software fault prediction across diverse benchmark datasets. A hybrid feature-selection strategy integrating filter,
embedded, and wrapper methods identified six important software metrics: Lines of Code (LOC), Coupling Between
Objects (CBO), Response for a Class (RFC), Lack of Cohesion of Methods (LCOM), Weighted Methods per Class
(WMC), and Maximum Cyclomatic Complexity (MAX CC). These metrics represent key dimensions of software
size, coupling, cohesion, and complexity. The selected features were used following an 80:20 training-testing split,
with class imbalance addressed through random oversampling. 10-fold stratified cross-validation is employed for
model training and validation. Comparative experiments showed that CatBoost, LightGBM, and XGBoost
outperformed AdaBoost across the evaluated datasets. Based on these results, a Hybrid Boosted Stacking Ensemble
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Framework (HBSEF) is developed using CatBoost, XGBoost, and LightGBM as base learners and XGBoost as the
meta-learner. The proposed HBSEF achieved better predictive performance than the best individual ensemble model,
with an improvement of up to 6.4 percentage points in accuracy. Statistical analysis using the paired t-test further
supported the observed performance differences. In addition, SHAP-based explainability provided insights into global
and local feature contributions and further highlighted the importance of the six selected software metrics. Despite
these contributions, the study has some limitations. It primarily focuses on static and object-oriented software metrics
and does not incorporate process, change, or developer metrics. Moreover, the use of public benchmark datasets may
not fully represent the complexity of industrial software systems. The framework is also evaluated under conventional
batch-learning and cross-validation settings rather than continuously evolving development environments. Future
work will extend the framework by incorporating process, change, and developer metrics, as well as investigating
deep learning and metaheuristic optimization techniques to further improve feature selection and fault-prediction
performance. Cross-project, cross-version, and industrial-scale validation will also be considered to assess the
generalizability and practical applicability of the proposed framework.
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