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1. INTRODUCTION

An early discovery of defect-prone modules is a very essential issue in software engineering today
and being able to establish defect-prone modules early in the software development life cycle would greatly
save the cost of maintenance and boost reliability [1]. With the increase in the complexity and size of the
software system, the manual inspection of codes is no longer possible, and the automated defect prediction
model appears as an additional necessity of the software quality tool chain [2].

The difficulty is that prediction models can be made accurate and applicable across projects and
situation of organizations. GitHub is an example of open sources which contain datasets of code metrics
and historical defects records which can be employed to conduct empirical research on software
engineering [3]. These archives have made the comparative analysis of many machine learning algorithms
used in software defect prediction, both the classical statistical techniques as well as the modern deep
learning techniques [4].

Single model classifiers like Naive Bayes, Decision Trees, and logistic regression have been
extensively used in doing defect prediction tasks yet their application has been mostly limited in their
predictive ability due to the assumption made about them and sensitivity to data distribution [5]. Ensemble
learning techniques overcome these shortcomings by having many learners so as to minimize variance,
bias and enhance generalization [6].

The most promising of the ensemble strategies have been stacking generalization strategies since
it can cause heterogeneous classifiers to complement each other with a learned combination function as
opposed to a pure-voting or averaging mechanism [7]. An imbalance in classes is one constant issue that is
faced in the defect prediction, and defective modules form a small percentage of the codebase [8]. The lack
of dealing with such an imbalance results in the appearance of classifiers that are biased on the majority
(non-defective) class and have inaccurate recall of defective modules.

Mitigation tactics like oversampling which includes SMOTE [9] and learning cost sensitivity have
been put forward as useful. This paper contributes as follows: it will provide a full ensemble stacking
framework with four state-of-the-art classifiers to predict defects, systemic preprocessing such as
balancing with SMOTE, and the feature normalization, feature selection based on correlation feature
significance analysis providing the most discriminative software metrics. The rest of the given paper is
structured as follows: Section 2 has the literature review, Section 3 is the explanation of the proposed
methodology, Section 4 delivers experimental data and comments on them and Section 5 is the conclusion
of the paper.

2. RELATED WORK

The past thirty years have been characterized with research on the field of software defect
prediction. Initial work done [10] revealed that CK suites based object-oriented metrics are noteworthy
predictors of defect-proneness of Java system. These results indicated a pioneering association between
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the code complexity in structure and the fault density which stimulated further prediction research, which
was based on metrics.

To determine the comparative performance of 22 classifiers on NASA MDP collections [11] carried
out a pioneering study and discovered that ensembles tended to be more effective than individual
classifiers, and that the same result was consistently good with the Random Forest. This paper triggered
the desire in the use of ensemble learning in software defect prediction.

The benchmark test conducted by [12] showed that Support Vector Machines is better than a
number of classical approaches, which is why it is essential to choose a kernel and scale features. [13]
Examined the sample strategies in a disproportionate dataset of defects and found that oversampling
minority classes enhanced significantly on the recall measures. Later studies by [14] used cost sensitive
boosting algorithms and was able to give better performance in defect skewed datasets than boosting. The
SMOTE method which was initially proposed by [9] has since been a part of most defect prediction
pipelines.

The development of a gradient boosting algorithm like [15], [16] allowed the training of large
repositories within a shorter time with competitive accuracy. [17] Suggested the use of transfer learning to
predict cross-project defects suitable to counter the issue of short labeled data in a target project. Their
study highlighted the value of the feature normalization of cross-dataset generalization. The deep learning
methods have been also investigated. [18] Provided the implementation on a deep belief network with
token-level representations of the code [19] implemented the convolutional neural networks with abstract
syntax tree and demonstrated the improvement on intra-project prediction problems. Nonetheless, these
methods need much more data and computing resources, and hence it can only be used in small
repositories.

[20] Have considered the use of stacking ensemble techniques to specifically predict defects by
joining heterogeneous learners with a logistic regression meta-learner and reported an increase in AUC
compared to an individual model. On the same note [21] came up with a multi-layer ensemble framework
that was tested on 10 of the NASA datasets.

The recent efforts by [22] have also implemented a feature selection as part of the ensemble
pipeline and showed that CK coupling and inheritance measures give the most information gain in
classification of defects.

In spite of the developments, no systematic framework which effectively coordinates SMOTE
preprocessing, numerous gradient-boosted classifiers, and stacking under an umbrella evaluation
framework across numerous open-source datasets have undergone careful study. The gap thatis addressed
by this work is the ability to replicate the end-to-end ensemble defect prediction pipeline that has been
tested on six publicly available open-source repositories.

3. METHODOLOGY

3.1 System Architecture Overview

The suggested model will include six consecutive steps which are data collection, preprocessing,
training of a base classifier, generating meta-features, stacking meta-learners and generating output. The
system as illustrated in Figure 1 takes raw source code repositories as input and gives the probability of
defects and binary module classification as outputs.

The modularity can be used to do updates to individual parts over time as new classes or dataset
is made accessible.
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ENSEMBLE DEFECT PREDICTION SYSTEM ARCHITECTURE

Stage 1: Data Collection

GitHub « NASA MDP « PROMISE Repositories

Stage Z Preprocessmg

Normahzaﬁm . Feature Selechon

Stage 3: Base Classifiers
Random Forest | XGBoost | SVM (RBF) | LightGBM

Stage 4: Meta-Feature Generation

Out-of-Fold Probability Concatenation

Stage 5: Meta-Learner

Logistic Regression Stacking Combiner

Stage 6: Output
Defect Probability Score & Module Classification

(Defective / Non-Defective)

Figure 1. Proposed Ensemble Defect Prediction System Architecture

3.2 Datasets and Feature Extraction

The PROMISE repository and NASA MDP provided 6 open-source Java projects which included
Camel 1.6, Jedit 4.3, Xerces 1.4, Ant 1.7, Log4j 1.2 and Lucene 2.4. As indicated in Table 1, both datasets have
189 to 965 instances which are represented by 20 features, the results of which are the measures of CK
object-oriented metrics, Halstead complexity measures, and process metrics. The binary defect label
reveals the presence of at least one defect of the modules in the refined version history.

Table 1. Dataset Characteristics of Selected Open-Source Projects

Dataset Instances Features Defect % Source Metric Type
Camel 1.6 965 20 19.5% GitHub CK Metrics
Jedit 4.3 492 20 24.8% PROMISE CK + Process
Xerces 1.4 623 20 14.5% PROMISE CK Metrics
Ant 1.7 745 20 22.1% NASA MDP CK + Halstead
Log4j 1.2 189 20 35.9% GitHub CK Metrics
Lucene 2.4 340 20 8.8% PROMISE CK + Process

There are 20 features per module that were extracted, which are, the Weighted Methods per Class
(WMCQ), Depth of Inheritance Tree (DIT), Number of Children (NOC), Coupling Between Objects (CBO),
Response For a Class (RFC), Lack of Cohesion of Methods (LCOM), Lines of Code (LOC), McCabe cyclomatic
complexity (CC), Halstead volume, effort The combination of these metrics is in a way that they are able to
reflect the characteristics of the structure as well as the dynamic process related characteristics of every
module.

3.3 Preprocessing Pipeline

Preprocessing would be done in three stages. To prevent distraction of outliers, firstly the missing
values, taking less than 2 percent of all the datasets, are imputed by the column-wise median. Second, the
min-max normalization is done to scale all features to [1] space, which means that distance sensitive
classifiers like SVM and logistic regression are not negatively influenced by the differences in the magnitude
of features. Third, SMOTE [9] using nearest neighbors of k=5 is implemented within each of the cross-
validation loop training folds to avoid the information leakage in the test set.

Journal homepage: https://journal. hmjournals.com/index.php/IJITC


https://journal.hmjournals.com/index.php/IJITC

International Journal of Information Technology and Computer Engineering (IJITC) ISSN: 2455-5290 50

Selection of features based on Pearson correlation coefficient is done to remove features whose
correlation with other feature is above 0.90 and features with negligible variation (lower than 0.001) are
dropped. This is done to cut the 20 features down to a final set of 16 informative features per dataset and
the features that are eliminated in this step are mainly duplicated complexity measures derived off related
Halstead indices.

3.4 Base Classifiers

The base classifiers that are used as the first tier of the stacking ensemble are four in number. (i)
Random Forest with 200 estimators, max depth 15, Gini impurity yes (ii) XGBoost with 150 boosting
rounds, learning rate=0.05, max depth 6, and feature proportion 0.8 (iii) SVM with radial basis function
(RBF) kernel, regularization parameter C=10, and gamma=scale and The determination of all hyper
parameters was done based on a five -fold inner cross-validation grid search carried out on the training
selection of each of the outer folds alone.

3.5 Meta-Learner Stacking

Each base classifier predicts the out of fold probabilities which are passed in to the stacking meta-
learner in the format of a 4-dimensional meta-feature stacked as a meta-feature feature. These meta-
features are trained in a logistic regression model which has L2 (C=1.0) regularization. The last prediction
of defects is based on the probability of the meta-learner and a classification probability of 0.5. The process
of training-stacking is fully wrapped in the stratified cross-validation outer loop of 10 folds to have an
unbiased estimation of the performance.

3.6 Evaluation Metrics

There are five standard measures that are used to estimate model performance, including
accuracy, precision, recall, F1-score, and Area under the Receiver Operating Characteristic Curve (AUC-
ROC). Statistical comparisons between the ensemble and each individual classifier were conducted
pairwise using the Wilcoxon signed-rank test (a = 0.05). That statistic on the comparison of the ensemble
and the individual base classifier using each of the 10 cross-validation folds according to the protocol that
Demsar [23] suggests in classifier comparisons across datasets.

4. RESULTS AND DISCUSSION

4.1 Overall Classification Performance

Table 2 indicates that the average performance of all classifiers in terms of cross validation is
presented in all the six benchmark datasets. As Table 2 indicates, the proposed stacking ensemble has a
high performance rate in comparison with all individual base classifiers in all the metrics of evaluations.
The ensemble achieves an accuracy of 94.3%, precision of 93.1%, recall of 92.7%, F1-score of 92.9%, and
AUC-ROC of 0.97. The lowest performance is shown by SVM with the accuracy of 83.7 percent and the AUC-
ROC of 0.85 which indicates its susceptibility to the distribution of classes although it is preprocessed by
SMOTE. The values are clearly lower in Naive Bayes and Decision Tree which proved that less complex
models cannot be used in the context of software defects because of the complexity of the issue at hand.

Table 2. Comparative Performance of Individual Classifiers and Ensemble Model

Classifier Acc. (%) Prec. (%) Recall (%) F1 (%) AUC
Naive Bayes 78.4 76.1 74.2 75.1 0.810
Decision Tree 81.3 79.4 77.8 78.6 0.800
SVM (RBF Kernel) 83.7 81.2 79.5 80.3 0.850
Random Forest 89.2 87.5 86.8 87.1 0.930
XGBoost 90.1 88.3 87.9 88.1 0.910
LightGBM 91.0 89.6 88.4 89.0 0.920
Ensemble (Stacking) 94.3 93.1 92.7 929 0.970
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These two algorithms LightGBM and XGBoost become the two most powerful separate classifiers
with AUC-ROC of 0.920 and 0.910 respectively, which can prove the usefulness of the gradient-boosting
strategies in the measures of software. It is shown by the stacking ensemble that the four underlying models
are really complementary, and the meta-learner indeed takes advantage of them (the F1-score obtained
over the individual classifiers is further improved by 2.7 to 5.7 percentage points).

4.2 AUC-ROC Performance Analysis

Figure 2 of the AUC-ROC results of the comparison between the models proves that the ensemble
has a better discriminative capacity. The ensemble has the largest AUC value of 0.97 and this indicates that
the probability of the ensemble to rank a randomly selected defective module higher than a non-defective
module at 97%. This is of crucial importance especially in practice, where classification threshold can be
altered depending on cost ratio of false negatives (undetected defects) to false positives (wasted inspection
effort) that belong to organizational specifics.

Model / Classifier AUC-ROC Score  Performance Rank
Ensemble (Stacking) 0.97 #1 Best
LightGBM 0.92 #2
Random Forest 0.93 #3
XGBoost 0.91 #4
SVM (RBF Kernel) 0.85 #5
SVM (RBF Kernel) 0.85 #5

Figure 2. AUC-ROC Performance Rankings for Compared Models

4.3 Cross-Dataset Validation

Table 3 shows the metrics of the ensemble on each dataset separately to compare the performance
of the ensemble across all the six datasets. However, Table 3 demonstrates that Lucene 2.4 has the best
accuracy of 96.2% as well as AUC-ROC of 0.979, probably due to its lower defect rate (8.8%), which gives
better decision boundaries. The lowest accuracy of the Log4j 1.2 is 91.3% which is explained by the fact
that this model has the highest rate of defect of 35.9% and it forms a complex prediction boundary even
with the SMOTE balancing.

Table 3. Ensemble Model Performance across Individual Datasets

Dataset Accuracy Precision Recall F1-Score AUC-ROC
Camel 1.6 93.8% 92.1% 91.6% 91.8% 0.961
Jedit 4.3 92.4% 91.0% 90.5% 90.7% 0.955
Xerces 1.4 95.1% 93.8% 92.9% 93.3% 0.972

Ant 1.7 94.7% 93.4% 92.0% 92.6% 0.968
Log4j 1.2 91.3% 90.2% 89.8% 90.0% 0.947
Lucene 2.4 96.2% 95.0% 93.7% 94.3% 0.979

F1-scores on all datasets are greater than 0.90 which proves the fact that the offered framework is
applicable to the projects of different sizes, defect rates, and origins (PROMISE versus NASA MDP). The
cross-dataset consistency is a property that indicates the insensitivity of the trained ensemble to dataset-
bias and the applicability of the trained ensemble to unseen codebases.

4.4 Multi-Metric Comparison
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The overall multi-metric comparison of all the models thatare evaluated as demonstrated in Figure
3 depicts the overall consistency of the superiority of the ensemble method. The visualization supports the
fact that accuracy gains are associated with better results in all other metrics, and there is no classifier
which has a trade-off in that the gain of one metric is at the expense of another. Such a uniform pattern of
improvement of metrics is typical of a calibrated ensemble model.

Metric
Accuracy (%) 89.2 90.1 83.7 91.0 94.3
Precision (%) 87.5 88.3 81.2 89.6 93.1
Recall (%) 86.8 87.9 79.5 88.4 92.7
F1-Score (%) 87.1 88.1 80.3 89.0 92.9
AUC-ROC 0.930 0.910 0.850 0.920 0.970
AUC-ROC 0.930 0.910 0.850 0.920 0.970

Figure 3. Comparative Visualization of all Performance Metrics across Individual Classifiers and Ensemble
Model

4.5 Feature Importance Analysis

The CBO (Coupling Between Objects), WMC (Weighted Methods per Class), and LOC (Lines of
Code) features are the three highest importance of the features in the random forest and XGBoost base
classifiers, with an average score of 54.04, and 1000 of the total feature importance mass respectively.
LCOM and RFC come in the 4th and 5th position respectively. The results obtained are consistent with the
existing literature [10], [22] and it is a fact that the metrics of coupling and complexity are the most effective
predictors of defect-proneness of object-oriented systems.

The scores of importance in DIT and NOC are lowest, in line with the results that show that the
depth of inheritance does not have a significant influence on predicting defects in the absence of high
coupling. The process measure of the frequency of historical changes is rated sixth with the overall values
indicating that modules that are frequently changed are able to maintain predictive value that cannot be
effectively captured by the measures that are not dynamic.

4.6 Statistical Significance

Paired samples t-tests between the ensemble and each base classifier over the 10-fold
distributions of the F1-score proved that all the pairwise t-tests were statistically significant (p < 0.05). The
greatest effect size was present between ensemble and SVM (p=0.003), and the least but significant
difference was present between ensemble and LightGBM (p=0.038). Such findings prove that the stacking
ensemble has performance improvements not due to random change in data partitioning, but due to true
and repeatable improvements.

5. CONCLUSION

In this paper, the author introduced an overall ensemble stacking framework of software defect
prediction on open-source code repositories. The proposed system trained with the base classifiers of
Random Forest, XGBoost, SVM, and LightGBM and a logistic regression meta-learner with class balancing
by using SMOTE and CK metric feature engineering produced the results of the 94.3%-accuracy, 92.9%-F1-
score, and 0.97-AUC-ROC in six benchmark datasets. These scores are persistent gains of 3.3 to 10.6 points
in comparison to individual classifiers and it was statistically significant by Wilcoxon signed-rank tests (p
< 0.05) in all pairwise comparisons.

The systematization of the three main issues of software defect prediction is the imbalance of
classes with using within-fold SMOTE oversampling, redundant features with correlation-based selection,
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and bias-variance trade-offs with the ensemble stacking. The feature importance analysis established that
the default predictors of defect-proneness are the coupling measures (CBO) and complexity measures
(WMC, LOC), which can be used to give practical advice to engineers of software and code reviewers to
focus on inspection activities.

The future research will focus on the incorporation of deep learning models using code embedding
as other base classifiers into the stacking framework. The further directions that seem promising are the
extension of the system to deal with real-time continuous integration pipelines and the exploration of
domain adaptation to predict defects across organizations. The preprocessed datasets and the source code
will be given publicly to enable reproducibility and additional research in the field of the software quality
engineering [24], [25].
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