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ABSTRACT 

Developing high-quality software products is directly related to the absence of unseen faults. The software fault 

prediction (SFP) methods have been considered to reduce the overall testing costs and discover probable faults. 

Various machine-learning and deep-learning algorithms have been used to predict faults. However, both deliver 

varying results regarding SFP. This research proposes a novel hybrid model (FR-CNN) based on a fine-tuned 

fully connected deep neural network, a random forest and a convolutional neural network. Harnessing the 

strengths of combining these techniques, the proposed model aims to enhance prediction performance while 

reducing overfitting, resulting in a robust framework. We conduct extensive empirical studies to illustrate the 

effectiveness of the proposed model in predicting faults on six projects of the BugHunter dataset. The empirical 

results demonstrate that FR-CNN achieves competitive fault-prediction performance while requiring lower 

computational complexity and training time than recent deep-learning approaches. In particular, it improves the 

best previously reported traditional machine-learning result on the BugHunter benchmark by up to 19.95% in F1-

score. 

 KEYWORDS 
Software-fault prediction, Class imbalance, Deep learning, Ensemble learning, Machine learning, Hyper-

parameters. 

1. INTRODUCTION

The size and complexity of software in various applications are increasing and software engineers are 

tasked with developing high-quality software products. The existence of faults is one of the main issues 

that threaten the software quality and reliability [1] [2]. A software fault indicates a defect or deficiency 

in the system that leads to the final product's failure [3, 4]. Hidden and unforeseen faults are unavoidable, 

as they grow within the proper platform facilitated by modern software [5]. Over 50% of the costs of 

software development can be attributed to the detection and elimination of faults, as well as the removal 

of adverse consequences resulting from system failures [6].  

Software Fault Prediction (SFP) is an approach that estimates the probability of faults in software units 

without running and testing the code. This strategy can effectively contribute to the production of higher-

quality software [7]. Anticipating and early elimination of possible faults in different phases of 

development provides higher levels of system quality and improves maintenance effort [8]. SFP process 

allocates more effort to the most faulty modules and pays attention to diminishing the overall cost of 

testing [4], [9].  

Various machine learning (ML) algorithms including Logistic Regression (LR) [10], Support Vector 

Machine (SVM) [11], K-Nearest Neighbors (KNN) [12], Decision Tree (DT) [13], Genetic Algorithm 

(GA) [14], Random Forest (RF) [15], Naive Bayes (NB) [16] and neural network [17], have been studied 

and investigated for SFP [12]. Nevertheless, these methods produce varying results in SFP. Deep 

learning (DL), as a subfield of ML, in a supervised and unsupervised manner, has achieved 

commendable success in various domains, including speech recognition and image processing [18]. DL 

is a proper approach to dealing with complex problems [19], demonstrating exemplary performance 

across both large and small datasets [20]. The DL model automatically extracts essential information 

using the features in the known project and after learning knowledge from them, it is used to predict 

faults in the unknown project. This approach affects the fault-prediction process. Convolution Neural 

Network (CNN) is a popular architecture of neural networks in SFP, capable of acquiring semantic 

features from software metrics [18].  

Recent studies have further demonstrated that hybrid deep-learning architectures have become one of 

the most promising directions for software-fault prediction. Abdu et al. [21] proposed a hybrid deep-



335

"FR-CNN: Software Fault Prediction Using a Novel Hybrid Hierarchical Model", M. M. Jouybari, A. Tajary, M. Fateh and E. Tahanian. 

learning framework that fuses semantic and traditional software features to improve defect prediction 

performance. Kaliraj et al. [22] introduced a dynamic classification framework for software-fault 

prediction that improves prediction robustness through adaptive classification strategies. More recently, 

Fei et al. [23] presented a multivariate heterogeneous hybrid deep-learning architecture that combines 

multiple complementary learning mechanisms for software-defect prediction, while Malhotra and Singh 

[24] proposed a dual-attention hierarchical BiGRU architecture that enhances software-defect prediction

through hierarchical feature learning and attention mechanisms. These recent developments indicate that 

integrating complementary machine-learning and deep-learning models is becoming an increasingly 

effective strategy for improving software-fault prediction performance, which strongly motivates the 

proposed FR-CNN architecture. 

The efficiency of the SFP on ML and DL techniques is also influenced by different fault datasets. The 

majority of well-known datasets for SFP, such as PROMISE [25] and NASA MDP [26], have relatively 

small sizes. Neural networks, particularly deep neural networks, are data-hungry models that their 

ability to learn increases with a larger amount of training data [27]. In this research, the BugHunter 

dataset [28], a recently introduced fault dataset comprising a sufficient number of data instances, has 

been used to satisfy the data requirements of DL-based models. This dataset consists of 15 popular open-

source Java projects widely used by software engineers.  

Although BugHunter is a recently introduced large-scale software fault-prediction dataset that provides 

a valuable benchmark for evaluating software fault-prediction models, its adoption in the literature 

remains relatively limited compared with widely used benchmark datasets, such as PROMISE and 

NASA. Existing approaches primarily rely on individual machine-learning models, conventional 

ensemble techniques or standalone deep-learning architectures, each of which has inherent limitations 

in exploiting complementary feature representations. Consequently, comprehensive evaluations of 

advanced hierarchical hybrid machine-learning and deep-learning models for method-level software 

fault prediction on the BugHunter dataset remain scarce. Motivated by recent advances in machine 

learning and deep learning, together with the availability of the large-scale BugHunter dataset, this study 

investigates whether a hierarchical hybrid architecture can improve software-fault prediction 

performance. Accordingly, we propose the FR-CNN model, which integrates a fine-tuned FC-DNN, 

Random Forest and a CNN meta-learner to exploit the complementary strengths of machine learning 

and deep learning for method-level software-fault prediction on six selected BugHunter projects. 

The objective of this study is to develop and evaluate the proposed FR-CNN model for method-level 

software-fault prediction on six selected BugHunter projects and to compare its performance with the 

developed traditional machine-learning baseline models and the implemented recent state-of-the-art 

approaches under identical experimental conditions. The main contributions of this paper are as follows: 

 We apply the random over-sampling technique on the BugHunter dataset to address the class-

imbalance issue and enhance the training accuracy on both fault classes. 

 We propose a new Fully Connected Deep Neural Network (FC-DNN) structure for predicting faults

in six projects of the BugHunter dataset. We construct and evaluate multiple architectures for each 

project, investigating the effect of diverse hyper-parameters on improving the model performance 

until we achieve the optimal one. 

 We propose the FR-CNN, a novel hierarchical hybrid model that combines a fine-tuned FC-DNN

and the best-performing ML algorithm (Random Forest) using a CNN-based meta-learner. We 

further investigate the influence of kernel size, batch size and number of filters on the model 

performance. 

 The proposed FR-CNN overcomes the limitations of existing CNN-based, ensemble-learning and

hybrid software fault-prediction approaches through two key architectural innovations: (a) a 

hierarchical stacking architecture in which a fine-tuned FC-DNN and Random Forest (RF) serve as 

complementary base learners—each model learns different patterns from the software metrics and 

our feature importance analysis (Sub-section 4.6.2) confirms that they focus on diverse aspects of 

the feature space; and (b) a one-dimensional CNN as the meta-learner, enabling the learning of a 

combination rule over the base-learner outputs. An ablation study (Sub-section 4.6.7) shows that 

this learned combination outperforms parameter-free averaging on average across the six projects 

and that the CNN performs comparably to alternative learnable meta-classifiers (DNN, Logistic 

Regression) while remaining substantially more lightweight than the base-learner networks that it 
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combines. To the best of our knowledge, this specific FR-CNN hierarchical combination has not 

previously been investigated for 

method-level software-fault prediction on the BugHunter dataset. 

 We conduct comprehensive empirical studies by comparing the proposed FR-CNN with seven

traditional machine-learning models and five recent state-of-the-art approaches using prediction 

performance, training time, testing time and model complexity. The results demonstrate that FR-

CNN achieves competitive prediction performance while providing a favorable balance between 

computational efficiency, model complexity and training stability. 

The paper proceeds as follows: Section 2 reviews previous works and contains the activities carried out 

in the SFP. Section 3 presents the proposed method. Section 4 pertains to the results and addresses the 

research questions. Section 5 deals with threats to validity of the proposed approach. Section 6 provides 

conclusions and describes future work. 

2. RELATED WORKS

Numerous studies are available in the literature to classify software components as faulty or non-faulty, 

leveraging different techniques. These techniques were applied to various datasets at different 

granularity levels. Kumar et al. [8] collected and categorized various ML techniques, including NB, 

Decision Tree Regression and LR, for predicting fault with several performance evaluation measures. 

French et al. [28] developed a novel dataset called "BugHunter" to predict software faults using 11 

traditional ML techniques from the Weka library, including RandomForest, J48, RandomTree, 

DecisionTable, SimpleLogistic and Logistic algorithms. Among the results presented for this dataset, 

the best F-measure at the method level was 75.73%, obtained by the RF algorithm for the ANTLR v4 

project. 

Cynthia et al. [29] developed a Feature Transformation for Improved Software Bug Detection Models 

that utilize a genetic algorithm to find the weighted transformation of the extracted features and identify 

buggy and non-buggy classes using ML models. They've reported their findings at the Class granularity 

and applied the undersampling technique to balance the dataset. They concluded that their proposed 

method can effectively separate bug data from non-bug data in the low-dimensional space of the 

transformed features. 

Reference [30] introduced the Static Execute After (SEA)-based metrics instead of traditional software 

metrics to predict software faults at the method level of the BugHunter dataset. We will compare our 

proposed method with this model to understand how well our approach predict faulty methods. This 

research utilized random under-sampling to address the imbalance of two bug classes. The experimental 

results on the most frequently ML algorithms illustrated that the proposed SEA metrics are even suitable 

to predict future bugs of the project independently, if sufficient learning data is available. 

So far, several studies have been carried out for SFP using ensemble learning-based techniques [31] [32] 

[33] [34]. These techniques are utilized to surpass the accuracy threshold of individual learners and

increase the model's global predictive performance [35] [36]. According to [15], EL models, which are 

created by combining multiple ML classifiers, perform significantly better than individual classifiers 

such as decision trees, naïve Bayes or a multilayer perceptron for the fault prediction. Laradji et al. [37] 

formed a software fault-prediction method using the Average Probability Ensemble learning (APE) 

module with seven basic classifiers to predict faulty components.  

Wang et al. [38] presented a Multiple Kernel ensemble-learning (MKEL) approach using EL, 

considering a multiple kernel classifier to improve software module classification and prediction power 

with faults. The experimental results showed the effectiveness of the proposed model on 12 NASA 

datasets. Pandey et al. [39] proposed an effective BPDET model for SFP using EL and deep 

representation techniques. The proposed approach was carried out in two phases, one was DL and the 

other was two layers of EL (TEL). The results of experiments on 12 public NASA datasets showed that 

BPDET is stable and the combination of deep representation and EL is more efficient and effective than 

the base methods and other traditional methods. 

Although conventional ensemble-learning methods have demonstrated significant improvements over 

individual classifiers, recent research has shifted toward hybrid deep-learning frameworks that combine 

complementary feature representations. Abdu et al. [21] integrated semantic and traditional software 
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metrics using a hybrid deep-learning architecture and demonstrated that feature fusion significantly 

improves software-defect prediction. Likewise, Kaliraj et al. [22] proposed a holistic software fault-

prediction framework incorporating dynamic classification mechanisms to improve prediction 

robustness. These studies indicate that combining different learning paradigms provides more 

informative feature representations than relying on a single prediction model. 

DL techniques using convolutional layers, multilayer perceptron and Long Short-Term Memory 

(LSTM) automatically extract semantic features of the dataset [40]. Thus, these techniques create potent 

models that perform significantly in diverse domains, such as natural-language processing, computer 

vision and speech recognition. Reference [41] used the DL technique for fault prediction and presented 

the Seml framework. In this technique, the long short-term memory model performed fault prediction 

by automatically learning the semantic information of programs. The evaluation results on 13 Java open-

source projects showed that the proposed model performs more promisingly compared to the state-of-

the-art fault-prediction approaches. Alenezi et al. [42] employed character n-gram embedding with deep 

learning to improve source-code representation for software-vulnerability detection, achieving better 

prediction performance than previous approaches. 

The latest research continues this trend. Fei et al. [23] proposed a multivariate heterogeneous hybrid 

deep-learning model that combines multiple deep-learning components for software-defect prediction, 

demonstrating improved prediction accuracy on complex software projects. Similarly, Malhotra and 

Singh [24] developed a dual-attention hierarchical gated BiGRU architecture that improves software 

defect prediction through hierarchical recurrent feature learning and attention mechanisms. Samal [43] 

proposed a hybrid optimization-based fault-prediction approach integrating particle-swarm optimization 

with fuzzy time series modeling. Collectively, these studies demonstrate that hybrid architectures 

capable of learning complementary representations have become one of the dominant research 

directions in software fault prediction. 

In our research, we aim to combine these techniques to harness the advantages of ML and DL approaches 

while leveraging the strength of the ensemble model. 

Figure 1. Overall workflow of the proposed hierarchical FR-CNN framework, illustrating the pre-

processing stage, the FC-DNN and RF base learners and the CNN meta-learner for software-fault 

prediction. 
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3. PROPOSED APPROACH

This section introduces the proposed FC-DNN and FR-CNN models. The framework's overview is 

shown in Figure 1. To predict the number of faults at the method level of six Java projects from the 

BugHunter dataset, we employ the following steps. First, we conduct the pre-processing by choosing 

six datasets with various fault percentages, selecting and normalizing software metrics and addressing 

the class-imbalance problem. Second, we design multiple architectures for fault-prediction models using 

a DL structure and fine-tune them. 

We also train various ML classifiers to be utilized in our hybrid model. Then, we develop an FR-CNN 

hybrid model by combining the optimized deep neural network and the best-performing ML model and 

feed them into a CNN structure. Our proposed approach includes two key phases: Data Pre-processing 

and Model Building. 

3.1 Data Pre-processing 

Preprocessing the dataset using different techniques improved the effectiveness of the model for 

learning [44]. To accomplish this task while strictly preventing data leakage, we applied a carefully 

ordered sequence of preprocessing steps. All data transformations and oversampling were performed 

using parameters learned exclusively from the training data after the train-test split, with the test data 

being transformed using the same parameters (e.g., min-max scaling), but never used to fit any 

transformations or oversampling, ensuring unbiased performance evaluation. The complete pre-

processing workflow is as follows: 

3.1.1 Feature Selection 

The selected dataset contains a set of software metrics that describe information about each instance to 

predict the fault class at the method level. However, some of the included software metrics within the 

dataset, such as the 'Hash', 'LongName' and 'Migration14 Rules' metrics, do not possess sufficient value 

as reliable indicators for predicting faults [45]. Therefore, these metrics should be excluded, so that the 

selected metrics represent the original ones [46]. Additionally, we removed constant features (those with 

identical minimum and maximum values), as they provide no discriminative information. If the 

corresponding project at the method level is indicated by M and the fault class is denoted by Y, then the 

fault-prediction issue can be modeled according to Equation (1): 

Y = f (M)      (1)

Some software metrics may have data with different scales, redundant features or useless information 

for prediction, which require pre-processing. Equation (2) shows the chosen features, where the M 

project being represented as a set of sm, with each sm denoting a software metric. 

M = < sm1, sm2, …, smn> (2) 

3.1.2 Null-value Verification 

We verified that the dataset contains no null values to ensure data integrity before proceeding with 

further pre-processing steps. 

3.1.3 Train-Test Split 

To prevent data leakage, we first split the dataset into training and test sets using 

train_test_split from sklearn with a test size of 0.2. This ensures that the test data remains completely 

isolated and is never used for learning any transformations or model parameters throughout all 

subsequent pre-processing and model-building stages. 

3.1.4 Binary Classification of the Output Class 

In the selected dataset, the "Number of Bugs" software metric is considered as the label and exhibits a 

maximum of seven classes, which determine the count of faults within the output class. During the phase 

of prediction, the classification of the output class is considered as the presence or absence of faults for 

each individual sample. Hence, it is necessary to convert the label from the multi-class classification 

mode to the binary class classification. Therefore, instances characterized by the class label of 0 reflect 

the absence of faults, while instances associated with class labels ranging from 1 to 6 indicate the 
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presence of faults. Based on this, all labels have been modified to either 0 or 1. This conversion was 

applied to both training and test sets separately using the same mapping rule. 

3.1.5 Data Normalization 

Some ML techniques perform better on numerical datasets that have been scaled in a specific range. We 

performed the metric normalization on the dataset to ensure a fair balance in the range of data and 

equalize the effect of all dimensions. To achieve this, we applied the min-max scaler exclusively to all 

metrics of the training data, excluding the label. The same scaler fitted on the training data was then 

used to transform the test data.  This was done using Equation (3), which rescaled the values of each 

software metric to a new range of 0 to 1.  

Normalization (smi) = (smi – min (sm)) / (max (sm) – min (sm)) (3) 

where smi indicates the corresponding software metric before applying normalization, max (sm) and

min (sm) indicate the maximum and minimum values of smi and Normalization (smi) indicates the

normalized values of smi. After normalization, the method M is defined according to Equation (4),

which includes the set of smi
′ software metrics.

M = < sm1
′ , sm2

′ , … , smn
′ >                                                     (4)

3.1.6 Addressing the Imbalance Issue 

Unbalanced classes of the dataset reduce the classifier performance for the minority class. To overcome 

this, oversampling and undersampling techniques are applied to change the data space [47]. These 

techniques use strategies that either increase the instances of the minority class or reduce the instances 

of the majority class [48] to advance the final efficiency of the model [49]. In this article, the Random 

Over Sampling (ROS) technique was applied exclusively on the training instances to handle the 

imbalance distribution of the class labels, prevent the model from bias and enhance the performance of 

the learning process. The test data was not oversampled to maintain its original distribution and provide 

a realistic evaluation of model performance. Figure 2 and Figure 3 illustrate the count of two class 

instances in the BroadleafCommerce project, depicting the dataset's state prior to and following the 

usage of ROS on the training data. First, the number of instances was 826 for class 1 and 2941 for class 

0. After applying ROS, the count of two class instances became equal.

Figure 2. Class distribution of the BroadleafCommerce training data before applying Random 

oversampling (ROS), illustrating the original class imbalance. 

Figure 3. Class distribution of the BroadleafCommerce training data after applying Random 

oversampling (ROS), showing the balanced class distribution used for training. 
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It is important to emphasize that this sequential pre-processing workflow strictly prevents data leakage: 

the train-test split is performed before any transformations, the min-max scaler is fitted only on the 

training data and then applied to transform the train and test data and oversampling is applied exclusively 

to the training data. Consequently, no information from the test data is used during pre-processing or 

model training, ensuring an unbiased evaluation of model performance. 

3.2 Model Building 

3.2.1 Building the FC-DNN 

The proposed FC-DNN, depicted in Figure 4, is built by a structure of dense and dropout layers. This 

fully connected feedforward deep neural network has an input layer, an output layer and between 1 and 

4 hidden layers. There is a dropout layer after each layer except the last layer that prevents the model 

from overfitting by randomly dropping out the incoming and outgoing connections of units [50]. This 

regularization technique, combined with early stopping during training of the FR-CNN model, ensures 

robust generalization performance, as evidenced by the training and validation loss curves presented in 

Sub-section 4.6.4. 

The model input is fixed according to the number of software metrics for each project which falls within 

the range of 56 to 59.

Figure 4. Architecture of the proposed FC-DNN base learner used for software-fault prediction.

The network output is considered in binary mode, with one neuron in the last layer. The model adjusts 

its weights using the optimizer function to reduce the error in the backpropagation stage [19]. The 

weights of layers are represented using Wsm1
, Wsm2

, Wsm3
, … , Wsmn

 in Figure 4. In the Result Section,

we will conduct many experiments to design prediction models on each project, modify their parameters 

and record the best results. The impact of modifying parameters has an essential role in prediction 

performance [50]. The number of layers is a critical criterion in the architecture of the artificial neural 

networks and can influence the performance of the models [51]. We will modify and evaluate various 

hyper-parameters, different numbers of layers and activation functions to obtain the optimal design of 

the network and more accurate prediction models. Tuning the model hyper-parameters has been carried 

out by manipulating the number of epochs, batch sizes, dropout rates and optimizer functions until we 

reach satisfactory results. We will use three optimizer functions, Adam (Adaptive Moment Estimation), 

AdaGrad (Adaptive Gradients) and SGD (Stochastic Gradient Descent). We will utilize the Sigmoid 

activation function for the last layer of the network and test the ReLU, Tanh and Swish activation 

functions for other layers to choose the most suitable ones. 

3.2.2 Building the FR-CNN Hybrid Model 

In this Sub-section, the FR-CNN hybrid model is presented to improve the fault-prediction model's 

performance. The structure of the FR-CNN is depicted in Figure 1. This model is constructed by 

combining the FC-DNN, which is optimized with hyper-parameters and the RF, which is identified as 

the best-performing ML algorithm. Subsequently, a single meta-learner based on CNN is employed, 

comprising a convolutional layer, a flatten layer and a dense layer, serving as the final model. This 

model extracts semantic features from the combined features of both base models and determines the 

fault class for the entire hybrid model. To build the effective FR-CNN, we analyzed various 
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combinations of models. For instance, we investigated the potential of combining one or more ML 

classifiers with an FC-DNN serving as the base models, along with an ML, an FC-DNN or an CNN as 

a meta-learner. Through our evaluations, we found that the most effective approach for detecting 

software faults was achieved by combining an FC-DNN with an RF and putting a CNN at the end of it. 

Among various ML models that we established, the standalone RF exhibited superior performance in 

the hybrid model. To leverage its strengths, we combined it with a FC-DNN model as the base models. 

By combining these two models of different natures and distinct characteristics, we aimed to cover some 

of their individual weaknesses and enhance overall performance. In the proposed FR-CNN, the RF is 

constructed by aggregating the result of 50 decision trees. Given the existence of numerous outliers in 

the dataset under investigation, it is advantageous to adopt a clustering-oriented perspective during data 

analysis. Through the process of partitioning data among the decision trees and enabling independent 

decision-making by each tree, the RF algorithm exhibits a clustering-like behavior. Moreover, RF stands 

out as a robust EL-based algorithm that has an outlier-detection mechanism [52]. Additionally, we 

incorporated a fully connected DL-based algorithm into our methodology, leveraging its capability to 

automatically learn and capture distinguishing features and discriminative characteristics in the dataset. 

The utilization of this type of model has the potential for contributing towards the advancement of more 

accurate fault-prediction models [53]. In the Result Section, we will demonstrate the effectiveness of 

the presented FR-CNN on the BugHunter dataset. We also investigate the effect of different kernel sizes, 

batch sizes and numbers of filters on the performance of the FR-CNN. The workflow illustrated in 

Figure 1 and summarized in Algorithm 1 is mathematically formulated in Equations (5)–(8). 

Specifically, the formulation describes how the FC-DNN and Random Forest (RF) base learners 

generate prediction probabilities that are concatenated into meta-features and subsequently processed 

by the CNN meta-learner to produce the final software-fault prediction. 

Let 𝑥𝑖∈ ℝᵈ denote the feature vector of the ⅈ-th sample, where d is the number of software metrics after

feature selection and ⅈ = 1, 2, … , 𝑁, with 𝑁 representing the total number of samples. Let 𝑓𝐷𝑁𝑁(⋅),

𝑓𝑅𝐹(⋅) and 𝑓𝐶𝑁𝑁(⋅) denote the trained FC-DNN, Random Forest and CNN models, respectively.

The FC-DNN estimates the probability that the ⅈ-th sample belongs to the faulty class as: 

𝑝𝑖
𝐷𝑁𝑁 = 𝑓𝐷𝑁𝑁(𝑥𝑖),        𝑝𝑖

𝐷𝑁𝑁 ∈ [0,1],       (5) 

where, 𝑝i
𝐷𝑁𝑁 is the probability assigned by the FC-DNN to the faulty class.

The Random Forest predicts the probabilities of both classes as: 

𝑝𝑖
𝑅𝐹 = [ 𝑝𝑖

(𝑅𝐹,0)
 , 𝑝𝑖

(𝑅𝐹,1)
] = 𝑓𝑅𝐹(𝑥𝑖),     (6) 

where, 𝑝i
(𝑅𝐹,0)

 and 𝑝i
(𝑅𝐹,1)

 represent the predicted probabilities of the non-faulty and faulty classes,

respectively, predicted by the Random Forest. 

The outputs of the two base learners are concatenated to construct the meta-feature vector 

zᵢ = [ 𝑝𝑖
𝐷𝑁𝑁 , 𝑝𝑖

𝑅𝐹 ],    (7) 

where, 𝑧𝑖∈ ℝ3 is the meta-feature vector, consisting of one probability generated by the FC-DNN and

two class probabilities generated by the Random Forest and [⋅] denotes the vector concatenation 

operator. 

The meta-feature vector is then provided as the input to the CNN meta-learner, which produces the 

final fault prediction according to o 

ŷᵢ = 𝑓𝐶𝑁𝑁(𝑧𝑖),          ŷᵢ ∈ [0,1],    (8) 

where, ŷᵢ denotes the final predicted probability that the ⅈ-th sample is faulty. A decision threshold of 

0.5 is subsequently applied to assign the sample to either the faulty or non-faulty class. 

Accordingly, for each software module, the FC-DNN predicts the probability of the faulty class, whereas 

the Random Forest estimates the probabilities of both classes. These three probability values are 

concatenated to form the meta-feature vector, which serves as the input to the CNN meta-learner. The 

CNN extracts higher-level interactions among these complementary predictions through its 

convolutional operation and produces the final software-fault prediction. 

Algorithm 1 summarizes the complete workflow of the proposed FR-CNN stacking architecture. First, 
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 the FC-DNN and Random Forest are independently trained using the same pre-processed training data. 

Their probability outputs are concatenated to construct the meta-feature representation, which is 

subsequently used to train the CNN meta-learner. During testing, the same sequence of operations is 

applied to unseen samples to generate the final fault prediction. 

4. EVALUATION OF RESULTS

This Section presents a comprehensive evaluation of the proposed approach. It describes the dataset, 

software metrics, performance evaluation measures and implementation details. It also discusses the 

research questions, experimental results and corresponding findings. 

4.1 Dataset 

We have used the BugHunter, a new and reliable fault dataset collected by Ferenc R. et al. [28]. This 

dataset was created automatically using the OpenStaticAnalyzer tool and is publicly available. The 

BugHunter dataset assigns source code metrics to the code elements and it encompasses a larger amount 

of data compared to previous fault-prediction datasets. It includes a selection of 15 Java projects sourced 

from the GitHub repository, all of which are open source in nature. The projects of this dataset are the 

most common software, such as BroadleafCommerce, orientDB and Netty. BugHunter includes many 

instances at the method, class and file levels and contains four filters in addition to a basic and unfiltered 

case. Since the best-obtained results on this dataset were reported using the subtract filter, we selected 

the subtract-filter instances for six projects at the method level in our experiments and compared our 

results with the best-reported results in reference [28]. Every project in the BugHunter dataset includes 

75 software metrics at the method level, which have been reduced after pre-processing step. Table 1 

illustrates the dataset description for each project before and after the pre-processing. It also shows 

information about the quantity of software metrics, the imbalance ratio and the overall count of 

instances. 
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Table1. Description of the BugHunter projects before and after pre-processing (prep.).

4.2 Software Metrics 

The software metrics presented in the BugHunter dataset consist of static source-code metrics, code-

smell metrics and code-clone metrics. Among 29 object-oriented metrics used at the method level of 

this dataset, for shortness, we listed some of them in Table 2. Table 3 presents the code-duplication 

metrics or basic clone-related metrics at the method level of the BugHunter.  

4.3 Performance Evaluation Measures 

To assess the results and compare the performance of the fault-prediction models, we employed 

measures including Accuracy, Precision, Recall and F1-score, Matthews Correlation Coefficient 

(MCC), Area Under the Receiver Operating Characteristic Curve (AUC-ROC), Area Under the 

Precision–Recall Curve (AUC-PR), Balanced Accuracy and G-Mean. Accuracy shows the proximity 

between an observed value and the true value, the proportion of the total count of correct predictions. 

Precision measures the degree of related results and recall measures how many related results are correct. 

F1-score represents a harmonic average between the precision and recall of a particular class. MCC 

provides a balanced evaluation by considering all four elements of the confusion matrix, making it 

particularly suitable for imbalanced datasets. AUC-ROC measures the model's ability to discriminate 

between defective and non-defective modules across different decision thresholds, while AUC-PR 

summarizes the trade-off between Precision and Recall. Balanced Accuracy computes the average of 

sensitivity and specificity and G-Mean evaluates the geometric mean of sensitivity and specificity, 

encouraging balanced-classification performance. These measures are defined as follows: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
× 100  (9) 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100  (10) 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100  (11) 

F1-score = 2 ×
𝑃𝑟𝑒𝑐ⅈ𝑠ⅈ𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐ⅈ𝑠ⅈ𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (12) 

𝑀𝐶𝐶 =  
𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁) 
 (13) 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑆𝑒𝑛𝑠ⅈ𝑡ⅈ𝑣ⅈ𝑡𝑦 + 𝑆𝑝𝑒𝑐ⅈ𝑓ⅈ𝑐ⅈ𝑡𝑦

2
 (14) 

where, 

𝑆𝑒𝑛𝑠ⅈ𝑡ⅈ𝑣ⅈ𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 ,          Specⅈfⅈcⅈty =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃

𝐺 − 𝑀𝑒𝑎𝑛 =  √𝑆𝑒𝑛𝑠ⅈ𝑡ⅈ𝑣ⅈ𝑡𝑦 × Specⅈfⅈcⅈty                                                    (15)  

The AUC-ROC and AUC-PR metrics are threshold-independent measures computed from the Receiver 
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Operating Characteristic (ROC) curve and the Precision–Recall (PR) curve, respectively. Higher values 

indicate better discrimination capability, with a value of 1 representing perfect classification.  

where TP is used to represent True Positives, FP signifies False Positives, FN denotes False Negatives 

and TN represents True Negatives. 

In addition to the prediction performance metrics, we also evaluate the computational efficiency of the 

proposed framework using training time and testing time. Training time is defined as the total time 

required to fit a model using the training dataset, whereas testing time represents the total time required 

to generate predictions for the testing dataset. These measurements provide an indication of the 

computational cost and practical applicability of the evaluated models.

Table2. Object-oriented features in the Bughunter dataset [28]. 

Abbreviation Full name 

CLOC Comment Lines of Code 
LOC Lines of Code 

LLOC Logical Lines of Code 
NL Nesting Level 

NLE Nesting Level Else-If 
NII Number of Incoming Invocations 
NOI Number of Outgoing Invocations 
CD Comment Density 

DLOC Documentation Lines of Code 
TCD Total Comment Density 
NOS Number of Statements 

Table3. Basic clone-related features in the Bughunter dataset [28]. 

Abbreviation Full name 

CC Clone Coverage 
CCL Clone Classes 
CCO Clone Complexity 

CI Clone Instances 
CLC Clone Line Coverage 

CLLC Clone Lines of Code 
LDC Lines of Duplicated Code 

LLDC Logical Lines of Duplicated Code 

4.4 Implementation Details 

This Sub-section pertains to the implementation details required for the experiments; we will specify 

the execution environment and set the parameter settings for both the presented model and the 

established baseline models. We initially divided each dataset into 80% training data and 20% 

independent test data during the pre-processing stage. We emphasize that the train-test split was 

performed before any data normalization or oversampling to prevent data leakage. Subsequently, during 

the model-training phase, 20% of the training data was reserved as a validation set to monitor model 

performance, tune hyper-parameters and prevent overfitting. Consequently, the effective data partition 

consisted of approximately 64% training, 16% validation and 20% test data. The validation set was 

derived exclusively from the training data and remained completely independent of the final test set, 

further minimizing any potential data leakage. For designing the FC-NN models, 3 to 6 layers were 

tested and evaluated. The Relu, Tanh and Swish activation functions were used for all layers except the 

last layer. For the output layer, however, the Sigmoid activation function was utilized. To train the FC-

DNN, we used Adam, Adagrad and SGD optimizer functions. The learning rate employed for these 

optimizers was set to 0.001 and the binary cross entropy was adopted as the loss function. We tested the 

epochs from 1000 to 20000 to determine the appropriate epoch for network convergence. Different batch 

sizes from 10 to 14000 have been considered and different dropout rates have been investigated from 

0.1 to 0.6 by increments of 0.1. In CNN, we tested the number of filters with values of 2, 4, 8, 15 and 

32 and evaluated the length of each filter from 1 to 3. Additionally, we used the batch size values of 32, 

64 and 128. The proposed method was implemented using TensorFlow 2.7, Keras 2.7 and Python 3.7. 

The Pandas, Numpy and Scikitlearn libraries were used in this work. In addition, the Matplotlib and 

Imblearn libraries were used for visualization and addressing the class-imbalance problem, respectively. 

Many experiments have been conducted using GPU and CPU. System-processor specifications include 
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an Intel(R) Core(TM) i7-8550U CPU @ 1.80GHz. 

For reproducibility, the CNN meta-learner of the proposed FR-CNN model employed a fixed 

architecture across all six projects to ensure a consistent stacking strategy. It consists of a one-

dimensional convolutional layer with 8 filters (kernel size = 1) and ReLU activation, followed by a 

Flatten layer and a single-node output layer with a Sigmoid activation function. The model was trained 

using the Adam optimizer with binary cross-entropy loss for up to 100 epochs and a batch size of 64. 

Early stopping with a patience of 40 epochs based on the validation F1-score was applied to mitigate 

overfitting. To assess the effectiveness of the proposed model, we compared it with established ML and 

state-of-the-art baseline models (sub-sections 4.6.3 and 4.6.4). To ensure a fair comparison, all baseline 

models were implemented and evaluated under the same experimental conditions as the proposed 

method, including the same datasets, pre-processing pipeline, train-validation-test partitioning strategy, 

evaluation metrics and execution environment. The parameter settings for each baseline model are 

summarized below. 

 The implementation of the traditional ML baseline models involved configuring them with default

parameter values, utilizing the scikit-learn library. 

 CBIL [54] includes an embedding layer with a dimension of 30, followed by a CNN layer with 20

filters, where each filter has a length of 10. Then, there is a max pooling layer, a BiLSTM layer with 

32 LSTM units and a dense layer with the Sigmoid activation function. The tanh activation is used 

in both CNN and BiLSTM layers. 

 The DL-based model [53] consists of 4 layers. The first layer has 20 nodes with tanh activation and

the kernel initializer is uniform. The two hidden layers consist of 10 and 6 nodes, respectively, by 

using the relu activation. The output layer has a single node and the kernel initializer in the last three 

layers is normal. 

 In 1D-CNN [18], 64 filters with a kernel size of 1 are chosen in each of two convolutional 1D layers.

One max pooling layer with a pool size of 1 and two dense layers with activation ReLU and Sigmoid 

(last dense layer) were also used. 

 The MLPs [50] consist of five layers, an input layer and three hidden layers employing the ReLU

activation, as well as an output layer employing the Sigmoid activation. Following each of the first 

four layers, a dropout layer using the rate of 0.2 is included. 

4.5 Research Questions 

In evaluating the effectiveness of the presented model, the following research questions were 

formulated. 

RQ1: Does tuning the FC-DNN and FR-CNN hyper-parameters increase the performance? 

RQ2: Does proposed FR-CNN hybrid model achieve better performance compared to the individual 

learners? 

RQ3: How effective is the proposed model in improving the prediction performance compared to the 

ML baseline models and the existing performance on the BugHunter dataset?  

RQ4: Does proposed FR-CNN achieve better performance compared to the state-of-the-art models 

across all given projects in the BugHunter dataset? 

RQ5: How does the proposed model compare with traditional machine-learning and state-of-the-art 

deep-learning approaches in terms of prediction performance, computational efficiency and model 

complexity on the BugHunter dataset? 

RQ6: Does the proposed FR-CNN provide statistically significant improvements over existing software 

fault-prediction approaches? 

RQ7: Does the proposed FR-CNN achieve an effective balance between prediction performance and 

computational efficiency while demonstrating the contribution of each architectural component? 

4.6 Results and Discussion 

The results of the proposed FC-DNN and FR-CNN models, along with the answers to RQ1 - RQ4, have 

been presented and discussed in the following sub-sections. 
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4.6.1 RQ1: Effect of Tuning the Hyper-parameters  

To address the first research question, we present the experiments in subsections A and B. 

A. Hyper-parameter Tuning Process for FC-DNN

To systematically evaluate the impact of hyper-parameter tuning on the performance of the proposed 

FC-DNN, we employed a comprehensive grid search strategy across a wide range of hyper-parameter 

configurations. The tuning process was conducted independently for each of the six projects. 

Search Strategy and Parameter Ranges: We began with a base architecture and iteratively 

manipulated individual hyper-parameters while keeping others constant. Once the optimal value for a 

given hyper-parameter was identified, it was fixed and the tuning cycle was repeated for the next hyper-

parameter. This iterative refinement process ensured that each hyper-parameter converged to its optimal 

value. The parameter ranges explored were as follows: number of epochs from 1,000 to 20,000 (with 

increments of 500-1000); batch size from 10 to 14,000 (with smaller increments for smaller batch sizes 

and larger steps for larger batch sizes); dropout rate from 0.1 to 0.6 (in increments of 0.1); number of 

hidden layers from 3 to 6; activation functions including ReLU, Tanh and Swish for hidden layers (with 

Sigmoid fixed for the output layer); and optimizer functions including Adam, Adagrad and SGD. This 

exhaustive exploration resulted in over 200 distinct experimental configurations being evaluated across 

all projects. 

Validation Procedure and Selection Criteria: During the hyper-parameter tuning phase, a fixed 

validation split of 20% from the training data was employed to monitor training progress and prevent 

overfitting. For each hyperparameter configuration, the model was trained on the training sub-set and 

evaluated on the validation sub-set, with Accuracy and F1-score considered as the primary evaluation 

metrics. The final selected model was subsequently evaluated once on the independent test set. Table 4 

summarizes the performance of the FC-DNN models obtained using the optimal hyper-parameter 

configurations for each project in terms of Accuracy, Precision, Recall and F1-score. These results 

demonstrate that different hyper-parameter configurations yield different prediction performances for 

the proposed FC-DNN model across the six BugHunter projects. 

B. Hyper-parameter Tuning for FR-CNN Meta-learner

For the FR-CNN hybrid model, we investigated the impact of three key hyper-parameters of the CNN 

meta-learner: the number of filters (ranging from 2 to 32), kernel size (ranging from 1 to 3) and batch 

size (ranging from 32 to 128). Similar to the FC-DNN tuning process, we evaluated each configuration 

using the same data split and performance metrics. The tuning was performed by modifying one hyper-

parameter at a time while keeping others fixed until reaching the highest performance. The average 

performance in terms of accuracy and F1-score was calculated and visualized on bar graphs (Figures 5-

7). The results indicate that variations in these parameters do not yield significant performance 

enhancement, suggesting that the FR-CNN is relatively robust to these hyper-parameter choices. 

Figure 5. Effect of the number of CNN filters on the average Accuracy and F1-score of the proposed 

FR-CNN. 
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Figure 6. Effect of CNN kernel size on the average Accuracy and F1-score of the proposed FR-CNN.

Figure 7. Effect of CNN batch size on the average Accuracy and F1-score of the proposed FR-CNN.

4.6.2 RQ2: Performance Comparison between the Presented FR-CNN and Individual Learners 

In Tables 5 and 6, we present the results of the optimal FC-DNN model from the previous sub-section, 

the FR-CNN hybrid model and the RF model on six projects. The highest values of the average accuracy 

and F1-score are highlighted in bold. By comparison, the proposed FR-CNN hybrid model outperformed 

the proposed FC-DNN on the Neo4j orientDB, BroadleafCommerce, Ceylon-IDE-Eclipse and Netty 

projects, demonstrating improvements of up to 4.78% in accuracy (from 65.31 to 70.09) and up to 4.04% 

in F1-score (77.44 to 81.48). Compared to the RF, the FR-CNN improved the prediction performance 

on all six projects, especially on Ceylon-IDE-Eclipse. The FR-CNN demonstrated an improvement of 

up to 5.26% in accuracy (from 64.83% to 70.09%) and enhanced the F1-score by up to 4.35% (from 

77.13% to 81.48%) on RF. We can conclude that the FR-CNN is a robust model that can enhance the 

prediction accuracy of any individual learner participating in the model, in terms of accuracy and F1-

score, by covering their weaknesses. Compared to the other projects, the presented FC-DNN model 

outperformed the presented FR-CNN model on MapDB, exhibiting a 4.45% increase in accuracy (from 

60.61 to 65.06) and a 5.3% improvement in F1-score (from 72.42 to 77.72). This behavior can be 

attributed to the hierarchical stacking mechanism adopted by the proposed FR-CNN. The CNN-based 

meta-learner combines the outputs of both the FC-DNN and the RF; therefore, its effectiveness depends 

on the complementary predictive information provided by the two base learners. The feature importance 

analysis reveals that RF and FC-DNN focus on different aspects of the feature space, confirming that 

their complementary strengths justify their use as base learners in the hierarchical FR-CNN architecture. 

However, on the MapDB dataset, the RF exhibits comparatively weaker predictive performance than 

the FC-DNN, limiting the amount of complementary information available to the meta-learner. As a 

result, the hybrid model is unable to further improve upon the stronger standalone FC-DNN on this 

particular dataset. This observation does not indicate a limitation of the stacking strategy itself; rather, 

it highlights that the effectiveness of hierarchical ensembles depends on the quality and diversity of their 

constituent base learners. When one base learner already captures most of the discriminative information 

while the other contributes relatively weaker predictions, the potential performance gain of the ensemble 

naturally becomes limited. Our analysis further reveals that the important features identified by the FC-

DNN on the MapDB dataset are more discriminative than those selected by the RF, enabling the FC-

DNN to capture the underlying fault patterns more effectively on this project. In contrast, on the 

remaining BugHunter projects, the complementary strengths of the two base learners enable the 

proposed FR-CNN to outperform the individual models. This interpretation is further supported by the 
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feature-importance analysis presented in Figures 8–10. The FC-DNN consistently identifies more 

discriminative features with lower uncertainty than the RF on the MapDB project, indicating that the 

neural network captures the underlying characteristics of this relatively small dataset more effectively. 

Consequently, the additional information contributed by the RF is insufficient to further improve the 

ensemble prediction on this project, whereas on the remaining BugHunter projects the complementary 

strengths of the two base learners enable FR-CNN to outperform the individual models. 

4.6.3 RQ3: Performance Comparison of the Presented Model and the Traditional Baseline Models 

To answer the third research question, we conduct the performance comparison between the proposed 

model and the seven established baseline classification models: KNN, NB, DT, LR, RF, GA and SVM. 

We also evaluate the performance of our model against the best performance achieved by [28] using 11 

traditional ML algorithms, including RandomForest, DecisionTable, J48 (C4.5), RandomTree and 

SimpleLogistic and present the results in Tables 5 and 6. Additionally, we conduct a comparison 

between the best baseline model when using the scikit-learn library, which we used and the best ML 

algorithm when using the Weka library, as utilized by [28]. 

On average (Tables 5 and 6), the presented model enhanced the accuracy and F1-score of seven 

classification baseline models by 12.24% and 15.1%, respectively. In terms of F1-score (Table 6), the 

proposed model outperformed the best traditional ML algorithms [28] by 20.09%. By comparison, our 

proposed model increased the performance value from 53.95, using the RandomTree algorithm [28], to 

81.48 on the Ceylon-IDE-Eclipse project, improving the performance by 27.53%. Also, the best baseline 

model used in this study, the RF, improved the average F1-score of the best traditional ML algorithms 

used in [28] by 18.28% on the selected projects. 

4.6.4 RQ4: The Performance of the Presented Model against State-of-the-Art Approaches 

To answer the fourth research question, we compare the proposed FR-CNN with five recent state-of-

the-art software fault-prediction approaches: Hybrid model of Convolutional neural network and 

Bidirectional Long short-term memory (CBIL) [54], Deep Learning-based model (DL-based model) 

[53], 1-Dimensional Convolutional Neural Network (1D-CNN) [18] and Multi-layer perceptron’s 

(MLPs) [50] and SEA-based metrics [30]. The comparative results are presented in Tables 7 and 8. 

Overall, the proposed FR-CNN demonstrates competitive prediction performance across the six 

BugHunter projects. Although no single method consistently achieves the highest performance on every 

project, FR-CNN provides a favorable balance between predictive effectiveness and computational 

efficiency, as further supported by the complexity analysis presented in the following sub-section.  

Compared with the CBIL model, FR-CNN achieves competitive prediction performance across the 

evaluated BugHunter projects. In particular, it outperforms CBIL on the BroadleafCommerce project, 

achieving improvements of up to 8.17% (from 77.07 to 85.24) in accuracy and 4.53% (from 86.36 to 

90.89) in F1-score, whereas CBIL achieves higher F1-scores on several of the remaining projects. The 

average performance of the proposed model closely approximates that of the CBIL model. Surprisingly, 

in the rest of the projects, the CBIL outperforms our proposed approach, which can be related to the 

specific structure of the CBIL model, comprising a combination of CNN and BiLSTM layers, resulting 

in varying performance across different projects. Nevertheless, it is important to highlight that, we took 

measures to prevent overfitting and minimize error during the training phase of our model to enhance 

its performance. Figure 11 presents the comparison of the model loss between our proposed approach 

and CBIL across BroadleafCommerce dataset, with the left graph corresponding to our proposed 

approach and the right graph corresponding to CBIL. Graphs show the same trend and fluctuation for 

other projects. Compared with the published optimization behavior of CBIL, the training and validation 

losses of which exhibit more noticeable oscillations across the BugHunter projects, the proposed FR-

CNN consistently converges more smoothly. This stable optimization behavior demonstrates that the 

proposed hierarchical architecture achieves competitive prediction performance without sacrificing 

training stability or exhibiting signs of overfitting. We can conclude that our proposed approach 

achieved the lowest training and evaluation errors across various datasets, indicating excellent 

performance during the training phase without any overfitting issues. We included dropout layers in the 

proposed FC-DNN layers and used an early stopping process during training the FR-CNN model to 

ensure this. However, the prediction performance of the proposed approach needs improvement in the 

rest of the projects and we will consider it for future work. 
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Compared to the DL-based model, our proposed approach successfully improved the prediction 

performance in five projects: Ceylon-IDE-Eclipse, BroadleafCommerce, Netty, MapDB and OrientDB. 

The most significant increase in prediction performance was observed in the Ceylon-IDE-Eclipse 

project, with a 9.57% increase (from 60.52 to 70.09) in accuracy and a 7.15% increase (from 74.33 to 

81.48) in F1-score. This was followed by BroadleafCommerce, which exhibited a 9.13% increase (from 

76.11 to 85.24) in accuracy and a 6.36% increase (from 84.53 to 90.89) in F1-score. 

Compared to the 1D-CNN, the proposed method improves the prediction performance in terms of 

accuracy and F1-score on the BroadleafCommerce, Ceylon-IDE-Eclipse and Netty projects. Our 

proposed method has better accuracy on the BroadleafCommerce and Netty, by 9.87% (from 75.37 to 

85.24) and 8.59% (from 67.74 to 76.33), respectively. In terms of F1-score, the proposed method again 

shows superior performance on the Netty and BroadleafCommerce by 6.8% (from 78.73 to 85.53) and 

6.76% (from 84.13 to 90.89), respectively. These findings indicate that the presented model is more 

efficient and effective than 1D-CNN, in terms of classification accuracy and F1-score on the 

aforementioned projects. 

Compared to MLPs, the presented model improved the average accuracy and f1-score by 7.43% and 

6.61%, respectively, on the Neo4j, Ceylon-IDE-Eclipse and MapDB projects. 

Compared to SEA-based metrics, the proposed method improves the prediction performance in five 

projects: Neo4j, BroadleafCommerce, Ceylon-IDE-Eclipse, Netty and MapDB. In terms of F1-score, 

the proposed method shows superior performance on the Ceylon-IDE-Eclipse and BroadleafCommerce 

by 19.95% (from 61.53 to 81.48) and 15.77% (from 75.12 to 90.89), respectively.  

4.6.5 Additional Performance Evaluation and Computational Analysis 

To answer the fifth research question, we evaluate the effectiveness of the proposed approach and state-

of-the-art approaches against traditional ML algorithms on the selected projects. In terms of accuracy, 

the presented model and state-of-the-art models demonstrate superiority against the ML baseline models 

with 69.09%. In terms of F1-score, they again outperformed ML models with 78.96%. On average, the 

proposed model and state-of-the-art models improved the accuracy and F1-score of the traditional ML 

baseline algorithms by 9.26% and 12.75%, respectively. 

It is also worth clarifying the comparatively low average MCC values reported in Figure 12 relative to 

Balanced Accuracy, AUC-ROC and G-Mean. Unlike Balanced Accuracy, which is bounded below by 

0.5 for a random classifier and therefore tends to remain in a moderate range (0.5–0.6) even for weak 

models, MCC is a chance-corrected measure in which a value of 0 indicates performance statistically 

indistinguishable from random guessing and it penalizes any imbalance among the four confusion-

matrix cells multiplicatively rather than additively. Consequently, on projects where a classifier's 

predictions are only marginally better than chance for the minority (faulty) class, Balanced Accuracy 

can still appear moderately above 0.5, while the corresponding MCC collapses toward zero. This effect 

is most evident on the two smallest projects in our study, Ceylon-IDE-Eclipse and MapDB, where FR-

CNN obtains an MCC of only 0.051 and 0.040, respectively (Balanced Accuracy of 0.520 and 0.519), 

compared with an MCC of 0.496 (Balanced Accuracy of 0.731) on BroadleafCommerce. Notably, near-

zero or even negative MCC values on Ceylon-IDE-Eclipse are observed across nearly all compared 

models—not only FR-CNN—including NB (−0.062), SVM (−0.053), KNN (−0.050), 1D-CNN 

(−0.036) and CBIL (−0.043), indicating that this is a dataset-level property related to the limited size 

and difficulty of these two projects rather than a weakness specific to the proposed model. Since Figure 

12 reports a simple (unweighted) average across the six BugHunter projects, the near-zero MCC values 

on these two smaller, harder projects disproportionately pull down the six-project average MCC relative 

to the other metrics, which are individually less sensitive to this near-chance behavior. The per-project 

MCC and Balanced Accuracy values underlying this analysis were verified by the authors against the 

raw confusion-matrix outputs for all six projects and all twelve models. 

The practical applicability of the proposed framework is further demonstrated through computational 

complexity and execution-time analyses, as presented in Figs. 13 and 14. Compared with recent deep-

learning approaches, FR-CNN requires substantially fewer trainable parameters and shorter training 

time while maintaining a testing time below one second on average. The proposed model employs only 

41 trainable parameters in its CNN meta-learner, whereas 1D-CNN, CBIL and the DL-based model 

require approximately 22.7K, 236K and 1.5K trainable parameters, respectively. It should be noted that 
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these parameters correspond only to the lightweight CNN meta-learner, since the FC-DNN base learners 

are pre-trained offline using their optimized hyper-parameters and subsequently reused with fixed 

weights during deployment. Consequently, practitioners are not required to retrain the FC-DNN 

components, reducing computational overhead while preserving the representational capability of deep 

learning. Overall, the complexity analysis demonstrates that FR-CNN achieves competitive prediction 

performance while requiring substantially fewer trainable parameters and shorter training time than the 

recent deep-learning-based approaches evaluated in this study. These results indicate that the proposed 

hierarchical framework provides a favorable balance between predictive performance and 

computational efficiency, making it suitable for practical software-engineering environments where 

computational resources, training time and model complexity are important considerations. 

4.6.6 Statistical Significance Analysis 

To verify that the performance improvements of FR-CNN are statistically meaningful rather than due 

to random variation, we conducted non-parametric significance testing across the six BugHunter 

projects. Results were presented in Table 9. First, we applied the Friedman test, which evaluates whether 

performance differences exist among all compared models across the six projects. The test yielded a 

highly significant result for both accuracy (χ² = 40.31, p < 0.00001) and F1-score (χ² = 41.42, p < 

0.00001), confirming that the observed differences among models are unlikely to have occurred by 

chance. We then conducted pairwise Wilcoxon signed-rank tests comparing FR-CNN against each 

baseline model (KNN, NB, DT, LR, RF, GA, SVM) across the six projects, applying the Benjamini-

Hochberg false-discovery rate (FDR) correction to account for multiple comparisons. FR-CNN 

significantly outperformed all seven traditional ML baselines on both accuracy and F1-score (adjusted 

p = 0.036 for all comparisons), indicating consistent superiority across projects rather than dataset-

specific gains. The comparison between FR-CNN and the standalone FC-DNN did not reach statistical 

significance (accuracy: p = 0.31; F1-score: p = 0.44), consistent with the MapDB result discussed in 

Sub-section 4.6.2, where the FC-DNN outperformed the hybrid model due to the comparatively weaker 

RF performance on that project. We note that, with six paired projects, the Wilcoxon test has a minimum 

achievable two-sided p-value of 0.031; while this constrains the granularity of the reported significance 

levels, the consistent direction of the effect across all projects, combined with the significant Friedman 

omnibus result, supports the robustness of the observed improvement. 

4.6.7 Ablation Study: Meta-learner Comparison and Component Contribution 

To directly assess the design choices underlying the proposed FR-CNN architecture, we conducted two 

complementary ablation studies across all six BugHunter projects. 

A. Meta-learner Comparison: Holding the base learners and the meta-feature vector z_i = [p_DNN,

p_RF,0, p_RF,1] fixed, we replaced the CNN meta-learner with three alternatives: a feed-forward DNN 

of matched capacity (Dense(8, ReLU) → Dense(1, Sigmoid)), a Logistic Regression classifier and a 

parameter-free unweighted average of p_DNN and p_RF,1. The CNN and DNN variants, being 

stochastic, were each trained over five random seeds; we report the mean, with the standard deviation 

across seeds not exceeding 0.49 F1 points for any project, confirming that the training procedure 

converges reliably. Table 10 reports the per-project and average F1-score, together with the number of 

trainable parameters and training time for each meta-learner. 

The results show that the three learnable meta-learners (CNN, DNN, Logistic Regression) perform 

comparably, with average F1-scores within 0.3 points of one another (80.74–81.00%) and on average 

outperform simple unweighted averaging by approximately one point of F1-score and accuracy across 

the six projects. This margin is not uniform across every project: on MapDB and to a lesser extent 

OrientDB, simple averaging performs on par with or slightly better than the learnable meta-learners, 

whereas on the remaining four projects the learnable meta-learners provide a clearer advantage of 1.4–

2.4 F1 points. This indicates that the principal benefit of the meta-learning stage comes from learning a 

combination of the base-learner outputs rather than from the specific functional form of the meta-learner. 

We retain the CNN meta-learner in the proposed FR-CNN, because it matches or exceeds the simpler 

learnable alternatives while requiring only 41 trainable parameters and a training time under 34 seconds 

on average (Table 10), consistent with the lightweight-inference goal already demonstrated in Sub-

section 4.6.5 (Figs. 13–14). We note that Logistic Regression achieves a marginally higher average F1-

score (81.00% vs. 80.83%) at a fraction of the parameter and training cost; we report this transparently, 
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as the meaningful architectural conclusion is that a learned combination rule is beneficial, while the 

specific choice among CNN, DNN and Logistic Regression has a comparatively minor effect on 

predictive performance. 

B. Component Contribution: To isolate the contribution of each element of the hierarchical

architecture, we compared FC-DNN alone, RF alone and the FC-DNN+RF combination under three 

different combiners: simple averaging, a Logistic Regression meta-learner and the proposed CNN meta-

learner. Table 11 reports the per-project and average F1-score for each configuration. 

Combining FC-DNN and RF, regardless of the combiner used, improves over FC-DNN alone on five 

of the six projects, with gains of up to 4.7 F1 points on Netty and matches or slightly exceeds RF alone 

on all six projects. The only exception is MapDB, where every combined configuration performs worse 

than the standalone FC-DNN. This is consistent with and independently corroborates our analysis in 

Sub-section 4.6.2, which attributes this behavior to RF's comparatively weaker predictive performance 

on the MapDB project, which limits the complementary information available to any meta-learner 

regardless of its architecture. Taken together, Tables 10 and 11 confirm that (i) each base learner 

contributes meaningfully to the hybrid architecture except where one base learner is markedly weaker 

than the other and (ii) the specific meta-learner used to combine them is a secondary, though non-

negligible, design choice. 

5. Threats to Validity

To maintain scientific rigor, it is important to acknowledge potential limitations across four key areas: 

internal, external, construct and conclusion validity. 

5.1 Internal Validity 

A primary internal threat is the data pre-processing pipeline. We removed nominal features, such 

as Hash and LongName, and also filtered out strictly constant features (i.e., those with no variance 

across all instances). While this is a standard and necessary step, it assumes that any feature with zero 

variance is entirely non-informative. This assumption is reasonable, but simplistic, as such features 

could theoretically have predictive value in rare cases. 

5.2 External Validity 

External validity concerns the generalizability of our results. Our experiments were conducted on six 

selected projects from the BugHunter dataset at the method level. Furthermore, the results may not 

generalize to other widely used datasets, such as PROMISE or NASA, which have different 

characteristics and features. The choice of granularity level (method, class or file) could also influence 

the outcomes, as fault patterns may vary across these levels. 

5.3 Construct Validity 

The primary construct we aim to predict is "fault-proneness," which we operationalize as a binary 

outcome (i.e., whether a module contains bugs or not). This simplification is common in the field, but 

does not distinguish between the severity or count of bugs. Additionally, the selected software metrics 

(such as coupling, cohesion and code smells) are indirect indicators of complexity and maintainability 

and may not fully capture all factors contributing to fault-proneness. 

5.4 Conclusion Validity 

We mitigated conclusion-validity threats by evaluating our models using multiple metrics (Accuracy, 

Precision, Recall, F1-score and MCC) rather than relying on a single measure. To ensure reproducibility 

and reduce variability, a fixed random seed (42) was used for all stochastic processes. Furthermore, an 

early stopping mechanism was applied during training to prevent overfitting. The use of 

training/validation loss curves further supports the stability of our model's training process. While the 

FR-CNN model shows competitive performance, it does not always consistently outperform all baseline 

models and we have reported these comparisons transparently in the Results Section. 

We also note a limitation regarding the stability of the headline improvement figures reported in this 

study (e.g., the 19.95% F1-score improvement over SEA-based metrics on Ceylon-IDE-Eclipse, Sub-
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section 4.6.4 and the comparisons against the traditional ML and state-of-the-art baselines in Sub-

sections 4.6.3 and 4.6.4). These headline results, like the fixed-seed setting described above, are reported 

from a single run per model (seed = 42) rather than averaged across multiple random seeds, since several 

of the compared baseline results are literature-reported values for which repeated-seed statistics are not 

available. We therefore treat these point-estimate improvements as indicative rather than as precise, 

variance-quantified effect sizes. Where repeated-seed evaluation was feasible — i.e., for the FR-CNN 

and DNN meta-learners in the ablation study of Sub-section 4.6.7 — Table 10 reports the mean F1-

score across five random seeds for each project and we additionally state in the accompanying text of 

Sub-section 4.6.7 that the observed standard deviation across seeds did not exceed 0.49 F1 points for 

any project, suggesting that the training procedure itself is stable, even though the per-project standard 

deviations themselves are not tabulated. We nonetheless flag the single-seed nature of the remaining 

headline comparisons as a limitation and recommend that future replications average results over 

multiple seeds, particularly for the comparisons against externally reported baselines. 

Figure 8. Comparison of the feature importance identified by the FC-DNN, illustrating its 

complementary feature representations in the proposed FR-CNN. Error bars represent the standard 

deviation of input layer weights, indicating uncertainty in the feature importance. 

Figure 9. Comparison of the feature importance identified by the RF, illustrating its complementary 

feature representations in the proposed FR-CNN. Error bars represent the standard deviation of 

feature-importance scores obtained from individual trees within the RF ensemble, indicating 

uncertainty in the feature importance.
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Figure 10. Faulty or non-faulty class association with HEFF and HVOL which are common among the 

10 most important features shared with both the RF and FC-DNN.

ba

Figure 11. Training and validation loss curves of a) the proposed FR-CNN model and b) CBIL state-

of-the-art model, illustrating the convergence behavior during training. 

Figure 12. Comparison of the average performance of the proposed FR-CNN and baseline models 

using additional evaluation metrics (MCC, AUC-ROC, AUC-PR, Balanced Accuracy and G-Mean) 

across the six selected BugHunter projects.

Figure 13. Comparison of the trainable parameters of the proposed FR-CNN and recent deep-learning 

approaches. The reported parameters for FR-CNN correspond only to the lightweight CNN meta-

learner, while the pre-trained FC-DNN base learners are reused with fixed weights during 

deployment. 
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Figure 14. Comparison of the average training time and testing time of the proposed FR-CNN, 

traditional machine-learning algorithms and recent deep-learning approaches across the six selected 

BugHunter projects. 

Table 4. Optimal hyper-parameter for each project achieved by more than 200 experiments during FC-

DNN model tuning. 

Table 5. Accuracy (%) of the proposed FC-DNN and FR-CNN models vs. traditional ML baseline 

models. 

Table 6. F1-score (%) of the proposed FC-DNN and FR-CNN models vs. traditional ML baseline 

models. 

F1. Rec. Prec. Acc. Activation 

function 

#layers optimizer Dropout 

rate 

Batch 

size 

#epochs Project name 

88.27 88.39 88.15 81.52 Relu 4 Adam 0.1 2000 9500 BroadleafCommerce 

77.44 73.02 82.45 65.31 Relu 3 Adam 0.4 2600 5000 Ceylon-IDE-Eclipse 

78.80 76.58 81.15 67.70 Relu 3 Adam 0.2 8500 8000 Neo4j 

78.05 74.82 81.56 67.33 Swish 3 Adam 0.6 1000 7500 OrientDB 

82.11 81.88 82.35 71.90 Swish 3 Adam 0.1 7000 5000 Netty 

77.72 69.26 88.55 65.06 Tanh 3 Adam 0.6 1000 2000 MapDB 

Name of project FC-

DNN 

FR-

CNN 

KNN NB DT LR RF GA SVM 

Neo4j 67.70 71.76 61.73 65.29 67.14 61.37 69.77 61.02 60.31 

OrientDB 67.33 68.39 61.14 45.47 66.11 57.54 66.59 57.64 58.28 

BroadleafCommerce 81.52 85.24 73.24 21.76 81.42 64.86 84.71 64.75 66.34 

Ceylon-IDE-Eclipse 65.31 70.09 54.54 28.46 61.96 55.02 64.83 54.30 55.26 

Netty 71.90 76.33 64.42 60.40 72.08 58.34 75.21 59.59 57.76 

MapDB 65.06 60.61 52.05 33.21 58.56 57.87 59.24 57.53 56.16 

Average 69.80 72.07 61.18 42.43 67.87 59.16 70.05 59.13 59.01 

Name of 

project 

FC-

DNN 

FR-

CNN 

[28] KNN NB DT LR RF GA SVM 

Neo4j 78.80 82.06 60.86 71.71 74.92 77.59 69.98 80.35 69.65 68.82 

OrientDB 78.05 79.23 62.36 70.56 41.60 76.41 64.48 77.58 64.66 65.13 

Broadleaf-

Commerce 

88.27 90.89 73.66 81.60 2.38 88.10 73.45 90.47 73.13 75.93 

Ceylon-

IDE-

Eclipse 

77.44 81.48 53.95 66.19 6.26 74.06 66.06 77.13 66.07 64.38 

Netty 82.11 85.53 64.12 75.17 71.21 81.93 68.19 84.72 69.40 67.15 

MapDB 77.72 72.42 56.10 60.89 9.30 69.21 68.21 70.47 67.19 65.59 

Average 80.39 81.93 61.84 71.02 34.27 77.88 68.39 80.12 68.35 67.83 
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Table 7. Accuracy (%) of the proposed FC-DNN and FR-CNN models vs. state-of-the-art approaches.

Table 8. F1-score (%) of the proposed FC-DNN and FR-CNN models vs. state-of-the-art approaches.

Table 9. Statistical-significance testing results comparing FR-CNN against baseline models across all 

six BugHunter projects. 

Table 10. F1-score (%) of the proposed CNN meta-learner versus simpler alternatives, using the 

identical base-learner outputs across the six BugHunter projects. 

Project CNN (proposed) DNN Logistic Regression Simple averaging 

BroadleafCommerce 90.33 90.20 90.28 88.56 

Ceylon-IDE-Eclipse 79.88 79.88 79.70 77.45 

MapDB 70.39 69.97 70.10 73.21 

Neo4j 81.29 81.24 81.53 79.89 

Netty 85.02 85.04 85.68 83.21 

OrientDB 78.05 78.13 78.74 78.18 

Average 80.83 80.74 81.00 80.08 

Trainable parameters 41 41 4 0 

Average training time (s) 33.63 33.16 0.03 0.00 

Table 11. F1-score (%) contribution of each component of the hierarchical architecture across the six 

BugHunter projects. 

Project FC-DNN 

alone 

RF 

alone 

FC-DNN+RF, 

averaging 

FC-DNN+RF, 

LR meta-learner 

FC-DNN+RF, 

CNN meta-learner 

(FR-CNN) 

BroadleafCommerce 87.61 90.08 88.56 90.28 90.22 

Ceylon-IDE-Eclipse 76.28 78.53 77.45 79.70 79.76 

MapDB 77.38 69.80 73.21 70.10 70.10 

Neo4j 78.49 80.11 79.89 81.53 81.30 

Netty 80.34 84.83 83.21 85.68 85.02 

OrientDB 77.39 77.71 78.18 78.74 78.10 

Average 79.58 80.18 80.08 81.00 80.75 

Name of project FC-DNN FR-CNN CBIL [54] DL-based model [53] 1D-CNN [18] MLPs [50]

Neo4j 67.70 71.76 73.54 72.54 73.32 63.39 

OrientDB 67.33 68.39 71.04 67.28 71.20 - 

BroadleafCommerce 81.52 85.24 77.07 76.11 75.37 - 

Ceylon-IDE-Eclipse 65.31 70.09 72.00 60.52 61.96 62.67 

Netty 71.90 76.33 77.98 71.90 67.74 - 

MapDB 65.06 60.61 68.15 62.32 67.12 58.56

Average 69.80 72.07 73.29 68.44 69.45 61.54

Name of project FC-DNN FR-CNN CBIL [54] DL-based

model [53] 

1D-CNN 

[18] 

MLPs 

[50] 

SEA-based 

metrics 

Neo4j 78.80 82.06 84.61 82.43 84.38 75.36 73.84 

OrientDB 78.05 79.23 83.03 77.54 83.17 - 82.30

BroadleafCommerce 88.27 90.89 86.36 84.53 84.13 - 75.12

Ceylon-IDE-Eclipse 77.44 81.48 83.72 74.33 75.11 74.83 61.53 

Netty 82.11 85.53 87.63 82.57 78.73 - 73.58 

MapDB 77.72 72.42 81.05 74.88 78.85 71.25 66.41 

Average 80.39 81.93 84.4 79.38 80.72 73.81 72.13 

Comparison (FR-CNN vs.) 
Accuracy 

p-value

Accuracy 

(FDR-adj.) 

F1-score 

p-value

F1-score 

(FDR-

adj.) 

Significant? 

FC-DNN 0.3125 0.3125 0.4375 0.4375 No 

KNN 0.0312 0.0357 0.0312 0.0357 Yes 

Naive Bayes 0.0312 0.0357 0.0312 0.0357 Yes 

Decision Tree 0.0312 0.0357 0.0312 0.0357 Yes 

Logistic Regression 0.0312 0.0357 0.0312 0.0357 Yes 

Random Forest 0.0312 0.0357 0.0312 0.0357 Yes 

Genetic Algorithm 0.0312 0.0357 0.0312 0.0357 Yes 

SVM 0.0312 0.0357 0.0312 0.0357 Yes 
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6. CONCLUSION AND FUTURE WORK

In this study, we proposed FR-CNN, a hierarchical hybrid framework for method-level software-fault 

prediction on the BugHunter dataset. The framework integrates a fine-tuned FC-DNN, Random Forest 

and a CNN-based meta-learner following comprehensive pre-processing and hyper-parameter 

optimization. Extensive experiments on six Java projects demonstrate that FR-CNN consistently 

outperforms the developed traditional machine-learning baselines and achieves competitive 

performance against recent state-of-the-art approaches. While some methods, such as CBIL, achieve 

higher F1-scores on several individual projects, FR-CNN provides a more favorable balance between 

predictive performance, computational efficiency and model complexity. The additional efficiency 

analysis further shows that the proposed framework requires fewer trainable parameters, shorter training 

time and stable optimization behavior without overfitting, making it well suited for practical software 

fault-prediction applications. 

The proposed FR-CNN is also consistent with the recent evolution of software fault-prediction research 

toward hybrid deep-learning architectures. Recent studies have shown that integrating complementary 

feature representations, dynamic classification strategies, attention mechanisms and heterogeneous deep 

learning models can substantially improve software fault prediction performance. In contrast to these 

recent approaches, the proposed FR-CNN employs a hierarchical stacking architecture that combines a 

fine-tuned FC-DNN and Random Forest using a CNN-based meta-learner, enabling the model to exploit 

complementary strengths of machine learning and deep learning for large-scale method-level software-

fault prediction on the BugHunter dataset [21]-[24]. 

For future work, specific combinations of boosting or bagging algorithms with different structures of 

deep neural networks can be evaluated to potentially enhance the performance of the hybrid model. 

Also, it is valuable to conduct empirical studies on the rest of the projects at the method-level of the 

BugHunter dataset or other granularity levels, such as file-level and class-level for SFP. Moreover, we 

can consider the structure of CNN, LSTM, Dense and Dropout layers to detect software faults. 

DATA AVAILABILITY 

The datasets used in this study are publicly available through BugHunter (BugHunter Dataset-Mendeley 

Data).  

CODE AVAILABILITY

To enhance the transparency, reproducibility and practical applicability of the proposed framework, the 

complete implementation of the FR-CNN approach has been made publicly available through an online 

GitHub repository (FR-CNN Hybrid approach). The repository includes the complete experimental 

workflow, encompassing data pre-processing, implementation of the proposed FR-CNN framework and 

implementations of the baseline deep-learning and traditional machine-learning models evaluated in this 

study. In addition, the publicly available BugHunter datasets used in the experiments, the optimal hyper-

parameter configurations identified for each of the six projects and the corresponding pre-trained FC-

DNN models are provided. To facilitate practical reuse, each pre-trained FC-DNN model is available in 

three complementary formats: the complete pre-trained model, the model architecture (JSON 

configuration) and the corresponding model weights. The implementation supports both direct loading 

of the complete pre-trained model and reconstruction of the model from its architecture and weights 

using TensorFlow/Keras. Since the FC-DNN base learners have already been trained using the optimal 

hyper-parameter configurations reported in Table 4, users can directly load the pre-trained models 

without repeating the computationally intensive training process. Consequently, reproducing the 

proposed FR-CNN framework requires zero additional training time for the FC-DNN stage, 

substantially reducing the computational cost while enabling researchers and practitioners to efficiently 

reproduce the reported experiments under the same experimental settings. 
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ملخص البحث:

نٍ ررررري مررررر     مررررري   ةرررررت  يرررررتطوي طمرررررٍيت مجيةرررررية  لتمةةرررررا   ي ةرررررا   ةرررررٍ     طوي ررررري   مويشرررررت   لا 

  مكيشررررررداا تُررررررس  يرررررريباسمب خيرررررري ةي   ينجويررررررك لي مرررررري    وتمةةررررررية  ي  ةرررررر    ينكرررررري ة     مي ةررررررا 

سمب  ٍ  زمةررررررية طل نررررررٌ   رررررر  ميجٍ ررررررا  ا لا يورررررري  ت  كشرررررر   رررررر     مرررررري    م يم رررررراا ت يرررررريب 

 افةمي ييل نق لي مي    وتمةةية  ي ميديتة   هذ    غتضا إلّن خنن خ     

يليمرررررس   رررررت  مرررررش كرررررلاة ط جةرررررية   شررررروكا   ررررروةا  مويكرررررت     ةةجررررري   ي يرررررت   رررررذ    و ررررر   مٍ  ررررري  

 مة رررررررا مين ررررررر ا لي كيمررررررر  ةطرررررررٌ يررررررروي مليملاطهررررررري لسُنرررررررا   ت ٍ  زمةرررررررا   غيلرررررررا   لشرررررررٍ  ةا  

نٍ    جنيطةرررررا  ررررر   مرررررش  رررررذ   تشررررروكا   ررررروةا طلافةدةررررراا تمررررر   رررررلا   لّيررررريدي   مررررر    ررررري     ررررر

ٍ ج إ رررررت ط درررررة  خ      ينجونرررررك لي مررررري    وتمةةرررررية مررررر     رررررسن مررررر    ين جةرررررية  يهرررررسم  رررررذ    جنمررررر

ي يجيش  جه إ ي مشك ا   فت   ف    ينا ةص   م   ٍُي  تفلني ا   ممن

رررررررلا  يٍيرررررررة  فلي ةرررررررا   جن ررررررري    م يرررررررت  فررررررر    ينجونرررررررك  تُرررررررس خ تيجررررررري    يرررررررية  طةتيوةرررررررا مٍين

ة   جنيررررررري ش  ا تخظهررررررتBugHunterلي  مرررررري   وررررررت يرررررريا مشرررررري ي  مرررررر  مةمٍ ررررررا لةي ررررررية ة

  ينةتيوةرررررا خنن   جنمرررررٍ ج   م يرررررت  ي  نرررررق خ     طجيفدرررررةي  فررررر    ينجونرررررك لي  مررررري   مررررر  طم يوررررره  يل ةرررررس 

ل   ررررت خيرررري ةي   ررررينل يٌ    رررر    ين  ةسيررررا فرررر   ررررس    نٍ حدرررريل  خُرررر ن تزمرررر  طررررس يي خُ ررررتا تُررررس طدرررر

 م  مكشنت ة         ت مةمٍ ا   وةي ية   مذكٍ  ا
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