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Abstract 
Class imbalance is a persistent challenge in software fault prediction (SFP) datasets. When one class 
significantly dominates the others, learning algorithms tend to be biased toward the majority class, 
making classification accuracy an unreliable performance measure and necessitating the use of 
specialized imbalance-handling techniques. Traditional approaches such as random under-sampling 
and random over-sampling are commonly applied to mitigate this issue; however, these methods often 
suffer from drawbacks including information loss and overfitting. To overcome these limitations, the 
Synthetic Minority Over-sampling Technique (SMOTE) was introduced, which generates synthetic 
minority instances through feature interpolation. Despite its effectiveness, conventional SMOTE 
indiscriminately interpolates across all features, leading to distortion of the feature space and the 
creation of unrealistic values for discrete software metrics. To address this limitation, this study 
proposes a novel approach, referred to as Smart SMOTE, which selectively interpolates only continuous 
metrics using neighbors that are likely to produce semantically realistic values. The proposed method is 
evaluated using datasets from the PROMISE repository. Comparative visualization results after 
applying both SMOTE and Smart SMOTE indicate that the proposed approach generates more realistic 
synthetic representations of fault-prone classes, thereby enhancing the reliability of software fault 
prediction. 
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INTRODUCTION 
Software Fault Prediction (SFP) plays a critical role in enhancing software reliability, 
improving development efficiency, and reducing costs by enabling the early identification of 
modules likely to contain defects (Dang & Wang, 2024). By directing quality assurance efforts 
toward high-risk components, SFP allows developers to make optimal use of limited testing 
resources, which is particularly advantageous for modern software systems subject to 
frequent updates and rapid evolution. Over time, SFP techniques have advanced from 
traditional metric-based approaches relying on complexity or change metrics to sophisticated 
transformer-based models capable of capturing semantic relationships and contextual 
patterns within source code. This progression underscores the increasing significance of 
intelligent predictive methods for maintaining software quality in complex development 
environments. 
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Despite these advancements, SFP effectiveness is often hindered by class imbalance in 
datasets, where non-defective modules vastly outnumber defective ones. This imbalance 
biases classifiers toward the majority class, rendering accuracy an unreliable evaluation metric 
and highlighting the need for specialized balancing strategies. Conventional solutions, such 
as undersampling, can lead to the loss of critical information by discarding majority class 
instances, whereas oversampling may introduce redundancy and increase the risk of 
overfitting (Marques, 2024). The Synthetic Minority Oversampling Technique (SMOTE) has 
emerged as a popular solution to this problem by generating synthetic samples to balance 
class distributions. However, SMOTE’s uniform interpolation across all features can produce 
unrealistic values, particularly for discrete software metrics, compromising dataset integrity 
and potentially reducing prediction accuracy (Sahar et al., 2024). 
 
To overcome these limitations, we propose Smart SMOTE, an enhanced oversampling 
technique that considers the unique characteristics of different feature types. For continuous 
variables, Smart SMOTE applies standard SMOTE interpolation, while for discrete metrics, it 
selects only neighbors that satisfy a fitness function, ensuring that generated synthetic values 
remain realistic and semantically meaningful. This selective interpolation preserves the 
integrity of the dataset, prevents implausible feature combinations, and produces synthetic 
samples that better reflect the underlying properties of the software system. Consequently, 
Smart SMOTE offers a more effective solution to class imbalance in SFP datasets, enhancing 
both the accuracy and reliability of defect prediction. 
 
Predictive modeling has long faced challenges associated with class imbalance, leading to the 
development of approaches ranging from simple undersampling and oversampling 
techniques to more sophisticated synthetic sampling strategies aimed at preserving data 
integrity and enhancing the detection of minority classes. One of the earliest methods, 
Random Undersampling (RUS), balances datasets by removing instances from the majority 
class. For example, Prusa et al. (2015) applied RUS to address class imbalance in tweet 
sentiment analysis, while Hasanin and Khoshgoftaar (2018) investigated its impact in 
simulated large-scale datasets. Although RUS reduces dataset size and simplifies training, its 
major limitation is the loss of potentially valuable information, which can adversely affect 
model generalization. 
 
To overcome the shortcomings of RUS, Random Oversampling (ROS) replicates minority class 
instances to improve representation without discarding majority class data. Singh and Sharma 
(2024) observed performance deterioration in image datasets with increasing imbalance, 
whereas Yang et al. (2024) reported limited gains in discrimination or calibration for clinical 
prediction tasks using RUS. In contrast, ROS has been shown to enhance minority 
representation and improve metrics such as F1-score and recall. Studies focusing on text 
classification, including Mereo et al. (2016) and Kamalov et al. (2023), further illustrate the 
benefits of ROS. However, a notable drawback of ROS is redundancy; merely duplicating 
minority samples can increase overfitting and reduce model generalization. 
 
To address this limitation, synthetic oversampling techniques such as SMOTE generate new, 
diverse minority instances instead of simple replication. Mujahid et al. (2024) demonstrated 
that SMOTE and ADASYN outperform ROS across a variety of machine learning models, 
particularly in text classification. Variations of SMOTE, including Borderline-SMOTE (Smiti 
et al., 2020), focus on generating synthetic samples near decision boundaries, reducing 
redundancy and improving minority class detection. Integrating SMOTE with feature 
selection has been shown to further enhance performance (Mujahid et al., 2024), and Kivrak et 
al. (2024) reported improvements in sensitivity and F1-scores in medical datasets, effectively 
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addressing limitations of both RUS and ROS. Nonetheless, SMOTE can still introduce noisy 
or less representative synthetic data, prompting the development of hybrid approaches such 
as BCBSMOTE, which combines Tomek Links undersampling, clustering, and Borderline-
SMOTE to achieve better fraud detection performance (Alamri & Ykhlef, 2024). 
Despite these advancements, SMOTE’s interpolation-based approach may still generate 
unrealistic values for discrete metrics, particularly in software fault prediction domains. To 
overcome this, this paper proposes a novel approach that handles class imbalance by applying 
standard SMOTE interpolation to continuous metrics while using a fitness function-guided 
selection for discrete metrics. The detailed description of the proposed model is presented in 
the following section. 
 
METHODOLOGY 
 
Proposed Model 
This paper introduces an enhanced SMOTE technique, termed Smart SMOTE, designed to 
address class imbalance in software fault prediction datasets. Unlike traditional SMOTE, 
which generates synthetic samples primarily for continuous features, Smart SMOTE 
specifically accounts for the nature of different feature types. In particular, discrete metrics 
are handled using a proposed fitness function, ensuring that synthetic interpolation does not 
produce unrealistic or semantically invalid values. The overall architecture of the proposed 
Smart-SMOTE framework is illustrated in Figure 1. 
 

 
Figure 1: The Architecture of the Smart SMOTE 

 
The proposed Smart-SMOTE has five components. The components are minority class 
sampling, feature type separation, interpolation, data augmentation and over-sampled data.  
 
Minority Class Identification 
This component strategically identifies minority class samples to serve as the foundation for 
generating synthetic instances. By doing so, it mitigates the dominance of the majority class 
and establishes a balanced dataset, which is essential for improving the effectiveness of 
software fault prediction. 
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Feature Types Separation 
This component categorizes software metrics into discrete and continuous types. Since some 
metrics can naturally fall into either category, the selected minority class samples are analyzed 
and classified accordingly. Statistical techniques, specifically the chi-squared test, are 
employed to distinguish between discrete and continuous characteristics within the dataset.  
 
Interpolation  
This component implements the proposed approach for continuous features. Standard 
SMOTE interpolation is applied to each minority instance of the continuous metrics. The 
algorithm first identifies the k-nearest neighbors for each instance and then generates 
synthetic samples by interpolating feature values between the instance and its selected 
neighbors. This process preserves the original distribution of continuous features while 
introducing variability into the dataset. 
 
Fitness function Application 
With regards to Discrete features, instead of interpolating, which might produce implausible 
metrices, the technique employs a fitness function to check for best neighbor to interploate. 
This approach ensures semantic consistency and avoids the creation of unrealistic feature 
combinations. The discrete-compatibility fitness function is defined as: 

F(xi, xj)=
𝟏

|𝑫|
∑ 𝕀𝒌∊𝑫 (𝒙𝒋

(𝒌)
= 𝒙𝒋

(𝒌)
)                          (1) 

Where xi  be a minority class instance, xj be a candidate neighbor from its k-nearest 
neighbors, D denote the set of discrete software metrics. The fitness function helps in 
identifying best neighbor that could not end up producing unrealistic metrices among 
neighbors identified by Euclidean distance.  
 
Data Augmentation   
In this component, synthetic instances combining interpolated continuous features with 
resampled discrete features are integrated into the original dataset to produce an augmented 
and balanced dataset. By combining targeted interpolation for continuous attributes with the 
fitness function for discrete metrics, Smart SMOTE ensures that the generated samples are 
both realistic and meaningful. This approach enhances model robustness by reducing the risk 
of overfitting while improving generalization in software fault prediction. In doing so, Smart 
SMOTE refines the traditional SMOTE method by preserving the integrity of discrete features 
and preventing the creation of unrealistic synthetic values, ultimately improving classification 
performance in SFP tasks. 
 
Oversampled Data 
In this component, the dataset resulting from data augmentation is consolidated into a single, 
balanced dataset, with an equalized number of faulty and non-faulty instances. The following 
section (Section 4) presents the experimental plan designed to evaluate the proposed 
approach. 
 
Experimental Plan 
Dataset 
The dataset employed in this study is sourced from the PROMISE repository, a widely 
recognized collection of datasets for empirical software engineering research, particularly in 
the area of software defect prediction. This repository has been frequently used in prior 
studies relevant to this research (Sahar et al., 2024; Kivrak et al., 2024; Khlee and Nehéz, 2023). 
The PROMISE repository comprises datasets from eighteen web applications. 
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Experiment 
Datasets from the PROMISE repository (Sahar et al., 2024; Kivrak et al., 2024; Khlee and Nehéz, 
2023) are employed, containing software classes labeled as either faulty or non-faulty. Metrics 
are extracted directly from the source code, after which the experiments described below are 
conducted. 
a) Visualization of the dataset before balancing. 
In this step, the original dataset is visualized using the Matplotlib Python library. This 
visualization is crucial for examining the class distribution and assessing the need for 
applying balancing techniques. 
b)  Balancing with SMOTE and visualization. 
In this step, the dataset is balanced using the Synthetic Minority Oversampling Technique 
(SMOTE), utilized by Kivrak et al. (2024) to ensure equal representation of faulty and non-
faulty classes, thereby mitigating bias in prediction models. The resulting balanced dataset is 
then visualized using the Matplotlib Python library to demonstrate the improved class 
distribution. 
 
c) Balancing with Smart SMOTE and visualization.  
In this step, the dataset is balanced using Smart SMOTE. Unlike traditional SMOTE, Smart 
SMOTE not only ensures equal representation of faulty and non-faulty modules but also 
produces realistic software fault metrics. The augmented dataset is then visualized using 
Matplotlib to demonstrate the effectiveness of this approach. 
 
RESULTS AND DISCUSSION 
Experiment One 
The initial visualization of the dataset, prior to applying any balancing techniques, clearly 
reveals a pronounced class imbalance, with only 18% faulty instances compared to 82% non-
faulty instances as experimented by Sahar et al. (2024), and the work of Kivrak et al (2024). The 
t-SNE visualization of the original dataset reveals a pronounced class imbalance, with the 
majority of instances corresponding to non-faulty software modules and only a small fraction 
representing faulty modules. The minority class appears sparsely distributed and fragmented 
across the embedded space, often surrounded by majority-class instances. This scattered 
representation indicates weak class separability and highlights the difficulty of learning 
meaningful decision boundaries from the original data. Such imbalance is well known to bias 
learning algorithms toward the majority class, leading to poor detection of fault-prone 
modules and reduced predictive sensitivity. Figure 2 illustrates the class distribution of the 
dataset. 

 
Figure 2: Class Distribution 
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Experiment Two 
After applying the Synthetic Minority Oversampling Technique (SMOTE), which was applied 
by Sahar et al. (2024), and Kivrak et al (2024).  Our approach is presented in experiment three. 
After applying ordinary SMOTE, the t-SNE projection shows a substantial increase in the 
number of minority-class samples, resulting in a visually balanced dataset. Synthetic faulty 
instances are generated along linear trajectories between neighboring minority samples, 
producing a more uniform spread across the feature space. While this improves class 
representation, the visualization also reveals notable overlap between minority and majority 
classes. This overlap suggests that ordinary SMOTE may introduce synthetic instances in 
ambiguous regions, particularly near class boundaries, due to its reliance on purely distance-
based interpolation. Consequently, although class imbalance is mitigated, the risk of noise 
amplification and reduced discriminative power remains. The visualization in Figure 3, depict 
dataset balanced using ordinary SMOTE. 
 

 
Figure 3: SMOTE Class Distribution 

 
Experiment Three 
Smart SMOTE also achieves a balanced 50:50 distribution between faulty and non-faulty 
classes. Unlike standard SMOTE, which is utilized by Sahar et al. (2024), and Kivrak et al 
(2024), Smart SMOTE generates synthetic samples by taking feature dependencies into 
account, producing data that more accurately reflects the underlying structure of the dataset. 
While the visual class ratios appear similar to those produced by SMOTE (Sahar et al., 2024; 
Kivrak et al, 2024)), the key advantage of Smart SMOTE lies in the quality and realism of the 
generated samples. In contrast, the t-SNE visualization obtained after applying the improved 
SMOTE demonstrates a more structured and coherent distribution of minority-class samples. 
The synthetic faulty instances are more tightly clustered around original minority regions, 
with reduced intrusion into majority-class areas. This improved separation reflects the 
effectiveness of the proposed method, which incorporates feature-type awareness and 
similarity-based neighbor selection. By preserving discrete feature consistency and 
performing controlled interpolation over continuous attributes, the improved SMOTE 
generates more realistic and semantically meaningful synthetic samples. As a result, the 
balanced dataset exhibits clearer class boundaries and enhanced structural integrity. This step 
is critical, as the generated data will be integrated into a CodeBERT model for the software 
fault prediction task. Figure 4 illustrates the class distribution achieved by Smart SMOTE 
using Matplotlib. 
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Figure 4: Smart-SMOTE Class Distribution 

 
CONCLUSION  
In conclusion, this study presents an enhanced SMOTE approach, Smart SMOTE, designed to 
address class imbalance in software fault prediction. The method demonstrates how 
continuous and discrete metrics can be effectively handled to achieve balanced and realistic 
datasets for SFP tasks. For future work, a plan to implement the proposed approach within a 
CodeBERT model to further improve the accuracy and reliability of software fault prediction 
can be considered. 
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