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Abstract: The prediction of software defects is essential for improving software quality and reducing the 

cost of testing by determining problematic modules for focused testing.  This paper Examines Sophisticated 

Methodologies, Including the “Synthetic Minority Over-Sampling Technique (Smote) and Particle Swarm 

Optimization (PSO), Tackle Difficulties Related to Class Impacts and Feature Selection, Utilizing Benchmark 

Datasets Such As CM1, JM1, JM1 MC2, MW1, PC1, PC3, and PC4”.  A stacking classifier that combines a tree 

of decision -making tree, random forests and lightGBM was used, and works quite well on all data files.  The 

proposed method focuses on the use of a file learning to improve the accuracy of prediction by merging the 

best parts of several classifiers.  Comprehensive evaluation shows that the proposed model is strong and 

reliable and finds that it is better to find problematic software modules than other models.  The aim of this 

effort is to improve the prediction of defects in the software by offering cost -effective and efficient ways to 

find defects in time, which will lead to better quality of software and better use of resources during testing. 

“Index Terms - Machine learning, software defect prediction, ensemble classification, heterogeneous 

classifiers, random forest, support vector machine, naïve Bayes”. 

1. INTRODUCTION 

The software industry is extremely important for 

development in all areas of today's 

interconnected world life. With globalization, 

Globe quickly became a "global village." Software 

applications are now everywhere and are an 

important part of everyday life, business, and 

most important infrastructure [1], [2]. The Covid 

19 pandemic was even stronger. More and more 

people and businesses are using online platforms 

for communication, shopping, working from 

home and other important tasks [3,], [5]. The 

software industry has ensured that software 

continues to influence every part of modern life, 

and its quality is of paramount concern. The 

lifecycle "Software Development Life Cycle 

(SDLC), Software Development and Quality 

Assurance (QA)" is closely related to working 

together. The development team proceeds with 

coding the code that is provided by the QA team 

to put it under rigorous tests. This step will make 

you locate and report a problem or errors in the 

software. Feedback is given to the development 

team and they attempt to deliver the problem. 

This cyclic method keeps on proceeding to 

acquire quality software products without error 

[6] [7]. Figure 1 demonstrates the way in which 

this workflow moves through development to QA 

and SDLC. The primary objective of this process 

is that the software undergoes the quality, 
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functionality and reliability testing to make sure 

that the software ready to be attributed to the 

user. However, the is not easy to create error-free 

software. Time, money, and trained workers - 

three important things have a major impact on 

how software is guaranteed. As more people 

want to deliver software faster, the requirements 

for fast and inexpensive testing methods are 

becoming increasingly important. Companies are 

under pressure to produce high-quality software 

quickly. At the same time, it maintains low cost 

and uses resources optimally [8]. As a result, 

many people were interested in automated 

options for predicting defects to optimize the QA 

process. 

"Software Default Prediction (SDP)" prediction 

was a good way to solve these problems. SDP 

uses ML to view and infer previous software data 

as there is likely to be an error in future software 

modules. The SDP model helps teams to find 

possible flaws before They are subjected to 

different software measures like code size, code 

complexity as well as history defects [9]. Such 

proactive strategy enables the firms to make 

their testing efforts proactive, minimize the risk 

of issues, enhance software quality and exploit 

their resources at the same time [10]. As a result, 

SDP is becoming increasingly popular as an 

important device for modern software 

development. This helps businesses increase the 

need for stable, high quality software around the 

world. This is increasingly complex and 

interrelated. 

2. LITERATURE SURVEY 

The prediction of “Software Defect Prediction 

(SDP)” is now a very important topic of research, 

as there is a growing need for high -quality 

software and a strong need to make the most of 

time, money and people in software 

development.  The purpose of the SDP is to find 

defective software modules at the beginning of 

the development process to be able to test and 

debug on these modules.  Over the past few 

decades, different approaches to machine 

learning and file methods have been tested to 

make the software defects more accurate and 

reliable.  This literature overview focuses on the 

most important ideas and methods in this 

discipline focusing on the selection of functions, 

problems with class imbalance and the method of 

learning the file. 

 Neuron networks have shown amazing skills to 

find complicated patterns in software 

measurement, and are therefore often used in 

models that predict software defects.  “M. S. 

Alkhasawneh [11] has performed” extensive 

analysis of neural network application integrated 

with the methodology of choosing elements to 

predict software errors.  The study emphasizes 

the need to find the most important elements in 

the data file to make the predictions more 

accurate.  Choosing functions helps reduce the 

number of dimensions in the data, which 

accelerates training and reduces excess. This 

ultimately the models of defects.  The 

Alkhasawheh study finds that neuron networks, 

if used with good methods of function selection, 

may be more accurate than typical ML classifiers 

when creating predictions. 

 Research conducted by T. F. Husin and M. R. 

Pribadim [12] examined the application of vector 

machines of the smallest squares for 

classification of defects.  They used a selection of 

functions to find the most important functions in 

the data file that had the greatest impact on the 
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prediction process.  The authors said that this 

hybrid method was more accurate predictions, 

showing that the selection of the right features is 

very important to improve ML models in 

predicting defects. 

 The problem with class imbalance is one of the 

biggest problems in SDP. This is when defective 

software modules are generally a small group 

compared to non -defictive modules.  This 

imbalance can cause models to be biased towards 

the dominant class, making predictions less 

useful.  To solve this problem, scientists dealt 

with other methods of data sampling, such as 

underline, underlining and techniques of 

synthetic data production, such as Smote 

(excessive synthetic minority sampling 

technique). 

 B. J. Odejide et al. [1] They conducted empirical 

investigations of several data scanning 

techniques to reduce the problem of 

classification weights in SDP. In contrast to 

traditional sample approaches such as random 

resampling and containers, the authors had more 

sophisticated techniques such as Small. Their 

study shows that the Small Base Sample sample 

approach works better as they created a minority 

class of synthetic samples that contributed to 

compensating data files and making the model 

more accurate. The study also shows that using 

data scanning methods in ML models such as 

“Random Forest and SVM significantly improves 

the ability to find defective software modules”. 

A. O. Balogun et al. [18] They made another 

important addition to determine class 

imbalances by examining that small-based 

learning techniques and methods are based on 

predictions of software defects. Your research 

shows that a uniform ensemble approach using 

several copies of the same classifier can make 

predictions more accurately when data is 

unbalanced. The authors constructed a voting file 

combining predictions from different classifiers 

to create a more accurate and balanced 

predictive model for defects. 

 Ensemble Learning has become a powerful 

method in SDP, as it can use the strengths of 

several classifiers to perform a final prediction 

that is more accurate and reliable.  Numerous 

research has examined different ensemble 

strategies, including voting, bagging and stacking 

procedures. 

 F. Jiang et al. [16] They proposed a random 

learning methodology based on a reduction to 

predict software defects.  To make the model 

more stable and less variable, the authors 

assembled several classifiers in the file.  They 

also used algorithms to select functions to find 

the most important functions in the data file that 

made the predictions even more accurate.  The 

file model made better than many of the best ML 

techniques, which shows that the learning of the 

file works well in SDP. 

A.O. Balogun et al. [19] The notion of file 

integration and the assessment and testing on 

the basis of the Analytical Network Process 

(ANP). The researchers tested different file 

classifiers with APs in order to determine the 

best possible combo of classifiers to predict 

software defects. The authors concluded that the 

file techniques are on a consistent basis superior 

to the individual classifiers and therefore the 

models which produce trees, random forests, as 

well as support of Vector machines (SVMs) 

models produces optimal results. 
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R. J. Jacob et al. [20] Their study was carried out 

on the focused software error predictions on 

mood classification. The authors have analyzed 

the performance of some ensemble techniques 

like the study that revealed that adjustment-

based ensemble techniques fit best to bring 

together the intensity of multiple classifiers like 

Randall Swald, Naive Books and “Support Vector 

Machines (SVMs)” to deliver better predictions.  

This has been confirmed during the study that 

the voting -based set techniques are far superior 

in predicting defects particularly in cases where 

one is dealing with a data set that does not appear 

to be balanced. 

 Stacking ensembles also gained great attention 

in the literature together with techniques based 

on the vote.  Stacking uses another model of ML, 

usually called Meta-Learner, to aggregate 

forecasts of several classifiers and generating 

final predictions.  A. Alsaeedi and M. Z. Khan [21] 

have a comparative analysis of various stacking 

file techniques to predict defects in software.  

Their study was examined by various 

combinations of “basic classifiers, including 

decision-making trees, Support Vector Machine 

and artificial neural networks that used various” 

meta-looters to strengthen the final predictions.  

The results of the study showed that the folded 

files were always better than individual 

classifiers. The biggest results came from models 

that included decision -making trees and neural 

networks. 

3. METHODOLOGY 

The proposed solution wants to improve the 

prediction of software errors using advanced ML 

methods and learning file technology.  “The 

system uses various classifiers such as random 

forest, Support Vector Machine (SVM), Naive 

Bayes, and Multi-Layer Perceptron (MLP)” to get 

a baseline how well it can identify defects.  “File 

approaches such as adaptive voting classifier, 

which combines the best parts of random forest, 

svm, naive bayes and MLP”, are used to make 

things even more accurate and reliable.  The 

stacking classifier, which combines the models of 

tree decision -making, random forest and 

lightGBM, is also used to use different learning 

patterns and to improve the ability to find 

defects.  We use techniques such as excessive 

synthetic minority sampling techniques to repair 

the class imbalance. To ensure that the model is 

economical and efficient, we use particle swarm 

optimization to select the best features. This 

method is manufactured to accurately find faulty 

modules and helps reduce the cost of developing 

high-quality software and long testing processes. 

 

“Fig 1 Proposed Architecture” 

The image shows a common way to work for 

classification tasks.  You will first get a data file. 

Then you divide it into training and test sets.  

Before the model is trained, the training data 

must be processed in advance.  “Then pre -

processed training data are used to train various 
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ML algorithms such as Random Forest (RF), 

Naive Bayes (NB), Support Vector Machine 

(SVM), and Multilayer Perceptron (MLP)”.  These 

models are used to sort test data as soon as they 

are trained, and their predictions are compared 

with real labels to see how well they are doing.  

Also, file approaches such as voting classifier and 

stacking classifier are also used to predict more 

than one model. This could improve overall 

accuracy. 

i) Dataset: 

The initial step in the training phase includes 

aggregation of previous software defects.  For 

this investigation we chose the well -known 

benchmark data sets from the “NASA Metrics 

Data Program (MDP) repository were selected, 

including CM1, JM1, MC2, MW1, PC1, PC3, and 

PC4”.  These data sets are often used in the 

research of the prediction of software defects, 

which guarantees representativeness and 

comparability to existing studies.  Data files 

correspond to a single piece of software and 

instances to a piece of software module.  The 

software quality attributes that were followed 

during SDLC included; “LOC_COMMENT, 

LOC_TOTAL, CALL_PAIRS, HALSTEAD_LENGTH 

and HALSTEAD_CONSTANT which were 

recorded in SDLC with these modules”.  The 

dependent properties are utilized in predicting 

and the independent attribute that indicates a 

counter of whether the module functions or not 

[25]. 

 

“Fig.2 Dataset for CM1” 

 

“Fig.3 Datasets for JM1” 

 

“Fig.4 Datasets for MC2” 

 

“Fig.5 Datasets for MW1” 

 

“Fig.6 Datasets for PC1” 

 

“Fig.7 Datasets for PC3” 

 

“Fig.8 Datasets for PC4” 

ii) Pre-Processing: 

a) Data Processing: Data processing is 

important phases that ensure that the data file is 
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good enough for predictive modeling.  The first 

step is to find and remove duplicate data items to 

reduce redundancy and make sure everything is 

consistent.  Cleaning gets rid of unnecessary or 

irrelevant features to make the data file easier.  

Label coding is used to change variable 

categories to numbers so that ML algorithms can 

cooperate with them.  These processes are more 

complete and set the phase for modeling training 

that is accurate and fast. 

b) “Feature Selection”: The choice of functions is 

mainly about finding variables that are most 

useful for predictions.  The input functions (x) 

and target variables are carefully selected from 

the data file and discarded. This reduces noise 

and processing time by receiving only the data 

needed for training and testing. Function 

selection improves model performance and 

prediction accuracy. In this case, the data file is 

limited to only the most important functions and 

corresponding output specifications. 

c) Oversampling with SMOTE: Overgrowth 

synthetic minority technology corrects the level 

of the class in the data file by creating incorrect 

examples of minority classes. This approach 

creates new data points by filling in gaps between 

existing samples that maintain a balanced class.  

Smote eliminates distortion in machine learning 

models by visible minority class. This makes it 

easier to find defective modules correctly, 

especially in data sets, where classes are quite 

uneven. 

d) Feature Selection using PSO: To find the most 

useful subgroup of functions, “Particle Swarm 

Optimization (PSO)” is used to select functions.  

PSO focuses on different combinations of 

characteristics over and over again to find the 

best for the model, based on how the particle 

swarms behave in social situations.  By 

maintaining only the most important features 

and deprivation of those that are not useful or 

unnecessary, PSO makes the more efficient and 

accurate model of defect prediction and ensures 

that the data file is not too complicated or too 

simple. 

iii) Training & Testing: 

If you are training and testing the model, split the 

processed data file into two parts. One is for 

model training and the other is for testing. 

Models are created and improved using training 

subgroups so that they can be trained from the 

data. After the model is trained, it is tested in test 

subgroups, but in subgroups that we have never 

seen before, we evaluate how well it can 

generalize. This method ensures that the model 

can accurately predict fresh data that has not 

seen, which is a good way to test, how well it 

works. 

iv) Algorithms: 

Random Forest: A random forest is a way to 

learn, which builds several decision -making 

trees during training and combines their results 

to make them more accurate and less likely to be 

transformed.  In this project, it is used to guess 

whether a piece of software is interrupted or not 

a combination of several trees findings to make a 

more reliable and accurate estimate. 

“SVM (Support Vector Machine)”: SVM is a 

subordinate model of learning that identifies the 

best hyperplane to divide the classes in a lot of 

dimensions.  This project uses SVM to sort 

software modules according to quality 

parameters, making it easier to tell the difference 
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between defective and non -defictive modules 

with high levels of accuracy. 

Naive Bayes: Naive Bayes is a probability 

classifier that uses Bayes' sentence and assumes 

that functions are independent.  This project uses 

it to predict software errors by finding out how 

likely a piece of software is Buggy based on past 

data. It works well with huge data sets and 

categorical data. 

“MLP (Multi-Layer Perceptron)”: MLP is a form 

of artificial brain network of a large number of 

the layers of the neurons. It is used in 

classification. This study predicts software errors 

by using MLP to find complex expressions in the 

data and modeling how properties and target 

variables do not use linearity. 

“Adaptive Voting Classifier (RF + SVM + NB + 

MLP)”: Using a weighted voting system, it 

integrates “the adaptive voting classifier of the 

random forest, SVM, Naive Bayes and MLP, so 

that the predictions are more accurate overall”.  

This file method uses the best parts of each model 

to make a strong prediction of software errors. 

“Stacking Classifier (DT + RF with LightGBM): 

The stacking classifier combines decision tree 

(DT), random forest (RF)”, and LightGBM to 

create a metamodel that trains from the cost of 

the base model to improve predictions. She uses 

this study to improve the accuracy of predicting 

defects by mixing several models and using their 

strengths. 

4. EXPERIMENTAL RESULTS 

Accuracy: The test accuracy is how well the 

difference between sick and healthy people can 

recognize.  To find out how accurate the test is, 

we need to find out how many cases we looked at 

was real positives and how many of them were 

real negatives.  In mathematics it can be said as: 

"𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP + TN

TP + FP + TN + FN
(1)" 

Precision: The accuracy focuses on the 

percentage of correctly classified cases or 

samples of all those that have been marked as 

positive.  The formula to determine the accuracy 

is therefore: 

"𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

=
True Positive

True Positive + False Positive
(2)" 

Recall: In ML, the appeal is a gauge that 

quantifies the capacity of a model to identify all 

of the applicable instances of a specific type. It 

represents the number of correctly classified 

positive calls out of the usual large actual positive 

cases which are measures of how a model depicts 

all the instances of an individual type. 

"𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP +  FN
(3)" 

F1-Score: The F1 score is a way to quantify, how 

accurate the ML model is.  It assembles the 

accuracy score and download the model.  

Accuracy statistics will tell you how many times 

the model has created a valid forecast on the 

entire data file. 

"𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 X 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
∗ 100(1)" 

Sensitivity: Sensitivity is a way to find out how 

well the test or tool can find a problem in 

humans.  It comes to see how many people test a 

positive state compared to how many people 

actually have it. 
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
(5) 

Specificity: Lets say you want to know divide the 

number of people who have been found not to 

have it status by the total number of people who 

do not have whatever it is, so combining the 

people who tested negative and the people who 

tested positive and did not stifle the thing. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

(𝑇𝑁 + 𝐹𝑃)
(6) 

AUC-ROC Curve: AUC-ROC curve is a way to test, 

how well the classification problem works at 

different thresholds.  ROC shows the real positive 

speed and false positive speed on the chart.  AUC 

measures how well the model can recognize the 

difference between classes. Higher AUC means 

that the model works better. 

𝐴𝑈𝐶 = ∑(𝐹𝑃𝑅𝑖+1 − 𝐹𝑃𝑅𝑖) ∙
𝑇𝑃𝑅𝑖+1 + 𝑇𝑃𝑅𝑖

2

𝑛−1

𝑖=1

(7) 

“Tables (1 to 7) Check accuracy, accuracy, 

appeal, score F1, AUC score, specificity and 

sensitivity of each method”.  The stacking 

classifier regularly beats all other methods on all 

data sets.  The tables also allow you to compare 

statistics for different algorithms.

“Table.1 Performance Evaluation Metrics for CM1” 

 

“Graph.1 Comparison Graphs for CM1” 
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“Table.2 Performance Evaluation Metrics for JM1” 

 

“Graph.2 Comparison Graphs for JM1” 

 

“Table.3 Performance Evaluation Metrics for MC2” 

 

“Graph.3 Comparison Graphs for MC2” 
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“Table.4 Performance Evaluation Metrics for MW1” 

 

“Graph.4 Comparison Graphs for MW1” 
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“Table.5 Performance Evaluation Metrics for PC1” 

 

“Graph.5 Comparison Graphs for PC1” 
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“Table.6 Performance Evaluation Metrics for PC3” 

 

“Graph.6 Comparison Graphs for PC3” 

 

“Table.7 Performance Evaluation Metrics for PC4” 
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“Graph.7 Comparison Graphs for PC4” 

 

“Graphs (1 to 7) show accuracy in light blue, orange accuracy, memory in gray, f1-score in light yellow, AUC 

in blue, specificity in green and sensitivity in dark blue”.  The stacking classifier overcomes all other models 

on all data sets and reaches the highest values.  The above graphs show these results in a visual way. 

 

“Fig.9 Home Page” 

This is the control panel of the user interface in 

the picture above. It has a welcome message for 

the navigation page. 

 

“Fig.10 User input Page” 
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This is the user's input page in the picture above. 

The user can upload data from the DataSetCM1 

here. 

 

“Fig.11 Test result for CM1” 

This is the result screen in Figure 11 above. The 

user will see the output here. 

 

“Fig.12 User input Page” 

Figure 12 above shows the user's input page 

where the user can upload data from the PC4 data 

file. 

 

“Fig.13 Test result for PC4” 

This is the result screen in Figure 13 above where 

the user sees the output. 

5. CONCLUSION 

The aim of the defect defect is to find broken 

modules before the test phase so that testing can 

focus on modules that most likely have problems.  

The effective model of “defect prediction 

significantly reduces software development” 

expenditures by ensuring the best use of 

resources during work.  “The system uses data 

sets such as CM1, JM1, MC2, MW1, PC1, PC3 and 

PC4, and advanced methods such as Smote to 

select Class and Particle Swarm Optimization 

(PSO)”. This ensures that input data for training 

is balanced and useful.  The stacking classifier 

was the most accurate of all tested methods on all 

data files. To improve his ability to create 

predictions.  This combination of approaches and 

high -performance file learning shows how 

important it is to find defective modules, 

facilitate testing and help produce high -quality 

software in time and budget. 

6. FUTURE SCOPE 

Future research can examine the merger of DL 

models, including CNN and LSTM, to clarify 

complex formulas within the software failure 
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data.  Using explained AI methods could make it 

easier to understand predictions, which would 

help engineers find out what caused defects.  The 

use of this method on larger data sets in the real 

world and dynamic software systems would be 

more scalable and usable for a wider range of 

situations.  Also, the use of advanced sampling 

methods with algorithms of optimization can 

even improve the prediction of defects, “which 

would help with cost -effective and high quality 

software development in a wide range of fields”. 
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