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ABSTRACT 

 

NEW SOFTWARE DEFECT PREDICTION METHOD BASED ON PCA 

AND OPTIMIZED LSTM 

 

Ali, Yahya Khalid Ali 

M.Sc., Electrical and Computer Engineering, Altınbaş University, 

Supervisor:  Asst. Prof. Dr. Zaid HAMODAT 

Date: 12/2022 

Pages: 57 

It is natural for the developed software to contain some defects and errors. The important issue 

is to detect these errors. Tests play an important role in detecting errors, but this is not always 

sufficient. Therefore, effective methods are needed to detect software errors and defects. The 

detecting error before publishing and serving the software the is main aim of the companies and 

the software engineers but this issue remains difficult and challenging issue.  

In this study, new method based KNN, and parameter optimization techniques presented in the 

field of software defect prediction. The proposed method applied ensemble learning with KNN 

based Grid search to present new model for software defect detection. Furthermore, several 

classifiers are applied to obtain best detection rate. The obtained results are compared and 

discussed to select best model. The presented method obtained suitable results when compared 

with traditional techniques. The three datasets that are used in this study are CM1, JM1, and 

PC1 which proposed method presented various results with these datasets vary between 75% to 

94%.  

Keywords: Software Defects, KNN, Software Engineering, Grid Search. 
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1. INTRODUCTION 

Today, technology is advancing rapidly and the software world is also developing with these 

advances. Despite these developments, the software revealed by the developers may contain 

some errors. Errors in software can generally be grouped under three categories; design errors; 

are typically errors in the design of the software architecture, implementation and delivery 

errors; These are errors that occur after the software developer's delivery to the customer. 

Detection of these errors at an early stage plays a major role. Software bugs; It causes developers 

to review the faulty modules in the projects repeatedly and as a result spend more time on the 

developed modules. Early detection of bugs in software; It ensures that the software is error-

free and of higher quality before it is delivered to the customer [1]. 

When a software defect is encountered at any stage of the software development lifecycle, if the 

software development lifecycle is Waterfall, the analysis returns to the first step. A worse 

situation is that this situation can be encountered after delivery to the customer. In this case, 

which is encountered after delivery to the customer, the same step is repeated. Therefore, 

software maintenance costs increase significantly. In addition, trust problems may arise for 

customers who encounter software errors. It is important to constantly test and verify the source 

code in ensuring the quality of the developed software. According to Boehm, the cost calculated 

after the delivery of a software that is in a condition to be delivered to the end user is higher 

than the cost calculated during the development of the software. Software testing tools are used 

to detect errors in developed software. With test tools, the accuracy of the software is ensured 

before it is delivered to the customer. Test tools may not always be sufficient to catch the errors 

that occur [2]. 

As the dependency on software increases, software quality becomes more important today. 

Software; It has been used almost everywhere and at every stage of life. Results that affect the 

software, such as errors, can lead to customer dissatisfaction and reduce the quality of the 

software. A software error causes both loss of time and financial losses [3]. The experience of 

a software developer when he/she first develops is not the same as the ability to predict errors 

in the software he/she develops after he/she develops himself/herself and gains experience. In 
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order to achieve this, it is necessary to know which programs are more error-prone than others, 

and at which stages the probability of error is higher. Previous studies have shown that 27% 

man-hours were consumed by testing during the overall development process [4, 5]. 

In software, larger modules tend to have more bugs than smaller modules. This is because larger 

modules offer more opportunities for bugs to settle, larger modules are more difficult to check 

and test for bugs, and are more complex. An example of possible linear and nonlinear 

relationships between magnitude and error is given in Figure 2.2. A linear relationship means 

that the number of errors will increase steadily as the module size increases. In a non-linear 

relationship, it is stated that as the size of the module increases, the error density also increases 

Software maintenance activities are an important part of the life cycle of software projects that 

are critical to software quality. Bug reports play an important role in software maintenance 

activities. Software bugs are inevitable, bug reports can be used to guide developers in processes 

such as fixing bugs in software, estimating bug fix time, deciding which bug should be fixed 

first, deciding who needs to fix a particular bug, etc. In addition, bug reports can provide 

valuable information about the status of the software project. Usually, errors are reported to a 

bug tracking system used to manage software development and maintenance activities in 

software projects. Bug tracking systems are designed not only for developers, testers and 

customers to identify and report problems found in systems, but also to store errors and 

information about errors and monitor the status of related tasks. Therefore, a bug tracking system 

can increase the efficiency of detecting bugs while further improving software quality. Error 

reports that describe a previous error in the system differently are defined as duplicate error 

reports. As recurring error reports are entered into the system, the number of errors in the system 

increases. As shown in studies, the rate of recurring error reports among the total error reports 

can be up to 25-30%. Duplicate bug reports lead to multiple developers being assigned the same 

bugs for the same bug, who reproduce and fix the bug for a similar reason. As a result, the effort 

spent for the development of the software increases, and time and cost loss occur [6]. 

In order to produce a solution to a problem, first of all, it is necessary to have a good 

understanding of what the problem is. All developed software is prone to possible error. In an 

other saying; All software is probably faulty unless it goes through a good analysis and testing 
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phase and integrates with the user. Software error estimation is seen as one of the most useful 

and least costly operations. The fact that the software creates errors after meeting with the user 

can lead to many bad consequences for the publisher of the software, especially the image of 

the software itself. Software error estimation can be seen as a vital stage on which the quality of 

the product being developed depends on the software developers. In addition, the customer's 

response to the product quality will be satisfactory and flattering [7]. 

1.1 RESEARCH QUESTIONS 

This study try to answer several questions that presented by the author and during the thesis 

research these questions are answered:  

i. What is software defect and how we can presented new methods that can deal with this 

problem ? 

ii. What is the machine learning techniques that can present remarkable results with this 

problem? 

iii. How can we presented new method with accurate results within minimum execution 

time ? 

1.2 MOTIVATIONS 

The motivation of this study is that the software defect prediction is very difficult and critical 

issue in software projects. The defect prediction by humans needs high expertise and long 

processing time with large costs Experienced software testers demand high salaries, it's hard to 

find good testers all the time. Therefore, academic researchers and large companies are trying 

to develop methods based on data mining and machine learning to work in this industry. 

Moreover, various deep learning and machine learning methods that have been introduced in 

the field over the past few years have automatically detected a software error. These studies 

remain marginal when it comes to training and examining the best parameters of the model. A 

new study was then presented in which several classifiers were combined to select the best 

classifier. Additionally, we introduce Grid Search to refine the classification parameters. 
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1.3 AIM OF THIS STUDY 

In recent years, there has been an increasing interest in the effective application of machine 

learning models to software defect estimation problems. However, natural language processing, 

computer vision, image processing, etc. Compared to other areas, there is little literature on 

market forecasting using deep learning. With the development of web technology and the 

expansion of access to large amounts of data on a stock, deep learning is suitable for forecasting 

and analyzing a market. The main reason for choosing deep learning as an alternative to existing 

models and approaches is that it allows the representation of abstract features from data, not 

based on economic assumptions or human experience, and is non-linear. Because relationships 

can be built. Another reason why research favors machine learning models is that KNN are 

superior statistical models in modeling nonlinear relationships between dependent and 

independent variables. This directly improves network performance in general. 

In this study, we present a sophisticated and unique method that can be used to solve software 

defect detection problems that can be easily adapted to any database with different instances and 

features. This research was a step towards natural communication between humans and 

machines and made a giant leap in fields as diverse as industry, medicine and society. 
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2. LITERATURE REVIEW  

In this chapter, we review general concepts that are related to software engineering and software 

management enhancement and discuss their functionality in motivating the research in the sub-

sequent chapters of this thesis. Discrimination between software defect and software 

management is crucial for both software projects. This chapter presented the previous studies 

that are used in this field.  

 2.1 SOFTWARE ENGINNERING PROJECT MANAGEMENT 

Project start and finish times are a clearly defined process and it tries to achieve adequate 

coverage under cost and time constraints, another constraint. Each project is a temporary process 

that has been put into writing for a specific purpose. It needs resources such as people, money, 

technical equipment and financiers such as sponsors or customers to provide these resources; it 

is a process involving uncertainty and risk. It is the act of achieving well-defined goals and 

objectives under budget and time constraints, with clearly defined activities to begin and end 

[8]. 

The general objectives and duration of the project are clear. Projects are temporary jobs, so 

every project has a beginning and an end. Every project is unique. No project is alike. No project 

repeats itself in the same form and conditions. Every job is done for a purpose. In projects, the 

purpose is a focal point, the reason for the existence of the project. If there is no purpose, there 

is no project. Every job is performed under certain constraints and using certain resources. The 

project is a system development approach. The systems approach is a method in which multiple 

interrelated parts are worked together to identify problems and solve them. The system takes 

input, processes it, and generates output. In addition, the system includes the principles of 

integrity, efficiency, communication, interaction and continuity. Their systematic arrangement, 

planning and development require projects. Because projects allow the work to be structured in 

an easily visible way and to open the way to think and work within the systems [9]. 
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2.1.1 History of Project Management 

Project management applications that include the techniques we use today actually date back to 

the 1790s at most. The industrial revolution that started in America in the 1790s created diversity 

in the features of products, changes in customers' expectations and ways of doing business. The 

acceleration of transportation meant the reshaping of the market. With all these changes, 

unavoidable changes in people's work, home and communication, laws, customer behavior, 

shopping methods have brought new opportunities as well as threats for institutions. The only 

way for an organization to be least affected by these changes is to complete a fast and effective 

adaptation process. In the adaptation process, first of all, the most important processes to be 

considered are the correct definition of the objectives, the good use of existing resources, the 

ability to coordinate the communication between responsibilities well, and to keep costs and 

risks under control [10]. 

2.2 SOFTWARE PROCESS MODELS 

Software models are abstract representation and application forms that deal with the software 

development process from a special perspective.  

2.2.1 Waterfall Model 

In the waterfall model (classical model), the software development stages consisted of 

sequential steps. The waterfall model is the most common process model used in software 

projects. In this structure, the development of software follows a linear path. That is, after one 

phase is completed, the next phase begins. Therefore, when a problem is encountered in the later 

stages of software development, it is difficult to return to the previous stages. Such turns often 

require additional costs and additional time [11]. The representation of the waterfall model is 

shown in Figure 2.1. 
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Figure 2.1: Waterfall Model. 

Although it is the most widely used process model in software projects, there are the following 

problems in the application of this model: 

i. In this model, even if a return to the previous stages is foreseen during the 

implementation, the burdens of the returns on the project cost and schedule are high. 

ii. Feedback can cause problems among the project team. 

iii. It is difficult to fully determine all the requirements of the customer at the very 

beginning of the work. This is because, as with any project, there can always be some 

uncertainty at the beginning. In some cases, the user cannot fully express their wishes 

at an early stage of software development. 

iv. A program that works according to this model emerges long after the projects. This can 

sometimes be too late for the customer to give feedback about the developed software, 

and customer dissatisfaction can occur. 



8 

v. When the customer starts to respond to the software as it emerges, it may come up with 

a new requirement. This often causes serious disagreements. The waterfall model, as 

the oldest software process model, has formed a basis for other models defined today 

on how to do software development[12]. 

2.2.2  V-Model 

The V model is an extensive approach to the waterfall perfect. This methodology is a test activity 

model that matches every stage of the software development process to develop more reliable 

and accurate software. Model V also initiates authentication activities, which can save a lot of 

time on the project. In this model, left branch V covers requirements analysis, system design, 

software development and implementation (coding) phases. The right side of the V contains the 

model validation step. This includes unit tests, integration tests, system tests, and acceptance 

tests [13].The representation of the V-pattern is shown in Figure 2.2. 

 

Figure 2.2: V-model. 
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2.2.3 Prototype Development Model   

When the best practices of software projects are examined, it is observed that at the beginning 

of the project, users can only give very general definitions of their needs. They cannot describe 

in detail the necessary inputs, processes and outputs for the software to be developed. In this 

case, the prototype development model can be used to develop the software requested by the 

users and to eliminate the ambiguity of the requirements [14]. 

In cases where it is decided to use this model, the requirements that can be determined are 

quickly collected and the work is started. For this purpose, a quick consensus is reached on the 

functions expected from the software to be developed and the inputs and outputs of this software 

at the meetings attended by the developers as well as the users. Then, in the light of the 

information determined, a prototype is created that describes the direction of the software to be 

reflected to the user with a design. This software is made available to the user for use and 

evaluation. By looking at these evaluations, new requirements are tried to be determined. Thus, 

the user 

This work is continued until the desired software is understood. After the requirements are 

detailed enough, the desired system is developed. In this approach, users can perceive prototype 

software as real software. However, the sample software developed to determine the 

requirements is generally slow, inefficient, has low reliability and has high errors. The prototype 

development model can be successfully applied when the requirements are not clearly known  

[15]. 
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Figure 2.3: Prototype development model. 

2.2.4 Spiral Model 

In the spiral model, the software development process is expressed in a spirally expanding 

structure instead of sequential activities with no reversal. When the spiral model is used, a new 

version of the software emerges at the end of each helix. The software revealed at the auction at 

the end of the first ring is a true prototype of what is used in the application environment. The 

whole process was implemented during its development. In subsequent iterations, new 

functionality is added on top of it, again using all the steps of the process. The development 

process is continued by ensuring that the software developed in terms of quality, efficiency and 

capacity has the appropriate features in each spiral cycle (in each new version) [16]. The 

representation of the spiral model is in Figure 2.5. 
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Figure 2.4: Prototype development model. 

2.2.5 Incremental Model  

An incremental model was created by adding an iterative feature to the waterfall model [17].This 

model is based on developing and delivering software in releases on a specific schedule. Each 

new version foresees the addition of some additional functionality on top of the previous one. 

This model can be used effectively when all the requirements are clear. This model differs from 

evolutionary development in that each release includes all the functionality of the final product. 

The incremental development model is shown in Figure 2.6. 
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Figure 2.5: Incremental model. 

2.2.6 Software Testing 

Programmers may think they write their code to meet requirements, but software systems 

contain many different states, formulas, and complex algorithms. However, the size of the 

project and the multitude of employees can increase complexity. Therefore, the existence of 

errors creates a problem not only for the software, but also for the expectations of the user and 

the customer [18]. 

Generally speaking, if the software does not meet the described requirements, it is faulty. The 

error may have occurred as a result of many different reasons. 

Requirements may be incorrect or incomplete. It may be impossible to implement some 

requirements in hardware and software. The overall design of the system may contain errors or, 

most commonly, the code written may be faulty. As a result, one or more the error may be the 

cause of the failure.  

Testing is important in terms of finding errors, gaining confidence for software quality, 

obtaining information for decision mechanisms and preventing deficiencies. Testing increases 

the quality and reliability of the program [19]. 
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Software testing is a technical activity, but it takes into account human psychology and several 

important criteria. In general, you want to try every possible change to your software, but most 

of the time you don't. Even a seemingly simple program can have hundreds or thousands of 

possible inputs and outputs. It is impossible to write test cases for all these possibilities. 

Thorough testing of complex applications takes time and effort. Software testers should have a 

good understanding of software application testing. Sometimes the evaluator's point of view is 

more important than the process you'll face. The main reason software applications aren't tested 

is because developers start the process with the wrong definition. When we test our program, 

we want to add value to it. The added value of software enhances the reliability and quality of 

the software. The reliability of the program depends on finding and fixing bugs. It doesn't check 

if the program is running, it assumes there is a bug and tries to find as many bugs as possible. 

In this sense, testing is the process of running a program to find bugs. Testing is a destructive 

process that most people struggle with, but we all prefer to rely on destructive things in our 

lives. This definition includes how test data is actually developed and how it is determined who 

can or cannot perform the tests. In addition to these definitions, you can specify pass and fail 

words that project managers use to rank test results based on certain characteristics. The project 

manager defines no-error test cases as passing test cases and bad test cases as errors. In fact, 

bankruptcy is a strange definition. As bugs are discovered and fixed, run well-designed and 

executed test cases. I have run the same test multiple times and it runs without errors. A test that 

does not actually use a program and has no errors in its test cases can be defined as a failed test. 

Due to the nature of programming, an error-free program is optional. Conditions that can be 

controlled include normal and abnormal conditions. In other words, testing is about predicting 

what will happen if you intentionally make a mistake. The purpose of testing should be to find 

what is needed and what is missing, and vice versa. 

2.2.7 Software Defect Prediction 

Software bug studies; The program examines examples of development error-prone code, helps 

to scale up the software and get more use [20].Software defect investigations can generally be 

grouped into 3 different categories as metrics, datasets and application. In this study, software 

error prediction datasets containing method-level software metrics have been learned for a long 
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time. The metrics are in different categories such as method-level, class-level, radio-level, file-

level, operation-level, quantitative-level. Software is the summary expression of software that 

can be measured, values or sets of values that can be measured. In the field of software defect 

research, method-level software metrics are the most widely used metrics. These metrics are 

popularly used with machine learning [21]. Datasets are raw data about a topic. Public software 

bug datasets are getting better by the day. Someone related to space exploration is NASA's 

PROMISE repository [22]. These software datasets provide maturation and complete 

availability of error prediction models.  

In addition, these datasets allow discussions and developments on methods and results among 

researchers. There are a number of metric measurement values and variables in the datasets used 

[23, 24]. 

2.2.8 Litreature Review 

[25]The Smote algorithm was applied simultaneously to different percentages of the dataset 

used to rank software bugs, increase minority class, and decrease majority class. They measured 

the success of the classification of the G-means of the C4.5 decision tree algorithm. This showed 

that the probability of success of the classification was increased. In this study, multiclass data 

was extracted from the dataset. Instead of shrinking the existing majority, only a few were 

enlarged. The software metrics of the new dataset obtained in this way were examined with 

regard to the information collection and its influence on algorithms such as C4.5 and PART 

[26]. 

[27] used the quartile chart for software error estimation. Using data mining methods OneR, 

C4.5 and NaiveBayes, they developed an error estimation method with non-dynamic code 

features.  

[28] compared classification success for software error prediction using 22 classifiers and 10 

publicly available software error prediction datasets created by NASA. In the results obtained, 

they stated that the metric-based classifiers gave successful results, but there were no substantial 
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changes in difference in conditions of the success story of the classifiers. In this study, data 

preprocessing was used to the datasets with the Thumped procedure. 

 [29] deal with randomness, data increase, data reduction and cost control suggested above to 

solve the class imbalance problem. They studied the diversity of classification success with the 

size of the training sample and the level of class imbalance. The general results obtained showed 

that the distributions of unbalanced classes influence the results of decision trees, other neural 

networks and supporting vector machines.  

[30] performed experiments measurement learning working on 13 datasets by improving 

artificial data and reducing artificial data applying the techniques they named Smote + Tomek 

and Smote + ENN. In the general findings found, it has been shown that artificial data 

augmentation techniques are advanced to artificial data saving techniques. 

[31] developed ADASYN: adaptive synthetic data sampling approach for the unbalanced 

learning problem. different minority a weighted distribution was preferred for the difficulties 

experienced in the learning process according to the class percentage levels. Thus, the tendency 

resulting from class imbalance has been reduced and it has been shown that the limits of the 

classifier have been increased to include difficult examples. 

[32] Nima Shiri Harzevili et al. We propose a new framework "MLMNB-SDP" to identify 

software metrics with large conditional dependencies using statistical hypothesis testing. 

MLMNB-SDP is designed to handle conditional dependencies with a single hidden variable in 

a predefined structure that preserves relationships between software metric pairs in class 

variable instances. We measure the effectiveness of our approach based on its ability to measure 

conditional dependencies in program values and predict downtime. The first uses conditional 

mutual information (CMI) and the second uses three parameters to predict failures. (1) Design 

error estimation (WPDP), (2) Design error estimation (CPDP), (3) k-fold cross validation. The 

results of the metric dependency analysis show that traditional file-level software measurements 

show significant modal correlations and the use of pure Bayesian classifiers in this area is 

theoretically unacceptable. Our 3D results show that MLMNB-SDP outperforms known test 
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classifiers in accuracy and performance, increasing the pure Bayesian classifier from 5.45% to 

75.86%. H. Random logistic regression and forest. indicator F1.  

In [33] Chao Ni et al. Propose a new method MOFES (Multipurpose Feature Selection) which 

takes into account two goals for improvement. The goal of optimization is to reduce the number 

of specific features, and this goal is closely related to the cost analysis of this problem. Another 

goal is to improve the performance of the installed SDP models. This objective is related to the 

utility analysis of this question. To solve this problem, MOFES uses the Pareto-based Multi-

Objective Optimization (PMA) algorithm. In our test cases, we developed and tested RELINK 

and PROMISE databases in a real open source project. They first analyzed the different effects 

of PMA on MOFES and found that NSGA-II was the best fit for both data sets. We then 

compared the MOFES method with 22 filter-based selection and processing methods and found 

that MOFES can select fewer but closely related features to generate high-quality models. 

MOFES also frequently analyze selected features and can use these results to make 

recommendations for compiling high-quality SDP databases. Finally, we analyzed the 

computational cost of MOFES and found that MOFES took only 107 seconds on average. 

In [34] Ruchika Malhotra et al. Evaluate the performance of a machine learning classifier in 

predicting minor errors in 12 volatile NASA datasets by applying rigorous sampling and 

classification methods. They review the five existing minority sample cloning resampling 

methods and propose a new method called SPIDER3, which replaces the SPIDER2 resampling 

method. This article measures MetaCost student performance in cost-effective learning using a 

disproportionately large dataset. The results show that the use of the resampling method 

improves the prediction capacity of the machine learning classifier. Moreover, the proposed 

SPIDER3 method shows promising results. 

In [35] Diana-Lucia Miholca et al. Basically, there is a new map classification method called 

HyGRAR to predict bugs in software. HyGRAR is a nonlinear hybrid model that combines 

association rules and cascaded neural network analysis to distinguish between good and bad 

software objects. In experiments based on 10 open source datasets, we found that the HYGRAR 
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classifier works well. Using the same data set to assess performance, HyGRAR has 

outperformed many previously proposed approaches to assessing software defects.  

In [36] Yuanxun Shao et al. proposes a new control method to predict programming errors based 

on ATOmic Class Association Rule (ACAR) logic. There are specific types of result class tags, 

unique ancestral properties, and custom mapping rules that examine the relationship between 

properties and categories. There are specific types of result class tags, unique ancestral 

properties, and custom mapping rules that examine the relationship between properties and 

categories. These attribute models can provide valuable information that software developers 

can easily understand. A new free-associative rule-based error prediction model is used for data 

preprocessing, rule modeling, and performance evaluation to improve the prediction of failed 

devices. ACAR, NASA CDM and PROMESA (Association-Based Classification Extension 

(CBA2), Support Vector Machine, Naive Bayes, Decision Tree, OneR, K-Nearest Neighbors, 

and RIPPER) are data from 7 additional study participants. was evaluated using result. 

.Evaluation results. A detailed analysis of the comparative experience of ACAR and CBA2 

evaluated the relevance of programming errors. ACAR was superior to CBA2 in AUC, mean 

G, balance, and visual acuity. At the same time, the average ACAR ACAR can reach 81.1%, 

which is 2.9% higher than CBA2. 

In [37] Ning Li et al. conducted a systematic literature review and identified 49 studies that 

included results from 2,456 individual experiments published between January 2000 and March 

2018. Based on meta-analysis, automated forecasting models are similar to those tested within 

and across projects. Of the missing 14 model families, the most influential are Fuzzy CMeans 

(FCM) and Fuzzy SOM (FSOM). Checking this, almost 11% (262/2456) of published results 

(out of 16 articles) are inconsistent and 33% (823/2456) are insufficient to confirm this. Details 

are included. 

In [38] Zhongbin Sun et al. Provides a recommendation filter-based sampling (CFSR) algorithm 

that automatically recommends efficient sampling methods for new error data. CFSR first 

evaluates current sampling techniques against historical defect data, then identifies meta-

attributes and data similarities between old and new defect data. Finally, we combine all the 
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information and data similarities of sequential sampling methods to create a proposed network 

that uses a common user-based filtering algorithm to propose a suitable sampling technique for 

new data. It's buggy. We performed a wide range of experiments on 20 soft error datasets using 

5 classification algorithms, 2 predictive runs, 5 speculative runs, and 12 ensemble sampling 

methods. The experimental results demonstrate on the one hand the importance and necessity 

of this study and on the other hand demonstrate the validity and efficiency of the proposed CFSR 

method. 

In [39] Xingjuan Cai et al. The SVM-based Large-Scale Software Error Prediction (HD-SDP) 

model is used to troubleshoot registry class instability and determines the time zone of error 

registry class predictors that support vector machine of parameters (SVM). It has four goals: 

false positives, probability of detection, F-score, and balance. In addition, a complex integration 

of the multi-parameter temporal optimization algorithm (UIMaOTO) was developed in this 

model, which supports the simultaneous selection of SVM parameters and global modules. 

UIMaOTO uses specific strategies to create formula subelements and develops a unified 

integration strategy to reduce the burden of algorithm selection. UIMaOTO can be compared to 

other advanced algorithms for experimental results using the common DTLZ test suite. 

In [40] Shuo Feng et al. Experiments were conducted to empirically investigate the effect of 

sampling interval on the performance of three common SMOTE-based methods. Based on the 

experimental results, they developed a newly proposed resampling method. That is, our 

experimental results of 5 group classifiers from 30 unbalanced datasets in the SMOTUNED 

repository: (1) the choice of distance criterion has limited effect on SMOTE-based performance; 

method, (2) number of synthesized noise samples, noise classification; . The overall 

performance of methods based on AUC and SMOTE measurements is largely unaffected by 

sample spacing and (3) detection probability (𝑝𝑑) and false positives. According to the SMOTE 

method, the probability (𝑝𝑓) does not depend much on the distance between samples. The 

sample is taken when the resistance is independent of capacitance. 

In [41] Cong Jin et al. KTSVM with DA capability (called DA-KTSVM) is also used as CPDP 

model. Since DA-KTSVM parameters affect prediction performance, these parameters were 



19 

optimized using the Advanced Quantum Particle Swarm Optimization (IQPSO) algorithm, and 

the improved DA-KTSVM was named DAKTSVMO. To verify the efficacy of DA-KCMMO, 

we conducted experiments on 17 open source projects. Moreover, DA-KTSVMO can improve 

prediction performance by utilizing good knowledge of available data and implementing 

erroneous data reuse. 

In [42] Lei Qiao et al. propose a new approach using deep learning methods to estimate the 

number of errors in software systems. First, we preprocess the entire dataset, including data 

transformation and normalization. It then models the data to prepare input for the deep learning 

model. Third, the number of defects is estimated by inputting the simulation data into a specially 

designed deep neural network model.  

In [43] Meetesh Nevendra et al. studies the effect of hyperparameter optimization on error rate 

estimation. Based on the experimental analysis of 15 corrected error data sets, a hyperparametric 

optimization of the training procedure was performed. This is required for hyperparameter 

tuning. Random search and grid search worked well, but grid search always gave better results 

than the default settings. However, this is not possible with a random search. This underscores 

the importance of examining the parameter space when using parameter-dependent regression 

methods. 

In [44] Hua Wei et al.  propose a new model using Local Tangent Vector Spatial Alignment 

Assistant (LTSA-SVM) algorithm to solve the smooth error estimation problem. This model 

uses the SVM algorithm as the main classifier for the program error distribution prediction 

model. Optimize model parameters using a built-in grid lookup method with more than 10 

validations. Conventional dimensionality reduction algorithms lose unacceptable non-linear 

data features, which decreases the precision of SVM. To solve this difficulty, this article uses 

the LTSA techniques to extract a small internal data structure and effectively reduce the size. 

The SVM algorithm is based on small data. Finally, we test the feasibility of the predictive 

model.. 

In [45] Zhiguo Dinga et al.  Provides an insulation property value chart to determine which 

property values are appropriate for a building's insulation tree. In community building, 
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community reduction strategies motivated by the principle of "more is better" are used to 

improve the resulting isolated forest. convergence with histogram-based class value selection 

and cluster reduction, which can improve cluster reduction prediction performance. Extensive 

experiments using 10 real data sets are underway to demonstrate the performance of the 

proposed SDP method. 

Compare the performance of the custom error estimator with that of the current model. It was 

piloted in 6 open source projects involving 222 developers. Current and standard error 

estimators are generated using two algorithms and tested against historical validation data as 

well as seven performance metrics and statistical tests. Our results show that custom templates 

(PMs) increase the recovery rate by 24% for 83% of developers, with a higher false positive rate 

for 77% of developers. Private messages are better for modders and many older developers. 

Conformity factors influence the effectiveness of most leaders and vary based on experience, 

scope, and past performance. 
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3. MATERIAL AND METHODS 

3.1 MACHINE LEARNING 

Learning method is a statistical method that uses system inputs and outputs to analyze 

relationships between data. If the relationship between input and output is reasonably assumed, 

the output can be calculated from known input values. From optimizing data flow to location-

based marketing, companies can create analytics applications to take advantage of data in a 

variety of ways. Converting data into information and knowledge is critical. Machine learning 

approach is defined as a learning process that can be automatically improved with experience. 

The knowledge gained from machine learning can be used to develop applications such as robot 

design, patient-centered care, and search engines relevant to user interests. Machine learning is 

a technique that allows computers to "learn" from specific data without the need for a detailed, 

detailed program for each problem. The goal is to model deep relationships in the input data and 

to determine the properties of the data. Learning outcomes can be used for assessment, 

prediction, and classification. Machine learning, a subset of artificial intelligence, generates 

mathematical models. The overall goal of machine learning is to identify patterns in data that 

indicate possible solutions to seemingly invisible problems. For example, in complex systems 

such as self-driving vehicles, computers “trained” to recognize “dangerous” situations must 

convert large amounts of sensor data into driving decisions [46]. One of the main advantages of 

machine learning is that machine learning algorithms can analyze large amounts of data and find 

patterns that may go unnoticed. Methods for finding patterns and trends in data are rapidly 

evolving with massive amounts of new data being collected and stored and more valuable 

computing power. This led to the machine learning phase. Machine learning originates from a 

branch of computer science, and it performs complex algorithms capable of processing big data 

to simplify model assumptions and discover useful decision rules based on information, 

statistics, and computer theory. Most real world phenomena are too complex to be directly 

modeled as I/O loops. Machine learning allows the automatic creation of mathematical models 

of these complex relationships by manipulating existing data and maximizing the key impact 

metrics associated with a problem. 4 The process of creating an automated model is called 

"learning", and the data used for training purposes is called "learning data". The learned model 
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provides new information about how well the input variables correspond to the output variables 

and can be used to predict new input values as well as training data. Machine learning is a 

research field devoted to the formal study of learning systems [47]. In addition, fraud detection, 

online intrusion detection, educational games such as chess, friendship or credit cards, medical 

diagnostics, system design recommendations and research using tools such as insurance and 

telephone companies, robots or unmanned cars. Engine or system information extraction These 

problems are solved using machine learning techniques. Machine learning systematically uses 

algorithms to synthesize key relationships between data and information. Machine learning 

algorithms can be divided into four groups according to the type of training. B. Unsupervised 

learning, supervised learning, partial supervision, and reinforcement learning. Classification is 

one of the most common decision-making problems in human behavior. Classification problems 

arise after classes are based on groups or sets of observable properties, where an object must be 

assigned to a predefined group or class associated with that object. That is, it is necessary to 

determine whether a particular sample belongs to a set of categories. One of the most common 

machine learning classification problems is to classify an unknown sample into one of the above 

classes. An important observation in classification is that the objective functions are different. 

In general, it is not possible to intentionally assign a number or other value to a class tag. In 

other words, properties of an evaluated class are categorical properties. 

Regression is the problem of estimating the true value of each element. Estimates of changes in 

education costs or economic variables are examples of regression. In contrast to classification 

problems where there is no concept of convergence between different classes, in regression, the 

penalty for wrong estimation usually depends on the magnitude of the difference between the 

actual and expected values. 
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Figure 3.1: Machine learning techniques. 

3.1.1 Unsupervised Learning 

In unsupervised learning, machine learning algorithms try to find data patterns in previously 

unnamed data sets. In this case, we focus on user behavior in relation to advertisements, such as 

b. Previous behaviour, ad demographics, 'characteristics', and backlink and click suggestions. 

Unstructured learning on the same platform can also be used to identify past consumer behavior 

patterns, rank consumers, and adjust ad serving accordingly. This learning is not continuous, so 

customer classes are recognized in terms of attributes rather than labels. Discrete learning does 

not contain response variables or labels, and the goal of discrete learning is to understand the 

main features of an observation. So unassociated learning attempts to learn certain data 

attributes and data distribution relationships. Therefore, an important application of uncorrelated 

learning is to analyze group and cluster sample data to extract insights [48]. 
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Figure 3.2: Unsupervised learning.  

A reduction in size means a reduction in the number of items available. Reduction techniques 

simplify the use of data, often removing noise and making other machine learning tasks more 

accurate. This is usually a pre-processing step that can be performed to clean up the data before 

applying it to other algorithms. Dimension reduction requires mapping higher-dimensional 

inputs to lower dimensions in order to map the same point in input space to a neighboring point 

in the manifold. Dimensionality reduction, i.e. reducing the number of dimensions/features, is 

one of the most important tasks when analyzing multidimensional data. The main motivations 

for performing size reduction:  

i. Calculation is faster with fewer features.  

ii. Time and labor savings can be achieved and forecast accuracy can be increased if non-

distinctive features are detected and removed.  

cluster; Group posts, reviews, or samples for classes with similar features. A set is a set of 

records that are similar to records in other sets and to records in other records. Grouping differs 

from sorting in that there is no target variable for grouping operations. The clustering activity 

does not attempt to classify, predict, or predict the value of the target variable. In contrast, 

clustering algorithms attempt to divide the database into homogeneous subgroups or clusters. 

Increase similarity to grouped records and decrease similarity to ungrouped records. 
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Clustering is more complex than associative classification because no labels are added to the 

clustering model. For the cartographic taxonomy, this tag is the index that links the data objects. 

When grouping, it's hard to tell which group a model belongs to because there are no labels. 

Cluster analysis finds "natural" groups by grouping "similar" objects based on certain similarity 

criteria. Sorting the data points by blood group results in more similarity between groups and 

less similarity between groups, as shown in Figure 3.3. 

 

Figure 3.3: Clustering. 

3.1.2 Supervised Learning  

Supervised learning requires learning a map among a set of key variable quantity and an 

production changing and using this map to calculate yields for hidden (outputs unknown) data. 

In traditional teacher-led learning, home is taught through multiple educational examples. Each 

training example has a label indicating the desired outcome of the event described in the 

example [47]. In classification problems, labels indicate the category to which the relevant 

sample belongs, while in regression they are. Temperature, altitude, price etc. Represents the 

actual output like. 
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Figure 3.4: Supervised learning. 

3.1.3 Semi-Supervised Learning  

Semi-Supervised Learning Semi-supervised learning is in the middle of supervised and 

unsupervised learning. In addition to the unlabeled data, some control information is provided 

to the algorithm, but this is not mandatory for all examples. Often, this information is targets/tags 

associated with some examples. In this case, the dataset 𝑋 = (𝑥𝑖)𝑖∈[𝑛], the points 𝑋𝑙 ≔ (𝑥1, … 

, 𝑥𝑙) for which the labels 𝑌𝑙 ≔ (𝑦1, … , 𝑦𝑙 ) are provided, and the label unknown 𝑋𝑢 ≔ (𝑥𝑙+1, 

… , 𝑥𝑙) +𝑢) points can be divided into two parts. 
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Figure 3.5: Semi-supervised learning. 

3.1.4 Artificial Neural Networks (ANN) 

The first study on the artificial neuron, which forms the basis of Artificial Neural Networks, was 

the work by McCulloch and Pitts (1943). They revealed that the model proposed in the study 

can be applied in a computable function using a limited number of neurons and adjustable 

synaptic weights. Artificial Neural Networks are the information processing process inspired by 

the processing processes of the structures of nerve cells such as the brain. The network expressed 

here refers to the correlation between neurons in various layers of the system. With ANN, which 

uses the optimization theory, meanings and trends that cannot be revealed by human eyes or 

other computer analyzes can be revealed by using complex or imprecise information. A trained 

ANN is seen as an expert on the subject to be analyzed. ANN gives successful results when 

applied in learning, optimization, classification, feature identification, association and 

generalization, which are functional features of the human brain. The main function of ANN is 

to provide machine learning. It has a different information processing process than the 

traditional transaction 29 processes, and the information on the connections of the network is 
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stored. It can produce effective results in patterns with missing information. They can learn and 

generalize over an event. It can only work with numerical information, symbolic information 

needs to be converted to numerical information [37]. 

 

Figure 3.6: Shadow neural network. 

 

Figure 3.7: Multilayer neural network. 
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ANNs are divided into supervised and unsupervised. It implements applications using 

unsupervised ANNs. With these methods, which are rarely used and learned from the data, the 

narrative is mostly explained in applications such as statistical, clustering, reference separation 

and compression. In supervised ANNs, however, they need use. The data is divided into test 

data and training data. The patterns learned from the training data are predicted and made in the 

test data. 

3.1.5 K-Nearest Neighborhood (KNN) 

KNN, which performs classification by calculating distance and proximity, is based on the 

assumption that objects that are close to each other have a high probability of belonging to the 

same class. It is known to which class all the data in the training set belong. Each test data that 

does not know which class it will be in is compared with the training data. Similar parts of the 

test data with the training data are called close neighbors, and labels of similar parts are checked. 

Here k units with the greatest similarity are determined. The number K is an integer and is 

usually set to less than 20. The class of the test data is determined by determining the most 

similar class among the k element classes with the highest similarity . 

 

Figure 3.8: KNN. 
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3.1.6 Random Forest (RF) 

It is a supervised machine learning method and is used in classification problems. It has a target 

variable defined. The decision trees that Morgan and Sonquist put forward in their work in 1963 

form the basis of their work. It is formed by the combination of more than one decision tree. It 

started to be used in classification processes with the regression and classification trees (CART) 

algorithm in Breiman's study in 1984. It can be used with both continuous and categorical 

variables. Inputs can be divided into two or more classes. Inputs are classified until each data 

cannot be separated into different classes. At each stage of this classification process, branches 

called nodes are formed. Regression and Gini Index are used to create nodes [48]. 

 

Figure 3.9: RF. 

3.1.7 Reinforced Learning 

Training data is only provided in return in the form of rewards and penalties for AI agents in a 

dynamic environment. improved learning; Robotics is a powerful tool for training artificial 

intelligence models that can help optimize operational efficiency or increase the automation of 

complex systems such as autonomous driving, manufacturing and supply chain logistics, but 
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can also be used to directly solve or exploit fundamental problems. . Reinforcement learning 

works when the desired behavior pattern is not available, but behavior patterns can be evaluated 

against certain performance criteria. For example, cell phone users find it difficult to get a good 

signal in areas with poor network coverage. We can think of this easy support learning difficulty 

as an optimization of an undiscovered prize event 𝑅. For a spot 𝑥 in the realm, 𝑅 (𝑥) is the 

incentive that can be achieved for that place (e.g. phone signal strength). The goal of 

reinforcement learning is to determine the position 𝑥∗ that yields the maximum reward 𝑅(𝑥∗). 

Neither the 𝑅 reinforcement learning system nor the training examples are provided. Instead, 

we can choose 𝑥 and see the result 𝑅(𝑥). 

 

Figure 3.10: Reinforcement learning. 

3.2 PROPOSED METHOD 

In this study, new method based KNN, and parameter optimization techniques presented in the 

field of software defect prediction. The proposed method applied ensemble learning with KNN 

based Gridsearch to present new model for software defect detection. The proposed method 

consists from several steps to analyses the datasets by training and testing stages.  

i. Start the simulation that written using Jupyter notebook. The proposed method 

executed using Jupyter notebook with python language. The aim of using these tools 

because of these tools are easy to use and installation.  
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ii. Read datasets that are used in this study, for example in this research three datasets 

used CM1, JM1, and PC1. These datasets are contain the features that can train the 

classifier to detect bugs (defects) in the software projects.  

iii. The dataset divided into train and test which is main steps to develop high quality 

performance models.  

iv. Train the KNN by using the training section of the dataset. And the GridSearch 

optimize the structure of the KNN to present best performance.  

v. After the best structure parameters selected by the GridSearch than the test stage started 

to evaluate and test the performance of the model. This section mathematically 

represented as shown in equation 3.1. 

                                                                Euclidean √∑ (𝑥𝑖−𝑦𝑖)2𝑘
𝑖=1                                                                (3.1)                                        

                                                              Manhattan  ∑ |𝑥𝑖 − 𝑦𝑖  |
𝑘
𝑖=1                                                                 (3.2)                                                                                      

                                                                    Minkowski   (∑ (|𝑥𝑖 − 𝑦𝑖  |)𝑞𝑘
𝑖=1 )

1
𝑞⁄
                                                (3.3)                                                                 

These, equation explained the calculating the KNN classifier by calculating the distance 

between the test point and the example. The 𝑦𝑖 represented each feature point in the example 

dataset. the 𝑥𝑖 represented the feature point in the test data. After the finding nearest points to 

the tested case the K number selected and the class type of the example estimated according to 

the nearest examples.  

vi. In training  and testing sections four classifiers in addition to our method is also trained 

and tested to find the best model.  

vii. The accuracy of the models calculated. 

viii. Unsupervised LearningThe execution complete after the results presented.  
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 Figure 3.11: Proposed method. 
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4. EXPERIMENTS AND DISSCUSION  

4.1 DATASETS 

Datasets are the name given to the structures in which raw data about a subject is stored. The 

data sets that everyone can easily access are increasing day by day. This includes datasets 

created for software error estimation. One of them is the publicly available PROMISE dataset 

owned by space explorer NASA. In this study, CM1, JM1, and PC1 datasets from the PROMISE 

dataset were used [40]. 

4.2 CODE EXECUTION OF CM1 

In this section several techniques applied with various dataset. The aim of this section is to 

execute the code with various technique to obtain results as shown below scripts:  

In the first stage, the CM1 dataset read, and the features of the dataset presented as shown in the 

figure 4.1.  

 

Figure 4.1: CM1 dataset. 

In the second stage, the dataset separates to the target and features as shown in the figure 4.2.  
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Figure 4.2: CM1 features and target. 

The first classifier applied to classify is the SVM and presented 91% accuracy which is suitable 

when compared with other studies.  

 

Figure 4.3: SVM with CM1. 

The decision tree is the second classifier applied to detect the defects of the software in the CM1 

dataset. the script of this technique presented in the 4.4.  

 

Figure 4.4: DT with CM1. 

Furthermore, the RF applied to classify the same datasets CM1 as shown in the figure 4.5.  

 

Figure 4.5: RF with CM1. 

Moreever, the naïve bayes classifier also applied to software defect detection as shown in the 

4.6.  
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Figure 4.6: Naïve bayes classifier with CM1. 

 

Figure 4.7: Adaboost classifier with CM1. 

Then, the KNN based Gridsearch applied to detect software defects as shown in the scripts 4.8. 

and figure 4.9. 

 

Figure 4.8: KNN classifier with CM1. 

 

Figure 4.9: KNN based gridsearch classifier with CM1. 

The results of all classifiers based the CM1 dataset presented in the figure 4.10.  
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Figure 4.10: Classifier results with CM1. 

4.3 CODE EXECUTION OF JM1 

In this section several techniques applied with various dataset. The aim of this section is to 

execute the code with various technique to obtain results as shown below scripts:  

In the first stage, the CM1 dataset read, and the features of the dataset presented as shown in the 

figure 4.11.  

 

Figure 4.11: JM1 dataset. 
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In the second stage, the dataset separates to the target and features as shown in the figure 4.12.  

 

Figure 4.12: JM1 features and target 

The first classifier applied to classify is the SVM and presented 91% accuracy which is suitable 

when compared with other studies.  

 

Figure 4.13: SVM with JM1. 

The decision tree is the second classifier applied to detect the defects of the software in the CM1 

dataset. the script of this technique presented in the 4.14.  

 

Figure 4.14: DT with JM1. 

Furthermore, the RF applied to classify the same datasets CM1 as shown in the figure 4.15.  

 

Figure 4.15: RF with JM1. 
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Moreever, the naïve bayes classifier also applied to software defect detection as shown in the 

4.16.  

 

Figure 4.16: Naïve bayes classifier with JM1. 

 

Figure 4.17: Adaboost classifier with JM1. 

Then, the KNN based Gridsearch applied to detect software defects as shown in the scripts 4.18. 

and figure 4.19. 

 

Figure 4.18: KNN classifier with JM1. 

 

Figure 4.19: KNN based gridsearch classifier with JM1. 
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Figure 4.20: Classifier results with JM1. 

4.4 CODE EXECUTION OF PC1 

In this section several techniques applied with various dataset. The aim of this section is to 

execute the code with various technique to obtain results as shown below scripts:  

In the first stage, the PC1 dataset read, and the features of the dataset presented as shown in the 

figure 4.21.  

 

Figure 4.21: PC1 dataset. 
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In the second stage, the dataset separates to the target and features as shown in the figure 4.22.  

 

Figure 4.22: PC1 features and target. 

The first classifier applied to classify is the SVM and presented 91% accuracy which is suitable 

when compared with other studies.  

 

Figure 4.23: SVM with JM1. 

The decision tree is the second classifier applied to detect the defects of the software in the PC1 

dataset. the script of this technique presented in the 4.24.  

 

Figure 4.24: DT with PC1. 

Furthermore, the RF applied to classify the same datasets CM1 as shown in the figure 4.24.  

 

Figure 4.25: RF with PC1. 
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Moreever, the naïve bayes classifier also applied to software defect detection as shown in the 

4.26.  

 

Figure 4.26: Naïve bayes classifier with PC1. 

 

Figure 4.27: Adaboost classifier with PC1. 

Then, the KNN based Gridsearch applied to detect software defects as shown in the scripts 4.28. 

and figure 4.28. 

 

Figure 4.28: KNN classifier with PC1. 

 

Figure 4.29: KNN based gridsearch classifier with PC1. 
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Figure 4.30: Classifier results with PC1. 

When analyzing the three datasets show that the proposed method presented suitable results 

when compared with previous studies. In CM1 dataset the proposed method presented best 

results than other with more than 90%. In JM1 dataset the all datasets presented low 

classification rate according to the first dataset. The accuracy rate of  the dataset with all 

classifiers and our method vary between 70%-81% accuracies. The proposed method presented 

little bit low results from random forest. On the other hand, in the last dataset the proposed 

method also presented highest results with the random forest. The KNN is effective with low 

number of dataset and can learn easily and fast. The GridSearch technique is assist the classifier 

to enhance its classification rate compared with classic KNN.  
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5. CONCLUSION 

Software defect prediction is one of the most important processes in software engineering. 

Accurate evaluation of bugs in software (especially its modules) is critical to creating bug-free 

software or software with as few bugs as possible. By using appropriate predictive models, 

software managers can improve the productivity of their employees. It can spend more time not 

only on testing, but also on maintaining software systems. Thus, the costs will be at a higher 

level.  

In this study, several classifiers applied to detect software defects and the results compared to 

select best classifier. In the second part of the applications in the thesis study, the performance 

of 6 machine learning algorithms in Python language in Jupyter  environment on NASA datasets 

and experimental datasets was evaluated. In this study the K nearest  Neighbor algorıthm (KNN) 

method is a non-parametric classification and regression algorithm. Their ease of use and simple 

mathematical rationale generalize the use of predictive models in many other areas. It is based 

on the idea that the outcome of a case is the same as the outcome of the next case. Using a 

training set based on past observations, determine the dependent variable resulting from each 

item (observation) in the data set. The estimate of the future prediction is the average of the 

results of the current case compared to the results of subsequent elements in the training sample. 

Generally, the nearest observation is defined as the smallest Euclidean distance from the data 

point in question. The parameters of the KNN estimated using GridSearch to obtain best results. 

The obtained results vary between 81%-94% which is best of other classifiers.  

In the future works, the researcher can used real datasets to evaluate the proposed method or the 

researcher can present new datasets as new academic studies.  Furthermore, ensemble deep 

learning techniques also can apply as new study. The using several deep learning techniques 

such as deep belief network, deep sparse autoencoders, deep convolutional neural network, and 

deep recurrent network, long short-term memory, all these techniques can applied in one study 

to present new robust model that present best classification rate. Furthermore, feature selection 

techniques such as k mean and PCA applied to enhance the performance of the classifier to 

obtain best model that obtain maximum accuracy with low processing time.  
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