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ABSTRACT

Various researchers tried to develop methods of software defect prediction through applying
different machine learning algorithms. However, the performance of those techniques on most
publically available defect datasets is far from satisfactory. This is because of defect datasets
which mostly are affected by two main problems such as high feature dimensionality and class
imbalance. Five AEEEM projects of software defect datasets namely EQ, JDT, LC, ML and
PDE are used in this research and affected by high feature dimensionality and class imbalance
problem. To solve these problems, in this research proposed software defect prediction models
using seven ensemble machine learning algorithms such as AdaBoost, GB, XGBoost, RF, ET,
Bagging and Stacking with base classifier. And three feature selection methods namely CFS,
SFS and CO for solving problem of high feature dimensionality and SMOTE data balancing
technique to handle class imbalance problem are first used as part of preprocessing methods
before implementing the above models. The experiment is performed and evaluated on 10- folds
cross validation with performance metrics such as accuracy, recall, precision, F-measure and
AUC. Results indicate that CO feature selection with ET ensemble learning algorithm is
outperforming as compared to other models on all five datasets. The accuracy results are 93.1
%, 96.3 %, 99.2%, 98.2% and 97.8% for EQ, JDT, LC, ML and PDE data sets respectively.
Additionally, other performance metrics have also demonstrated more than 91% for all
datasets. Therefore, ET with CO model is recommended for software defect prediction model

that classify software modules as defect or non-defect.

Keywords: Software Defect Prediction, Ensemble Machine Learning, Extra tree(ET), Feature
Selection, Correlation Filter(CO), SMOTE
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CHAPTER ONE

1. INTRODUCTION
1.1. Background of Study

In the twenty-one century, science and technology have grown rapidly in every aspects of human
life and the life of human being become easy and supported by different technologies (Wan &
Bi, 2019). As technology supports our day to day activities, several problems may face human
being in different ways. To solve that problem and facilitate the process of life software is very
important. Software is most crucial technology that used to solve problems of societies which
prevail in different aspects of life and it is developed by using software engineering discipline

with different frameworks and languages.

Software engineering is a discipline which used to develop different types of software through
software development life cycle process and methods. As software is contributing in daily
activities of people, the number of software is increasing. This development procedure should
follow discipline of software engineering. That means software development process should be
controlled and monitored to obtain quality software at a lower cost. To perform this, it is better
to follow the method of Software Quality Assurance (SQA). SQA includes code walkthroughs,
software testing, code inspection, and software defect prediction(Adrion et al., 1982; Johnson
& Malek, 1988; Santosh S. Rathore & Kumar, 2019).

During development of software, software companies and software developers are facing
challenges of software product by software defect problem as a part of process. Software defect
is an error, flaw, fault, or bug in a system or source code that causes incorrect outcomes and this
bug might happen for the reason of fault in the requirements, design or source code. This
challenge affects functionalities of developed software and also confront when using software
product. The problem also goes to the work of software testing which is to be performed at later
stage though it is probable to clearly identify faults and generally, if identified, it will have
significant effect on software quality, reliability and maintenance cost(Rawat & Dubey, 2012).
If the faults happen on the testing stage, software development needs additional budget cost to

fix the problem and this problem reduce software quality. This impact will make improper cost



and budget utilization of software development. And to deliver quality software for software
users, testing software has got attention from tester and developer and this testing become hot
topic and fast growing area. However, as software become complex and large the methods of
controlling, managing, fixing, reducing and testing a defect of software are difficult (Alsawalgah
et al., 2020). Therefore, controlling the defect during any phase of software development life
cycle and early detection will support software developers, testers and software companies and
deliver quality software(Rawat & Dubey, 2012). This task is performing by software fault
prediction (Alsawalgah et al., 2020; Mehta, 2021).

Software Fault Prediction is one of the most supporting activities of the Testing Phase of SDLC.
It is an important approach to minimize software development and maintenance costs, and it is
a technique purposed to enhance software quality and testing efficiency by preparing timely
detection of fault-prone software modules before the actual testing process starts(Alsawalgah et
al., 2020; Rawat & Dubey, 2012). In this software fault detection mechanism, software metrics
are used as input to describe property of specific software modules and it represented by
quantitative form to identify defective software(Mishra & Catal, 2018; Shatnawi & Li, 2008).
Based on Software Bug Prediction, several researchers have studied different techniques to build
and evaluate several software fault prediction model using classification, regression,
unsupervised method and soon. The methods of fault prediction model that several researchers
had used are common, which can be categorized into three namely binary class classification of
fault(Alsawalgah et al., 2017, 2020; Zhan Li & Reformat, 2007; Mendes-Moreira et al., 2012;
Santosh S. Rathore & Kumar, 2019; Vandecruys et al., 2008), number of bug/fault density
prediction(Santosh S. Rathore & Kumar, 2015, 2017, 2019; Santosh Singh Rathore & Kuamr,
2016; Santosh Singh Rathore & Kumar, 2017) and severity of bug prediction(Sandhu et al.,
2011; Shatnawi & Li, 2008). From them, mostly used types of prediction scheme is binary class
classification, where software modules having one or more faults are distinguished as faulted
and modules having zero faults are distinguished as non-faulted.

In this type of bug prediction scheme, most researchers have discovered and used supervised
approaches such as ensemble methods(Alsawalgah et al., 2017; Huda et al., 2018; Jiang et al.,
2008; Sun et al., n.d.), Decision Tree (DT)(Koprinska et al., 2007), Support Vector Machine
(SVM)(Elish & Elish, 2008), Naive Bayes (NB)(Menzies et al., 2007), Random Forest, Neural
Network, Logistic Regression(Dhiauddin et al., 2012). There are also unsupervised techniques



which have been studied in this bug prediction scheme such as Fuzzy clustering(Yuan & Allen,
2000) and K-means clustering(Catal et al., 2009). Semi supervised techniques have been also
studied such as Expectation Maximization (EM)(Seliya & Khoshgoftaar, 2007). However, all
above mentioned approaches are far from satisfactory performance in classifying defects in the
datasets that means by range their accuracy is appeared between 70% and 90% (Alsawalgah et
al., 2020; Santosh S. Rathore & Kumar, 2019; Zhou et al., 2019). By different approaches NASA
datasets obtained 90% accuracy performance in average (Mehta, 2021; Zhou et al., 2019),
PROMISE datasets obtained 80% accuracy performance in average (Zhou et al., 2019), AEEEM
datasets obtained 86% accuracy performance in average (A. O. Balogun et al., 2020; Zhou et
al., 2019) and Relink datasets obtained 75% accuracy performance in average (Zhou et al.,
2019).

Recently most of review studies that in the area of software fault prediction have used ensembles
learning to suit more effective and better prediction performance(Aljamaan, 2020; Matloob et
al., 2021). The researcher in (Alsawalgah et al., 2017) applied supervised ensemble classifier
such as Random Forest, Bagging and Ada boost with basic classifier such as Multilayer
Perceptron (MLP), C4.5 Decision Trees and Naive Bayes (NB) on NASA and PROMISE
datasets projects and the results show that Adaboost with C4.5 DT is outperform others. The
researcher in (Zhou et al., 2019) applied supervised ensemble and deep learning such as Cascade
Deep Forest (DPDF is a combination of ensemble and deep learning) on 25 software projects of
NASA, PROMISE, AEEEM, Relink datasets and the results show that DPDF is good
performance with other comparison. The researcher in (Aljamaan, 2020) applied supervised
ensembles classifier that based on the tree such as Random Forest(RF), Extra Trees(ET),
Adaptive Boost(AdaBoost), Categorical Boosting(CatBoost), Extreme Gradient Boosting
(XGBoost), Gradient Boosting(GB) and Histogram based Gradient Boosting(HGB) on NASA
software projects datasets and the results show that RF and ET algorithms are outperform others.
The researcher in (Mehta, 2021) applied Ensemble Learning such as Random Forest, Extra Tree,
Adaptive Boost, Stacking, XGBoosting, and Bagging on NASA software projects datasets and
the results show that XGBoost and Stacking outperform others. The researcher in (Esteves et
al., 2020) applied Ensembles such as XGBoosting and Random Forest and another supervised
on PROMISE datasets and the results show that XGBoost is good performance with other

comparison.



Most publicly available software defect datasets are affected by two main problems such as high
feature dimensionality and class imbalance problem (Aljamaan, 2020; Mehta, 2021; Zhou et al.,
2019). In high feature dimensionality problem, some features of a datasets are less significant
in fault decision and reduce accuracy of the model (A. O. Balogun et al., 2020; Zhou et al.,
2019) from datasets more than 50% faults are found in 20% of the features(components)
(Aljamaan, 2020), feature selection technique can solve this problem by identifying most
relevant set of features and extract irrelevant set of features and in imbalance class distribution
problem, the number of defect class instances of a datasets are very few in ratio when compare
with non-defect class ratio that needs further solution in software fault prediction
model(Aljamaan, 2020; Zhou et al., 2019), class balancing technique are solved imbalance
problem. These two problems affect performance of ensemble machine learning classifier.
However, the best technique of solving current software defect prediction problems such as high
feature dimensionality and class imbalance are not combined with best algorithms. This means
that publicly available software defect datasets are impacted by high features dimensionality
and the technique of identifying best set of features with different ensemble algorithms with
effective performance will not be extensively covered. Moreover, class balancing to solve a
biased classification problem for classifying bad instances well, were not explored more. When
software system evolving from one version to another version, building defect prediction model
using only code metrics is a another problem (Santosh S. Rathore & Kumar, 2019) this means
in versions evolving if changes metrics between a versions, previous defect metrics and other
versions updating metrics are not included in input of software defect prediction model and
using only code metrics as the input/predictors of software defect prediction model that predict
future defect, so that the prediction model is not correctly identify the defect modules and the
model performance is low. Additionally, the prediction accuracy of fault prediction approach
on software defect datasets of other individual(base) classifier of machine learning algorithms
are low, with a high misclassification rate(Alsawalgah et al., 2020; Santosh S. Rathore &
Kumar, 2019; Santosh S Rathore & Kumar, 2021).

Therefore, this research work propose software defect prediction approach that uses different
types of ensemble algorithms with different types of base classifiers which increase performance
of prediction methods with SMOTE class balancing methods and extensive features selection

mechanisms as preprocessing stage on AEEEM project datasets of software defect to solve the



main problems of software defect datasets such as high dimensionality by identifying attributes
strongly decide the fault and class imbalance by minimizing bias. And the model performance
is compared and tested by cross validation and the proposed software defect prediction model

is used to classify software modules into defect and non-defect.

1.2. Motivation of the Study

As the software is contributing to the daily activities of human being, the number of software
components and versions are increasing with it to keep the customer or user satisfaction by
adding new functionality and characteristics. The software metrics computed by concerning
versions evolving of software system are large in number and leading to high feature
dimensionality problem in case some features are less significant in fault decision. And this
problem is causes poor performance on software defect prediction models(A. O. Balogun et al.,
2020; Zhou et al., 2019). Therefore, solving high feature dimensionality problem specially exists
on AEEEM datasets using different feature selection technique and improving software defect
prediction performance is motivated me. Additionally, AEEEM software defect datasets which
has high feature dimensionality problem is also affected by class imbalance problem in case of
the number of defect class instances of a datasets are very few in ratio when compare with non-
defect class ratio (Zhou et al., 2019) and this problem causes biased the classification of software
defect prediction model and to solve this problem by using class balancing technique and
perfectly classify software modules into defect or non- defect is also motivated me. Generally,
above two mentioned, problem is the current problem of software defect prediction which giving
bad performance and solving both problems and building improved performance model is
another reason that motivated me to propose this research.

1.3. Statement of the Problem

In the development of software, the defects or faults may happen in different stages of the
software development life cycle. When developed software is tested if the defect happens at the
later stage of software it is very more expensive and difficult to maintain. Also when the defect
is undetected in developed software and delivered to the user, the defect dissatisfies the customer
or user and brings economic failures. Therefore, to produce quality software early detection of
defects is very important before the testing phase begins. This means in any stage of software
development the fault is detected and managed to minimize development and maintenance costs
and then improve software quality. So, this timely detection fault is performed by the software
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defect prediction approach. The software bug prediction approach is a model that classifies
software modules into fault and non-fault. This approach is studied by several researchers using
several techniques. However, still publicly available software defect datasets have two main
problems such as high feature dimensionality and class imbalance problem(Aljamaan, 2020;
Mehta, 2021; Zhou et al., 2019) because of these two problems, software defect prediction
models are giving a poor performance. The best technique for solving those current software
defect prediction problems such as high feature dimensionality and class imbalance is not
combined with the best algorithms. This means that publicly available software defect datasets
are impacted by high feature dimensionality and the technique of identifying the best set of
features is not combined with the best ensemble algorithms that produce effective performance.
Moreover, the class balancing technique that solves a biased classification problem for
classifying bad instances well is not combined with the best ensemble algorithms. When a
software system evolves from one version to another version, software metrics computed from
two or more version of software projects includes source code metrics and change metrics
between version and previous defects. In the case of publicly available datasets, many
researchers use fixed faults that are provided from only source code metrics but when software
systems evolve from one version to another version, building a defect prediction model using
only code metrics is another problem (Santosh S. Rathore & Kumar, 2019) this means in
versions evolving if changes metrics between versions, previous defect metrics and other
versions updating metrics are not included in the input of software defect prediction model and
using only code metrics as the input/predictors of software defect prediction model that predict
future defect so that the prediction model does not correctly identify the defect modules and the
model performance is low. Additionally, the prediction accuracy of the fault prediction approach
on software defect datasets of another individual (base) classifier of machine learning
algorithms is low, with a high misclassification rate(Alsawalgah et al., 2020; Santosh S. Rathore
& Kumar, 2019; Santosh S Rathore & Kumar, 2021).

Therefore, this research work proposes a software defect prediction approach that uses different
types of ensemble algorithms with different types of base classifiers which increases the
performance of prediction methods with SMOTE class balancing methods and extensive
features selection mechanisms as preprocessing stage on the AEEEM project datasets of a
software defect.



Here are the problems that are going to be addressed in this paper

>

>
>
>

Y VvV

Building defect prediction using evolving version of the software system

Identifying attributes strongly decides the fault by using different feature selection
Reduce biased training of imbalanced classes by using the class balancing technique
Identify effective ensembles algorithms on version-changing software systems like the
AEEEM project

Perform different base classifiers on ensembles and identify the best performance
Building the model of data integrated from different software defect datasets and

carrying out its performances.

1.4. Research Questions

This study is planned to obtain an answer to the following four research questions.

>

>

>

>

RQ1. Is SMOTE data balancing technique improve software defect prediction
performance?

RQ2. Which feature selection technique is best for software fault
classification/prediction model?

RQ3. What is the best set of features for software fault classification on software defect
datasets?

RQ4. Which machine learning algorithms are best for software defect

classification/prediction with optimal performance?

1.5. Objectives of the Study

1.5.1. General Objective
The general purpose of this study is to build a model that can detect software defect using

ensemble machine learning technique.

1.5.2. Specific Objectives

The following specific objectives are achieved to address the general objective of the study.

» Review different kinds of literature on software defects, techniques of software defect

analysis, and behaviors including ensembles machine learning algorithms with different

base classifiers and optimization principles



» Apply methods of pre-processing to clean and normalize the datasets to make it
appropriate for analysis work.

» Solve class imbalance problem that exist on software defect datasets by using balancing
techniques

» ldentify feature selection methods that determine relevant set of features in software
defect datasets for software defect prediction

» To analyze the structure and behavior of datasets after preprocessing to identify faults
and non-faults.

» Develop necessary ensembles machine learning algorithms using evolving version of
software system datasets through assigning different effective base classifier to realize
the proposed model as a solution

» To evaluate the performance of the designed model and put necessary recommendations
and suggestions useful for research works.

» To improve software defect prediction performance.

» Carry out and analysis the performance of software defect prediction models on data

integrated from different software defect datasets.

1.6. Scope and Limitations of the Study
1.6.1. Scope of the Study

The scope of this study is to predict fault of software modules that exist in the datasets of version
changing software systems like AEEEM project by using different types of ensembles machine
learning algorithms with different effective base classifier with k-fold cross validation model
evaluation, and SMOTE class balancing methods and extensive features selection mechanisms
as preprocessing stage. And the datasets of AEEEM project have software metrics of two or
more version of software projects that concern version evolution metrics like source code

metrics, change metrics between version and previous defects metrics and soon.

1.6.2. Limitations of the Study
This research work will be delimited itself to the scope mentioned because of limited time as
well as absence of sufficient financial support. The time as well as financial offer given to this
research work is not that much enough. For this reason, this study does not include all publically
available software defect datasets and also it does not include software defect prediction model
concerning cross/heterogeneous software defect projects.
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1.7. Application of Results
The research result may be applied to the following area:

» Software companies can use this work for testing and development purpose

» Developers and testers of software can use this work to minimize the cost of

development and maintenance. It also helps them deliver software products timely

» Researchers or scholars can use this work for further reference.
1.8. Organization of the Thesis
In this section, the organization of the whole thesis report which includes seven chapters is
indicated as follows.
Chapter One: describes the introductory part of this study including background and
motivation behind this study, statement of the problem that this research going to address,
research questions to be answered, objectives to be achieved, scope and limitations of the study
and its application area.
Chapter Two: define and discusses the theoretical background of a software defects, definition
of software defects from researcher, method of modules classification, software metrics,
machine learning, machine learning in software engineering, feature selection, literature related
to software defect prediction using ensemble machine learning algorithm.
Chapter Three: demonstrates the source of data and datasets description, software metrics
exists in AEEEM projects dataset, various data preprocessing steps including feature selection
and data balancing technique, and identifying machine learning models used to construct
software fault/defect prediction model, including model evaluations are stated to achieve the
goal of this research.
Chapter Four: describes the proposed architecture for software defect prediction. In this
section, the ensemble machine learning model architecture for software defect prediction is
designed. How to achieve the proposed solution, prototyping, and how it works is also fully
stated?
Chapter Five: describes all about the hardware used in this study, the working environment,
experimental tools, dataset feature description and implementation of dataset preprocessing,
feature selection, data balancing and building machine learning models are implemented. In

addition to that, model testing and evaluation implementation is also done.



Chapter Six: describes the obtained results from experimentation and implementation that
means dataset preprocessing result, feature selection result, data balancing results and models
evaluation results were discussed in detail for all selected ensemble machine learning models
with selected feature selections for comparison to figure out the most performing model.

Chapter Seven: is the final chapter that concludes this thesis report, then the recommendation

and future research direction of this study are clearly stated.
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CHAPTER TWO

2. LITERATURE REVIEW AND RELATED WORKS

This chapter reviews relevant literature to further comprehend and investigate the research
problem. This review is concerned about definition of software defects, the reason of software
bugs, software metrics, existing techniques used to predict software defect, and related works
studied on the problem.

2.1. Software Defects

During the process of software testing, researchers are unable to recognize the difference
between software failures, errors, defects, faults, mistakes, wrong, bugs and flaw. To have a
wider view of what software defect is, definitions stated and cited by different researchers and
sources are compiled and provided below.

2.1.1. Definition of software defects from researchers

e Definition 1: Software defect is an error, flaw, fault, mistake, failure or bug in a system or
source code that causes incorrect outcomes. Software defects are a software bug that might
happen for the reason of fault in the requirements, design or source code. That affect
software reliability and software quality(Rawat & Dubey, 2012).

o Definition 2: Software defect elaborates the flaw or failure status that happens at the system
or program level which causes to incorrect results or outputs and unexpected process and
allows the software to act in an unplanned way(LEVENDAL, 1990).

e Definition 3: Software defect is unintended result of software project that exist during
deployment which losses huge product(Zhou et al., 2019).

e Definition 4: Software defect is a fault caused by incorrect specification, wrong logic of
programming and absence of testing skills in developed software(Alsawalgah et al., 2017).

e Definition 5: Software fault is an error happened on software product due to incorrect
requirement specification and unsuitable configuration development that consequences
security polices violation(Abaei & Selamat, 2014).

2.1.2. Method of modules classification

The researchers classify modules/instances of software in three method of categories: binary

class classification of fault(Alsawalqgah et al., 2017, 2020; Zhan Li & Reformat, 2007; Mendes-

Moreira et al., 2012; Santosh S. Rathore & Kumar, 2019; Vandecruys et al., 2008), number of
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bug/fault density prediction(Santosh S. Rathore & Kumar, 2015, 2017, 2019; Santosh Singh
Rathore & Kuamr, 2016; Santosh Singh Rathore & Kumar, 2017) and severity of bug
prediction(Sandhu et al., 2011; Shatnawi & Li, 2008).
From them, mostly used types of classification scheme is binary class classification, where
software modules having one or more faults are distinguished as faulted and modules having
zero faults are distinguished as non-faulted.
2.2. Software Metrics
Software metrics has been used to describe the complexity of the program and, to estimate
software development time. Software metrics explain quantitative measurements of the software
product or its specifications(Rawat & Dubey, 2012). These activities scope concern quantitative
representation of source code properties up to model representation that used to predict quality
of software and resources requirement of software. The concept also contain quality assurance
and management represent by quantitative form that deal with controlling, recording, reducing
and managing the defect during any phase of software development life cycle and testing(Fenton
& Neil, 2000). In simple, software metrics are quantitatively measurement of software features
that needed to measuring the performance of software system, measuring productivity,
estimating the cost, planning work items, estimating software quality, detecting fault in
code(Mehta, 2021).
Software metrics are used as input in software fault detection mechanism and build fault
prediction model to identify defective and non-defective software modules and preparing timely
detection of fault-prone software modules before the actual testing process starts to enhance
software quality. This software metrics are categorized into two major group that are process
metrics and product metrics. However, some metrics are used as both process metrics and
product metrics(Santosh S. Rathore & Kumar, 2019).

2.2.1. Product Metrics
Product metrics are a group of software metrics that are calculated from different characteristics
of developed software project which are used to check software product as it is confirms norms
of 1SO-9126 standard. This product metrics are categorized into object-oriented, traditional and
dynamic metrics.
A. Object-Oriented (OO) metrics: mainly include metrics measurement of software project that

developed by object oriented paradigm. Object-Oriented (OO) metrics are include software
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product developed by Object Oriented characteristics and this OO metrics proposed by
Chidamber and Kemerer(CK) and other researchers but most popular OO metrics are CK
metrics suite. CK metrics suite includes Lack of Cohesion in Methods, coupling between
Obiject class, Response for a Class, Number of Children, Depth of Inheritance Tree and
Weighted Method Count(Mehta, 2021; Mishra & Catal, 2018; Santosh S. Rathore & Kumar,
2019). Also other OO metrics are such as number of line code, Number of other classes that
reference the class, Number of other classes referenced by the class, Number of attributes,
Number of public attributes, Number of private attributes, Number of attributes inherited,
Number of methods, Number of public methods, Number of private methods and Number
of methods inherited(Ambros & Lanza, 2010).

. Traditional metrics: are a metrics mainly calculate software complexity and functional size.
This traditional metrics includes Size metrics like, Halstead metrics, Quality metrics and
System complexity metrics like McCabe Complexity, Structural complexity and Cyclomatic
Complexity(Mehta, 2021; Mishra & Catal, 2018; Santosh S. Rathore & Kumar, 2019).

. Dynamic metrics: are a metrics collected and measured from executing program and
components. Dynamic metrics are opposite of static metrics that are measured from non-
executing components. Dynamic metrics are include Yacoub metrics suite like Import
Object Coupling and Export Object Coupling and Mitchell metrics suite like Degree of
dynamic coupling between two classes at runtime, Dynamic CBO for a class and etc.
(Santosh S. Rathore & Kumar, 2019).

2.2.2. Process Metrics

Process metrics are a group of software metrics that are calculated during software development

life cycle. This metrics concern everything on software development process. This metrics

includes Change metrics, Code churn metrics, Code delta metrics, Developer metrics, Network

metrics and Requirement metrics(Santosh S. Rathore & Kumar, 2019).

Above all mentioned software metrics are used in different methods by different researchers in

different software defect prediction approaches to enhance efficiency of prediction model.

(Moser, 2008) Compared two set of metrics that used for defect predictor. They have chosen

one set of process related metrics called change metrics and one set of product related metrics

called code metrics to classify java file of eclipse project whether defective or non-defective. In

here, they used only 31 code metrics were used by originator researcher and 18 change metrics
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extracted from versioning system of CVS eclipse project repository with annotation of original
dataset. After performed experiment they identified that change metrics are more efficient than
code metrics in bug prediction at file level.

(Hassan, 2009) compare and predict occurrence of bugs in software system using predictors of
entropy(complexity) of change metrics and historical predictor such as prior modification and
prior defects. The result shows that complexity change metrics are better predictor of defect than
historical predictor by using change history of six project data.

(Ambros & Lanza, 2010) proposed novel approaches and prepare large cover comparison of
defect prediction techniques which uses earlier metrics proposed by different researchers in
error prediction approaches together with new software metrics computed by novel approaches
by using public benchmark of five software system datasets of eclipse and apache that used for
defect prediction.

In this approach defects predict work is on the class level not on the package level or subsystem
level. Hence, for a given release of software system it has a date of released and the work is to
predict the number of post release bugs of every class of released version of the software system
from time of released up to six months after released. For all software system they provide
extracted data from change versioning log, the bug extracted from bug repository and bi-weekly
version of the system in the form of object oriented because all software has written in java.
Based on five software system dataset as a benchmark they used combination of 17 Source code
metrics of CK (Chidamber and Kemerer) and other OO (Object Oriented) metrics, 5 previous
defects, 5 Entropy of change metrics proposed by (Hassan, 2009), and their own novel
approaches namely Churn of Source code metrics and Entropy of Source code metrics to predict
number of post release defects. By two their own novel approaches they proposed 17 Churn of
Source code metrics and 17 Entropy of Source code metrics by calculating from source code
metrics for prediction number of post release defects.

They concluded that experimental results of two novel approaches that they proposed namely
LDHH (Linearly Decayed Entropy of source code metrics) and WCHU (Weighted Churn of
source code metrics) are obtained optimal performing approach. Additionally, combination
metrics of CK+0O, past bug fixes, LDHH, WCHU are obtained very good performance on all
five datasets as the whole. And also source code metrics and past defects are simple possibility
with whole good performance.
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Many other researcher of fault prediction techniques used metrics proposed by Chidamber and
Kemerer suite like wmc, dit, rfc, noc and etc. (Ambros & Lanza, 2010; Santosh S. Rathore &
Kumar, 2019) and others use other Object Oriented metrics like fanout, fanin, noa, nopa, loc,
nom and etc. Some researcher use combination of Chidamber and Kemerer with other Object-
Oriented Metrics. And also most of the time several researchers use Line of Code (LOC) metrics
because of this metric is optimal in bug prediction (Ambros & Lanza, 2010).
2.3. Machine Learning
Machine learning is an Al (artificial intelligence) application that allows computers to learn and
advance on their own without having to be programmed explicitly. Machine learning allows
computer programs to access data and utilize it to learn for themselves, and it is concerned with
the creation of computer programs. One of the research directions to tackle unpredictable
circumstances at runtime is machine learning for modification of adaptation space (Sah, 2020).
Machine learning is the subset of Al in the field of computer science, and engineering and is
concerned with an algorithm that can learn automatically through experience “E”, concerning
classes of a task “T”, and performance evaluation “P”, if it’s the performance at tasks in “T”, as
evaluated by “P”, improves with experience “E,” and building intelligent machines which
involve learning from the dataset (Tu, 2019). Machine learning algorithms are often divided into
supervised learning, unsupervised machine learning, semi-supervised learning, and
reinforcement learning.

2.3.1. Supervised Learning
Supervised learning is a type of machine learning in which train the machine using well-trained
data. The labeled training data helps you to predict outcomes for unforeseen data (Sah, 2020;
Sathya & Abraham, 2013). The system can give class for any unseen data after enough training.
By comparing the output of the learning algorithm with the correct result supervised learning
finds errors to modify the model accordingly. Supervised learning is categorized into a
classification for category output and regression for real value (Sah, 2020; Sathya & Abraham,
2013).

2.3.2. Unsupervised Learning
Unsupervised learning is the type of machine learning technique, in which no need to supervise
the model. It deals with unlabeled data. Unsupervised learning is more unpredictable than other

learning techniques. This technique allows complex processing tasks when compared to
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supervised learning (Sah, 2020; Sathya & Abraham, 2013). Instead, it needs to allow the model
to work independently to discover information from the given model. It also mainly deals with
unlabeled data to do tasks based on user requirements. Clustering and association are two types
of unsupervised learning (Sah, 2020; Sathya & Abraham, 2013).

2.3.3. Semi-supervised Learning
Semi-supervised learning is a mixture of supervised and unsupervised learning. Used when your
training data have few labels when there is no enough resource to label the dataset. They use
classification for identifying the data and clustering for grouping the data into different groups,
the semi-supervised model can increase the size of the unlabeled data (Sah, 2020).
2.4. Machine Learning in Software Engineering
Machine learning appears in many disciplines as its intersection between computer science,
engineering, and statics. Machine learning can be used to solve many problems, any field can
use machine learning to interpret and work on data (Masutani et al., 2012). Software engineers
can use machines that assist them in software development. Machine learning-based solution
can be developed for software engineering problems.ML has been applied to predict, estimate,
classify, generate software engineering processes (Z., 1995).

Table 2.1: Machine Learning Applications in Software Engineering Artifacts

Software Engineering Works Machine learning Model and Applications

Software defect prediction ML models are used to classify or predict software
modules into defective or non-defective(Aljamaan,
2020; Zhigiang Li et al., 2018; Zhou et al., 2019).

Software reliability prediction ML models are used in estimating and predicting system
failing in given time spam(Jaiswal & Malhotra, 2016).

Software quality prediction ML models have been used for predicting internal
quality attributes of software(Pattnaik & Pattanayak,
2016).

Software cost and effort estimation | ML models have been used to predict the resource and
effort required to develop a software system such as
budget and schedule(Wen et al., 2012).
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Software reusability prediction Identifying the probability of reusing existing software
components(Maggo & Gupta, 2014).

Software Size Estimation Estimating size of software component using LOC

metrics(Regolin et al., 2003).

2.4.1. Machine Learning in Software Defect Prediction
Based on Software Bug Prediction, several researchers have studied different techniques to build
and evaluate several software fault prediction model using classification, regression,
unsupervised method and soon. Although, the method of fault prediction model that several
researchers had used is a common to predict or detect fault of software modules. That is
categorized into three: binary class classification of fault(Alsawalgah et al., 2017, 2020; Zhan
Li & Reformat, 2007; Mendes-Moreira et al., 2012; Santosh S. Rathore & Kumar, 2019;
Vandecruys et al., 2008), number of bug/fault density prediction(Santosh S. Rathore & Kumar,
2015, 2017, 2019; Santosh Singh Rathore & Kuamr, 2016; Santosh Singh Rathore & Kumar,
2017) and severity of bug prediction(Sandhu et al., 2011; Shatnawi & Li, 2008). From them,
mostly used types of prediction scheme is binary class classification, where software modules
having one or more faults are distinguished as faulted and modules having zero faults are
distinguished as non-faulted.
In this type of bug prediction schema, most researchers have discovered and used supervised
approaches such as ensemble methods(Alsawalqgah et al., 2017; Huda et al., 2018; Jiang et al.,
2008; Sun et al., n.d.), Decision Tree (DT)(Koprinska et al., 2007), Support Vector Machine
(SVM)(Elish & Elish, 2008), Naive Bayes (NB)(Menzies et al., 2007), Random Forest(RF),
Neural Network (NN), Logistic Regression(RF) (Dhiauddin et al., 2012).
Different researchers were used several different machine learning techniques and built the
model for software defect prediction to improve quality of software development that based on
timely detection of fault in software components or modules (early detection of fault in SDLC)
and to identify best appropriate classification algorithms as discussed below.
Support Vector Machine(SVM): It is a kernel based learning methods of supervised learning
approach that used to solve classification and regressions problems. It uses hyperplane decision
boundary to classify between instances classes of a data. The purpose of this methods is to search

or find optimal decision planes that identify the classes in well. The study of software defect
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prediction proposed by (Elish & Elish, 2008) were used SVM because of this approach obtained
very good performance, suitable with high dimensions features and prevents outliers.

Naive Bayes(NB): It is a probability based learning methods of supervised machine learning
technique that depend on theorem of Bayes to classify a problem of multi class and binary class
domains. This algorithm treats all inputs attributes as independent and equally contribute for
prediction. It calculates the probability of each classes of instances based on new instances and
then select the class of highest posterior probability for prediction(Studies et al., 2014). Defect
prediction model proposed by (Menzies et al., 2007) were used Naive Bayes built model to
identify defective modules because of this approach works with small sized data, easy to
perform/implement, rapidly train and predict.

Decision Tree(DT): It is one of supervised learning approach that used to solve classification
and regressions problems by using tree traversal from root node to leave node after data
information processed by decision rules. The aim of this approach is to build a model of decision
tree that based on decision rules generated during training data to classify or predict the decision
or the value of target variables. In tree of decision tree data structure each node represent a
features of the data, branches represent a value and classification or identification of an instances
starts from root node and go downward to leave node (Ali et al., 2012).

K-Nearest Neighbor(KNN): It is instance based classifier of supervised learning approach that
used to solve regressions and classification problems. It categories/identifies instances exists in
the dataset by calculating distances between each instances and unknown/new instances, and
then assigning the class label of the nearest neighbor to every new instances based on number
of k’s majority vote. Mostly used distance formula in KNN are Euclidean and Manhattan rule
of distance calculation (Studies et al., 2014).

Ensembles Learning Algorithms: It is a method of combining or joining decision of multiple
machine learning classifier as base classifier to get better performance of prediction(Read et al.,
2012; Studies et al., 2014). It creates single most strong and reliable model from combination
of weak and strong classifier to enhance prediction performance and minimize variance and bias
of the model. Ensembles are categorized into bagging, boosting and stacking.

1) Boosting Techniques

Boosting algorithms is a sequential based ensemble learning algorithms that change weak base

classifier to strong classifier(learner) by iteratively fixing error of previous base learner in the
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next base learner that works better and minimize a bias. It is a sequential homogeneous weak

classifier ensemble. Some example of Boosting technique is: XGBoost, Gradient Boosting,

AdaBoost and etc. and they are described on the following.

» AdaBoost: Adaptive Boost(AdaBoost) is a one of most familiar boosting approach that build
an ensemble by doing several iterations every time with different observation (instance)
weights and change slightly to achieve more correct result to the errors returned by
learners(classifiers) from previous occurring iterations (Freund et al., 1996; Schapire, 2013).
Updating the weights of training instances in every iteration pushes the learning classifier to
put more attention(value) on instances that incorrectly classified in previous iteration and
less attention(value) on instances that correctly classified in previous iteration. That means,
weights of incorrectly classified instances are become increased, but weights of error free
classified instances are become decreased. This shows in next iteration wrong classified
instance measure more heavily. AdaBoost uses the forecasts of several weak classifiers and
provide a final prediction via aggregated voting on approaches. Weak classifier algorithm is
originally stated by Yoav Freund and Robert E. Schapire and it is a classifier that work
appropriate than random guessing (Freund & Schapire, 1997).

» Gradient Boosting(GB): GB is a generalization of adaptive boosting(AdaBoost) ensemble
algorithm that can be construct by utilizing a diversity of loss function. Adaboost assigns
the weight to incorrectly classified observations(instances) as next perform model (next
iteration) predicts correctly whereas Gradient boosting utilizes gradient to fit new base
learner. Gradient boosting (GBM) work by boosting techniques that aggregating previous
predict errors with every subsequent numerous weak learner to provide strong classifier and
it is decision tree based algorithms. Specially, Regression trees are act as a base classifier
for both classification and regression problems and provides more robust, interpretable
manner and competitive (Friedman, 2014). Using Gradient boosting can improve the quality
of predicting (fitting) the base learners(classifiers), although, it is not operating quickly
during processing time and it needs more memory.

» XGBoost (XGB): XGBoost is denote to extreme gradient boosting that applies gradient
boosting tree approaches to build ensemble technique (Chen & Guestrin, 2016). It is a
gradient boosting tree ensemble that employed the second-order differentials(derivatives) of
the loss function to get the optimal base learner more efficiently and accurately. Whereas
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Gradient Boosting utilizes gradients to fit a new base classifier, XGB uses the second-order
derivatives gradients. This machine learning approach is decision trees based by using
gradient boosting framework algorithmic improvement (i.e., Weighted Quantile Sketch,
Sparsity Awareness, Regularization) and hardware and software optimization methods (i.e.,
Tree Pruning, Parallelization). These enhancements produce higher results by using few
computing resources within short time. XGB build reliable and accurate model by creating
effective classifier from a group of weak decision tree algorithms. then create decision tree
ensemble that utilizes the output of the weak classifier in the last prediction.

2) Bagging Techniques
Bagging algorithms is sometimes known as Bootstrap Aggregation algorithms. It is a parallel
based ensemble learning algorithms which all base learners are independent of each other to
minimize the variance in the last forecast (prediction). The Bagging algorithms is construct
random subsets of instances(sub-samples) from original dataset to execute/train multiple base
model in parallel on created each subsets and then aggregates the prediction of all learner(model)
to provide strong ensemble learner that smaller over-fitted. Bagging algorithms is effective if it
works with unstable machine learning classifier. It is homogeneous base learners. Some
example of Bagging technique is: Random Forest, Extra Trees, Bagging Meta-estimator and etc.
and they are described on the following.

» Random Forests (RF): The RF algorithm is a special case of Bagging techniques that holds
a collection of decision tree structure algorithm. RF chooses random attributes in order to
construct bootstrap learner using decision trees (Breiman, 2001). RF constructed from
numerous decision trees by choosing a subset of data and attributes randomly. Randomly
selects a subset of observation from chosen variables and given to decision tree learning.
then RF algorithm chooses the prediction that has highest votes from all decision trees output
in the forest to produce final prediction. Random forest combine output from several trees
and this combination will provide high accuracy on prediction. Random forest algorithm
uses randomization in two important places: First, every decision tree is executed/trained by
taking random sub-sample with replacement from original dataset. Second, when executing
individual decision trees algorithms (at every node) random subset of attributes is used to
find best splits. Making randomization is minimizing the correlations between decision

trees, which enhance performance of prediction. Additionally, working with randomness on
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datasets and attributes are decrease the risk of model overfitting. RF uses decision tree
algorithm as a base estimator and assigned by default in RF algorithms.

» Extra Trees (ET): Extra Trees denotes to extremely randomized trees that uses bagging
technique and almost the same to Random Forest, but with additional randomness. ET
algorithm is different from RF algorithm in two things: The first, every decision tree is
constructed by using entire dataset, and the second at every node in the tree, ET algorithm
chooses the splits randomly without finding the best splits. ET algorithm uses the top down
method to construct unpruned trees classifier ensemble technique. This algorithm is used for
supervised regression and classification problems and it accuracy and computational
performance is good (Geurts et al., 2006).

» Bagging Meta-estimator: Bagging Meta-estimator is an ensemble machine learning
algorithm that follows a bagging techniques procedure to enhance accuracy and stability of
machine learning classifier by aggregating prediction output of several weak
learners(Bbeiman, 1996). Bagging algorithms are more appropriate and effective with
unstable machine learning techniques that means when small changes happen on training
set the consequence of that changes is huge on predictions output. Example of unstable
machine learning techniques are decision tree and artificial neural network. This algorithm
uses user-specified classification algorithms on base estimator.

3) Stacking Technique

Stacking algorithms, sometimes recognized as stacked generalization technique. It is one of an

advanced ensemble machine learning algorithms that combines several different machine

learning algorithms through meta learning algorithm that is either a meta-regressor or meta-
classifier. The base weak learner level machine learning algorithms are executed/trained on the
whole training dataset, and after that the meta learner(model) is accept output prediction from
base weak learner level algorithms as inputs. The base weak learner models are occurred at
level-0 model and meta learner that aggregates and accept the output predictions of base weak
learners as input are occurred at level-1 model to produce final prediction. level-0 algorithms

are diverse. This meta learner is trained to combine the learner predictions in best manner to
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provide a final prediction(Funda et al., 2017). Stacking technique performs it task parallel and

it uses heterogeneous base weak learner algorithms.

Table 2.2: Advantages and disadvantages of mostly applied machine learning
algorithms!234[61]

Machine
Learning

Techniques

Advantages

Disadvantages

SVM

Computationally cheap, it can supply non-
linear solutions, it performance not more
affected by outliers and not easily affected by
overfitting, it works good in a higher
dimension, and it is appropriate for a case of

binary classification

To obtain good performance, it needs kernel
knowledge , Sensitive effects by tuning parameters, In
large amount of dataset, and it needs huge amount of

time to perform a task because it is slow in speed

NB

Performs good in small amount datasets, It
has high speed in prediction, Scalable with
huge amount datasets, Not affected by
irrelevant features, Effective for Multi class
prediction, and It obtains best performance on

data of large number of features

Assumption of independence among features, Poor
quality estimator, and the way of preparing input data

is sensitive

DT

It can control/hold categorical features, It
does not need data scaling and normalization,
It can control missing values, It selects
important features automatically, It is easy to
visualize, and Humans can easily understand

learned outputs

It can easily happen overfitting, It has sensitive effect

to data, and It needs huge time to train

KNN

Easy to implement and understand, It can

solve Multi-class problem, It does not have

It has low speed for large amount of dataset, It does

not comfortable for imbalanced dataset, It does not

! https://towardsdatascience.com/pros-and-cons-of-various-classification-ml-algorithms-3b5bfb3c87d6

2 https://towardsdatascience.com/a-practical-guide-to-stacking-using-scikit-learn-91e8d021863d
3https://cppsecrets.com/users/7927971001051161051071111161041051219710855484864103109971051084699
111109/Python-AdaBoost-Advantages-and-Disadvantages-of-AdaBoost.php

4 https://medium.com/analytics-vidhya/introduction-to-the-gradient-boosting-algorithm-c25¢653f826h
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assumption about the data, and Constantly

evolving model

appropriate with the data of large number of features,

It is sensitive to noisy/outliers, Can’t work

with missing values, and It needs to decide number of

neighbors k> manually by user

AdaBoost

It is not more affected by overfitting, It works

with several classifier and boost their
performance, It categorizes images, text and
binary classification problems, and It doesn’t

have parameters to adjust

It wants quality of data, and It is sensitive to

noisy/outliers

GB

It gives high prediction accuracy, It can

control missing values, It is very

changeable/flexible, and Most of the time it

does not require data preprocessing

It is not operating quickly during processing time, It
needs more memory, and During improving to reduce

all errors it can cause overfitting and outliers

XGBoost

It does not need more feature engineering, It
produces feature importance that used as
feature selection, It models performance is
good, It is a fast to interpret, Outliers have
small impact, It uses and control large amount
of datasets in well, It has good running speed,

and It is not more affected by overfitting

Difficult to tune parameters due to have several hyper-
parameters, and It may happen overfitting because of

improperly tuned parameters

RF

It is an algorithm that use bagging technique
to improve accuracy by minimizing variance,
It can de-correlate trees, It minimized error, It
performance is good on Imbalanced datasets,
It controls/holds large amount of datasets, It
can control missing data/values very well,
Outliers have small impact, It does not have
overfitting problem, and It is useful to get
feature importance that used as feature

selection

Predictions of the trees require to be uncorrelated, It
appears as Black Box due to trying different
parameters, It constructs complex structure due to RF
creates a lot of trees, Features require to have some

predictive power, and It needs much time to train
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ET

It is one of bagging technique algorithm that
use further randomization to improve
accuracy by minimizing variance, It
computational performance is good, It is a
faster in execution, It is useful to get feature
importance that used as feature selection, It
minimizes bias by constructing decision tree
by using entire dataset, It is similar with RF
except it uses additional randomness, and It is
tune to problem by selecting appropriate
parameter due to it uses randomization for
selection of features and cut-point while

splitting a tree

It constructs complex structure due to ET creates a lot
of trees

Bagging
Meta-

estimator

It is an algorithm that uses bagging technique
to improve accuracy by using combination of
several weak model to provide strong
classifier, It better than individual strong
classifier/learner, It minimizes a variance that
prevents overfitting, It produces stable
classifier from unstable learners, and Users
can defined different base machine learning
classifier specifically based on it is own

problem

It computationally expensive, and If it is improperly

modelled, it may produce high bias and under-fitting

Stacking

It can produce improvement performance, and
It minimizes a variance and build high robust
model by joining the predictions of several

learners.

Producing predictions by using it models will be
slower and computationally expensive, and It models
can hold significantly longer time to train and need

high memory
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2.5. Feature Selection Technique

In the area of software bug prediction software defect datasets have many features(attributes)
that are irrelevant and redundant(Ni et al., 2017; Xu et al., 2016). Direct building of machine
learning models by these datasets are a problem, because irrelevant and redundant attributes
exists in the datasets may lead the models to more time consume during training, lacking
sufficient performance of prediction, increase complexity of the model and increase model
overfitting(Mehta, 2021; Ni et al., 2017; Xu et al., 2016). The method of avoiding unnecessary
attributes and selecting important features are called feature selection. Feature selection is a
method of identifying most benefit attributes and eradicating noisy features from huge set of
attributes in the datasets. It is also a method of automatically selecting best attributes that have
strong relation with the target variable for machine learning algorithms depending on type of
problems that are attempting to solve. It aims to prepare and appropriate best attributes for
machine learning algorithms as those selected attributes are lead to increase performance,
increase interpretability of the model, reduce computational cost and decrease
overfitting(Mehta, 2021).

Under supervised machine learning algorithms feature selection methods are divided into three
groups: filter, wrapper and combination of both(embedded) methods.

Filter Methods: This technique is always occurring at preprocess stage and to evaluate
appropriate features by using rank of score procedure that consequently extracts low point score
attributes. This method is independent from machine learning classifier, fast in execution,
simple in computational and scalable. It drops attributes depending on a relation they have with
target attribute(Cunningham & Delany, n.d.; Jovi et al., n.d.; Wah et al., 2018). Some examples
of filter feature selection methods are ANOVA, Pearson’s Correlation, Mutual Information,

Chi-Squared, Information Gain, Correlation Based Feature Selection, etc.
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Figure 2.1: Filter Method Working Flow

Wrapper Methods: This technique is based on classification machine learning algorithms to
select subset of necessary attributes. So, it is classification machine learning dependent feature

selection methods which provide better outcome when compared with filter methods, however,
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it is tend to high computational cost when number of attributes becomes very high. This method
is firstly selected subset of attributes from complete attribute set and then train the model by
using selected subset of attributes. Based on output of previous model the attributes to add or
extract from selected subsets are decided and then train again using the model by updated
attribute subset. It creates attributes subsets by using greedy technique and evaluates each
attributes subsets (Cunningham & Delany, n.d.; Jovi et al., n.d.; Wah et al., 2018). Some popular
examples of wrapper feature selection methods are recursive feature elimination, backward

feature elimination, forward feature selection, etc.
Best subset selection process
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Figure 2.2: Wrapper Method Working Flow (Best subset selection process)

Embedded Methods: This technique is provided from combination or hybrid of wrapper and
filter methods. This method combines most appropriate properties of both wrapper and filter
methods to produce or provide best attribute subsets. Algorithms used for this method
implementations have their own specific built-in feature selection approach (Cunningham &
Delany, n.d.; Jovi et al., n.d.). Ridge and Lasso Regression are most popular among example of

embedded feature selection methods.
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Figure 2.3: Embedded Method Working Flow
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Table 2.3: Taxonomy of feature selection technique [59], [60], [62]

FS Technique

Advantages

Disadvantages

Example

It is a faster, It is scalable,

It ignores feature dependencies,

T-test, Information gain,

Filter ;thivari It is independent of It ignores interaction with the Correlation, Gain ratio, Chi-
Methods classifier, and It is ML classifier, and It leads to square, Symmetrical

computationally simple poor variable subsets uncertainty, Fisher score,

and Relief and ReliefF
It Models feature It is slower than univariate CFS, FCBF, MBF, and
'r\i/lal:étiva dependencies, It is techniques, It is less scalable mRmMR

independent of the than univariate techniques, and

classifier, and It has better | It ignores interaction with the

computational complexity | classifier

than wrapper methods

It is Simple, It Interacts It has risk of over fitting, It is SFS, SBE, RFE, Plus L
Wrapper i[r)l?;iircm with the classifier, It more prone than randomized Minus R, and Beam search
Methods models feature algorithms

dependencies, It has less to getting stuck in a local

computationally intensive | optimum (greedy search), and It

than randomized methods, | is a classifier

and It is a best with high dependent selection

number of attributes

It is less prone to local It computationally Randomized hill climbing,

i?ggg optima, It interacts with the | intensive, It is a classifier Genetic algorithms,

classifier, and It models

feature dependencies

dependent selection, and It has
a higher risk of over-fitting than
deterministic

algorithms

Estimation of distribution
algorithms, and Simulated

annealing
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Embedded
Methods

It interacts with the
classifier, It better
computational complexity
than wrapper methods, It

models feature

It is a classifier dependent
selection, and It does not
consider correlation between

features that may exist

Decision trees (Random
forest), RIGDE and LASSO
regression, Weighted naive
Bayes, and Feature selection

using the weight vector of

dependencies, and It can SVM
choose high quality

attributes set

2.6. Related Works

This section elaborates the reviews of research works dealing with all aspects of software defect
prediction.

In (Alsawalgah et al., 2017), the proposed software bug/defect prediction model by hybridizing
ensembles machine learning algorithms with SMOTE class balancing method to solve the
problem of class imbalance distribution of poor classification. The proposed approach firstly
applied ensembles algorithms with imbalanced datasets and then they obtained and selected
optimal performing ensemble. After that imbalance datasets are balanced by SMOTE method
as preprocessing stage and these balanced datasets join together with best ensemble that
previously selected without data balanced and retrain a model to classify bugs in the software
modules.

Algorithms used in proposed approach are ensemble classifiers such as Random Forest, Bagging
and Adaboost with basic classifiers like Multilayer Perceptron (MLP), C4.5 Decision Trees and
Naive Bayes (NB).

They used four NASA software projects which obtained from PROMISE Repository that are
publically available.

The experiments organized and performed on three levels by using 10-fold cross validation; the
first held on basic classifier by this J48 Decision Tree is selected as good performance for
Bagging and Adaboost ensembles when compared with other base classifiers, the second held
on ensemble classifiers with data of imbalance class by this Adaboost classifier is selected as a

best ensemble result with J48 when compared with Bagging and RF, and the final is performed
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on best ensemble classifier with SMOTE class balancing method. The result of experiments
appeared that SMOTE with ensembles have enhanced performance of prediction.

The limitation of this approach is they does not apply method of feature selection that improve
performance and the proposed approach performed only on 4 NASA datasets and it does not
include others datasets.

(Zhou et al., 2019) proposed new deep forest approach to enhance performance of software fault
prediction that namely DPDF. This approach uses new cascade strategy to identify more
significant fault attributes by transforming random forest and completely random tree forest into
structure of layer by layer form. Every layer of the cascade structure holds forest classifier such
as random forest, completely random tree forest and XGBoost but in this approach they use only
random forest as base learning. Deep forest is hybrid combination of deep learning and ensemble
learning instead of deep neural networks that have a problem of determining suitable hyper-
parameters which is difficult and needing very huge data.

They used 25 software projects that were obtained from NASA, PROMISE, AEEEM, Relink
datasets and normalize the attribute by z-score standard to detect defective instances on the
modules, classes, and methods of a software system.

The researchers perform comparison of the experimental result of DPDF with others algorithms
such as Multi-Grained Deep Forest(gcForest), Random Forest(RF), Deep Belief
Networks(DBN), Support Vector Machine(SVM), Naive Bayes (NB) and Logistic
Regression(LR) by using 2-fold cross validation. The result shows that defect prediction using
cascade deep forest increased AUC performance measurement by 5% when compare with others
algorithms.

The researchers have limitations like lack of feature selection methods that improve
performance, they did not apply data balancing techniques for imbalanced datasets that solve
biased model result, finding most optimizing parameter setting and fault prediction of cross
projects that uses one project for training and other project for testing.

(Aljamaan, 2020) proposed software fault prediction model which analysis and applied tree
based ensembles learning approaches to classify fault in software systems. In this investigation
seven tree based ensemble algorithms are compared together by using only decision tree as base
classifier. Those are two algorithms from Tree-based bagging and five algorithms from Tree-
based boosting. Two Tree-based bagging algorithms which contributed in this analysis are
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Random Forest(RF) and Extra Trees(ET), and five Tree-based boosting algorithms which
contributed in this analysis are such as Adaptive Boost(AdaBoost), Categorical
Boosting(CatBoost), Extreme Gradient Boosting (XGBoost), Gradient Boosting(GB) and
Histogram based Gradient Boosting(HGB).

They used 11 MDP NASA software datasets that are publically available. In addition, they used
gain ratio feature selection method and SMOTE data balancing method in preprocessing stages.
They were performed model validation by using 10-fold cross validation and experimental result
shows that prediction performance of two Tree-based bagging algorithms (RF and ET) are
outperform others Tree-based boosting ensemble algorithms. However, individual decision tree
performance was lower than every Tree-based ensemble. In addition, AdaBoost Tree-based
ensemble performance was worst when compared to others Tree-based ensembles.

The researchers have the following limitations: they applied only single feature selection called
gain ratio and they did not analysis the effect of others different feature selection, they used
only NASA datasets and others datasets did not contributed, they performed only ensembles
based on decision tree as base classifier and they did not compare others base classifiers with it
, they used only homogenous ensembles and they didn’t examine heterogeneous ensembles
effect ,and they used only default hyper-parameters.

(Esteves et al., 2020) proposed bug prediction approach that based on few features which it
consequence has correct model predictive and model elaboration/explainability that define the
reason of software modules or instances to be faulty state. Their approach analysis concerning
elaboration of model decision that support software developers to know the reason behind the
fault model by searching and discovering features of the software that used for fault
understanding. And this approach classifies the modules of software into fault and non-fault.
They used eight software projects which developed by java programming language that
collected by Jureczko and publicly available in PROMISE repository. In their approach they
applied random searching model space of XGBoost ensemble algorithm with SHAP (SHapley
Addictive exPlanation) that used to provide model elaboration/explanation with minimum set
of features that identified based on contribution of those features have on prediction. And also
they performed large cover comparison of defect prediction approaches by using machine

learning algorithms such as Logistic Regression, Decision Tree, K- Nearest Neighbor, Support
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Vector Machine, Neural Network, Naive Bayes, Random Forest and XGBoost with the full set
of software features.

Model evaluation was performed by using 10-fold cross validation and appropriate hyper-
parameters, and experimental result shows that XGBoost using random searching and minimum
set of features (not more than 3 features) with SHAP model elaboration outperform others
algorithms applied in comparison.

Limitation of the researchers are they used only few projects dataset that developed by single
programming language and the result is not include projects developed by others programming
languages , they performed within project dataset and they did not perform cross project defects
datasets, they did not applied data balancing mechanism for imbalanced datasets that solve
biased model result, they performed model elaboration only by SHAP and did not include other
tools like LIME and Break Down, and their results not generalized in all machine learning
classification algorithms exist and also used few ensemble algorithms.

(Mehta, 2021) proposed software defect prediction model that uses combination of feature
selection, feature extraction, class balancing mechanism and classification techniques that based
on ensembles algorithms to classify software modules into fault and non-fault.

The model aims to solve the problem of high dimensionality and data imbalance. In this method
they used feature reduction and data balancing mechanism with z-score data normalization and
missing value processing before training the model.

In feature reduction techniques they used Partial Least Square (PLS) Regression as feature
extraction mechanism and combined with feature selection techniques. In feature selection
mechanisms they compared several techniques such as Correlation-based feature selection,
Recursive Feature Elimination (RFE), Boruta, ElasticNet, Ridge and Lasso. From that Recursive
Feature Elimination outperform other feature selection techniques in most datasets and this
technique combined with PLS Regression.

And combination of both used as feature reduction and also these reduced features combined
with data balancing mechanism called SMOTE (Synthetic Minority Oversampling). After that
the combination of feature selection, feature extraction and balancing SMOTE of each datasets
inputs to some of machine learning algorithms such as Decision Trees, Logistic Regression,

Support Vector Machines, K-nearest neighbor, and Ensemble Learning like Random Forest,
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Extra Tree, Adaptive Boost, Stacking, XGBoosting, and Bagging to train and classify software
modules as fault and non-fault. They also used only DT as base classifier for ensemble learning.
They used 4 NASA software projects datasets that are publically available in PROMISE
Repository to classify fault and non-fault instances.

The experimental result shows that XGBoost and Stacking ensemble algorithms are the highest
results than others and these algorithms accuracy are more than 0.9 in all datasets.

Limitation of the researchers are they performed the model only on 4 NASA datasets and did
not include other datasets, they didn’t perform data integration of all used NASA datasets and
others and also the performance of data integration is not analyzed, they did not perform hyper-
parameter mechanism that may increase performance, they did not use others base classifier,
they did not build the model using cross project datasets and they did not include effect of all
feature selection technique recommended in software defect prediction area.

(Santosh S Rathore & Kumar, 2021) proposed software defect prediction approaches by using
empirical study of new improved ensembles algorithms. Researchers used new improved
ensembles algorithms that not explored previously in the area of software defect predictions
such as Grading, MultiBoostAB, RealAdaBoost, Decorate, Ensemble Selection, Rotation
Forest, and Dagging by empirically evaluating their performance. And they used base classifiers
such as J48 (decision tree), Naive Bayes and logistic regression for these ensembles.

They used 28 software projects of PROMISE datasets that publically available in PROMISE
repository to categorize module of the software as a fault and non-fault.

They were performed model validation by using 10-fold cross validation and analysis of
experimental result shows that prediction performance of Rotation Forest ensemble with J48
base classifier are outperform other new improved ensemble algorithms in most case. In some
cases, Decorate, Dagging and MultiBoostAB ensembles given effective performance. And
Naive Bayes as base classifier was resulted lower performance while J48 (decision tree) as base
classifier was improved performance.

Limitation of the researchers are they did not apply feature selection methods, they did not
apply data balancing techniques for imbalanced datasets that solve biased model result, they did
not apply data normalization methods, and they used only projects of PROMISE dataset that
developed by single programming language called java which have only 21 software metrics

and the result is not include projects developed by others programming languages.

32



(A. Balogun et al., 2020) proposed software fault prediction approach that join together
homogeneous ensembles algorithms with SMOTE class balancing technique. The researchers
used boosting and bagging homogeneous ensembles techniques with base classifier such as
Bayesian network(BN) and Decision tree(DT).

They used 5 NASA software projects datasets that are publically available in NASA Repository
to classify fault and non-fault instances.

They were performed model validation by using 10-fold cross validation and analysis of
experimental result shows that prediction performance of proposed approaches that join together
Boosting with DT as base classifier and with SMOTE are better than others.

Limitation of the researchers are they did not apply feature selection methods, they did not apply
data normalization methods, they performed the model only on 5 NASA datasets and did not

include other datasets and they did not perform hyper-parameter mechanism that may increase

performance.
Table 2.4: Summary of Related Works
Authors Base Methods(Ense Datasets Feature Data Gaps
Classifier | mble Learning) Selection | Balanci
(Alsawal | MLP, -RF, Bagging = -No feature selection, others
gah et C45DT | and Adaboost. 4 NASA No SMOTE datasets are not included and
al., and NB -Adaboost with no hyper-parameter
2017) C45DTis mechanism
outperform
others
(Zhou et | completel | - Deep 9 NASA -No feature selection, data is
al., y RF and | Forest(DPDF) 8 PROMISE No No not balanced, not finding most
2019) XGBoost | is good 5 AEEEM optimizing parameter setting
performance 3 Relink and not performed fault
with other 25 Totally prediction of cross projects.
comparison
(Aljama | DT -RF, ET, -Didn’t analysis the effect of
an, AdaBoost, 11NASA Gainratio | SMOTE others feature selection
2020) CatBoost, techniques, others datasets are
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XGBoost, GB not included, didn’t use others
and HGB base classifier, didn’t examine
-RFand ET heterogeneous ensembles
outperform effect and no hyper-parameter
others mechanism
(Esteves | DT -XGBoost is SHAP - Data is not balanced, others
et al, good 8 PROMISE used as FS No effective ensemble algorithms
2020) performance and select not included, others
with other only programming languages
comparison maximum projects are not included, not
3 features performed fault prediction of
cross projects, did not include
other tools like LIME and
Break Down as feature
selection
(Mehta, | DT -RF, ET, PLS as -Others datasets are not
2021) AdaBoost, 4 NASA feature SMOTE included, didn’t perform data
Stacking, extraction integration of all used NASA
XGBoost, and with CFS, datasets and others and also the
Bagging RFE, performance of data integrated
- XGBoost and Boruta, is not analyzed, didn’t perform
Stacking ElasticNet, hyper-parameter mechanism,
outperform Ridge and didn’t build the model using
others Lasso FS cross project datasets, didn’t
use others base classifier and
did not include effect of all FS
technique recommended in
software defect prediction area
(Santosh | J48 (DT), | -Grading, -No feature selection, data is
S NB and MultiBoostAB, No No not balanced, did not apply
Rathore | LR RealAdaBoost, data normalization method and
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& Decorate, 28 software The result is not included
Kumar, Ensemble projects of projects developed by others
2021) Selection, PROMISE programming languages .

Rotation Forest,

and Dagging

- Rotation

Forest with J48

outperform than

others
(A. Bayesian | -Boosting and -No feature selection, didn’t
Balogun | network( | Bagging 5 NASA No SMOTE apply data normalization
etal., BN) and | - Boosting with methods, didn’t include
2020) DT DT is heterogeneous ensemble

outperform learning, didn’t include other

others datasets and didn’t perform

hyper-parameter.

Existing empirical studies shows that several researchers implemented different approaches on
different datasets with different problems. However, still there is a gap on AEEEM projects
dataset which has a problem of high feature dimensionality in case of some features of a datasets
are less significant in fault decision that needs a method of identifying most relevant set of
features and imbalance class distribution problem in case of the number of defect class instances
of a datasets are very few in ratio when compare with non-defect class ratio that needs further
solution in software fault prediction model. And the target is to improve the performance of
these datasets using machine learning algorithms or base classifiers. While, the performance of
ensembles machine learning algorithms become more efficient in software defect prediction
rather than individual base classifier. Therefore, this study proposes software defect prediction
approach by employing combination of class balancing methods, feature selection mechanisms

and ensemble learning algorithms on AEEEM software projects dataset.
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CHAPTER THREE
3. RESEARCH METHODOLOGY

In this chapter, we write about methodology for the development of software defect prediction
that uses different types of ensembles machine learning algorithms. In this section, we elaborate
dataset sources, description of datasets uses, mechanism of data preprocessing used to build
software defect prediction, procedure of model selection and method of model evaluation
metrics to fulfill purpose of the research.

3.1. Data Source and Dataset Description
We use datasets of AEEEM >® projects that gathered from different version of software system
like eclipse and apache which are publicly available online and was collected by (Ambros &
Lanza, 2010). These datasets were used for software defect prediction by different
approach(Ambros & Lanza, 2010; A. O. Balogun et al., 2020; Wang, 2016; Zhou et al.,
2019).These project datasets were developed by java object oriented programming and have
various software modules and software metrics that based on class level projects and evolution
version of a system.
In AEEEM datasets, five software projects exist in which each software projects dataset has
totally 62 attributes. They include one dependent attribute and 61 independent software metrics
attributes which prepared from combination of Source code metrics of CK (Chidamber and
Kemerer) and OO (Object Oriented) metrics, previous defects, Entropy of change metrics,
Churn of Source code metrics and Entropy of Source code metrics are used and represented
(Ambros & Lanza, 2010) and refer it for further information. Those metrics are described below:
1) Source Code Metrics: It is combination of 6 CK (Chidamber and Kemerer) and 11 OO
(Object Oriented) metrics, and then totally 17 metrics are represented as CK_OO metrics.
Those are CK_OO metrics of (weight method count, depth of inheritance tree, response of
class, number of children, coupling between objects, lack of cohesion, number of line code,
Number of other classes that reference the class, Number of other classes referenced by the

class, Number of attributes, Number of public attributes, Number of private attributes,

S http://bug.inf.usi.ch
® https://zenodo.org/record/3362613
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2)

3)

4)

5)

Number of attributes inherited, Number of methods, Number of public methods, Number of
private methods and Number of methods inherited).

Previous Defects Metrics: It is a metrics of past defect that used to predict future defect.
Those are classified as All bugs, non-trivial bugs (severity>trivial), major bugs
(severity>major), critical bugs (critical or blocker severity) and high priority bugs (priority
and default), and totally they are 5-metrics.

Entropy of Change Code Metrics: It is a complexity of change code metrics of time
interval file. Those are History of Complexity Metric, Weight History of Complexity Metric,
Exponentially Decayed History of Complexity Metric, Linearly Decayed History of
Complexity Metric and Logarithmically Decayed History of Complexity Metric, and totally
they are 5-metrics.

Churn of Source Code Metrics: It is a metrics that calculated from source code metrics by
using code churn deltas instead of line of code churn. And represent calculation of churn of
each source code metrics as WCHU (Weighted Churn of source code metrics) with all
source code metrics and totally 17-metrics. Those are WCHU metrics of (weight method
count, depth of inheritance tree, response of class, number of children, coupling between
objects, lack of cohesion, number of line code, Number of other classes that reference the
class, Number of other classes referenced by the class, Number of attributes, Number of
public attributes, Number of private attributes, Number of attributes inherited, Number of
methods, Number of public methods, Number of private methods and Number of methods
inherited).

Entropy of Source Code Metrics: It is a metrics that calculate entropy from source code
metrics instead of entropy of change code. And represent calculation of Entropy of each
source code metrics as LDHH (Linearly Decayed Entropy of source code metrics) with all
source code metrics and totally 17-metrics. Those are LDHH metrics of (weight method
count, depth of inheritance tree, response of class, number of children, coupling between
objects, lack of cohesion, number of line code, Number of other classes that reference the
class, Number of other classes referenced by the class, Number of attributes, Number of
public attributes, Number of private attributes, Number of attributes inherited, Number of
methods, Number of public methods, Number of private methods and Number of methods
inherited).
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Above all mentioned software metrics are independent attributes. However, the datasets also

have target attributes that used to classify software module or class module into defect or non-

defect. The Table 3.1 represents detail description of AEEEM datasets of five software project

with number of attributes, number of modules(instances), programming language of the projects

developed, number of defective and percentage of defective. Additionally, total integration is

represented on the table.

Each AEEEM software projects were developed and used for different purpose as the following

description:

>

EQ(Eclipse Equinox)’: It is an eclipse implementation of OSGi framework specification
software that implement different option of OSGi services and others infrastructure for
executing OSGi-based systems. It is an implementation used for all tasks related to OSGi
specification and it is a key framework specification services and extensions needed for
executing eclipse and OSGi services.

JDT Core®: It is a software used for Java infrastructures of Java IDE application
development. It is used for eclipse builder Java compiler and used for code formatter. It is
used for support of code select and code assist, and navigation of API java application.
LC(Apache Lucene)®: It is a Java library that developed for full-featured searching engine
and high-performance purposes. It provided a technology used for full-text searching, spell
correction, structured searching and nearest-neighbor searching across many dimensions
and even if for others application which required these tasks.

ML (Mylyn)9: It is one of eclipse framework that used to manage the application lifecycle
and task for eclipse. It supplies such as task management tool, revolutionary task-focused
interface and ecosystem of application lifecycle management (that known by ALM)
integration.

PDE UI : It is an eclipse user interface of Java IDE application development framework
that provides set of tools to develop, create, test, fragments, update sites, features, debug

and deploy Eclipse plug-ins. It also includes OSGi tooling that makes PDE for an ideal

" https://projects.eclipse.org/projects/eclipse.equinox
8 https://www.eclipse.org/jdt/core/index.php

® https://lucene.apache.org/

10 https:/fwww.eclipse.org/mylyn/

1 https://www.eclipse.org/pde/pde-ui/
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environment purpose of component programming. It also provides the following things for
Eclipse SDK such as New Project Creation Wizards, Import Wizards, Export Wizards,
Form-Based Manifest Editors, Launchers, Conversion Tools, User Assistance Tools,
Integration with JDT and soon.

Table 3.1: Description of AEEEM datasets of software projects

Dataset of Programming | Number of Number of Defective | Percentage
Software Projects Language Features | Instances(Software of Defective
Modules)
EQ Java 61 324 129 39.8
JDT Java 61 997 206 20.7
LC Java 61 691 64 9.3

ML Java 61 1862 245 13.2

PDE Java 61 1497 209 13.96

Total(Integrated) Java 61 5371 853 15.9

3.2. Software Fault Prediction Modeling
3.2.1. Data Preprocessing

Data preprocessing is important task that provide a data for machine learning algorithms in
appropriate manner. Because, machine learning algorithms wants quality data to train, and to
produce good performance, and it is one of the most important steps to build the dataset with
suitable format as it is appropriate for the machine learning algorithm. Therefore, a dataset
should be providing in appropriate manner before inputting into machine learning for training
purpose. It is a method which perform cleaning a data noisy/error, control missing values,
normalize different value of the attributes of a data in the same order of magnitudes, identify
important features for target variables decision and balancing imbalanced appearance of a class
as suitable and increase performance of machine learning algorithms.

Data Cleaning: This work is happening when the dataset needed to maintain from error, noisy,
incomplete, missing, garbage, corrupted and duplicate. Missing value is one of the problems
included under here and raised on a dataset, when specified instances value absent from the
datasets due to the following reasons such as corrupted data, errors from data collector, having

its own meaning, having noisy data etc. The method of finding and controlling missing values
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of the datasets are either by ignoring missed values, delete missed value rows or fill the missed
values by data imputation or other ways. For this research, we analysis and check our dataset
for machine learning training as whether missing values exist or not in the dataset. After
checked, AEEEM datasets we used for this study doesn’t have missed values.
Data Normalization: It is very necessary part for model development of machine learning
algorithms which transforms the values of variables that appeared in different magnitudes/scales
into the same order magnitudes as all features have equal influence on the building model. For
this study, we used this method to controlling outliers of the values(Mehta, 2021; Wang, 2016).
Because, the dataset we used in this research have the problem of different scales on the value
of features and outliers value on some features. Therefore, we have used Z-Score data
normalization technique for this study based on preliminary works benefit (Zhou et al., 2019)
to make the values of variables on the equal magnitudes/scales as all variables contribute equal
influence for machine learning models. Z-Score data normalization is used to transforms the
dataset feature result into the value of mean zero and standard deviation one

3.2.2. Methods of Feature Selection
In machine learning model development, the performance of the model can be degrading by
very large number of input attributes/features. Not all original attributes/features are important
for model development. Therefore, the method of avoiding unnecessary attributes/features and
selecting important features that called feature selection techniques are important. Feature
selection is a method of identifying most benefit attributes/features and eradicating noisy
attributes/features from huge set of attributes/features in the datasets. It aims to prepare and
appropriate best attributes/features for machine learning algorithms as those selected
attributes/features are lead to increase performance, increase interpretability of the model,
reduce computational cost and decrease over fitting. This method is divided into three groups:
filter, wrapper and combination of both (embedded) methods.
Filter Methods: are one of the methods of feature selection technique that are independent from
machine learning algorithms to select important attributes from original features by using rank
score procedure or by using correlation with the dependent variables.
Wrapper Methods: are one of the methods of feature selection technique that are dependent
on machine learning algorithms to select important subset attributes from original features. This

method is firstly selected subset of attributes from complete attribute set and then train the model
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by using selected subset of attributes. Based on output of previous model the attributes to add
or extract from selected subsets are decided and then train again using the model by updated
attribute subset.
Embedded Methods: are also amongst methods of feature selection technique that provided
best attributes subsets from hybrid of wrapper and filter methods.
In this study, we used three kind of feature selection methods such as Correlation Based Feature
Selection (CFS), Correlation-Filter(CO) and Sequential Forward Selection(SFS) based on their
effectiveness and using in preliminary works benefit (A. O. Balogun et al., 2020). Correlation
based Feature Selection(CFS) is included in filter methods which assess a whole attribute subset
based on correlation between independent variables and target variables. Correlation Filter(CO)
is also included in filter method that determines the merit of an attribute by calculating its
Pearson correlation coefficient to the dependent variable and it is statistical based method.
Sequential Forward Selection(SFS) is included in wrapper method that depend on classification
algorithms and it begins to operate from an empty set and consequentially or gradually put
attributes chosen by specified evaluation criteria.

3.2.3. Data Balancing Technique
Data balancing technique is used to solve class imbalance problem of a datasets by equalizing
number of classes exists in a dataset that appeared in different quantities and biased the datasets
which leads to influence the prediction results of machine learning algorithms. This technique
is mainly including two methods i.e., under-sampling and oversampling:
Under-sampling technique equalizes the class distribution of a datasets by randomly deleting
the dataset samples from majority class.
Oversampling technique equalizes the class distribution of a datasets by increasing number of
minority class instances by randomly duplicating the minority class instances. Based on
previous studies the most prominent example of oversample technique that mostly applied in
software defect prediction area and produce excellent performance is SMOTE balancing
technique (Aljamaan, 2020; Alsawalqgah et al., 2017; A. Balogun et al., 2020). In this study, we
used AEEEM software defect datasets which has a class imbalance problem on the class
distribution of the datasets in which the ratio number of defect prone class are fewer than non-
defect class modules. For this reason, we applied oversampling SMOTE balancing technique
based on preliminary works benefits (Aljamaan, 2020; Alsawalgah et al., 2017; A. Balogun et
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al., 2020) to solve class imbalance problem of software defect datasets by producing samples
for defect prone modules (minority class) of class distribution of the datasets to balance defect
prone modules with non-defect prone modules.

3.2.4. Machine Learning Models

In this study, we planned to predict software defect prediction using ensembles methods of
machine learning algorithms using different individual base classifier to enhance quality of
software and reduce maintenance cost, based on AEEEM software defect datasets that publically
available software systems projects datasets. Therefore, we select different types ensembles
machine learning algorithms such as Stacking, XGBoost, Bagging, Gradient Boosting,
AdaBoost, Extra Trees and Random Forest for this investigation based on previous studies
achievement result, good performance, minimize overfitting and better output produce than
single classifier (Aljamaan, 2020; Mehta, 2021).
3.3. Evaluation of Predictive Model
It is an effective, very crucial step, and an integral part of the machine learning model
development process to estimate the performance of predictive modeling. It is also used to
measure how well the chosen model will work on unseen data. It is intended to evaluate the
generalization accuracy of the model on unseen data. Cross-validation is the technique used
for evaluating model performance on a test dataset that is not seen by the model, which helps
to evade overfitting in predictive models especially in the case when the amount of data may
be very limited.

3.3.1. Cross-Validation
K-Fold Cross-Validation: The dataset is split into k number of folds where the k-1 fold is used
for training and 1 fold for testing. K value represents the number of folds that a given data
sample is to be split into. It works as follows:

1. Randomly split the data into k-folds for training

2. Model is trained using K -1 folds and validate the model using the remaining Kth fold.

3. Step 2 is repeated until every K-fold serves as the test set.

4. Averages of the recorded scores will be the performance metric for the model.
For this study, we used K-fold cross validations that a number of k is 10 to evaluate software

defect predictions.
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3.3.2. Performance Evaluation Metrics of Proposed Model
To evaluate proposed prediction model developed, there are several measurements such
accuracy, recall, precision, F-measure, AUC (Area Under ROC curve). In the field of machine
learning and specifically the problem of statistical classification, a confusion matrix, also known
as an error metrics, is a specific table layout that allows visualization of the performance of an
algorithm, typically a supervised learning one. Each row of the matrix represents the instances
in a predicted class while each column represents the instances in an actual class (or vice versa).
The name stems from the fact that it makes it easy to see if the system is confusing two classes
which is commonly involving mislabeling one as another. That means the developed algorithm
has to identify instances as the following demonstration:
> False Negative (FN) represents the number of fault software instances that are wrongly
classified as clean.
» False Positive (FP) represents the number of pure software instances that are mistakenly
classified as faulty.
» True Negative (TN) represents the number of pure software instances that are rightly
classified as clean.
» True Positive (TP) represents the number of fault software instances that are rightly
classified as faulty.
Based on the above mentioned measurements, it is possible to represent them in the form of
confusion metrics to measure prediction result of software fault prediction model.
Confusion Matrix is a method that summarizes the classification performance of the models
concerning some test datasets, and the outcome can be binary classes. It is used to
classify the data in a matrix format which is indexed in one dimension by the true class of an
object, and the class that classifier assigns in the others dimension. The confusion matrix is
used with binary class classifications in this study in which software defect prediction is

classified as Fault and Non-fault.
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Table 3.2: Confusion Matrix for Software Defect Prediction

Predictive
Non-fault Fault
Non- fault TN FP
Actual
Fault FN TP

Based on this confusion metrics, the following criteria are used for evaluation of software defect
prediction model:

Recall is the total number of true positive divided by the number of all relevant samples, or it is
the ratio of true positive to a true positive plus false negative.

TP

Recall=——
TP + FEN

Equation 3.1. Recall

Precision is the ratio of the entire number of true positive results to the number of positive

results predicted by the classifier model, and it is how close a measured value is to each other.

Precision = ——
TP +FP

Equation 3.2. Precision

Accuracy (ACC) is the most common and popular performance evaluation metric for
classification tasks and is defined as the percentage of correct predictions for the test dataset. It
can be calculated by dividing the number of correctly classified by the number of total
predictions.

TP +TN
TP +TN + FP + FN

Equation 3.3. Accuracy

Accuracy=
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F-Measure is Sometimes known as f1-score. It is the harmonic mean of the precision and recall,
whereas the F-measure reaches its best values at 1 i.e., perfect precision and recall, and worst at

ZEro.

Recall X Precision
F—Measure=2x< — )
Recall + Precision

Equation 3.4. F-Measure

Area Under Curve (AUC) is the percentage of the area that is underneath the Receiver
Operator Characteristic (ROC) curve. The AUC metric calculates the area under the curve,
where a large area indicates high performance. AUC can have a value between 0 and 1, where
1 indicates the best performance and zero is considered the worst performance. The ROC curve
is a plot of Sensitivity (True Positive Rate) vs (1 — Specificity).
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CHAPTER FOUR

4. PROPOSED SOLUTION FOR SOFTWARE DEFECT
PREDICTION

In this chapter, the proposed software defect prediction using ensemble machine learning
technique to enhance quality of software and reduce maintenance cost is discussed in detail
whilst answering the defined research questions. The system architecture of the proposed
solution is demonstrated hereunder to show clearly the details of each and every component that
found and happen within the proposed model.

4.1. Proposed Architecture of Software Defect Prediction

The proposed architecture of software defect prediction is intended to classify software modules
into defect and non-defect by using ensemble machine learning algorithms based on software
metrics as inputs. These inputs are datasets measured and gathered from software systems
during any phase of software development life cycle. As shown in the figure 4.1 below, the
proposed architecture holds different methods and techniques that are used for software defect
model such as data cleaning methods and data normalization methods in the first preprocessing
stage. The goal is to provide quality datasets for the next process. After the first preprocess is
completed, the second preprocess aim is to prepare a dataset as appropriate for different
ensemble learning algorithms. In the second preprocessing stages, high feature dimensionality
and data class imbalance which are the two main problems of the AEEEM software defect
datasets which are used for this research are solved.

To solve high feature dimensionality problem, different feature selection mechanisms are
applied based on features characteristics. The aim is as it is obvious to choose or select best
attributes by identifying attributes that strongly decide the fault (target attribute) or by finding
those attributes having strong relationship of each independent variables with dependent
variables. Performing feature selections have several benefits for the model. These include
increasing speed of the train, minimizing model overfitting, producing effective model on
predictive power and improve accuracy. Therefore, for this paper, three feature selection
techniques are used namely, Correlation Based Feature Selection (CFS), Sequential Forward
Selection (SFS) and Correlation-Filter (CO) based on their effectiveness.

Class balancing technique is also applied to solve the problem of class imbalance of AEEEM

defect datasets of software projects used for this research. The aim of class balancing approach
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Is to equalize number of classes that exist in the datasets specially to increase the performance
of minority class by minimizing model bias. For this study, Synthetic Minority Oversampling
Technique (SMOTE) is applied as class balancing mechanisms. These two methods, feature
selection and class balancing, produce and give appropriate dataset to different ensemble
learning algorithms for model training. Regarding the ensemble machine learning algorithms,
Adaptive Boosting, Gradient Boosting, Extra Gradient Boosting, Random Forest, Extra Tree,
Bagging and Stacking techniques are applied in this research. When appropriate data is trained
by different types of ensemble algorithms, additionally it is good to make different types of
individual classifiers work with ensemble learning as the base classifier based on characteristics
of ensemble learning techniques.

Those different types of base classifiers machine learning algorithms applied in this research are
such as Support Vector Machine, Naive Bayes, Decision Tree and K-Nearest Neighbor. And all
ensembles machine learning algorithms and base classifiers algorithms mentioned above are
used to construct predictive model that categorize or identify software modules into defect and
non-defect. Predictive performance/efficiency of all models output is tested by using 10-fold
cross validation and the best performance model is chosen/selected by using different evaluation
metrics results. Lastly, software modules classification prototype model that is used to identify
tested dataset of software modules into defect and non-defect by inputting software metrics is

created from selected best performance/efficient model.
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Figure 4.1: General Proposed Architecture of Software Defect Prediction

4.2. Data Preprocessing

Data preprocessing is important task that provide a data for machine learning algorithms in
appropriate manner. It is a method which perform cleaning a data noisy/error, control missing
values, normalize different value of the attributes of a data in the same order of magnitudes,
identify important features for target variables decision and balancing imbalanced appearance
of a class as suitable and increase performance of machine learning algorithms. Therefore, the
general data preprocessing (before data given for training process) workflow have shown in the

following diagram.

Software Data Feature
Defect Dataset Normalization Selection

Data Cleaning

Data Balancing

The Last Data
for Training

Figure 4.2: General data preprocessing workflow diagram

48



4.2.1. Data Cleaning
Data cleaning is one of the task of data preprocessing which is used to maintain dataset from
error, noisy, incomplete, missing, garbage, corrupted and duplicate. Missing values are one of
the problems maintained in data cleaning task which are specified instances value absent from
the datasets because of different reasons such as corrupted data, errors from data collector,
meaning, noisy data and etc. The method of finding and controlling missing values of the
datasets are either by ignoring missed values, delete missed value rows or fill the missed values
by data imputation or by any other ways. In this paper, datasets for missing values are checked
and our datasets AEEEM we used for this study doesn’t have missed values.

4.2.2. Data Normalization Technique
Data Normalization is an extremely important part for model development of machine learning
algorithms which transforms the values of variables that appeared in different magnitudes/scales
into the same order magnitudes as all features have equal influence on the building model. This
method is also used to controlling outliers of the values. The dataset used in this research have
the problem of different scales on the value of features and outliers value on some features.
Therefore, we use Z- Score data normalization technique for this study to make the values of
variables on the equal magnitudes/scales.
Z-Score data normalization is often called standardization. It is one of data normalization
technique that transforms the dataset feature result into the value of mean zero and standard
deviation one. All standardized value is calculated by subtracting the average of the
corresponding attribute/feature from each values exists on the feature and after that dividing the
result to that feature standard deviation value.

X —p
o

Xstandard =

Equation 4.1. Standardization

Where, x represents each instances value of the specified feature, i represents a mean value of

all instances of the feature and o represents a standard deviation value of all instances of the

feature. Of course, the Z-Score result characteristics the ranges from -3.00 to 3.00 when the

input data is normally distributed.
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4.2.3. Feature Selection Technique
After the first preprocessing such as controlling missing values and data normalization have
performed their output results provide the datasets for the next process/task such as feature
selection and data balancing technique to produce suitable dataset for machine learning training
as the second preprocessing. Feature selection technique is a method included in second
preprocessing to analysis and select most important attributes that have strong relationship with
target attributes to improve performance of a models, to avoid irrelevant and redundant
attributes and to eradicating noisy features from the dataset. The purposes of feature selection
techniques are to provide appropriate best attributes for machine learning algorithms as those
selected attributes lead to increased performance, produce effective model on predictive power,
reduce computational cost, decrease overfitting and increase interpretability of the models. For
this reason, in this research we used three feature selection techniques such as Correlation Based
Feature Selection (CFS), Sequential Forward Selection(SFS) and Correlation-Filter(CO) based

CFS from Filter
Method

on their effectiveness.

Defect Dataset
with all set of

A

attributes

CO from Filter Method Best Selected Attributes Produce Df"a for
Balancing
SES from Wrapper
Method

Figure 4.3: General Feature Selection workflow diagram

Correlation Based Feature Selection (CFS)

Correlation based Feature Selection(CFS) — is one of multivariate filter methods which assess a
whole attribute subset based on correlation between independent variables and target variables.
It deals with the attributes that have redundancy amongst the attributes. This technique finds the
attributes that have high correlation with target attribute, but have low correlation with others
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attributes by using correlation coefficient(Hall, 1999; Piao et al., 2012). This technique involves

computing correlation relations between each pairs of attributes. Thus, the first attribute to be

selected are based on the attributes that have highest correlation coefficient. Equation of this

technique is defined as the following (Cunningham & Delany, n.d.; Liu, 2002; Wah et al., 2018):
KTy

" Jktk(k-Dr;

Equation 4.2. Heuristic Merit of an Attribute Subset

Ms

where, M is the heuristic merit of an attribute subset containing k attributes, 75 is the average
inter-correlation between the attributes, and 7, is the average of the correlation between the
attributes and the dependent variable.
Correlation Filter (CO)
Correlation Filter(CO) is one of univariate filter method that determines the merit of an attribute
by calculating its Pearson correlation coefficient to the dependent variable. It is statistical based
approach. This technique selects the attributes based on their rank results. Pearson correlation
coefficient equation is defined as the following(Guyon, 2003):

cov(X;,Y)

R = Jvar(X)var(Y)

Equation 4.3. Pearson Correlation Coefficient
Where, cov represent the covariance and var represent the variance.
Sequential Forward Selection(SFS)
Sequential Forward Selection (SFS) is one of deterministic wrapper method that depends on
classification algorithms. This technique begins to operate from an empty set and progressively
put attributes chosen by specified evaluation criteria. In every loop, the attribute to be included
in the attribute set is chosen from the remaining available attributes of the attribute set which is
not added to the attribute set. Therefore, the new extended attributes set should give a minimum
misclassification when compared with the addition of any other attribute, and this work
continues until a pre-defined number of the attributes are chosen. This technique is broadly
important for their speed and simplicity (Andina, 2010). This technique is good in few number
of attributes.
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4.2.4. Data Balancing Technique
Data balancing technique is a methods used to balance class distribution of the datasets. It is a
technique that is used to solve class imbalance problem of a datasets by equalizing number of
classes exists in a dataset that appeared in different quantities and biased the datasets which
leads to influence the prediction results of machine learning algorithms. This technique is
mainly including two methods i.e., under sampling and oversampling. Under-sampling
technique equalizes the class distribution of a datasets by randomly deleting the dataset samples
from majority class, whereas the oversampling technique equalizes the class distribution of a
datasets by increasing number of minority class instances by randomly duplicating the minority
class instances. Most prominent example of oversampling technique is Synthetic Minority Over-
Sampling Technique(SMOTE). SMOTE is mostly applied in software defect prediction and
improve performance of prediction.
Synthetic Minority Over-Sampling Technique(SMOTE)
SMOTE is one of oversampling technique that produces synthetic samples for minority class of
class distribution of the dataset instead of replacement oversampling. Synthetic
instances/samples are produced by processing in feature space. In this, minority class is
increased in sample by taking each sample and producing synthetic instances along the line
segments that join any/all of the k minority class nearest neighbors. The technique starts by
selecting k nearest neighbors after that synthetic instances are produced by calculating the
difference between the feature vector of the instance samples under processing and with their
nearest neighbor. After that, the technique multiplies the difference result by a random value
between 0 and 1. Then add it with the feature vector under processing. Therefore, a random
value is chosen along the line segment between two specific attributes/features. Consequently,
SMOTE widest the data region area of the minority class instances and forces/pushes the
decision region area of the class to begin to be more general (Chawla et al., 2002). This
technique supports to prevent the overfitting problem.
For this study, SMOTE is used to balance class distribution of the defect with non-defect class.
Because, in a dataset of AEEEM projects mostly non-defect class is very huge in number
whereas defect class is very small in number that means defect class (encoded 1) is minority in
number and non-defect class (encoded 0) is majority in number. In different ratio appearance
they do not have equal influence on machine learning algorithms training. Therefore, SMOTE

52



balancing technique is used to duplicate ratio of minority class(defect) to equalize with ratio of
majority class(non-defect) as both classes have equal impact on machine learning model.
4.3. Machine Learning Used for Model Building
The aim of this research is to build or construct effective software defect prediction model to
classify software modules/instances into defect and non-defect based on software metrics inputs
that measured and gathered from software systems during any phase of software development
life cycle to mitigate maintenance cost and enhance quality of software using ensembles
machine learning algorithms with compatible base learning algorithms. Therefore, models of
machine learning based are built from ensembles machine learning algorithms such as Adaptive
Boosting, Gradient Boosting, Extra Gradient Boosting, Random Forest, Extra Tree, Bagging
and Stacking algorithms. These algorithms are uses different individual base classifiers such as
Support Vector Machine, Naive Bayes, Decision Tree and K-Nearest Neighbor based on their
characteristics. Effective final model is selected and deployed from these ensemble learning
models for software defect prediction of binary class classification by evaluating and comparing
each algorithms model performance using 10-fold cross validation and others performance
evaluation metrics.

4.3.1. Adaptive Boost(AdaBoost) Algorithm
It is a one of most familiar boosting approach that build an ensemble by doing several iterations
every time with different observation (instance) weights and change slightly to achieve more
correct result to the errors returned by learners(classifiers) from previous occurring iterations
(Freund et al., 1996; Schapire, 2013). Updating the weights of training instances in every
iteration pushes the learning classifier to put more attention (value) on instances that incorrectly
classified in previous iteration and less attention(value) on instances that correctly classified in
previous iteration. That means, weights of incorrectly classified instances are become increased,
but weights of error free classified instances are become decreased. This shows in next iteration
wrong classified instance measure more heavily. AdaBoost uses the forecasts of several weak
classifiers and provide a final prediction via aggregated voting on approaches. AdaBoost
algorithm is applied for this software defect prediction because of this algorithm is not more
affected by overfitting, it works with several classifier and boost their performance and it doesn’t

have parameters to adjust.
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4.3.2. Gradient Boosting(GB) Algorithm
It is a generalization of adaptive boosting(AdaBoost) ensemble algorithm that can be construct
by utilizing a diversity of loss function. Adaboost assigns the weight to incorrectly classified
observations(instances) as next perform model (next iteration) predicts correctly whereas
Gradient boosting utilizes gradient to fit new base learner. Gradient boosting (GBM) work by
boosting techniques that aggregating previous predict errors with every subsequent numerous
weak learner to provide strong classifier and it is decision tree based algorithms. Specially,
Regression trees are act as a base classifier for both classification and regression problems and
provides more robust, interpretable manner and competitive (Friedman, 2014). Gradient
Boosting algorithm is applied for this software defect prediction because of this algorithm gives
high prediction accuracy, it can improve the quality of predicting (fitting) the base
learners(classifiers), it can classify complex data, it can try to control both under-fitting and
overfitting problem and it is very changeable/flexible.
4.3.3. Extreme Gradient Boosting (XGBoost) Algorithm

It applies gradient boosting tree approaches to build ensemble technique (Chen & Guestrin,
2016). It is a gradient boosting tree ensemble that employed the second-order differentials
(derivatives) of the loss function to get the optimal base learner more efficiently and accurately.
Whereas Gradient Boosting utilizes gradients to fit a new base classifier, XGB uses the second-
order derivatives gradients. This machine learning approach is decision trees based by using
gradient boosting framework algorithmic improvement (i.e., Weighted Quantile Sketch,
Sparsity Awareness, Regularization) and hardware and software optimization methods (i.e.,
Tree Pruning, Parallelization). These enhancements produce higher results by using few
computing resources within short time. XGB build reliable and accurate model by creating
effective classifier from a group of weak decision tree algorithms. then create decision tree
ensemble that utilizes the output of the weak classifier in the last prediction. XGB algorithm is
applied for this software defect prediction due to above reasons and also it models performance

is good and it doesn’t more affected by overfitting.
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4.3.4. Bagging Meta-Estimator Algorithm
It is an ensemble machine learning algorithm that follows a bagging techniques procedure to
enhance accuracy and stability of machine learning classifier by aggregating prediction output
of several weak learners(Bbeiman, 1996). This algorithm work with both regression and
classification problems. Bagging algorithms are more appropriate and effective with unstable
machine learning techniques that means when small changes happen on training set the
consequence of that changes is huge on predictions output. The following steps are concluded
bagging meta-estimator algorithms:
1) Generate random subsets(sub-samples) from dataset or bootstrapping (sampling of
dataset)
2) The subsets(sub-samples) of data contains all attributes(features)
3) A user-specified classification algorithms of base estimator is train with each of
generated subsets in previous step
4) Prediction from every one classifier(model) are aggregated(combined) to obtain final
output and use voting to forecast.
Bagging algorithm is applied in this study due to it improve accuracy by using combination of
several weak model to provide strong classifier, it produces stable classifier from unstable, it
minimizes a variance, it is a better than individual strong classifier and it can work with numerous
machine learning classifiers as a base learner.
4.3.5. Random Forests (RF) Algorithm
It is a special case of Bagging techniques that holds a collection of decision tree structure
algorithm. RF chooses random attributes in order to construct bootstrap learner using decision
trees (Breiman, 2001). RF constructed from numerous decision trees by choosing a subset of
data and attributes randomly. Randomly selects a subset of observation from chosen variables
and given to decision tree learning. Then, RF algorithm chooses the prediction that has highest
votes from all decision trees output in the forest to produce final prediction. Random forest
combine output from several trees and this combination will provide high accuracy on
prediction. Random forest algorithm uses randomization in two important places: First, every
decision tree is executed/trained by taking random sub-sample with replacement from original
dataset. Second, when executing individual decision trees algorithms (at every node) random

subset of attributes is used to find best splits. Making randomization is minimizing the
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correlations between decision trees, which enhance performance of prediction. Additionally,
working with randomness on datasets and attributes are decrease the risk of model overfitting.
RF uses decision tree algorithm as a base estimator and assigned by default in RF algorithms.
Random Forest algorithm is applied in this study because of it improve accuracy by minimizing
variance, it minimized error, it doesn’t have overfitting problem and it performance is good on
imbalanced datasets.
4.3.6. Extra Trees (ET) Algorithm
It is one of bagging technique ensemble algorithm that uses randomization for selection of
features and cut-point while splitting a tree (extremely randomized tree) and almost the same to
Random Forest, but with additional randomness. ET algorithm is different from RF algorithm
in two things: The first, every decision tree is constructed by using entire dataset, and the second
at every node in the tree, ET algorithm chooses the splits randomly without finding the best
splits. ET algorithm uses the top down method to construct unpruned trees classifier ensemble
technique. This algorithm is used for supervised regression and classification problems and it
accuracy and computational performance is good (Geurts et al., 2006). Extra Tree algorithm is
applied in this study because of above mentioned reasons and also uses further randomization
to improve accuracy by minimizing variance and it minimizes bias by constructing decision tree
by using entire dataset.
4.3.7. Stacking Algorithm

It is one of an advanced ensemble machine learning algorithms that combines several different
machine learning algorithms through meta learning algorithm that is either a meta-regressor or
meta-classifier. The base weak learner level machine learning algorithms are executed/trained
on the whole training dataset, and after that the meta learner(model) is accept output prediction
from base weak learner level algorithms as inputs. The base weak learner models are occurred
at level-0 model and meta learner that aggregates and accept the output predictions of base weak
learners as input are occurred at level-1 model to produce final prediction. level-0 algorithms
are diverse. Stacking algorithms can minimize the variance or bias based on the learning
algorithms applied in level-0. Stacking algorithms is operating effective ensemble technique in
which the output predictions that are produced by applying multiple various machine learning
algorithms are employed as inputs to next level algorithm (meta learner). This meta learner is
trained to combine the learner predictions in best manner to provide a final prediction(Funda et
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al., 2017). This algorithm performs it task parallel and it uses heterogeneous base weak learner
algorithms. Stacking algorithm is applied in this study because of it can produce improvement
performance, it minimizes a variance and build high robust model by joining the predictions of
several learners.

Above all mentioned ensembles algorithms are uses different machine learning algorithms on
their base classifier based on their characteristics. So, machine learning algorithms such as
Support Vector Machine(SVM), Naive Bayes(NB), Decision Tree(DT) and K-Nearest
Neighbor(KNN) are applied on base classifiers based on their benefits. From ensembles
algorithms such as Gradient Boosting, Extreme Gradient Boosting (XGBoost), Random Forest
and Extra Tree algorithms are uses only decision tree(DT) algorithms on their base classifier
whereas ensembles algorithms such as Adaptive Boosting(AdaBoost), Bagging Meta-
Estimator(Bagging) and Stacking algorithms are may uses SVM, NB, DT, KNN and also others
algorithms on their base classifier depending on effectiveness of those algorithms have on the
prediction power and performance improvement.

4.4. Model Evaluation Procedure

Model evaluation is the last process in construction of proposed solution that is used to
approximate the generalization performance of the model on whole or sample dataset. In this
research, model evaluation is implemented on the whole datasets of each software defect
projects to examine whether the predictive model is correctly trained or not. In this research, as
described in chapter three cross validation model evaluation procedure are used to assess
performance of the model with other performance measurements. Therefore, k-fold cross
validation methods are applied in this study with the k=10 to compare the result and identify
best performance model from all models. And 10-fold cross validation performance of the
model is evaluated and worked with other performance metrics such as accuracy, recall,
precision, confusion matrix, F-measure, AUC (Area Under ROC curve).

4.5. Model Prototype

In this research, we intended to predict or classify software modules/instances into defect and
non-defect based on software metrics inputs that measured and gathered from software systems
in quantitative form during any phase of software development life cycle to mitigate
maintenance and development cost, and enhance quality of software. Because, when software

testing performing at later stage the faults probable happen and identified in developed software

57



have effect on software quality, reliability and maintenance cost(Rawat & Dubey, 2012). And
this impact cost can affect our life and budget loss. Therefore, controlling the defect during any
phase of software development life cycle and early detection will support software developers,
testers and software companies and deliver quality software(Rawat & Dubey, 2012). And this
mechanism is easily performing by using software defect prediction approach that build a
prediction models from machine learning algorithms. Software defect prediction models are an
approach used to identify software modules into defect and non-defects. Then after the models
built from machine learning algorithms, users such as software developers, testers and software
companies are uses this models to predict new dataset in real world. To facilitate this models
for the users we trained, compared and selected best performance classifier model for
deployment on the flask server using GUI interfaces called HTML Webpage.

HTML webpage form are used to insert new data as input and this HTML webpage is connected
to the flask server and the flask server is connected to the best performance model that is selected
in model performance evaluation stage and finally classify new software modules into whether

defect or non-defect output.

Request ( Prediction Model
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Figure 4.4: Deployment Architecture for Software Defect Prediction
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CHAPTER FIVE
5. IMPLEMENTATION AND EXPERIMENT

In this chapter, we discuss implementation and evaluation of proposed system of software defect
prediction and required tools for performing experimentation to accomplish proposed system of
software defect prediction that enhance quality of a software and mitigate maintenance costs by
providing early detection of defect prone software modules before actual testing processes start
by using software metrics as input to ensemble machine learning algorithms. The aim of study
is used for software companies, developers and testers to predict whether software modules are
defect or non-defect based on software metrics of a software dataset that describe property of
software project in quantitative form. Hereunder we firstly describe implementation tools,
software package and working environment before real implementation of proposed system.
5.1. Working Environment
To achieve the aim of this research, the following different mechanisms, development tools,
environment setup and programming languages are used.
Hardware Specification
Hardware specification used in this research are: Laptops with the following specification:

» Processor: Intel(R) Core(TM) i5-4300U CPU @ 1.90GHz 2.50 GHz

» Installed RAM: 8.00 GB(Gigabyte)

» System type: 64-bit operating system, x64-based processor

» Hard Disk Storage: 1TB(Terabyte)
Software Specification

» Operating System: Windows 10 Enterprise is used to hold, manage and control the whole

computer system.

» Anaconda IDE is used for machine learning programming implementations.

A\

MS Office is used for writing a research documents and prepare a data.

» Edraw Max is used for drawing and design of every diagram and figure.
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5.1.1. Implementation Environments

To implement the aim of the research, python programming language is used that is currently

popular in machine learning and data science technology. Because python programming

language is the best in categorical and numerical classification or prediction and also it contains

different important package, library and frameworks. This programming language is crucial in

data processing science starting from data preprocessing stage up to model development stage.

As a result, for this implementation the following packages, tools and libraries are used.

Table 5.1: Explanation of Tools, Module packages used in the implementation and in

Deployment.
Tools Version Description
Package Manager and Environments Tools

Anaconda 4.10.1 | Itis a graphical user interface that help to launch developing

Navigator*2 applications and manage all packages of the environment
without command line,

Jupyter Notebook™® 6.0.1 It is an open-source web program application that support us
for creating machine learning model implementation, sharing
document, visualizations, data cleaning, equations, numerical
simulation, transformations and soon. It works with anaconda
navigator.

Python'* 3.7.0 It is an object-oriented, high-level and interpreted

programming language which has a dynamic semantics. It is a
strength programming language that is used to develop

machine learning model and application and easy to learn.

Data preparation, Data balancing and Training Tools and Packages

Microsoft Excel

2016

It is one of individual package of Microsoft Office that was
used for this research for data preparation purpose as suitable

for implementation

12 https://docs.anaconda.com/anaconda/navigator/

13 https://jupyter.org/
14 https://www.python.org/
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Pandas'® 1.3.4

It is an open-source package of python language that is used for
data reading, writing, manipulations and handling data frame.
It prepares high performance data analysis and manipulation
using powerful and fast data structure. It supports us to import

dataset in multiple file formats and easy to use.

Scikit-learnt® 1.0.1

It is an open-source machine learning package that is used for
regression, classification and clustering purpose in machine
learning. It is also used for predictive result analysis in machine
learning in simple and efficient way with built upon library
such as Scipy, Matplotli and Numpy. It is commonly known as

Sklearn

Numpy?!’ 1.21.2

It is a fundamental python module used for scientific
computing. This package is used to provide and support
multidimensional array object, strings and numbers, and

provide tools working with them.

Xgboost 151

It is a package module used to import or train Extreme Gradient
Boosting algorithm

Imblearnt® 0.8.1

It is a data balancing package module that is used to balance
class distribution of the datasets. It is a module that is used to
solve class imbalance problem of a datasets by equalizing
number of classes exists in a dataset that appeared in different

quantities.

Data

and Result Visualization Package

Matplotlib®® 3.5.0

It is a plotting package used for data and predictive result

visualization.

15 https://pandas.pydata.org/

16 https://scikit-learn.org/stable/

17 https://numpy.org/

18 https://imbalanced-learn.org/stable/
19 https://matplotlib.org/
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Seaborn?° 0.11.2 | It is a data visualization package that based on matplotlib
package. It is used to draw attractive graphics of data and result.

Deployment Tools

Flask Server?! 1.1.2 It is a web server application framework which is implemented
by python that is used to deployed and access developed model

And it is easier for web developer to implement application.

5.2. Dataset Description

For this research, datasets of AEEEM projects are used that are gathered from different version
of software system like eclipse and apache which are publically available online and was
collected by (Ambros & Lanza, 2010). These project datasets were developed by java object
oriented programming and have various software modules and software metrics that are based
on class level projects and evolution version of a system. In AEEEM datasets, five software
projects exist in which each software projects dataset has totally 62 attributes. That means, one
dependent attribute and 61 independent software metrics attributes which are prepared from
combination of 17-metrics from Source code metrics of CK (Chidamber and Kemerer) and OO
(Object Oriented) metrics, 5-metrics from previous defects, 5-metrics from Entropy of change
metrics, 17-metrics from Churn of Source code metrics and 17-metrics from Entropy of Source
code metrics.

AEEEM datasets have selected because of these datasets has a class imbalance and high feature
dimensionality problem. The following table represents the name of features, feature categories
and it description.

Table 5.2: Dataset Attributes Description

Software No. | Software Metrics(Features) Description
Metrics
Categories
1. | ck_oo_numberOfPrivateMethods Number of private methods
of source code

20 https://seaborn.pydata.org/
21 https://realpython.com/tutorials/flask
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Source Code
Metrics(CK_0OO

metrics)

2. | ck_oo_numberOfPublicAttributes Number of public attributes
of source code

3. | ck_oo_noc number of children of source
code

4. | ck oo wmc weight method count of
source code

5. | ck_oo_fanOut Number of other classes
referenced by the class of
source code

6. | ck_oo_numberOfLinesOfCode number of line code of
source code

7. | ck_oo_numberOfAttributesinherited Number of attributes
inherited of source code

8. | ck_oo_numberOfMethods Number of methods of
source code

9. | ck_oo_dit depth of inheritance tree of
source code

10. | ck_oo_fanin Number of other classes that
reference the class of source
code

11. | ck_oo_Icom lack of cohesion in methods
of source code

12. | ck_oo_rfc response of class of source
code

13. | ck_oo_cho coupling between objects of
source code

14. | ck_oo_numberOfAttributes Number of attributes of
source code

15. | ck_oo_numberOfPrivateAttributes Number of private attributes

of source code
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16.

ck_oo_numberOfMethodsInherited

Number of methods

inherited of source code

17. | ck_oo_numberOfPublicMethods Number of public methods
of source code
1. | WCHU_numberOfPublicAttributes Churn of Number of public
attributes
2. | WCHU_numberOfAttributes Churn of Number of
attributes
3. | WCHU_fanlIn Churn of Number of other
classes that reference the
class
4. | WCHU_numberOfPrivateMethods Churn of Number of private
Churn of methods
Source Code 5. | WCHU_numberOfMethods Churn of Number of
Metrics(WCHU methods
metrics) 6. | WCHU_numberOfPrivateAttributes Churn of Number of private
attributes
7. | WCHU_noc Churn of number of children
8. | WCHU _wmc Churn of weight method
count
9. | WCHU_dit Churn of depth of
inheritance tree
10. | WCHU_numberOfAttributesinherited Churn of Number of
attributes inherited
11. | WCHU_fanOut Churn of Number of other
classes referenced by the
class
12. | WCHU_Icom Churn of lack of cohesion in
methods
13. | WCHU _rfc Churn of response of class
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14. | WCHU_numberOfPublicMethods Churn of Number of public
methods

15. | WCHU_cbo Churn of coupling between
objects

16. | WCHU_numberOfMethodsinherited Churn of Number of

methods inherited

17. | WCHU_numberOfLinesOfCode Churn of number of line
code
1. | LDHH_lcom Entropy of lack of cohesion
in methods metrics
2. | LDHH_fanin Entropy of Number of other
classes that reference the
class
3. | LDHH_numberOfPublicMethods Entropy of Number of
public methods
4. | LDHH_numberOfPrivateAttributes Entropy of Number of
private attributes of
5. | LDHH_numberOfPublicAttributes Entropy of Number of
Entropy of public attributes
Source Code 6. | LDHH_numberOfPrivateMethods Entropy of Number of
Metrics(LDHH private methods
metrics) 7. | LDHH_numberOfAttributesinherited Entropy of Number of
attributes inherited
8. | LDHH_noc Entropy of number of
children
9. | LDHH_wmc Entropy of weight method
count
10. | LDHH_numberOfAttributes Entropy of Number of

attributes
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11. | LDHH_numberOfLinesOfCode Entropy of number of line
code
12. | LDHH_dit Entropy of depth of
inheritance tree
13. | LDHH_fanOut Entropy of Number of other
classes referenced by the
class
14. | LDHH_numberOfMethodsInherited Entropy of Number of
methods inherited
15. | LDHH_rfc Entropy of response of class
16. | LDHH_cho Entropy of coupling between
objects
17. | LDHH_numberOfMethods Entropy of Number of
methods
1. | numberOfNonTrivialBugsFoundUntil: non-trivial bugs
(severity>trivial)
2. | numberOfCriticalBugsFoundUntil: critical bugs (critical or
Previous blocker severity)
Defects Metrics | 3. | numberOfHighPriorityBugsFoundUntil: | high priority bugs (priority
and default)
4. | numberOfMajorBugsFoundUntil: major bugs (severity>major)
5. | numberOfBugsFoundUntil: All bugs
Entropy of 1. | CvsWEntropy Weight History of
Change Code Complexity Metric
Metrics 2. | CvsEntropy History of Complexity
Metric
3. | CvsLinEntropy Linearly Decayed History of

Complexity Metric
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4. | CvsExpEntropy Exponentially Decayed
History of Complexity
Metric

5. | CvsLogEntropy Logarithmically Decayed
History of Complexity
Metric

This is an attributes of the

Target class that used to identify the

Defects
Attributes classes into defect and non-

defect

5.3. Data Preprocessing Implementation

Under data preprocessing implementation, data cleaning and controlling missing value
implementation, data normalizations implementation, feature selection implementation and data
balancing implementation are included as it is proposed in chapter four. As the dataset is suitable
and acceptable for machine learning algorithms, models are constructed using python
programming language.

Before starting to do preprocessing stage necessary library and important datasets are imported.
Therefore, we have five datasets of AEEEM projects and those are loaded sequentially based

on the different time of execution using input array of the dataset.

import numpy as np
import pandas as pd
import re, os,time

#This is o method of Easily Reading the Files

path="../../../AEEEM Data/'

print('AEEEM DATASET')

for i,file in enumerate(os.listdir(path)}):
print(str{i+l)+'. '+file.replace(’.csv',’ "},end=",")
data = pd.read_csv(path+file)#loading dataset
print(len{data), 'Instances")

opt = input( ' Input Mumber of File: "); opt = int{opt)-1
for i,file in enumerate(os.listdir(path}):
if i !'= opt: continue

print({ ' \nDATASET: " ,file.replace('.csv’',"'').upper(), have selected','n")
data = pd.read_csv(path+file)#loading dataset

Figure 5.1: Implementation of loading different datasets in different execution
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5.3.1. Data Cleaning implementation
A method of data cleaning is used to maintain dataset from error, noisy, incomplete, missing,
garbage, corrupted and duplicate. However, the datasets don’t have the problem of missed value,
when it is checked through methods represented below and the data is clean it does not have a

problem.

data.isnull() data.isna().sum() data.isna().any().sum()

Figure 5.2: Implementation of checking missing value

After datasets are checked for missing values, it is split into independent variables and
dependent variables. The goal is to perform the next preprocessing activity and working with

machine learning algorithms so as to implement the proposed architecture.

ndependent Attribute and Target Attribute
Attribute

A
defects' )#Independant Attribute

#splitting Dataset into
Y=data[ "defects’]# Targe
X = data.drop(columns

= =

Figure 5.3: Implementation of Splitting Dataset into Independent Attribute and Target
Attribute

5.3.2. Data Normalization Implementation
Data Normalization is an extremely crucial part for model development of machine learning
technique which transforms the values of variables that appeared in different magnitudes/scales
into the same order magnitudes as all features have equal influence on the building model and
also used to controlling outliers of the values. The dataset used in this research have the problem
of different scales on the value of features and outliers value on some features as it has been
discussed in chapter four. Therefore, Z-Score has been used as a data normalization technique,

for this study to make the values of variables on the equal magnitudes/scales.
# Z-Score data normalization(Standardization)
from sklearn import preprocessing
# create a scaler object
standard _scaler = preprocessing.5tandardScaler()
# fit and transform the data
X_standard = pd.DataFrame(standard_scaler.ftit_transform{X}), columns=X.columns)
X_standard

Figure 5.4: Implementation of Z-score(Standardization) data normalization
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5.3.3. Feature Selection Implementations

The results of preprocessing activity that has been done at the first stage are further used as a
dataset, for the next task of preprocessing such as feature selection and data balancing as to
provide suitable and quality dataset for machine learning training.

Feature selection technique is a technique to analysis and selects most important attributes for
machine learning algorithms. Those selected attributes are crucial to increase performance and
produce effective model for prediction, reduce computational cost, decrease overfitting and
increase interpretability of the models. This technique is used to solve the problem of high
feature dimensionality of the datasets as previously discussed in chapter four. For this reason,
three feature selection techniques such as Correlation Based Feature Selection (CFS), Sequential
Forward Selection(SFS) and Correlation-Filter(CO) have been implemented based on their
effectiveness.

Correlation Based Feature Selection (CFS)

It is one of filtering methods/approaches which evaluate and analysis the whole attribute subset
based on correlation between independent variables and target variables. It is used to
choose/select best attribute from full set of original features to improve performance of the
machine learning algorithms. Python programming language which is manifested in the form of
the following python code is implemented.

from CFS import cfs, merit calculation #This Library/Module is used for Correlation Based Feature Selection
from sklearn.preprocessing import MinMaxScaler #This is used for Data Normalization

scaler = MinMaxScaler()
X_min_max=scaler.fit_transform(X)

# Using Best First Searching Method of (FS

Sel feat = cfs(X min max,Y) # This Method is used to call or import cfs method from CFS Module
Sel feat = Sel feat[Sel feat!=-1]

Sel feat

# Print the names of the features selected
feature names_sel = data.columns[Sel feat]
feature names sel

Figure 5.5: Sample code of Correlation Based Feature Selection

This feature selection searches a number of best subset attributes based on correlation coefficient

by using Best First Searching Method of correlation based feature selection. The full
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implementation of correlation based feature selection is working with others sample code such
as merit calculation implementation, symmetrical uncertainty calculation implementation,
information gain implementation and conditional entropy calculation implementation and they
are depicted on Appendix C.
Correlation-Filter(CO)
It is statistical based approach of univariate filter method which decides the merit of an attribute
by calculating its Pearson correlation coefficient to the dependent variable. Therefore, it chooses
the variables based on their rank results. It gives the relationship that each variable has with
target as indicated in the preceding chapter. This feature selection implementation is represented
as follows.
# Brute Force Method to find Correlation between features
def correlation(data, threshold=None):
# Set of all names of correlated columns
col corr = set()
corr_mat = data.corr()}# Correlation Analysis
for i in range(len{corr_mat.columns)):
for j in range(i):
if (abs{corr mat.iloc[i,j]) > threshold):
colname = corr_mat.columns[i]

col corr.add{colname)
return col corr

#This is used to identify and extract correlated features using threshold
correlated _features = correlation(data=X_standard, threshold=6.8)

#This is used to remove correlated attributes
X 5Selected=X_standard.drop(correlated features,axis=1)

#This is used to display selected attributes
¥ Selected.columns

Figure 5.6: Implementation of Correlation Filter

In implementation of correlation filter we used Brute Force method by deciding the threshold
point of limiting (threshold=0.8) to find and identify correlated attributes and select best
attributes from original sets.

Sequential Forward Selection(SFS)

It is one of the wrapper methods which depend on machine learning classification algorithms.
This technique selects best attributes from original sets by using selected ensemble machine

learning algorithms that is used for model development such as RF, ET, GB, XGBoost, Bagging,

70



AdaBoost and Stacking. These feature selection methods is appropriate for this study as
proposed in the previous chapter has been implemented for selecting features as indicated in the

following figure.

from mlxtend.feature selection import SequentialFeatureSelector as SFS
from matplotlib.ticker import MaxtlLocator

from sklearn.model selection import KFold,cross_val score

from sklearn.ensemble import ExtraTreesClassifiar

# This is splitting datasets into Kfold

kf = KFold(n splits=18, shuffle=True, random state=1)

# This is Single Machine Learning Algorthim working with Sequential Forward Selection

clf = ExtraTreesClassifier(n estimators=188, n_jobs=-1)

# This is Building Sequential Forward Selection with ML algorithm and cross validation
max_k = ¥_standard.shape[1]
sfs_forward = SFS(clf,k_features=(1, max_k),forward=True,floating=False,scoring="accuracy’,cv=kf,n_jobs=-1)

—=

# Sequential Forward Selection is Fitting Feature and Target

sfs_forward = sfs_forward.fit(X standard,Y)

#This is Print best selected features from Original set

sfs_forward.k_feature names

Figure 5.7: Sample code of Sequential Forward Selection

5.3.4. Data Balancing Implementation
Data balancing technique is a method used to balance or equalize class distribution of the
datasets that appeared in different ratio. It makes all classes of the datasets to have equal
influence on model training. As it has been discussed in chapter three and four, the datasets used
have the problem of data imbalance. To solve that problem, SMOTE data balancing approach
has been used. SMOTE data balancing approach is mostly applied and suggested in software
defect prediction to improve performance of the prediction activity. For this study, SMOTE
balancing approach is used to balance class distribution of the defect with non-defect class.
Therefore, SMOTE balancing technique is applied and implemented to duplicate ratio of
minority class(defect) to equalize with ratio of majority class(non-defect) as both classes have
equal impact on machine learning model. This approach is performed after best set of attributes

is selected by feature selection techniques and it is the last preprocessing stage that is performed
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before training the machine learning algorithms. This implementation approach is represented
as the following figure.

from collections import Counter
from imblearn.owver sampling import SMOTE # Data Balancing Library

# Generating the Data to Balance
smote=SMOTE(sampling_ strategy =1,random_state=1)
¥ smote,¥ smote=smote.ftit resample(X selected,Y)

# Display Equal ratio of the Clas
Counter(¥ smote)

LA

Figure 5.8: Implementation of SMOTE Data balancing technique

5.4. Machine Learning Used for Model Building Implementation

To build effective ensemble based machine learning model for software defect prediction by
using the proposed algorithms such as Adaptive Boosting, Gradient Boosting, Extra Gradient
Boosting, Random Forest, Extra Tree, Bagging and Stacking algorithms, important steps such
as preprocessing, feature selection and data balancing activities have been done. Furthermore,
training ensemble machine learning models with base classifier and evaluation of the developed
models has been taken place by importing important libraries for all of these tasks as indicated

below.

72



import numpy as np

import pandas as pd

import re, os,time

from sklearn import preprocessing

from sklearn.preprocessing import MinMaxScaler,labelEncoder

from sklearn.naive bayes import GaussianhB

from sklearn.neighbors import KNeighborsClassifier

from sklearn.svm import SVC

from sklearn.tree import DecisionTresClassifier

from sklearn.ensemble import RandomForestClassifier,ExtraTressClassifier,BaggingClassifier
from sklearn.ensemble import GradientBoostingClassifier,AdaBoostClassifier,StackingClassifier
from xgboost import XGBClassifier

from sklearn.model selection import GridSearchCV,cross_val _score,cross_val predict,KFold
from sklearn import metrics

from sklearn.metrics import *

from mlxtend.feature_selaction import SequentialFeatureSelector as SFS

from CFS import cfs, merit_calculation

from CFS_ForwardSearch import CFS_F5

from matplotlib.ticker import MaxNLocator

import seaborn as sns

import matplotlib.pyplot as plt

from collections import Counter

from imblearn.over_sampling import SMOTE

Figure 5.9: Importing necessary Library for model development

After important libraries are loaded for the preprocessing, feature selections and data balancing
tasks thereby completing the required tasks, the proposed ensemble machine learning algorithms
with base learners are trained by taking the final appropriate datasets that are produced by the
last preprocessing activity for defect prediction models. The models built on the basis of the last
appropriate datasets are presented hereafter.

Random Forest Implementation

This is one of supervised ensemble machine learning algorithms that works by Bagging
approach and by holding a collection of decision tree structure algorithm on several sub-sample
(bootstrap) of the datasets which then after uses average predication. RF chooses random
attributes in order to construct bootstrap learner by using decision trees. The algorithm
implementation instantiation and fitting the model to train our datasets by importing
RandomForestClassifier() module from sklearn ensemble library is demonstrated in the

following figure.
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from sklearn.ensemble import RandomForestClassifier
#Define model
model=RandomForestClassifier({random state=1)

s -~ . |
#F1t to train model

model.fit(X smote,¥ smote)

Figure 5.10: Sample code of Random Forest Classifier and It is Model Fitting

Extra Tree Implementation

Extra Tree is also one of supervised ensemble machine learning algorithms that work by
Bagging approach. It uses randomization for the selection of features and cut-point while
splitting a tree (extremely randomized tree). It is almost the same as Random Forest classifier,
but with additional randomness. It uses decision tree algorithm on it base classifier. The
algorithm implementation instantiation and fitting the model to train our datasets by importing
ExtraTreeClassifier() module from sklearn ensemble library is demonstrated in the following

figure.

from sklearn.ensemble import ExtraTreesClassifier
#Define model
model=ExtraTreesClassifier({random_state=1)

#Fit to train model

model.fit(X smote,¥ smote)

Figure 5.11: Sample code of Extra Tree Classifier and It is Model Fitting

Gradient Boosting Implementation:

Gradient Boosting works by boosting approach that aggregating previous predict errors with
every subsequent numerous weak learner to provide strong classifier and it is decision tree based
algorithms. Gradient boosting utilizes gradient to fit new base learner and it can be construct by
utilizing a diversity of loss function. The algorithm implementation instantiation and fitting the
model to train our datasets by importing GradientBoostingClassifier() module from sklearn

ensemble library is presented in the following figure.
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from sklearn.ensemble import GradientBoostingClassifier
#Define model
model=GradientBoostingClassifier(random state=1)

s _ . |
#F1t to train model

model . fit (X _smote,¥ smote)

Figure 5.12: Sample code of Gradient Boosting Classifier and It is Model Fitting

XGBoosting Implementation:

XGBoosting works also by boosting approach and it is a gradient boosting tree ensemble that
employed the second-order differentials(derivatives) of the loss function to get the optimal base
learner more efficiently and accurately. XGBoosting uses the second-order derivatives gradients
and decision trees based algorithms. The algorithm implementation instantiation and fitting the
model to train our datasets by importing GradientBoostingClassifier() module from sklearn

ensemble library is presented in the following figure.

from xghoost import XGBClassifier

#Define model

model=XGBClassifier(objective ="binary:logistic’,use label encoder=False,random state=1)
#Fit to train model

model.fit(X smote,Y smote)

Figure 5.13: Sample code of XGBoosting Classifier and It is Model Fitting

Bagging Meta-Estimator Implementation

Bagging Meta-Estimator is one of supervised ensemble machine learning algorithm that
carrying out a bagging approach procedure to enhance accuracy and stability of machine
learning classifier by aggregating prediction output of several weak learners. It is best with
unstable machine learning algorithms (Example: Decision Tree) that means when small changes
happen on training set, the consequence of that changes are huge on predictions output.
Therefore, it uses user-specified classification algorithms for base estimator. For this study, we
try to use different base classifiers such as SVM, NB, DT and KNN based on their characteristics
and effectiveness are used as it is proposed in chapter four. Therefore, when they are compared
by their characteristics and result benefits; the DT algorithm is best due to its unstable property.
And also other DT based ensembles machine learning algorithms such as RF, ET, GB and

XGBoost are used on base classifier of bagging meta estimator due to their unstable
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characteristics on their base classifier. Bagging meta-estimator uses DT, RF, ET, GB and
XGBoost on it as a base classifier. Sample code implementation of bagging meta-estimator is

represented as the following with ET base classifier.

from sklearn.ensemble import BaggingClassifier

from sklearn.ensemble import ExtraTreesClassifier

#Define model

model= BaggingClassifier(ExtraTreesClassifier(random state=1),random state=1,n jobs=-1)
#Fit to train model

model.fit(X smote,Y smote)

Figure 5.14: Sample code of Bagging Classifier by using ET on Base Learner and It is Model
Fitting

Adaptive Boosting Implementation:

Adaptive Boosting, is one of supervised ensemble machine learning algorithm that works by
boosting approach which construct an ensemble by doing several iterations every time with
different observation (instance) weights and change slightly to achieve more correct result to
the errors returned by learners(classifiers) from previous occurring iterations.

This algorithm uses different user-specified base classifier algorithms. Therefore, for this study,
different base classifier such as SVM, NB, DT and KNN are used as proposed in chapter four.
When we compare them by their characteristics and result benefits, the DT algorithm is the best
among them. And also other DT based ensembles machine learning algorithms such as RF, ET,
GB and XGBoost are used on base classifier of adaptive boosting algorithm. Adaptive boosting
algorithm uses RF, ET, GB and XGBoost on it as a base classifier. Sample code implementation

of adaptive boosting algorithm is represented as the following with ET base classifier.

from sklearn.ensemble import AdaBoostClassifier

from sklearn.ensemble import ExtraTreesClassifier

#Define model

model= AdaBoostClassifier(ExtraTreesClassifier(),random state=1)
#Fit to train model

model . fit(X smote,¥ smote)

Figure 5.15: Sample code of Adaptive Boosting Classifier by using ET on Base Learner and It
is Model Fitting
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Stacking Implementation:

Stacking is included under heterogeneous ensembles learning algorithm that combines several
different machine learning algorithms through meta learning algorithm. In this algorithm
different base weak learner is executed on the whole datasets and the output of that base weak
learner is inputted to final estimator and train for prediction. For this study, different base
classifier such as SVM, NB, DT and KNN are used as per the proposal in chapter four. When
these classifiers are compared by their characteristics and result benefits, the DT algorithm is
the best from them. And also other DT based ensemble machine learning algorithms such as
DT, RF, ET, GB and XGBoost are there but for stacking ensemble we used only three base
learners such as ET, RF and DT because of computational performance of stacking is very high
with all these five algorithms (DT, RF, ET, GB and XGBoost) on base learners due to the
property of stacking is heterogeneous. So that stacking algorithm uses DT, RF and ET on it is
base weak learning and default algorithm on it is final meta learner (i.e. Logistic Regression).
Sample code implementation of stacking algorithm is represented as indicated in the following

figure with base weak classifier like ET, RF and DT, and default final estimator.

from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.ensemble import ExtraTreesClassifier

from sklearn.linear_model import LogisticRegression

from sklearn.ensemble import StackingClassifier

#Define model

estimators = [('rf’, RandomForestClassifier(random state=1)),
("et',ExtraTreesClassifier{random_state=1}),
("dt’,DecisionTreeClassifier(random state=1))]

model= StackingClassifier(estimators=estimators, final estimator=LogisticRegression())

#Fit to train model

model.fit(X_smote,Y_smote)

Figure 5.16: Sample code of Stacking Classifier with default Final Estimator and It is Model
Fitting
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5.5. Model Evaluation Procedure Implementation

After the steps of the first preprocessing and the second preprocessing like feature selection and
data balancing, appropriate datasets are obtained for machine learning training and model
construction. Based on what has been trained, several models of software defect prediction
based on proposed ensemble machine learning algorithms have been developed. To use these
developed models for software module classifications as either defective or non-defective,
evaluation is needed to determine the performance of every developed models as important and
basic task. Model evaluation is the last process and it is an important work of assessing
performance of the models on the whole datasets. In this study, we have five software defect
datasets of AEEEM projects where each software defect dataset should be evaluated based on
all developed models.

To evaluate performance of all developed models, ten-fold cross validation data splitting
technique has been applied as a result of which the performance of all developed models is
evaluated using evaluation metrics provided by confusion matrix. The metrics include accuracy,
recall, precision, F-measure, AUC (Area Under ROC curve) as it is discussed in chapter three
and four. In 10-fold cross validation, cross validation is applied on the whole datasets where 9-
fold of them is used for training and 1-fold for testing. k-fold cross validation is implemented
by instantiating cross_val _score() method with different parameters such as
classifier(estimator), independent variable, dependent variable and number of folds, scoring
metrics and n_jobs. cross_val_predict() method has also been used with different parameters
like classifier(estimator), independent variable, dependent variable and number of folds for
cross validation prediction on testing folds dataset. Both these methods are imported from
sklearn library. confusion_matrix() method for other metrics calculations such as accuracy,
recall, precision, F-measure, AUC (Area Under ROC curve) is implemented and results are
represented in the form of text classification result by using classification_report() method. All
used methods are imported from sklearn package library and their implementation is represented

in the figure below.
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from sklearn.model _selection import KFold,cross_val_score

#This is used to splitting dataset into 18-folds by using shuffle
kit = KFold(n_splits=18, shuffle=True, random state=1)

#This is used to instantiate 18-fold cross validation with ML algorithm and Accuracy
cv_results acc= cross val score(model,X smote,Y smote, cv=kf,scoring="accuracy”,n_jobs=-1)}

#This is used to Display Accuracy of 18-fold cv of training ML Model
cv_results acc*188, 'Mean=",cv_results acc.mean()*188

Figure 5.17: Implementation of 10-fold Cross Validation for Model Evaluation by Accuracy

from sklearn.model selection import KFold,cross wval predict
from sklearn.metrics import confusion matrix

kf = KFold(n_splits=18@, shuffle=True, random state=1)

#This is wsed to Predict Test Fold
y_pred=cross_val predict({model,X¥ smote,¥ smote, cv=kf,n_ jobs=-1)

#This is used to Display Confusion Matrix
cont _matrix= confusion _matrix(¥Y smote,y pred)
conf matrix

#This is wused to Display Classification Repaort
classif report=classification report(¥ smote,y pred)
classif report

Figure 5.18: Code of 10-fold CV Prediction, Confusion Matrix and Classification Report of a
Models
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CHAPTER SIX
6. RESULT AND DISCUSSION

In this chapter, we discuss the results obtained through experimenting the proposed system of
software defect prediction supported by different evaluation methods. The chapter includes
three parts. Firstly, elaborate results of data preprocessing. Secondly, elaborate performance and
evaluation results of selected ensembles machine learning algorithms for model construction
with effect of feature selection and data balancing by performance metrics on each five AEEEM
datasets. Lastly, we compare the results of seven selected ensemble learning with combination
of three feature selection and data balancing on five AEEEM software defect datasets and the
best model is provided for deployment to classify or predict software modules into defect or
non-defect. A detailed comparison of this research with the previous studies is also provided to
assure that this study fills the gaps identified in the literature review, answers the research
question, and achieves stated research specific objectives.
6.1. Data Preprocessing Results
The Datasets of AEEEM projects used in this research has totally 62 attributes. Among them
one is dependent attribute and 61 independent software metrics attributes. Based on selected
datasets, data preprocessing results are explained so as to recognize, understand and solve
problems through different scales on features magnitude, class imbalance and high feature
dimensionality.

6.1.1. Data Normalization Results
Data normalization technique applied on this research is z-score standardization that is used to
transform features scales magnitude into similar order magnitude to obtain equal effect of
features value on machine learning training thereby reducing outlier. Based on z-score
normalization, the result of data normalization is represented in ranges of -3.00 up to 3.00 for
all selected datasets features as it is indicated in the following figure.
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Figure 6.1: Result of data normalization technique

The figure shown above represents the data normalization result of the datasets as data features
become equal effects for all activities perform after this section.
6.1.2. Feature Selection Results

Feature selection techniques are employed in this research to choose best and appropriate
attribute set for enhancing prediction power of classifier algorithms and minimize overfitting.
In this study, three feature selection techniques such as Correlation Based Feature Selection
(CFS), Correlation-Filter(CO) and Sequential Forward Selection(SFS) have been used. FS and
CO are included under filtering methods which is independent from machine learning while
SFS is included under wrapper methods which is based on machine learning classifier. For that
reason, SFS is used with all selected ensemble learning algorithms also with selected base
classifier in the study. For CO feature selection technique, Brute Force method with threshold

point of 0.8 is used to extract unneeded features and to obtain best features (i.e. identify best
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features by rank score of each features). Therefore, from all feature selection techniques, the

output result of best selected features is displayed as in the following table.

Table 6.1: Feature Selection result for every selected ensemble learning algorithms in model

building
Datasets Number of Selected Attributes by different Feature Selection Technique
SFS
CFS| CO "RF [ ET | GB | XGBoost| BET | AET | SDF
EQ 17 26 11 7 47 7 16 7 9
JDT 12 27 31 5 50 12 23 26 6
LC 7 34 9 15 19 9 10 6 23
ML 16 34 34 26 47 18 14 38 15
PDE 15 28 11 20 30 16 13 28 15

BET: Bagging with Extra tree base learner, AET: Adaptive boosting with Extra tree base learner,
SDF: Stacking by default final meta learner with base weak learner such as ET, RF and DT.

Table 6.1 shown above represents the number of attributes selected by different feature selection
techniques from 61 original features for all selected ensemble learning algorithms as well as
some feature selection techniques like SFS depend on selected ensemble learning with their
properties. The effect of feature selection result is given to data balancing technique as input
and then the last preprocessed data is given to selected ensemble learning for training purpose.
The next section discusses about data balancing by taking output result of feature selection as
input to produce the last data for training.
6.1.3. Data Balancing Results

The datasets used in this study is impacted by data imbalance problem. And this problem causes
majority classes to dominate the minority class in machine leaning training. In other words, it
obtains biased performance result which is dominated by single class. Dataset balancing
technique is the method used to equalize the classes occurrence of the dataset. It balances classes
ratio in the dataset that occurred in different quantities. For this study, we used SMOTE data
balancing technique that performs oversampling approach to balance the classes by increasing

minor class (defect). Therefore, SMOTE data balancing is applied for all AEEEM datasets such
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asEQ, JDT, LC, ML and PDE as it is represented in the following figures that shows imbalanced
data and balanced data for all datasets.

EQ Dataset Imbalanced Class EQ Dataset After Balanced Class
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Figure 6.2: EQ dataset before balanced(at left side) and after balanced class(at right side)

Figure 6.2 shown above indicates that EQ dataset before balanced has held 324 software
modules, from which 195 modules are non-defective and 129 modules are defective. After
SMOTE data balancing technique is performed, the EQ dataset have changed to total number
of 390 software modules, from which 195 modules are non-defective and 195 modules are

defective.
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Figure 6.3: JDT dataset before balanced(at left side) and after balanced class(at right side)

Figure 6.3 shown above indicates that JDT dataset before balanced has held 997 software
modules, from which 791 modules are non-defective and 206 modules are defective. After
SMOTE data balancing technique is performed, the JDT dataset have changed to total number
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of 1,582 software modules, from which 791 modules are non-defective and 791 modules are
defective.
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Figure 6.4: LC(Lucene) dataset before balanced(at left side) and after balanced class(at right
side)

Figure 6.4 shown above indicates that LC(Lucene) dataset before balanced has held 691
software modules, from which 627 modules are non-defective and 64 modules are defective.
After SMOTE data balancing technique is performed, the LC(Lucene) dataset have changed to
total number of 1,254 software modules, from which 627 modules are non-defective and 627

modules are defective.
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Figure 6.5: ML(Mylyn) dataset before balanced(at left side) and after balanced class(at right
side)
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Figure 6.5 shown above indicates that ML(Mylyn) dataset before balanced has held 1862
software modules, from which 1617 modules are non-defective and 245 modules are defective.
After SMOTE data balancing technique is performed, the ML(Mylyn) dataset have changed to
total number of 3,234 software modules, from which 1617 modules are non-defective and 1617

modules are defective.
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Figure 6.6: PDE dataset before balanced(at left side) and after balanced class(at right side)

Figure 6.6 shown above indicates that PDE dataset before balanced has held 1497 software
modules, from which 1288 modules are non-defective and 209 modules are defective. After
SMOTE data balancing technique is performed, the PDE dataset have changed to total number
of 2,576 software modules, from which 1288 modules are non-defective and 1288 modules are
defective.

The above mentioned data balancing results are provided the last suitable datasets for model
building by selected ensemble machine learning algorithms and this technique’s results are
considered as last preprocessing. After this stage the dataset produced by this technique is used
for training purpose by the selected ensemble learning algorithms such as AdaBoost, GB,
XGBoost, RF, ET, Bagging and Stacking algorithms with different base learners. The
performances of these selected ensemble learning techniques are discussed as the following

sections.
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6.2. Models Performance and Evaluation Results
In this study, when the first data preprocessing stage is completed, the appropriate data is
provided for the next data preprocessing stages such as feature selection and data balancing
technique. Then after the final best and suitable dataset is provided for model building training.
Based on above procedures, the final provided datasets for training purpose is given for selected
ensemble machine learning algorithms such as AdaBoost, GB, XGBoost, RF, ET, Bagging and
Stacking algorithms with different base learners to construct software defect prediction models.
In this study, each feature selection techniques such as CFS, CO and SFS used in the proposed
system are firstly combined with SMOTE data balancing technique thereby combining the
results of both techniques with each selected ensemble learning. Consequently, their
performance is evaluated by performance metrics such as confusion matrix, accuracy, recall,
precision, F-measure, AUC (Area Under ROC curve) with 10-fold cross validation for all used
datasets. And then their performance results are compared each other and the best model is
selected for deployment of software defect prediction. In the next section, the result of each
ensemble learning algorithms is discussed with selected feature selection techniques.

6.2.1. Result of Ensemble Learning with feature selection
Under here, the results of each ensemble learning are discussed with selected feature selection
techniques by accuracy metrics evaluation to identify effective and best performance feature
selection technique for all datasets.
The experimental results of selected ensemble learning algorithms such as AdaBoost, GB,
XGBoost, RF, ET, Bagging and Stacking algorithms with selected feature selection techniques
such as CFS, CO and SFS are depicted as in the following tables.

Table 6.2: Accuracy result of Random Forest(RF) with different Feature Selection

Datasets CFS CcO SFS by RF
EQ 0.903 0.915 0.944
JDT 0.927 0.961 0.961
LC 0.918 0.98 0.98
ML 0.927 0.976 0.975
PDE 0.949 0.971 0.963
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Table 6.2 shown above represents the accuracy result of Random Forest(RF) classifier with
different feature selection such as CFS, CO and SFS. The result is represented for all datasets
and the highest value is indicated by bold for each dataset. The performed experiment shown
indicates that RF classifier is integrated with each feature selection techniques for all datasets.
Based on the results, CO feature selection technique has given better performance on all of the
datasets except on EQ. SFS feature selection technique has also shown good performance on
three datasets such as EQ, JDT and LC.

Table 6.3: Accuracy result of Extra Tree(ET) with different Feature Selection

Datasets CFS CcO SFSby ET
EQ 0.89 0.931 0.936
JDT 0.937 0.963 0.963
LC 0.927 0.992 0.988
ML 0.93 0.982 0.982
PDE 0.952 0.978 0.974

Table 6.3 shown above represents the accuracy result of Extra Tree(ET) classifier with different
feature selection such as CFS, CO and SFS. The result is represented for all datasets and the
highest value is indicated by bold for each dataset. The performed experiment shown indicates
that ET classifier is integrated with each feature selection techniques for all datasets. Based on
the results, CO feature selection technique has shown better performance on all of the datasets
except on EQ. Also SFS feature selection technique has also shown good performance on three
datasets such as EQ, JDT and ML.

Table 6.4: Accuracy result of Gradient Boosting(GB) with different Feature Selection

Datasets CFS CcO SFS by GB
EQ 0.897 0.91 0.923
JDT 0.894 0.936 0.951
LC 0.887 0.975 0.961
ML 0.867 0.935 0.932
PDE 0.847 0.926 0.932
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Table 6.4 shown above represents the accuracy result of Gradient Boosting(GB) classifier with
different feature selection such as CFS, CO and SFS. The result is represented for all datasets
and the highest value is indicated by bold for each dataset. The performed experiment shown
indicates that GB classifier is integrated with each feature selection techniques for all datasets.
Based on the results, SFS feature selection technique is obtained has shown better performance
on three datasets such as EQ, JDT and PDE. CO feature selection technique has also obtained
good performance on only two datasets namely, LC and ML.

Table 6.5: Accuracy result of Extreme Gradient Boosting(XGBoost) with different Feature

Selection
Datasets CFS CcoO SFS by XGBoost
EQ 0.905 0.908 0.928
JDT 0.924 0.965 0.963
LC 0.91 0.982 0.978
ML 0.921 0.973 0.972
PDE 0.929 0.97 0.97

Table 6.5 shown above represents the accuracy result of Extreme Gradient Boosting(XGBoost)
classifier with different feature selection methods such as CFS, CO and SFS. The result is
represented for all datasets and the highest value is indicated by bold for each dataset. The
performed experiment shown indicates tthat XGBoost classifier is integrated with each feature
selection techniques for all datasets. Based on the results, CO feature selection technique has
obtained better performance on all of the datasets except on EQ. SFS feature selection technique
has also given good performance on only two datasets such as EQ and PDE.

The above mentioned ensemble learning algorithms such as RF, ET, GB and XGBoost are used
only decision tree(DT) algorithm in their base classifier. they are decision tree(DT) based
ensemble learning algorithms. However, the ensemble machine learning algorithms used in this
study is not only the mentioned above. Therefore, additionally others ensemble learning
algorithms such as Bagging, AdaBoost and Stacking are used. And they all uses different base
learning algorithms such as SVM, NB, DT and KNN. When the results of all base learning
techniques mentioned above for integrating on base estimator of those ensemble learning are

compared, the DT algorithm has shown better performance than others. Here, DT is used as a
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base learner(estimator) for those ensembles learning as it can be seen from their experimental
results which is depicted on Appendix B. However, DT algorithm is itself, is the only base
learner of ensemble learning such as RF, ET, GB and XGBoost. Because of this ensemble
learning schemes such as RF, ET, GB and XGBoost used only DT algorithm on their base
learning. Hence, the experimental result of DT with RF, ET, GB and XGBoost has been
compared including these ensemble learning with each other in which case ET has shown better
in performance than DT, RF, ET, GB and XGBoost. ET has also been considered as base
learning of Bagging and AdaBoost ensemble learning instead of DT default on base learner
assuming that it is best and an improved algorithm. The experimental results of using ET as a
base learning techniques is presented as an Appendix B. But for Stacking ensemble, only three
base learners such as ET, RF and DT are used because of computational performance of stacking
is very high with all these five algorithms (DT, RF, ET, GB and XGBoost) on base learners as
stacking is heterogeneous. Besides, default algorithm for final meta estimator of stacking
algorithm with those base learners is used. It is possible to refer the result of all base learning
from Appendix B as mentioned before.

Tables 6.6, 6.7, 6.8 and 6.8 depict experimental results of ensemble learning such as Bagging,
AdaBoost and Stacking with best and effective base learners combined with each selected
feature selection techniques as we discussed earlier.

Table 6.6: Accuracy result of Bagging that uses ET on Base Learner with different Feature

Selection
Datasets CFS CoO SFS by Bagging of
ET base learner
EQ 0.887 0.913 0.928
JDT 0.934 0.96 0.958
LC 0.919 0.99 0.977
ML 0.926 0.981 0.975
PDE 0.946 0.978 0.969

Table 6.6 shown above represents the accuracy result of Bagging that uses ET classifier on base
learner with different feature selection such as CFS, CO and SFS. The result is represented for

all datasets and the highest value is indicated by bold for each dataset. The performed
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experiment shows that Bagging by ET on base learner is integrated with each feature selection
techniques for all datasets. Based on the results, CO feature selection technique has
demonstrated better performance on all of the datasets except on EQ. On the other hand, SFS
feature selection technigque has proven good performance on only EQ dataset.

Table 6.7: Accuracy result of AdaBoost that uses ET on Base Learner with different Feature

Selection
Datasets CFS CO SFS by AdaBoost of ET base learner
EQ 0.882 0.918 0.954
DT 0.93 0.965 0.967
LC 0.923 0.991 0.97
ML 0.931 0.979 0.973
PDE 0.953 0.981 0.983

Table 6.7 shown above represents the accuracy result of AdaBoost that uses ET classifier on
base learner with different feature selection mechanisms such as CFS, CO and SFS. The result
is represented for all datasets and the highest value is indicated by bold for each dataset. The
performed experiment shows that AdaBoost by ET on base learner is integrated with each
feature selection techniques for all datasets. Based on the results, SFS feature selection
technique has demonstrated better performance on three datasets such as EQ, JDT and PDE. On
the other hand, CO feature selection technique has confirmed good performance on only LC and
ML datasets.

Table 6.8: Accuracy result of Stacking that uses ET, RF and DT on Base Learners, and uses
default Final Estimator with different Feature Selection

Datasets CFS CcO SFS by Stacking of ET, RF
and DT on base learner and
default final estimator

EQ 0.903 0.918 0.933
JDT 0.933 0.962 0.958
LC 0.923 0.989 0.988
ML 0.93 0.984 0.977
PDE 0.953 0.981 0.966
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Table 6.8 shown above represents the accuracy result of Stacking that uses ET, RF and DT
classifiers on base learners, and uses default final estimator with different feature selection such
as CFS, CO and SFS. The result is represented for all datasets and the highest value is indicated
as bold for each dataset. The performed experiment shows that Stacking by ET, RF and DT on
base learner as well as on default final estimator is integrated with each feature selection
techniques for all datasets. Based on the results, CO feature selection technique assured better
performance on all of the datasets except on EQ. SFS feature selection technique has also
demonstrated good performance on only EQ dataset.

When the performance results of three feature selection techniques combined with seven
ensemble machine learning algorithms on five datasets displayed on Tables 6.2, 6.3, 6.4, 6.5,
6.6, 6.7 and 6.8 above are compared each other, the CO feature selection technique confirmed
better performance than SFS and CFS on most datasets. SFS feature selection technique has also
shown good performance on some dataset. However, experiments on CFS feature selection
technique indicated lower performance on all datasets.

Analysis based on CO feature selection technique, is also compared on seven ensemble machine
learning algorithms to select best performance ensemble learning for software defect prediction
models. CO feature selection, analysis of the performance results of those seven ensemble
learning algorithms with performance evaluation metrics such as accuracy, recall, precision, F-
measure and AUC for all datasets are displayed as in the following table.

Table 6.9: Summary Results of All Ensembles Learning Algorithms

Datasets | Performance | RF ET GB | XGBoost | BET | AET | SDF
Metrics

EQ Accuracy 0915 | 0.931 | 0.91 0.908 0.913 | 0.918 | 0.918
AUC 0.979 | 0.985 | 0.951 | 0.969 0.98 | 0.983 | 0.982
F1-Measure | 0.915 | 0.933 | 0.909 0.906 0.916 0.92 0.92

Precision 091 | 0916 | 0.9 0.902 0.894 | 0.898 | 0.902

Recall 0.924 | 0.953 | 0.921 0.918 0.943 | 0.947 | 0.944

JDT Accuracy 0.961 | 0.963 | 0.936 0.965 0.96 0.965 | 0.962
AUC 0.993 | 0.996 | 0.98 0.99 0.994 | 0.996 | 0.995
F1-Measure | 0.961 | 0.964 | 0.935 | 0.965 0.961 | 0.965 | 0.962
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Precision 0.962 | 0.955 | 0.948 0.966 0.952 | 0.957 | 0.961

Recall 096 | 0.974 | 0.923 0.964 097 | 0.974 | 0.964

LC Accuracy 0.98 | 0.992 | 0.975 0.982 099 | 0.991 | 0.989
AUC 0.998 1.0 0.995 0.997 0.999 1.0 0.999
F1-Measure | 0.98 | 0.992 | 0.975 0.982 0.989 | 0.991 | 0.989
Precision 0.981 | 0.989 | 0.97 0.98 0.989 | 0.987 | 0.99

Recall 0.979 | 0.995 | 0.981 0.984 0.99 0.995 | 0.987

ML Accuracy 0.976 | 0.982 | 0.935 0.973 0.981 | 0.979 | 0.984
AUC 0.996 | 0.996 | 0.982 0.994 0.997 | 0.996 | 0.997
F1-Measure | 0.976 | 0.982 | 0.935 0.973 0.981 | 0.979 | 0.984
Precision 0.973 | 0.973 | 0.925 0.973 0.97 0.975 | 0.978

Recall 0.979 | 0.991 | 0.946 0.973 0.991 | 0.984 | 0.99

PDE Accuracy 0.971 | 0.978 | 0.926 0.97 0.978 | 0.981 | 0.981
AUC 0.996 | 0.999 | 0.974 0.993 0.998 | 0.999 | 0.999
F1-Measure | 0.971 | 0.978 | 0.925 0.969 0.978 | 0.981 | 0.981
Precision 0.97 | 0.968 | 0.933 0.974 0.967 | 0.972 | 0.976

Recall 0.973 | 0.988 | 0.919 0.965 0.99 0.99 | 0.985

Table 6.9 shown above represents the summary results of all ensemble machine learning
algorithms used in this study with five performance evaluation metrics on each five datasets.
The results are depicted for all datasets with respect to all ensemble learning used in the study
by five performance evaluation metrics and the significant results are indicated as bold text for
all dataset with respect to ensemble learning algorithms. when we compare the experimental
results of seven ensemble machine learning algorithms such as AdaBoost, GB, XGBoost, RF,
ET, Bagging and Stacking with five performance evaluation metrics on five datasets as depicted
on table 6.9, the ET ensemble algorithm has shown better performance on most datasets and
most performance evaluation metrics. AdaBoost and Stacking ensemble algorithms has also
shown the second and the third level performance results respectively next to the ET algorithm.
However, GB ensemble algorithm has proven lowest performance on all datasets with all
performance evaluation metrics. Therefore, ET ensemble algorithm is selected for software

defect prediction model building with CO feature Selection Technique for all datasets and the
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selected features of CO feature selection technique is depicted on Appendix A. Hence, the next
section is discussion about best performed algorithm namely ET by different performance
evaluation metrics.

6.2.2. Results of best performance ensemble learning
By using performance results of ensemble learning indicated on Table 6.9, when we compare
the experimental results of seven ensemble machine learning algorithms such as AdaBoost, GB,
XGBoost, RF, ET, Bagging and Stacking with five performance evaluation metrics on five
datasets, the ET ensemble algorithm is obtained better performance on most datasets and most
performance evaluation metrics.
Confusion Matrix of best performance ensemble learning without Normalize and with
Normalize:
Confusion matrix is a representation of matrix that used to calculate performance evaluation of
classification algorithms from it. The following figures represents confusion matrix of all

datasets.

Confusion Matrix Confusion Matrix

Mon-defect
o
i
=
Mon-defect

Actual Class

Actual Class

Defect
Defect

Defect Non-defect Defect

Predicted Class Predicted Class

Mon-defect

Figure 6.7: Confusion Matrix of ET Ensemble Learning Algorithm for EQ dataset without
normalize (at left side) and with normalize(at right side)

Figure 6.7 represents confusion matrix of ET algorithm for EQ dataset that trained by 10-folds
cross validation. As shown in the figure all classes of a dataset are trained in good manner that
means the diagonal instances are higher than others. In diagonal TN (True Negative is both

actual and predicted class is Non-defect) and TP (True Positive is both actual and predicted class
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is Defect). The confusion matrix with normalize of ET algorithm classifies TN(Non-defect)
class 91% and TP(Defect) class 95%.
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Figure 6.8: Confusion Matrix of ET Ensemble Learning Algorithm for JDT dataset without
normalize (at left side) and with normalize(at right side)

Figure 6.8 represents confusion matrix of ET algorithm for JDT dataset that trained by 10-folds
cross validation. As shown in the figure all classes of a dataset are trained in good manner that
means the diagonal instances are higher than others. In diagonal TN (True Negative is both
actual and predicted class is Non-defect) and TP (True Positive is both actual and predicted class
is Defect). The confusion matrix with normalize of ET algorithm classifies TN(Non-defect)
class 95% and TP(Defect) class 97%.
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Figure 6.9: Confusion Matrix of ET Ensemble Learning Algorithm for LC(Lucene) dataset
without normalize (at left side) and with normalize(at right side)
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Figure 6.9 represents confusion matrix of ET algorithm for LC(Lucene) dataset that trained by
10-folds cross validation. As shown in the figure all classes of a dataset are trained in good
manner that means the diagonal instances are higher than others. In diagonal TN (True Negative
is both actual and predicted class is Non-defect) and TP (True Positive is both actual and
predicted class is Defect). The confusion matrix with normalize of ET algorithm classifies
TN(Non-defect) class 99% and TP(Defect) class 100%.
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Figure 6.10: Confusion Matrix of ET Ensemble Learning Algorithm for ML(Mylyn) dataset
without normalize (at left side) and with normalize(at right side)

Figure 6.10 represents confusion matrix of ET algorithm for ML(Mylyn) dataset that trained
by 10-folds cross validation. As shown in the figure all classes of a dataset are trained in good
manner that means the diagonal instances are higher than others. In diagonal TN (True Negative
is both actual and predicted class is Non-defect) and TP (True Positive is both actual and
predicted class is Defect). The confusion matrix with normalize of ET algorithm classifies
TN(Non-defect) class 97% and TP(Defect) class 99%.
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Figure 6.11: Confusion Matrix of ET Ensemble Learning Algorithm for PDE dataset without
normalize (at left side) and with normalize(at right side)

Figure 6.11 represents confusion matrix of ET algorithm for PDE dataset that trained by 10-
folds cross validation. As shown in the figure all classes of a dataset are trained in good manner
that means the diagonal instances are higher than others. In diagonal TN (True Negative is both
actual and predicted class is Non-defect) and TP (True Positive is both actual and predicted class
is Defect). The confusion matrix with normalize of ET algorithm classifies TN(Non-defect)
class 97% and TP(Defect) class 99%.

Classification Report of best performance ensemble learning:

Classification report is used to elaborate performance evaluation metrics such accuracy,

precision, recall and f1-score (F-measure)

precision recall fl-score support

a2 8.95 8.9l &8.93 195

1 8.92 8.395 &8.93 195
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mMacros avg a8.932 8.93 a2.932 398
weighted awvg 8.93 8.93 .93 398

Figure 6.12: Classification Report of ET Ensemble Learning Algorithm for EQ dataset

Figure 6.12 represents classification report of ET algorithm for EQ dataset. As shown in the
figure ET algorithm produces, the precision of Non-defect (0) class is 95%, Defect (1) class is
92% and both classes in average 93%. The recall of Non-defect (0) class is 91%, Defect (1)
class is 95% and both classes in average 93%. The F-Measure(f1-score) of Non-defect (0) class
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Is 93%, Defect (1) class is 93% and both classes in average 93%. The accuracy of the dataset is
93%. And also the EQ dataset of AUC metrics is 98.5%.

precision recall fl-score support
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Figure 6.13: Classification Report of ET Ensemble Learning Algorithm for JDT dataset

Figure 6.13 represents classification report of ET algorithm for JDT dataset. As shown in the
figure ET algorithm produces, the precision of Non-defect (0) class is 97%, Defect (1) class is
95% and both classes in average 96%. The recall of Non-defect (0) class is 95%, Defect (1)
class is 97% and both classes in average 96%. The F-Measure(f1-score) of Non-defect (0) class
is 96%, Defect (1) class is 96% and both classes in average 96%. The accuracy of the dataset is
96%. And also the JDT dataset of AUC metrics is 99.6%.
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Figure 6.14: Classification Report of ET Ensemble Learning Algorithm for LC(Lucene)
dataset

Figure 6.14 represents classification report of ET algorithm for LC(Lucene) dataset. As shown
in the figure ET algorithm produces, the precision of Non-defect (0) class is 100%, Defect (1)
class is 99% and both classes in average 99%. The recall of Non-defect (0) class is 99%, Defect
(1) class is 100% and both classes in average 99%. The F-Measure(f1-score) of Non-defect (0)
class is 99%, Defect (1) class is 99% and both classes in average 99%. The accuracy of the
dataset is 99%. And also the LC(Lucene) dataset of AUC metrics is 100%.
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Figure 6.15: Classification Report of ET Ensemble Learning Algorithm for ML(Mylyn)
dataset

Figure 6.15 represents classification report of ET algorithm for ML(Mylyn) dataset. As shown
in the figure ET algorithm produces, the precision of Non-defect (0) class is 99%, Defect (1)
class is 97% and both classes in average 98%. The recall of Non-defect (0) class is 97%, Defect
(1) class is 99% and both classes in average 98%. The F-Measure(f1-score) of Non-defect (0)
class is 98%, Defect (1) class is 98% and both classes in average 98%. The accuracy of the
dataset is 98%. And also the ML(Mylyn) dataset of AUC metrics is 99.6%.
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Figure 6.16: Classification Report of ET Ensemble Learning Algorithm for PDE dataset

Figure 6.16 represents classification report of ET algorithm for PDE dataset. As shown in the
figure ET algorithm produces, the precision of Non-defect (0) class is 99%, Defect (1) class is
97% and both classes in average 98%. The recall of Non-defect (0) class is 97%, Defect (1)
class is 99% and both classes in average 98%. The F-Measure(f1-score) of Non-defect (0) class
Is 98%, Defect (1) class is 98% and both classes in average 98%. The accuracy of the dataset is
98%. And also the PDE dataset of AUC metrics is 99.9%.

Data integration of all datasets by best performance ensemble learning:

Data integration is the method of combining variety of a data from multiple sources to form big
unit data for smart decision. In this study, we integrated 5 AEEEM datasets into single dataset
with respecting software metrics of all datasets. Then, five AEEEM datasets namely EQ, JDT,
LC, ML and PDE are integrated together and form new AEEEM dataset. This new AEEEM
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dataset has 61 software metrics(features) that similar with all five previous AEEEM datasets.
The new AEEEM dataset has totally 5371 software modules(instances) from which 4518
modules are non-defective (84.1 %) and 853 modules are defective (15.9 %).

For this new AEEEM dataset, we carry out best CO feature selection technique, SMOTE data
balancing technique and best ET ensembles learning algorithm. Therefore, by CO feature
selection technique 36 attributes/features are selected from original 61 attributes/features and
the new AEEEM dataset has imbalanced class so that by SMOTE data balancing technique 4518
defective and 4518 non-defective modules are created to equalize the dataset classes. After CO
feature selection and SMOTE balancing technique are carried out on the new AEEEM dataset
and then the last appropriate dataset is produced to training with ET ensemble learning and the
ET model performance results of integrated data are represented in percentage for all
performance metrics such as Accuracy, AUC, F1-Measure, Precision, Recall are respectively
97.9%, 99.7%, 97.9%, 97.1% and 98.7%.

6.3. Comparison

Several researchers have done studies on software defect prediction using different methods and
for different datasets with different problems to enhance reliability, testing efficiency and
quality by reducing software development and maintenance cost. For this study, based on
reviews made, problems such as high feature dimensionality and class imbalance are explored
which are currently common in software defect prediction datasets. This study considered a
research that has been carried out by (A. O. Balogun et al., 2020; Zhou et al., 2019) on AEEEM
software defect datasets where the result of the performance of machine learning algorithms
implemented is observed as very low. Here, in this study, software defect prediction models on
AEEEM software defect datasets are experimented as a result of which their performance has
been improved. This research applied three feature selection techniques for high feature
dimensionality problem and SMOTE data balancing technique for class imbalance distribution
problem. Seven effective ensemble learning algorithms are applied as proposed in chapter 4.
Here, comparison with previous research work which is discussed in related works section of
chapter two on software defect prediction has been made. A paper conducted on software defect
prediction using new deep forest (DPDF) (Zhou et al., 2019) has shown low accuracy as a result
of two main problems such as high feature dimensionality and class imbalance problem. As the

comparison is indicated below in table 6.10, the implementation of ensemble technique (i.e. ET
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ensemble learning with CO feature selection and SMOTE balancing method), on common five
AEEEM software defect datasets has shown very high performance than that of previous study.
The results are depicted for all datasets with respect to both approaches by five performance
evaluation metrics and the significant results are indicated as bold text for all dataset with respect
to both approaches.

Table 6.10: Comparison between Software defect prediction using new deep forest(DPDF)
(Zhou et al., 2019) and Our Best Performance Ensemble Learning (ET Approach)

Datasets | Performance ET(Our DPDF
Metrics Approach)
Accuracy 0.931 0.780
EQ AUC 0.985 0.85
F1-Measure 0.933 0.75
Precision 0.916 0.70
Recall 0.953 0.81
Accuracy 0.963 0.850
AUC 0.996 0.86
F1-Measure 0.964 0.56
JDT | Precision 0.955 0.72
Recall 0.974 0.46
Accuracy 0.992 0.930
AUC 1.0 0.82
F1-Measure 0.992 0.37
LC Precision 0.989 0.81
Recall 0.995 0.24
Accuracy 0.982 0.870
AUC 0.996 0.82
F1-Measure 0.982 0.26
ML Precision 0.973 0.47
Recall 0.991 0.18
Accuracy 0.978 0.870
AUC 0.999 0.77
F1-Measure 0.978 0.31
PDE | Precision 0.968 0.59
Recall 0.988 0.21
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Additionally, the combination of CO feature selection and SMOTE balancing method with ET
ensemble learning approach are obtained good performance than paper conducted on software
defect prediction using ensemble learning algorithms (Mehta, 2021) by solving data integration
problem of the paper. The paper (Mehta, 2021) are discussed the performance of software defect
prediction model by solving high feature dimensionality and class imbalance problem using
respective techniques with using ensemble learning algorithms on the models. However, the
performance results of (Mehta, 2021) paper approach/model is experimented and discussed on
each four NASA datasets individually. This means the approach/ the model is not considering
variety characteristics decision, training only on specific small sized dataset software modules,
not using more efficient information and not using more powerful information. In this study, by
applying data integration methods on four NASA datasets (Mehta, 2021) used in their paper
with our approach namely CO feature selection and SMOTE balancing method with ET
ensemble learning algorithm, our approach obtained good performance, improved variety
characteristics decision, trained on huge sized dataset software modules, increased more
efficient information and increased more powerful information than (Mehta, 2021) previous
approach. As the comparison is indicated below in table 6.11, the implementation of ensemble
technique (i.e. ET ensemble learning with CO feature selection and SMOTE balancing
method), on four NASA software defect dataset by data integration has shown high performance
than (Mehta, 2021) approach by average calculation from all four datasets. The results are
depicted for NASA datasets with respect to both approaches by five performance evaluation
metrics and the significant results are indicated as bold text for all dataset with respect to both
approaches.

Table 6.11: Comparison between Software defect prediction using ensemble learning
algorithms (Mehta, 2021) and Our Best Performance Ensemble Learning (ET Approach)
respectively by average and data integration.

Performance | ET our approach (Mehta, 2021)
Dataset Metrics (Data Integrated) approach by average
Accuracy 0.975 0.957
4 NASA | Precision 0.961 0.96
Recall 0.99 0.97
F1-Measure 0.975 0.96
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CHAPTER SEVEN

7. CONCLUSION, RECOMMENDATION AND FUTURE
WORKS

Under this chapter, the conclusion, recommendation and futures works of this study is included.
It identifies the essential ideas and future research direction for other researchers who interested
in this domain.

7.1. Conclusion

The purpose of this study is to predict or classify software modules into defect and non-defect
using ensemble machine learning algorithms for the software systems that are in any stage of
software development life cycle and represent in quantitative form. This means before actual
software testing process is beginning, the defect in any stage of software development life cycle
can be detected thereby improve software quality, reducing development and maintenance costs.
This approach that performs software testing activity at the end of software development life
cycle will be exposed to high maintenance cost and budget risk if the fault is detected at the end
stage.

In this study, software metrics that are used as input to ensemble machine learning algorithms
are collected from two or more version evolving system of five AEEEM projects of software
defect datasets concerning on different things such as time, version changes, file updates and
previous defect. Five AEEEM datasets namely EQ, JDT, LC, ML and PDE are used for this
study and each five datasets includes 62 software metrics of which 61 attributes are independent
and one attribute is dependent. Those software metrics are 17-metrics from source code metrics,
17-metrics from churn of source code metrics, 17-metrics from entropy of source code metrics,
5-metrics from previous defects metrics, 5-metrics from entropy of change code metrics and
one-metric is a target class which may hold two classes namely defect and non-defect. Here, the
defect class percentage of EQ, JDT, LC, ML and PDE are respectively 39.8%, 20.7%, 9.3%,
13.2% and 13.96%.

Preprocessing methods such as data cleaning methods, missing values controlling methods and
data normalization methods are performed to get suitable datasets for ensemble machine

learning algorithms. However, the datasets don’t have missing values problem. Therefore, only
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z-score data normalization method is performed to transform features value into the same order
and reduce outlier problem. Suitable datasets prepared are given for the next preprocessing
methods such as feature selection techniques and class balancing techniques to solve two main
problems. These are high feature dimensionality and class imbalance problem that have been
explored in literature review. Hence, to solve high feature dimensionality problem and select
necessary set of attributes from original sets, three feature selection techniques from filter and
wrapper methods that namely CFS, CO, and SFS are used for this study. To solve class
imbalance problem of AEEEM datasets SMOTE data balancing technique are also performed.
The appropriate datasets prepared are given to ensemble learning algorithms such as RF, ET,
GB, XGBoost, AdaBoost, Bagging and Stacking with base classifier for training and model
building.

The experiment is performed and its results are evaluated on the basis of 10- folds cross
validation using performance metrics such as accuracy, recall, precision, F-measure and AUC.
The performance results indicate that CO feature selection with ET ensemble learning algorithm
is outperforming as compared to other models on all five datasets. For all five AEEEM datasets
such as EQ, JDT, LC, ML and PDE the accuracy results are 93.1 %, 96.3 %, 99.2%, 98.2% and
97.8% respectively. Besides, other performance metrics on all datasets are showed more than
91%.

As well as when all five datasets are integrated together 5371 software modules are created that
included 4518 modules are non-defective (84.1 %) and 853 modules are defective (15.9 %), and
for this integrated dataset by carrying out CO feature selection and SMOTE data balancing
technique with ET ensemble learning algorithm all performance metrics such as Accuracy,
AUC, F1-Measure, Precision, Recall are respectively 97.9%, 99.7%, 97.9%, 97.1% and 98.7%.
Therefore, ET with CO model is recommended for software defect prediction model that
classify software modules into defect or non-defect. The recommended model deployment is
implemented for end users.

7.2. Recommendation and Future Works

The objective of this study is to predict or classify software modules into defect and non-defect
using ensemble machine learning algorithms. It carried out timely detection of defect-prone
software modules before the actual testing process starts to enhance software quality, reducing

development and maintenance costs instead of software testing perform at the end of software
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development life cycle which may have high maintenance cost and budget risk if the fault is
happen at the end stage. Therefore, this study simplifies and helps the work of software
developers, testers and software companies by properly utilizing the resources and budget of the
works and increase user satisfaction by delivering quality software for the market. Thereby, the
researcher recommends software companies to develop software defect prediction models to
detect the fault in time before the fault happen the risk on the budget.

This study proposed a solution for software defect prediction problems by using combination of
feature selection techniques, data balancing technique and ensemble learning algorithms to
construct software defect prediction models on currently existing small instances of a datasets
and the result of these combination techniques is very good and it is a promising performances
over existing studies on software defect prediction. However, it is a better to develop software
defect prediction models by using deep learning algorithms with including more instances of
datasets but currently there is no sufficient defective datasets on many software systems. Here,
we recommend software companies as they prepare more defect datasets of software systems to
improve software quality and reliability. In the future, we extend our study on all publically
available datasets with other class balancing and feature selection techniques to further improve
software defect prediction performance, and also to include software defect prediction model

concerning cross/heterogeneous software defect projects.

This research was funded by Adama Science and Technology University with a grant number
ASTU/SM-R/230/21.
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APPENDIXES

Appendix A: Features selected by CO best feature selection technique for

software defect prediction

Datasets

Selected features by CO best feature selection technique for all Selected Ensemble
Learning

EQ

'ck_00_numberOfPrivateMethods','LDHH_lcom','LDHH_fanIn','numberOfNonTrivi
alBugsFoundUntil:',WCHU_numberOfPublicAttributes’, WCHU_numberOfAttribut
es','CvsWEntropy','LDHH_numberOfPublicMethods','LDHH_numberOfPrivateAttri
butes','ck_oo_numberOfPublicAttributes’,'ck_oo_noc','numberOfCriticalBugsFound
Until:'WCHU_noc','LDHH_numberOfAttriutesinherited’,'ck_oo_numberOfAttribute
sInherited','ck_oo_dit', 'LDHH_noc',
'WCHU_dit','WCHU_numberOfAttributesinherited’,'ck_oo_numberOfAttri utes',
'numberOfHighPriorityBugsFoundUntil:','ck_oo_numberOfPrivate

Attributes’, 'WCHU_numberOfPublicMethods', WCHU_numberOfMethods
Inherited’, ‘ck_oo_numberOfMethodsInherited’,'ck_oo_numberOfPublic

Methods'

JDT

'ck_oo_numberOfPrivateMethods','LDHH_Icom','LDHH_fanIn','numberOfNonTrivi
alBugsFoundUntil:','WCHU_numberOfPublicAttributes','WCHU_numberOfAttribut
es', 'CvsWEntropy','LDHH_numberOfPrivateAttributes',
'WCHU_numberOfPrivateMethods','ck_oo_numberOfPublicAttributes’,'ck_oo_noc';’
numberOfCriticalBugsFoundUntil:','ck_oo_wmc','"WCHU_numberOfPrivateAttribute
s', 'CvsLogEntropy', " WCHU_noc','LDHH_numberOfAttribu

tesinherited', 'ck_oo_fanOut', 'ck_oo_dit",'LDHH_noc', 'WCHU_fanOut',
'ck_oo_numberOfAttributes', numberOfHighPriorityBugsFoundUntil:','ck_oo_numbe
rOfPrivateAttributes’, 'LDHH_dit','WCHU_numberOfMethods

Inherited’, ‘ck_oo_numberOfMethodsInherited’

'ck_oo_numberOfPrivateMethods', 'LDHH_Icom’, 'LDHH_fanIn','number

OfNonTrivialBugsFoundUntil:',WCHU_numberOfPublicAttributes’, WCHU
_numberOfAttributes', 'LDHH_numberOfPrivateAttributes',LDHH_number
OfPublicAttributes', 'WCHU _numberOfPrivateMethods',' WCHU_numberOf
Methods', 'ck_oo_numberOfPublicAttributes', ‘ck_oo_noc','numberOfCritical




BugsFoundUntil:', 'LDHH_numberOfPrivateMethods','CvsLogEntropy’,
'WCHU _noc', 'LDHH_numberOfAttributesinherited’,'ck_oo_fanOut',
'ck_oo_numberOfAttributesinherited’,'ck_oo_numberOfMethods', 'ck_o0
_dit', 'WCHU_dit','WCHU_numberOfAttributesinherited’, 'WCHU_fanOut',
'ck_oo_numberOfAttributes', 'numberOfHighPriorityBugsFoundUntil:','num
berOfMajorBugsFoundUntil:', "WCHU_numberOfPublicMethods', 'LDHH
_dit','CvsLinEntropy', ' WCHU_numberOfMethodsInherited’, 'LDHH_fan
Out','ck_oo_numberOfMethodsInherited’,'ck_oo_numberOfPublicMethods'

LC

'ck_oo_numberOfPrivateMethods’, 'LDHH_lcom', 'LDHH_fanIn’, 'number
OfNonTrivialBugsFoundUntil:','WCHU_numberOfPublicAttributes',' WCHU
_numberOfAttributes', 'CvsWEntropy','LDHH_numberOfPrivateAttributes’,
'‘CvsEntropy','LDHH_numberOfPublicAttributes', 'WCHU_numberOfPrivate

ML Methods','ck_oo_numberOfPublicAttributes’, 'ck_oo_noc','numberOfCiritical
BugsFoundUntil:', ‘ck_oo_wmc','LDHH_numberOfPrivateMethods','CvsLog
Entropy', 'WCHU_noc','LDHH_numberOfAttributesinherited’, 'ck_oo_fan
Out','ck_oo_numberOfAttributesinherited’, 'ck_oo_numberOfMethods’, ‘ck_oo_dit',
'ck_oo_fanIn', "'WCHU_dit', 'WCHU_numberOfAttributes
Inherited',’WCHU_fanOut','ck_oo_numberOfAttributes’,'ck_oo_numberOfPrivateAttr
ibutes', numberOfMajorBugsFoundUntil:', 'LDHH_dit', 'WCHU _
numberOfMethodsInherited','LDHH_numberOfMethodsinherited’,'ck_oo_numberOf
MethodsInherited'

'ck_oo_numberOfPrivateMethods', 'LDHH_lcom', 'LDHH_fanIn’, 'number
OfNonTrivialBugsFoundUntil:','WCHU_numberOfPublicAttributes','WCHU_numbe
PDE rOfAttributes’, 'LDHH_numberOfPublicMethods','LDHH_number
OfPrivateAttributes', 'WCHU_numberOfPrivateMethods','ck_oo_noc’, 'num
berOfCriticalBugsFoundUntil:', ‘ck_oo_wmc', 'WCHU_numberOfPrivate
Attributes', 'CvsLogEntropy','LDHH_numberOfAttributesinherited’, 'ck_oo_
fanOut','ck_oo_numberOfAttributesinherited’, 'ck_oo_dit', "'WCHU_dit',
'LDHH_numberOfAttributes', 'ck_oo_numberOfAttributes’, 'numberOf
HighPriorityBugsFoundUntil:','ck_oo_numberOfPrivateAttributes', ‘number
OfMajorBugsFoundUntil:''LDHH_dit', "WCHU_numberOfMethodsInheri




ted','ck_oo_numberOfMethodsInherited', 'ck_oo_numberOfPublicMethods'

Appendix B: Accuracy Result of Base Classifier Algorithms to select best

Base Classifier for Bagging, Adaboost and Stacking Ensemble Learning

Datasets NB KNN SVM DT RF ET GB XGBoost
EQ 0.71 0.813 0.903 0.887 0.915 | 0.931 0.91 0.908
JDT 0.728 | 0.908 0.914 0.929 0.961 | 0.963 0.936 0.965
LC 0.718 | 0.924 0.923 0.955 0.98 | 0.992 0.975 0.982
ML 0.647 | 0.907 0.919 0.95 0.976 | 0.982 0.935 0.973
PDE 0.664 | 0.902 0.929 0.927 0.971 | 0.978 0.926 0.97

Appendix C: Sample Implementation of Correlation Based Feature

Selection(CFS)

# Implementation of Merit Calculation Function

import numpy as np
from mutual information import su calculation

def merit calculation(X, y):

n_samples, n_features = X.shape
rff = 8
ref = 8
for i in range(n_features):
fi = X[:, 1]
rcf += su_calculation(fi, y)
for j in range(n_features):
if § » i:
fj = X[:, J]
rff += su_calculation{fi, fj)
r *= 2
merits = rcf / np.sqrt(n_features + rff)
return merits




# Implementation of Correlation base feature selection(cfs) Function

def cfs(X, y):
n_samples, n_features = X.shape

F=1]
# M stores the merit values
M =]

while True:
merit = -188800008280
idx = -1
for i in range(n_features):
if i not in F:
F.append(i)
# calculate the merit of current selected features
t = merit_calculation{X[:, Fl, v}
if £t » merit:
merit = €
idx = 1
F.pop()
F.append(idx)
M. append(merit)
if len{M) » 5:
if M[len(M}-1] <= M[len{M)-2]:
if M[len(M)-2] <= M[len{M)-3]:
if M[len(M)-3] <= M[len(M)-4]:
if M[len(M)-4] <= M[len{M}-5]:
break
return np.array(F)



# Implementation of Information Gain, Conditional Entropy and Symmetrical
Uncertainty Function

import entropy_estimators as ee

#This Function Calculates Information Gain

def information_gain(fl, 2):
ig = ee.entropyd(fl) - conditional entropy(fl, f2)
return ig

#This Function Calculates Conditional Entropy
def conditional_entropy(fi, +2):
ce = ee.entropyd(fl) - ee.midd(f1, f2)
return ce

#This Function Calculates Symmetrical Uncertainty

def su_calculation(f1, f2):
# calculate information gain of f1 and f2, t1 = ig(f1.f2)
t1 = information_gain(fl, f2)

# calculate entropy of f1, t2 = H{f1)
t2 = ee.entropyd(f1l)
# calculate entropy of f2, t3 = H{f2)

t3 = ee.entropyd(f2)
# su(fl, f2) = 2%t1/(t2+t3)
su = 2.8%t1/(t2+t3)

return su
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