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Abstract

Software systems have become prevalent and significant in our today’s society.

These systems are becoming the core business of several industrial companies
and, for this reason, these systems are getting bigger and more complex. In
addition, these systems are subject to frantic modifications every day with respect
to the introduction of new functionality or bug fixing operations. In this sense,
developers also do not have the ability to design and execute ideal solutions,

contributing to "code smells" being introduced.

Code smells refer to bad design and development practices commonly observed
in software system. These smells reflect the sub-optimal design choices applied
in the source code by developers. Code smells are the symptoms that indicate
problems in the coding part of software which makes software hard to change and
maintain. Several studies demonstrated the negative impact of code smells on the
maintainability of software as well as on the ability of developers to comprehend
a software system. That is why, several automated techniques and tools have been
devised to discover parts of code affected by design flaws in order to improve their
quality. Most of these techniques rely on the analysis of the structural properties

(e.g., method calls) mined from the source code.

Despite the efforts of academicians and practitioners in recent years, there are
still limitations that threaten the industrial applicability of techniques and tools
for code smell identification. Specifically, there is a lack of evidence regarding
the circumstances that lead to the introduction of code smells and the real effect
of code smells on maintainability, since previous research focused the attention
on a small number of software projects. Furthermore, in literature, the existing
code smell detectors might be inadequate for detecting many code smells. One
reason for inadequacy includes the dependence of existing techniques on only the
structural properties of software systems. However, instead of structural properties
extractable from the source code, a variety of code smells are intrinsically

characterized by how code elements evolve over time.
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There is a continual need of high quality software. Therefore, code smell detection
and removal in the earlier phase will reduce the maintenance cost, helps the
developers to improve software maintainability, readability and extendibility while
increasing the speed at which programmer write their code and maintains the
software. Code smell detection can be performed at various levels such as,
requirement, design and coding. The primary focus of this thesis is on coding
level, where software systems are improved using two steps: (a) detecting code
smells and (b) prioritizing the code smells and analyzing their impact on software
quality. To achieve these objectives, following three contributions are made in this

thesis:

e First, J48 machine-learning algorithm is utilized for code smell detection.
Code smell examples in the form of rules along with metrics specifications
are given as a training dataset to J48. Code smell detection model is
then trained and tested on considered dataset for finding code smells.
The performance of proposed technique is evaluated on three Java open
source softwares namely, GanttProject, Xerces-J, and Log4j to identify Blob,
Functional Decomposition, Spaghetti Code, Feature Envy, and Data Class

code smells.

The results of J48 model are compared with some well-known
machine-learning techniques and analyzed that the proposed model provides
significantly better results. However, J48 suffers from the hyper-parameters
tuning issue. Therefore, to tune the hyper-parameters of J48, a novel
Sandpiper Optimization Algorithm (SPOA) is proposed. SPOA is further used
in conjunction with J48 machine-learning algorithm called "SP-J48" to find
the most significant set of metrics in order to identify code smells. SPOA
is assessed on standard benchmark test functions to ensure its applicability
in terms of convergence and computational complexity. The performance
of the proposed algorithm is compared with other well-known optimization

algorithms. Extensive experimental results indicate that the proposed SP-J48
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provides significantly better results as compared to the competitive machine

learning models.

Additionally, the proposed approach is extended by using C5.0 over J48
and named as "C5.0-SPOA" because C5.0 is a modification of J48 that
provides accurate results, fast speed and generate smaller trees. C5.0-SPOA
is then applied to identify eight code smells from five Java open source
softwares. The performance of proposed approach is evaluated on the basis
of Precision, Recall, and F},,cqsure performance metrics. The results show that
the proposed approach provides significantly better results as compared to

other existing techniques.

Second, the proposed SPOA algorithm is further employed to prioritize
the identified code smells for refactoring. The identified code smells are
prioritized on the basis of three parameters such as, versioning history,
architectural relevance, and code smell relevance. The performance of
proposed prioritization approach is evaluated using three performance
metrics namely, Code Smells Correction Ratio (CSCR), Estimated Effort (EE),
and Severity of Fixed Code Smells of a system (SFCS). The experimental
results reveal that the proposed prioritization approach helps the developers

to reduce their efforts, saves time and improves productivity.

Third, the impact of code smells prioritization on software internal quality
attributes such as, cohesion, coupling, complexity, inheritance and size
is analyzed. Three different software versions of each applications
including, original version, version generated after removing code smells
in a random order and version generated after removing code smells in
prioritized sequence given by proposed prioritization approach are analyzed.
Chidamber and Kemerer (C&K) metric suit is used to assess the impact of
code smells on internal quality attributes as it is most commonly used and

covers all aspects of internal quality measures. The obtained results show

xviii



that the code smells removed using prioritized sequence enhances the quality
of software. Moreover, to validate these results, a pair-wise t-test is also

conducted at 5% level of significance.
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Chapterl

Introduction

“Although this may seem a paradox, all exact science is dominated by the concept of

approximation.” By Bertrand Shaw

This chapter discusses the fundamental concepts of software maintenance,
code smells taxonomy, code smell detection and prioritization, application of
machine-learning techniques in code smell detection, decision tree algorithm,
performance metrics, C5.0 algorithm, problem statement, objectives, methodology

used, contribution to thesis, and outline of the thesis.

1.1 Software Maintenance

Software maintenance is defined as an activity performed for modification of
software product after its release to correct faults or other attributes, to improve
its performance, or to keep it useable in changing environment [1, 2, 3]. There

are four types of maintenance activities which are defined as:

e Adaptive Maintenance: It is concerned with the modifications made to a
software after its delivery to make it adaptive to a new environment, i.e.,

to run on a new operating system.

e Corrective Maintenance: It is concerned with the changes made to a software
product after its public release to correct its faults which may occur due to

error in design, coding or logic.

e Perfective Maintenance: It is defined as modifications made to a software



product while adding new functionalities to improve its performance.

e Preventive Maintenance: It deals with preventing an error before it actually

occurs.

These maintenance tasks were firstly defined by Swanson et. al [4] in 1976. The
meaning of preventive maintenance is unambiguous and not even clear to software
community. This issue was discussed in workshop entitled "do we know what

preventive maintenance is?" [5].

There are some software definitions of software maintenance given by other
researchers [6]. According to Haikala and Marijarvi [7], software maintenance is
defined as fixing bugs, solving client’s problems, changing program’s functionality,
adding new features while requirement of a customer changes. This definition is
argued and contradicted by Glass and Noiseux [8]. According to them, changes
made to a software product after its delivery is maintenance. This statement is
also supported by Pigoski [9], who stated that all maintenance tasks are done in
the post delivery stage of a software. The type of maintenance activities along with

corresponding time consumed by each is shown in Fig. 1.1. Software maintenance

Preventive
5%

Corrective SRR v n " RS EN

20% AU o, SR At T
oo e ) perfective
- 50%
Adaptive — R - - - - =
25% 2

Fig. 1.1. Time consumed by each maintenance task.

is the last phase of software development life cycle as shown in Fig. 1.2. It comes
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into use after the delivery of product and is considered to be most expensive phase.

Requirement

L Testing

L' Deployment

Fig. 1.2. Software development life cycle.

1.2 Measuring Maintainability

"You cannot control what you cannot measure" [10]. Therefore, like other quality
attributes, software maintainability also needs to be measured. Measuring the size
of a software confers great difficulty due to the involvement of various aspects such
as reusability, functionality, redundancy, effort, and complexity [11]. For example:
even if two different systems exhibit same features, different programmers can
elucidate different difficulty levels. If a programmer have more experience it
is likely that the program created by that developer is smaller in respect of
complexity, redundancy and effort, but greater in respect of functionality and
reusability.

This section focus on metrics that can be directly calculated from source code
of a software and are called as source code metrics. These calculated values
assist the researchers to draw reliable measurements of quality attributes based
on these software metrics. Most of the maintainability studies focus on source

code metrics for measuring maintainability because, these are easy to calculate,
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most recognised and utilized by the researchers in the literature [12, 13]. There
are generally two types of source code metrics such as Traditional metrics, and

Object-Oriented metrics.

e Traditional metrics: In an Object-Oriented system, traditional metrics
generally determine software complexity or the size of methods that
comprise the operations of a class. The most commonly used traditional
metrics include Lines of Code (LOC) [14] (abbreviated as NLOC and
NCLOC), Halstead metrics [15], Comment Percentage (CP)[16], and

McCabe’s Cyclomatic Complexity [17].

e Object-Oriented metrics: Object-Oriented metrics quantify software quality
by measuring the class or design properties of an Object-Oriented
software. Numerous Object-Oriented metrics have been developed in the
literature. Among them most popular metrics suits cited in the literature
[18, 19] are Chidamber and Kemerer metrics (also called C&K metrics)
[20], Li and Henry metrics [21], Metrics for Object-Oriented Design
(MOOD metrics) [22], Lorenz and Kidd metrics [14], Quality Model for
Object-Oriented Design metrics (QMOOD) [23], Metrics for Object-oriented
System Environments (MOOSE metrics) [24, 20], and Extended Metrics for
Object-Oriented Software Engineering (EMOOSE metrics) [25], etc. The

hierarchy of source code metrics is shown in Fig. 1.3.

The concept of code smells is introduced in Object-Oriented software systems.

Therefore, in this thesis, Object-Oriented metrics have been used.

1.3 Code Smell

Code smells are symptoms that indicate problems in software code which makes
software tough to change and maintain [26]. Code smells are not the errors in
code i.e., they do not prevent the software from working. Despite, these are

weaknesses in the design part of a software system that can either slow down
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Fig. 1.3. Metrics hierarchy.

the development or increase the threat of failure or errors in future.

1.3.1 Evolution of Code Smell

A quality object-oriented software possesses various non-functional features like
usability, reusability, changeability, and ease of evaluation. A common set of
design principles namely data abstraction, modularity, and data encapsulation are
followed by software systems during development to preserve these non-functional
features [27]. But during maintenance, software undergoes several changes like
addition of new requirements, quick bug fixes, or adaption to new environments.
Due to a market rivalry, work deadline pressure or developers’ inexperience, these
changes are made to the software without considering the aforementioned design
principles. The defilement of these design principles is one of the main sourcing
factor behind the introduction of "code smells" [28, 29].

The presence of these code smells can also increase the maintenance cost,
efforts, fault-proneness, defect-proneness, change-proneness and decrease the
comprehensibility and understandability of a project. In some cases, code smells
are introduced in the code by the developers while implementing vital patches or
creating suboptimal choices in a hurry [30]. The group of code smells is sometimes
known as anti-patterns. The term anti-pattern was coined by Opdyke in 1992 [31].

Anti-patterns are the sign of existence of code smells in source code. There is a

5



small gap between code smells and anti-patterns. Code smells are also known as
bad smells, code bad smells, anomalies, or design defects [11, 29, 31, 32, 33].

Henceforward, in this thesis, these terms are used interchangeably.

1.3.2 Need of Code Smell Detection

From last few years, bad smells have become a sign of software systems that
can cause complications in maintaining software quality during maintenance. It
is widely believed that code smells are one of the major threats to the quality
of the software. Various researchers stated that the software maintenance tasks
consume more than 70% of the whole cost of a software project [34, 9, 35].
To avoid the bad-practices and increase software maintainability, adaptability,
understandability, and extensibility, this high cost could be significantly reduced
by providing automatic or semiautomatic solutions, which assists the development
team to remove smells as early as possible. This will further help in improving the
efficiency and effectiveness of a software organisation by improving the quality of
a software.

Code smells are bad programming practices that severely affect the development
of a software project. It is believed that bad smells can cause failure indirectly, if
not directly [11]. Overall, code smells make a system hard to maintain and may
introduce bugs frequently. For example, Feature Envy code smell (see Fig. 1.4)
where a method makes extensive usage of other class rather than the class in which
it is currently located. The changes made in one class exploits the functionality of
a system. In this example, the function phd() is repeatedly calling the methods
from class FindTopic. Therefore, this method is Feature Envy code smell as it is
more interested in the methods of another class than the one in which it is defined.
This introduces additional coupling in the code.

A good quality software system requires low coupling and high cohesion. Thus,
it should be avoided in order to increase the quality of software system. The

best technique to remove the code smells is refactoring. Refactoring is defined as
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Boolean phd(FindTopic findTopic)
{
Student waitStudent= shell.getDisplay().getSystemStudent(SWT.STUDENT WAIT);
Shell.setStudent (waitStudent);
Boolean meetCase = findTopic.getMeetCase();
Boolean meetWord = findTopic.getMeetWord();
String findString = findTopic.getFindString();

Int column = findTopic.getChoosenFindArea();

Fig. 1.4. Example of feature envy code smell.

the change made to the internal structure of software system without changing
its external behavior. Therefore, detecting and prioritizing these code smells for
refactoring helps the developers to easily maintain, evolve and understand their
software project [29]. Some of the prominant reasons of code smell occurrences

are:

e Developers constraint and time limitations: The program is sporadically
written in ideal environmental settings. The maintenance phase results in
violation of design principles due to confinement of programmer’s skills and

rigid time restrictions [36].

e Complexity of a system: The complexity of a system increases with its
growth, unless the effort is made to maintain or decrease it. The difficulty
in understanding the developed software by new programmer results in

orientation of code smells.

e Continuing change: Systems must be reformed repeatedly else their

performance will degrade.

e Programming language Limitation: Due to limitation in programming
knowledge, developers are forced to copy the code [36]. During

development phase, they do not care about bugs introduced in the system
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which later on results in introduction of code smells.

e Phobia of writing new code: Developers avoid to bring new ideas in the
existing software as this practice can make the programme more complicated
and may result in the introduction of more errors. So they make experiments

with the existing code which violate the design principles [37, 38].

e Refactoring delay: Due to time limitation, programmers delay refactoring or
restructuring of a software project [39], which subsequently leads to increase

in maintenance cost and introduction of bugs.

1.3.3 Code Smell Taxonomy

The term code smell was coined by Fowler and Beck in 1999. They proposed 22
code smells in a single flat list but did not classify them into categories [29]. In
2003, Mantyla et al. [40] categorised Fowler’s smells into seven groups according
to their characteristics for better understanding and evaluation. In each type of
code smell, a definite type of system components such as classes or methods is
reviewed which can be evaluated from its characteristic [41]. These categories
are ’Bloaters’, ’Couplers’, ’Object Orientation Abusers’, ’Encapsulators’, ’‘Change
Preventers’, 'Dispensables’, and others. Code smells which do not fall into any of
the six categories are placed in the other category. The diagrammatic description

of this taxonomy is given in Fig. 1.5.

e Bloaters: Bloaters are classes, code or methods that have grown so large that
they cannot be managed adequately. Code smells that fall under this category
are 'Data Clumps’, 'Long Method’, 'Primitive Obsession’, 'Large Class’, and

"LongParameterList’ [29, 40, 42, 43].

— Data Clumps: Data Clumps are existence of identical set of variables
at multiple places in the code. This code smell can be spotted by
constantly looking for the similar data items (variables or parameters)

passed around together. The example of data clump code smell in a
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Large Class

Bloaters

Temporary Field

Switch Statements

Object Orientation Refused Bequest
Abusers

Alternative Classes with
Ne Different Interfaces

\ Parallel Inheritance Hierarchies

Shotgun Surgery

Change Preventers

Code Smells Taxonomy ’

IG5 Duplicate Code

Lazy Class

Middle Man

Encapsulators D—( Message Chain

Inappropriate Intimacy

Couplers
up Feature Envy

Comments

Incomplete Library Class

Fig. 1.5. Code smell taxonomy.

code part is shown in Fig. 1.6.

— Long Method: These are the methods that accomplish multiple actions
and are comprised of multiple lines of code. Any method that contains
greater than 15 lines of program is considered as a Long Method.

Modifying or understanding a single 'Long Method’ is more difficult
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Data Clump

public bool SubmitCreditCardOrder(string firstName, string lastName, string zipcode, string st
reetAddressl,string streetAddress2, string city, string state, string country, string phoneNum
ber, string creditCardNumber,int expirationMonth, int expirationYear, decimal saleAmount)

{
}

//..submit order

Fig. 1.6. Example of Data Clump code smell.

than understanding numerous smaller methods. The coding example

of long method code smell is shown in Fig. 1.7.

Long Method

public static void main (String [] args)
{

Scanner in = new Scanner (System.in);
Float f=0;

Inti, n;

System.out.printin(“enter the value of n”);
N=in.nextInt();

for (i=2; i<=n; i++)

{

f=1;

}

}
if(f==0)
{

System.out.printin (“prime number”);

}
else
if(n%2==0)

System.out.printin (“even number”);

else

{

System.out.printin (“odd number”);
}

}

Fig. 1.7. Example of Long Method code smell.

— Primitive Obsession: It is not precisely a code smell, instead it signifies a
symptom of the bad smell, and is building block of data in code. In order
to perform simple tasks, the use of primitives instead of small objects
represent the sign of this code smell. Example of Primitive Obsession is

given in Fig. 1.8.

— Large Class: A class that encompass too many lines of code, methods

or fields and has many duties is called a Large Class. This type of code
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Primitive Obsession

Public Class Car
{
Private int red, green, blue;
Public void paint (int red, int green, int blue)
{
this.red = red;
this.green = green;
this.blue = blue;
}

Public Class Car

{

Private color color;
Public void paint (color, color)

{
}

this.color = color;

Fig. 1.8. Example of Primitive Obsession code smell.

smell is difficult to recite, recognize and troubleshoot. It is also called

as God Class or Blob and its example is given in Fig. 1.9.

Large Class

Class area ()

{

Public void tri_area ()
//code
¥
Public void sqr_area ()
//code
}
Public void cir_area ()
//code

Public void rect_area ()

//code

Fig. 1.9. Example of Large Class code smell.

— LongParameterList: When a method is passed more than three
parameters, it is called as LongParameterList. A method with great
number of parameters is more complex. It is better to limit number
of parameters passed because LongParameterLists are inconsistent,
difficult to learn and tough to use. Example of LongParameterList is

shown in Fig. 1.10.
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LongParameterList

Public Boolean drawlImage (Imageimage, int x1Dest, int ylDest, int x2Dest, int y2Dest, int
x1Source, int ylSource, int x2Source, int y2Source, Color color, ImageObserver obs)

Fig. 1.10. Example of LongParameterList code smell.

e Object Orientation Abusers: This category is associated with circumstances
where system does not exploit spontaneous and noticeable features of object
oriented design. The reason behind this problem is prior experience of
programmer in procedural languages and lack of knowledge and training
about Object Oriented programming. Code smells under this category are
'Parallel Inheritance Hierarchies’, "Temporary Field’, ’Alternative Classes with

Different Interfaces’, ’Switch Statement’, and 'Refused Bequest'.

— Parallel Inheritance Hierarchies: It is an extraordinary case of Shotgun
Surgery which refers to duplicate class hierarchy. It occurs when we
create a subclass for a class. This code smell can be identified by
examining the identical prefixing of class names in different hierarchies.

Example of this code smell is shown in Fig. 1.11.

Parallel Inheritance Hierarchy

Vehicle Operator
-Operator - ——— —— —— > +accelerate ()
+turn ()
+getOperator ()
7'y 7 N
Car Plane Driver Pilot

+handbrake () +barrelRoll ()

Fig. 1.11. Example of Parallel Inheritance Hierarchies code smell.

— Temporary Field: This code smell occurs in those cases where the scope

of a variable lies within the class instead of being in a method. This bad
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smell disrupts the principle of information hiding. The code containing

Temporary Field code smell is shown in Fig. 1.12.

Temporary Field

Public class client

{
Private ClintIdea idea;
Public List<Client> getAll ()

initializeIdea ()
return idea. getAll ();

private void initializeIdea ()

{
Idea = new ClientIdea ();
}
Public void AnotherMethod ()
{
}
Public ClientIdea getIdea ()
{

return idea;

Public void setIdea (ClientIdea Idea)
{

}

this. idea = idea;

}

Fig. 1.12. Example of Temporary Field code smell.

— Alternative Classes with Different Interfaces: It arises when two methods
with different signatures perform similar function in different classes.
Fig. 1.13 displays the code with Alternative Classes with Different

Interfaces code smell.

Alternative Classes with Different Interfaces

XMLBuilder DOMBuilder

addBelow (child String) addBelow (child String)
* *
v v
TagNode <<interface>>
Element

addAttribute (....) setAttribute (...): void
add (child: TagNode) appendChild (...): Node

Fig. 1.13. Example of Alternative Classes with Different Interfaces code smell.

— Switch Statement: This code smell occurs when a sequence of
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'if’ statements are dispersed throughout the code or similar switch
statements occur in a program. Fig. 1.14 shows the presence of switch

statement code smell.

Switch Statement

class Animal
{
final int MAMMAL = @, BIRD = 1
REPTILE = 2;
int myKind; // set in constructor

String getSkin ()

switch (myKind)
{
case MAMMAL: return "hair";
case BIRD: return "feathers";
case REPTILE: return "scales";
default: return "integument";

}

Fig. 1.14. Example of Switch Statement code smell.

— Refused Bequest: When a subclass inherited data and methods from
parent class but does not need all that behaviour and it refuses some
behaviour of parent class then 'Refused Bequest’ code smell occurs. This

kind of code smell is shown in Fig. 1.15.

| Mammal

Refused Bequest

BreatheAir ()
regulateBodyTemp ()
giveBirthToLiveYoung ()
producemilkFemale ()

swim ()
Bat Snail
Refused Bequest Refused Bequest
BreatheAir () BreatheAir ()
regutateBodyTemp-(} regulateBodyTemp ()
giveBirthToLiveYoung () iveBi i
- -
swim-() swim ()

Fig. 1.15. Example of Refused Bequest code smell.
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e Change Preventers: This category involves those code smells which hinder
the software modification process. Smells under this group are ’Shotgun

Surgery’ and 'Divergent Change’.

— Shotgun Surgery: In this code smell, a single modification made to a
class leads to the alteration of many classes concurrently. An example

of this kind of code smell is shown in Fig. 1.16.

— Shotgun Surgery Address
HouseNumber
name > State
Country
getAddress () getAddress ()

Fig. 1.16. Example of Shotgun Surgery code smell.

— Divergent Change: This smell is opposite of Shotgun Surgery in the
sense that it occurs when multiple changes are made to single class for
different reasons whereas in Shotgun Surgery single alteration is made
to several classes concurrently. Code with Divergent Change code smell

is shown in Fig. 1.17.

e Dispensables: This group constitutes those code smells that contain
something unnecessary and useless and whose removal can make code easier
to understand, effective and cleaner. Code smells under this category are

'Data Class’, ’Speculative Generality’, 'Lazy Class’, and 'Duplicate Code’.

— Data Class: These classes are dumb data holder and encompass only
public field’s getter and setters methods. As these classes contain only
data so they are used by other classes to perform their functionalities.

Example of Data Class code smell is given in Fig. 1.18.

— Lazy Class: It is a class that does not contain any responsibility and stays

in the system for future use. It increases complexity of the system. We
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Divergent Change

Public class Account

Private int accountNumber;
private double balance = 0;
Public Account (int accountNumber)

{

this. accountNumber = accountNumber;

Public int getAccountNumber ()
{

Return accountNumber;
Publ%c double getBalance ()
¢ Return balance ();
Public void deposit (double amount)
¢ Balance += amount;
Public void withdraw (double amount)

Balance -= amount;

}
Public String toXml ()
{

return “<account><id>” + integer. To String (getAccountNumber ()) + “</id>
+“<balance>” + double. toString (getBalance ()) + “< / balance> </account>”;

}

Fig. 1.17. Example of Divergent Change code smell.

should either remove these classes or increase their responsibility. Fig.

1.19 shows the example of Lazy Class code smell.

— Speculative Generality: This type of code smell occurs when a class is

developed with all sort of special cases and hooks. This results in harder

maintainability and understanding of code. It can be identified when

test cases are users of a method or a class. Code containing Speculative

Generality code smell is shown in Fig. 1.20.

— Duplicate Code: This code smell results from the presence of similar

code in two or more unrelated classes.

It occurs when the identical

expression is found in two different methods of similar class or in two

familial subclasses. Fig. 1.21 shows the example of Duplicate Code code

smell.

e Encapsulators:

Code smells that deal with ’encapsulation’ or ’data

communication’ mechanism are included in this group. This category
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Point

Data Class float m;
float n;

float getMCor (); {...... }
float getNCor (); {.......}

Square
Data Class float m;
o float n;
floatr;

float getMCor (); {...... }
float getNCor (); {.......}
float getRadius (); {...... }

Fig. 1.18. Example of Data Class code smell.

includes 'Message Chain’ and 'Middle Man’ code smells.

— Message Chain: This code smell occurs from the chain of more than two
user defined objects. For example, when a client class makes a call to
object of another class which in turn calls the object of another third

class and so on. Example of Message Chain is shown in Fig. 1.22.

— Middle Man: It is a class that assigns many of its task to classes which
subsequently follow it. If there is excessive delegation, program can be
delayed. Each time a delegant is needed to be added or modified while
creating a new method or modifying older one. This type of code smell

is shown in Fig. 1.23

e Couplers: This category contains the smells that occur due to excessive and
harmful coupling in the code. ’Feature Envy’ and 'Inappropiate Intimacy’ are

two smells related to coupling issues.

— Feature Envy: It is a signal that a method makes extensive usage of
other class rather than the class in which it is currently located. Fig.
1.24 shows the example of Feature Envy code smell.

— Inappropriate Intimacy: When there is tight coupling between two
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Lazy Class

Public Class getter

{
Private int age;
Private String name;
Private String address;
Private float salary;
Private String sex;
Private int phone;
Public int getAge ()
{

return age;

}

Public void setAge (int age)
{

}
Public String getName ()

{
}

Public void setName (string name)

{
}

Public String getAddress ()
{

}

this.age = age;

return name;

this.name = name;

return address;

Fig. 1.19. Example of Lazy Class code smell.

classes and a huge time is spent by them in accessing each other’s
private variables then it is called 'Inappropriate Intimacy’. Fig. 1.25

shows the code containing Inappropriate Intimacy code smell.

e Others: The code smells which do not fit in any of the aforementioned six
categories are included in this group. ‘Comments’, 'Incomplete Library Class’

fall under this category.

— Comments: These are sweet smells. These are used when we are not
sure about what to do and why to do? If used excessively in code
these are considered as code smells. Fig. 1.26 shows the example of

comments code smell.

— Incomplete Library Class: When more or lesser amount of functionality
is exhibited by a library class than the required one then it is called
as Incomplete Library Class. An example of this type of code smell is

shown in Fig. 1.27.
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Speculative Generality

Public class customer
{
Private String name;
Private String address;
Private String gender;
Private String country;
Private MailingAddress mailingAddress;
Public Customer {String name, String gender, String add, String country, MailingAddress mAdd)
{
this.name = name;
this. address = add;
this. gender = gender;
this. country = country;
this. mailingAddress=mAdd;

String getName ()
{

return name;

MailingAddress getMaailingAddress ()
{

}

return MailingAddress;

Fig. 1.20. Example of Speculative Generality code smell.

Later, in 2006, Mantyla et al. [44] proposed a revised version of this taxonomy.
Wake et al. [45] also presented a taxonomy of code smells. Code smells
can also be considered as symptom of a design level flaw. Brown et. al
presented these design level flaws in his workbook [33] and named them as
Anti-Patterns. The authors defined a list of 40 Anti-Patterns into three categories
namely development Anti-Patterns, architecture Anti-Patterns, and management
Anti-Patterns. These Anti-Patterns include Functional Decomposition, Spaghetti
Code, Walking through a Minefield, Continuous Obsolescence, Lava Flow,
Ambiguous Viewpoint, Poltergeists, Mushroom Management, Dead End, Golden
Hammer, Input Kludge, Cut-and-Paste Programming, Boat Anchor, Walking
through a Minefield, Swiss Army Knife, Reinvent the Wheel, The Grand Old
Duke of York, Autogenerated Stovepipe, Stovepipe Enterprise, Jumble, Stovepipe
System, Cover Your Assets, Vendor Lock-In, Wolf Ticket, Warm Bodies, Design
by Committee, Blowhard Jamboree, Analysis Paralysis, Viewgraph Engineering,

Death by Planning, Fear of Success, Corncob, Intellectual Violence, Irrational
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Duplicate Code

int array_a [ 1, b[ 1;
int sum_a = 0, b=0;
for (int i = @; 1 < n; i++)
{
sum_a += array_a[i];
}
int average_a = sum_a / n;
for (int i = @; 1 < m; i++)
{
sum_b += array_b[i];
}

int average_b = sum_b / m;

Fig. 1.21. Example of Duplicate Code code smell.

Message Chains

Customer cust = order. getCustomer ();

Address addr = cust. getAddress ();

String zip = addr. getZip ();

String zip = order. getCustomer (). getAddress (). getZip ();

Fig. 1.22. Example of Message Chain code smell.

Management, Smoke and Mirrors, Project Mismanagement, Throw It over the
Wall, Fire Drill, The Feud, and E-mail Is Dangerous.

The detailed description of these Anti-Patterns is given in workbook [33]. Some
studies also proposed approaches to detect code anti-patterns instead of code

smells, since they describe more generic flaws, in this work we use three of them:

e Blob: It is also known as God Class. Low cohesion and large size are the
characteristics of a Blob class. It is a complex and large class that only uses
other classes as data holders and integrates the behavior of a portion of a

system.

e Functional Decomposition: This code smell is introduced by non-experienced
developers. It occurs when a class declares multiple private fields and
implements a few of them. i.e. the concept of polymorphism and inheritance
associated within the class is scarcely used. This code smell is introduced if

a class is designed with the intent to perform a single function.
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Client Class

|

Middle Mah Person

getManager ()
|
Department

getManager ()

Fig. 1.23. Example of Middle Man code smell.

Feature Envy

Public class Customer
{
PrivatePhNumber mbPhone;
public String
getMobilePhNumber ()
{
return®(”+ mbPhone.getAreaCode()+“)” + mbPhone. getPrefix( ) + “-” + mbPhone.getNumber( );
¥
}

Fig. 1.24. Example of Feature Envy code smell.

e Spaghetti Code: A class that uses global variables and declares long
methods without parameters, thus, violating the principle of inheritance and

polymorphism.

1.3.4 Disadvantages of Code Smell

e Impact on software comprehensibility, modification, and enhancement: It
is obvious that the person who develops the software is not the one who
maintains it. Furthermore, presence of code smells not only decrease the
comprehensibility but also hampers the design and hinder the enhancement
and modifications. Thus, the system becomes more complex and even small

modifications are difficult to make [41, 46, 30].

e Impact on software quality: It is widely believed that code smells are one of
the major threats to the quality of the software. Some researchers claim that

code smells have a positive impact on software quality [12] whereas, some
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Inappropriate Intimacy

Public class map extends AbstractCollection
Private static int count =10;

Private object [] keys = new object [count];
Private object [] values = new object [count];
Public object [] getKeys ()

{

}

return keys;

Fig. 1.25. Example of Inappropriate Intimacy code smell.

Comments

Public class add
{
Public static void Min (string [] args)

{
¥

// simple sum implementation that performs addition of two
numbers
Private static int sum (int a, int b)
// declaration of two numbers ‘a’ and ‘b’
{
Return a + b; // it will return the added result

}

int res = sum (a, b);

Fig. 1.26. Example of comments code smell.

other researchers found the negative impact of code smells on quality [47].
In addition, some authors also reported the neutral impact of code smells on
software quality [48]. The actual impact of code smells on software quality

is unclear

e Impact on design: code smells have a bad impact on design which urges the
researchers to detect and refactor code smell so as to improve the overall

design.

e Bug propagation: If some class/method of source code contains a bug and
that class/method is used somewhere else in the programme then the bug
will prorogate in that class also. Therefore, code smells raise the possibility

of bug propagation [49].

e Higher maintenance cost: Various studies [50, 51, 52] claimed that the
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Incomplete Library Class

Private static Date nextDay (Date arg)

//foreign method, should be in date
Return new Date (arg. getYear (), arg. getMonth (), arg. getDate () + 1);

}

Fig. 1.27. Example of Incomplete Library Class code smell.

presence of code smells increases the post implementation effort [53].

1.4 Detection and Prioritisation of Code Smells

This subsection explains the code smell selection process, need of prioritization,

and application of machine-learning in code smell detection.

1.4.1 Code Smell Detection Process

Several techniques employing different methods have been proposed to detect
various type of code smells [41, 54]. These code smell detection techniques
use the source code or its compiled form in different representations as an input
along with code smell specifications. The object oriented software metrics or some
other techniques like machine leaning [55], etc are used to match these bad smell
specifications with examined source code. The value of these metrics is either
calculated by using some third party tool or by directly performing static analysis
of the source code. Furthermore, the calculated value of software metrics is used
by the smell detector along with bad smell specifications, and instances of code
smells are identified as an output. A detailed description of code smell detection
process is shown in Fig. 1.28. It is not possible to detect all code smells using
static analysis because of dynamic dispatch, run time binding, etc. Therefore,
some authors used dynamic analysis based approaches to detect bad smells like
Feature Envy [49].

Apart from this, some other techniques also used hybrid of machine-learning and
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| Bad Smell Inventory ‘

\

Bad Smell
‘ Specifications

J

Smell Detector Tool/ Detected Bad
Technique Smells

1

Software Metrics

Source Code

Intermediate Source
’ Code Representations

Fig. 1.28. Code smell detection process.

metaheuristic techniques and conjuction of different metaheuristic algorithms for
detecting bad code smells [56]. Furthermore, some code smells like Shotgun
Surgery, Divergent Change, Parallel Inheritance, etc. cannot be appropriately
detected from the program source code. Hence, versioning history information
is used to locate these aforementioned bad smells [57]. The information about

versioning history can be gathered from Github, Sourceforge etc.

1.4.2 Need of Prioritization of Code Smell

The existence of code smells in the code put a negative impact on software
quality. Therefore, several code smell detection techniques [56, 58, 59] have been
proposed for the identification of the code smells from the source code. These
techniques return the identified code smells which in turn requires a lot of effort
for their removal by using appropriate refactoring techniques. But the cost and
effort available for removing these code smells is limited. Also, all the code smells
are not equally important or relevant to the goals of software or its health. Hence,
these code smells should be ranked according to their importance or relevance.

Code smell prioritization techniques decide the order in which these smells must
be removed, so that good quality software can be obtained in lesser time with less

cost and least effort. This will in turn enhance the maintainability of the software.
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Identification of code smells is the first activity of the refactoring process. Various
automated tools have been proposed to assist the developers in identifying the
code smells. But the results yielded by such tools overwhelm the developers. The
results may also include many false positive indications too. Thus, it becomes a
tedious task for the developer to examine each and every code smell of the system.
Additionally, the refactoring effort needed to resolve all the code smells generally
exceeds the limited budget that is provided to the developers for carrying out the
whole refactoring process.

Moreover, not all code smells are equally severe as compared to others. Fowler
[29] has introduced 22 code smells, but it is challenging for developers to decide
which code smell should be refactored first. This decision is made according to
the harmful impact of code smells on software quality attributes. So, this calls for
a need of prioritizing the code smells. Researchers proposed various techniques
for code smell prioritization based on the impact of the code smells on the overall
quality of the software. Since prioritization is adopted to resolve the deadline and
budget issues, some researchers introduced approaches that consider the removal

of such code smells that involves low refactoring cost and are easier to refactor.

1.5 Application of Machine-learning Techniques in
Code Smell Detection

Many existing code smell detection techniques are rule based [60, 61, 32].
Regardless of good performance shown by these techniques, there are number of
challenges that are faced by the researchers in this area. Firstly, these techniques
use the combination of Object-Oriented metrics to detect code smell. Different
approaches use different metric combinations and each combination has a
different threshold value. Even if the same metrics are employed, their threshold
value may vary. Thus, with the change in threshold value, the number of detected

code smell may increase or decrease. Therefore, the performance of detector is
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strongly influenced by the selection of threshold value [62].

Another challenge is related to accuracy of results. Too many false positive or
false negatives can be detected as the information related to size, design, domain,
and context of analysed dataset is not considered [63]. This increasing volume
and variety of information has made it tedious for the programmers to manually
detect every possible code smell.

Therefore, in such situations, the need of machine-learning arises.
Machine-learning approaches are relatively cheap and fast [64, 65]. They
detect and correct errors and bugs without human intervention. Also, these

techniques learn from its experience to avoid the defects in future.

1.6 Decision Tree Algorithm

Decision tree algorithm is one of the most practical and widely used method of
supervised machine-learning algorithms. It is used to solve both classification as
well as regression problems. For prediction and classification supervised training
is used which means the classes of each instance is already known in the training
set. This approach provides a tree structure where data splits continuously on the
basis of certain parameters or conditions. The tree can be generated using three
entities: root node, decision node contain test attributes where data splits, and
leaves contain class label that gives final outcome or decision. Root node is the
highest level node of a tree. After training process, the model is able to classify
an instance of unknown class on the basis of path followed from root node to leaf

node.

1.6.1 J48 Algorithm

From the family of decision tree algorithms, J48(C4.5) is selected for identification
of code smells due to its popularity and accuracy in results. It has been developed
by Ross Quinlan [66, 67]. It is an extension of ID3 (Iterative Dichotomiser 3).

There is a open source Java implementation of C4.5 in WEKA. The additional
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features of J48 includes: a) derivation of rules, b) trees pruning, c¢) accounting
missing values and d) ranges the value of attributes continuously etc. It is
one of the best classification algorithm to analyse the data continuously and
categorically. Its main objective is to split the data into homogenous class as
much as possible in terms of variables to be predicted. J48 allows classification
either based on generated rules or on the basis of decision tree. Its objective is to
reduce the impurity or uncertainty in data. For handling continuous attributes, it
creates a threshold value and split the attributes into two lists, one having values
greater than threshold and other containing values less than or equal to threshold.
However, for missing values it marked as "?". These missing values are not used in

entropy and gain calculation.

The input to algorithm is a set of training (classified) data. Based on this input, it
generates a decision tree as an output where each leaf node represents a decision
and non-leaf node represents a test. After verifying all the test path from root node
to leaf node the decision is represented by a leaf node whether a variable belongs
to class or not. Each path from root to leaf is a rule [68, 69]. Once the tree is
generated, it is applied to each tuple of database which results into classification
of data of that tuple. While generating a tree, C4.5 ignores the missing values.
The values of that item can be predicted from the known value of that attribute in

other records.

Thus, the classification model generates a tree in top-down fashion. It uses
normalized information gain splitting criteria. The information gain of each
attribute is judged according to entropy measure. The attribute with highest
normalized information gain is selected to make decision. Following this, the best
attribute is selected as a root of next recursively constructed subtree. It then,
recurses on the partitioned subsets. The basic steps followed in J48 algorithm are

as follows:

The advantages of J48 algorithm are described as follows:

27



Algorithm 1 J48 algorithm

Input: Dataset D
Output: Return N
Create a root node N
If T € C then

Leaf node=N

Mark N as class C

Return N
Fori=1ton

Calculate information gain
Ta=testing attribute
N.Ta=attribute having highest information gain
If N.Ta == Continuous then

Find Threshold
: For each T in splitting of T

If T is empty then

Child of N is a leaf node
Else
Child of N=dtree T

Calculate classification error rate of node N
: Return N

W RN T R W

T gt
NI AHEDREQ

e To mitigate the overfitting, J48 inherently employs Single Pass Pruning

Process.
e It works with both continuous and discrete data.

¢ It handles the incomplete data issues effectively.

1.6.2 Performance Metrics

To calculate the gain this algorithm uses Entropy, Information Gain, and Gain Ratio

metrics.

e The Entropy:
Entropy measures the disorder in data. The Entropy of Class 7 is calculated

as:

n
Entropy(y Z yT ( |‘?Jz" ) (1.1)
j=1 1] Y
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The Entropy of any attribute j of a class y is calculated as:

Entropy(jly) = —@bg <|yﬁ| (1.2)
|7 |9

Information Gain:

The gain of an attribute is calculated by subtracting the Entropy of a class

from the Entropy of an attribute.

Gain(y,7) = Entropy(y — Entropy(j|¥)) (1.3)

The information gain metric is useful only in case of small and medium
values. While dealing with large values it provides insufficient information.

Thus, as a result it becomes difficult to achieve overall gain value.

Gain Ratio:

To eradicate the shortcoming of dealing with large values in Information
Gain, C4.5 utilises Gain ratio to maximise the gain by dividing the gain with
overall entropy due to split argument ¢/ by value of j. Gain Ratio is calculated

as:
Gain(y,j)
Splitinfo(y,7)

GainRatio(y,j) = — (1.4)

where SplitInfo is defined as:

SplitInfo(y,j) Zp ( )log< (i))) (1.5)

where p'(j/p) is the proportion of elements present at the position p, taking

the value of jth test.

Precision:
Precision is calculated as the ratio of correctly identified bad smells to the

total identified bad smells. From the obtained value of the Precision, one
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can conclude the likelihood that the identified code is accurate.

{(Relevant code smells) N (Detected code smells)}

(Detected code smells) (1.6)

Precision =

e Recall:
Recall represents the fraction of appropriately detected bad smells among the
set of manually identified bad smells to find out the count of bad smells that
have not been unexploited. From the value of the Recall, one can deduce the

probability that an anticipated code smell is identified.

{(Relevant code smells) N (Detected code smells)}

Recall = 1.7
ced (Relevant code smells) (1.7)
® Fricasuret
Fineasure 18 defined as the harmonic mean of Precision and Recall.
Fineasure = 2 X | Precision X Recall/Precision+ Recall|% (1.8)

1.7 C5.0 Algorithm

C5.0 is a new generation of J48 or C4.5 machine-learning algorithm with an
additional features such as, efficiency, accuracy, less memory, smaller decision tree,
and fast speed [70]. Decision trees are generated on the basis of set of training
examples and list of possible attributes. C5.0 follows the rules of C4.5 algorithm,
i.e., the method of generating a decision tree in C5.0 is similar to that of C4.5
[71]. C5.0 algorithm operates by splitting the data sample on the basis of field
having greatest information gain. The sample subset obtained from previous split
is split afterward and this process continues till this subset cannot be further split.
Lastly, it examines the lowest level split and the subsets with least contribution are

rejected. Algorithm 2 shows the steps of C5.0 algorithm followed to construct a
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decision tree.

Algorithm 2 C5.0 algorithm

Input: Dataset B training data and their corresponding class labels, attribute
election approach, and attribute list
Output: Decision tree
Make a node M
If all samples in P € class D then

Return M as a leaf node having label as D
If attribute list is unfilled then

Return M as a leaf node having label as majority class in P
Execute attribute selection approach to obtain the best test attribute
Assign label test attribute to node M
while every output k of test attribute do

Generate a branch from node M for the condition test attribute = Pk

end while
/*** suppose Pk as the set of data samples in P fulfilling output k ***/
11: If Pk is vacant then
12:  Join a leaf node having label as majority class in P to node M
13: Else
14:  Join the node provided by this recursive algorithm to leaf node
15: Return M

VRN hwh e

—_
e

The advantages of C5.0 over C4.5 algorithm are as follows:

e During classification it can anticipate the most significant and non significant

attributes. i.e., it automatically allows removing unhelpful attributes.

e It solves the problem of error pruning and over fitting.

e It also gives acknowledgement on missing data.

e It is faster than C4.5.

e In comparison to C4.5, memory usage is more efficient in C5.0.

e It generates smaller decision tree.

e It produces more accurate results and has lower error rate on unseen cases.
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1.8 Problem Statement

A developer should develop software with high quality because software with poor
quality requires a lot of time, cost and effort for its maintenance. After software
development, the software is passed to maintenance team for maintenance. The
maintenance team is different from the team of developers. They may or may not
have much or exactly the same knowledge as the development team has, about
the source code. So they modify it according to them, which lead to occurrence
of code smells in the software. Code smells are not the errors in the program but
these can slower down the functionality of the program. Moreover, these smells
can reduce the quality and increase the maintenance cost and effort. Consequently,
it is very necessary to identify the code smells and to prioritize them according to

their impact on software quality.

To detect code smells, researchers proposed many techniques such as metric based,
manual approach, machine-learning based, metaheuristic based, etc. However,
these approaches suffer from various limitations like error proneness due to human
intervention, deciding a threshold value for a metric, etc. Therefore, there is a
need to study the efficiency of existing techniques and develop a better approach

for code smell detection.

Moreover, existing code smell detection techniques generate a list containing too
many code smells. These code smells are not equally harmful for the software
in terms of software quality. Without knowing the harmful impact of code
smells, developers get reluctant towards removing them by refactoring due to
limited time and budget pressure. Hence, a need of code smell prioritization
approach arises which can sort the detected smells based on their impact on
software quality attributes. This smell prioritization will motivate the developers
towards eradicating the harmful smells which in turn will increase the adoption of

refactoring practice in software industry.
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1.9 Research Objectives

1. To study the existing code smell detection techniques.

2. To design and develop a technique for detection of bad smells using

machine-learning.
3. To test and validate the performance of proposed technique.

4. To study the effect of prioritization of code smells on software quality.

1.10 Research Methodology

¢ Firstly, we studied the existing machine-learning, metaheuristic, and hybrid
techniques used to design and propose a bad smell detector that can aid

software developers in producing high quality software systems.

e Then, a novel search based hybrid algorithm is proposed and is used in
conjuction with J48 and C5.0 to detect various code smells as an output.
The sample applications written in Object-Oriented programming language
are considered for evaluation of proposed approach. The source code of
the sample application along with the set of quality metrics and code smell

specifications are supplied as an input to code smell detector.

e After detecting code smells, the optimal ranking of these code smells is

produced by using a proposed algorithm.

¢ In addition, the impact of code smell prioritization is analysed by performing

an empirical study.

e Finally, the comparative analysis of the proposed approach is performed with

existing approaches in the area of code smell detection and prioritization.

The major steps involved in the code smell detection and prioritization are outlined

in the Fig. 1.29
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Fig. 1.29. Research methodology.

1.11 Contribution to the Thesis

To fulfill the objectives, this thesis makes three major contributions (see Fig. 1.30).

These contributions are described as follows:

Contribution 1: Hybrid Code Smell Detection Approaches

A novel metaheuristic algorithm called Sandpiper Optimisation Algorithm (SPOA)
is proposed. SPOA is inspired from the biological behavior of sea birds (i.e.,
sandpipers). Later, we hybridise it with J48 machine-learning algorithm in order
to solve the problem of parameter tuning. The proposed hybrid approach is
named as SP-J48. The main purpose of hybridization is to tune the parameters
of machine-learning algorithms for efficient selection of their values. In order to
detect the optimal code smells, SP-J48 takes open source projects, Object-Oriented
metrics, and detection rules based on combination of metrics and their threshold
values as an input.

The proposed technique is tested on real-life datasets and its results are compared
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with various state-of-the-art approaches. The outcomes show that the proposed
technique performs better than the other approaches with 88% Precision and 79%
Recall. Moreover, due to the advantages of C5.0 over J48, it is used in conjunction
with SPOA for code smell detection and named it as C5.0-SPOA. The results of
C5.0-SPOA is compared with existing approaches and SP-J48. The performance
of proposed hybrid approach is evaluated on five Java open source softwares
using Precision, Recall, and Fj,cqsure- The obtained results signify that the
proposed technique provides better results as compared to existing state-of-the-art

techniques and SP-J48 with 91% Precision, 78% Recall, and 82% F,cqsure-

Contribution 2: Prioritization of Detected Code Smell

The proposed approach is extended to prioritize the detected set of code
smells. Three parameters namely, versioning history, code smell relevance, and
architectural relevant classes are used for prioritizing the most severe code smells.
Firstly, the frequently refactored classes from previous versions of a software are
calculated. Then, from the current version of a software, the classes which are
architecturally relevant to the design of a system are considered. Furthermore,
the common set of classes among obtained set of classes from above two steps are
shortlisted. In addition, manual code smell severity is assigned to the code smells
of these classes.

Later, the values obtained from these three parameters are given as an input to
the proposed approach in order to generate the rank according to their impact
on software quality. The performance of proposed approach is evaluated on Java
open source projects by using three performance metrics namely, estimated effort,
code smell correction ratio, and severity of fixed code smells.

It is analysed from results that in previous versions of each application, an average
of 38% of the total classes has been frequently refactored. Moreover, among those
frequently refactored classes, almost half of the classes are architecturally relevant.
Furthermore, in the current version for each sample application, an average of

19% of the total classes were architecturally relevant. Therefore, nearly 85% of
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refactoring effort can be saved by prioritizing the classes based on the proposed
approach and an average of 65% code smells gets corrected with the proposed
class prioritization approach. In addition, the severity of every version is reduced
with an average of 20 severity score. Overall it has been analysed from the
reported results that the proposed approach is able to reduce developers effort
by finding the severe code smells which in turn will save developer’s time and

maintenance cost.

Contribution 3: Analysing the Impact of Code Smell Prioritization on
Software Quality Attributes

In this contribution, a case study is performed to empirically analyse the impact
of code smell prioritization on software quality attributes. For this, three software
versions including the original version, the version generated by removing a
random set of code smells, and the version produced by removing the code smells
in prioritized order returned by our proposed prioritisation approach are taken.
The metric values are calculated for these three versions and compared with
each other to quantify the effect of code smells on prioritization. C&K metric
suit is taken into consideration to quantify the effect of code smell sequence on
cohesion, coupling, complexity, size, and inheritance attributes. The performance
of proposed prioritisation approach is evaluated on three open source softwares
written in Java.

The results of this analysis show that for Xerces-J, code smells removed in the
order generated by our proposed approach reduces the values of LOC, RFC, CBO
metrics by 0.35%, 0.24%, and 0.65%, respectively. Whereas, with a random
sequence, a reduction of only 0.10%, 0.17% and 0.35% has been achieved.
It is also analysed that at 5% level of significance, the code smells refactored
in prioritized order are statistically significant than the values obtained after

removing code smells in random order.
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1.12 Organisation of the Thesis

The thesis is organized as per the following chapters:

Chapter 1: Introduction

This chapter introduces the basic concept of code smell, evolution of code smell,
code smell taxonomy, need of code smell detection, code smell prioritization,
basics of metaheuristics, and machine-learning. It briefly describes the basic
process of code smells detection. It also highlights the problems caused by code
smells in a software. This chapter also discusses the challenges faced in detecting
code smells while using existing techniques. Furthermore, it also describes the
need of prioritization of code smells for refactoring. In a nutshell, this chapter
explains the basic concepts of code smell detection, need of machine-learning in
code smell detection, code smell prioritization along with problem definition and

research objectives.

Chapter 2: Literature Review: State-of-the-art

This chapter provides a detailed review of the existing literature. Firstly, code
smell detection techniques using numerous methods such as manual approach,
metric based approach, machine-learning algorithms, optimization techniques,
techniques using combination of search based methods as a hybrid, etc. are
discussed. Later, the state-of-the-art in the area of code smell prioritization
techniques is covered. In last, the research gaps identified from the existing
literature are outlined. Further, the research problem is designed on the basis

of these research gaps.

Chapter 3: SP-J48: A Hybrid Approach for Code Smell Detection

In this chapter, firstly a novel metaheuristic optimization algorithm is introduced.
This algorithm is named as Sandpiper Optimization Algorithm (SPOA) which
mimics the behaviors of sandpipers in nature. SPOA is tested on real-life

benchmark test problems to show its efficiency and effectiveness. Further, SPOA
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algorithm is hybridized with J48 machine-learning algorithm, named as SP-J48.
It is used to find the code smell from open source software efficiently. The

performance is evaluated on Precision, Recall, and F},cqsure metrics.

Chapter 4: Code Smell Detection using C5.0-SPOA

In this chapter, C5.0 machine-learning algorithm is used in conjunction with SPOA,
named as C5.0-SPOA. The proposed technique is used for code smell detection and
prioritization. The performance of C5.0-SPOA is evaluated in terms of Precision,

Recall, and Fj,cqsure ON Java based Open source software projects.

Chapter 5: Impact of Code Smell Prioritization on Software Quality

This chapter discusses the empirical study performed to analyse the effect of code
smell prioritization on internal software quality. Cohesion, coupling, inheritance,
size, and complexity metrics are used to analyse the impact of prioritization of

code smells. Statistical testing is also performed to validate the obtained results.

Chapter 6: Conclusions and Future Scope This chapter concludes the thesis
by providing a brief overview of proposed approaches and providing an insight
into the future work. The thesis is concluded on the basis of contributions
made concerning proposed approaches for code smell detection, code smell
prioritization and analysing the impact of code smells prioritization on quality.
The summarization of future directions in the area of software engineering,
machine-learning, and metaheuristics, will enlighten the research community

regarding research areas in the field of artificial intelligence.
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Chapter2

Literature Review:;
State-of-the-art

“I still believe in the possibility of a model of reality, that is to say, of a theory, which

represents things themselves and not merely the probability of their occurrence.” By

Einstein

This chapter describes the state-of-art in the area of code smells. The literature
is reviewed from two fields: code smell detection and code smell prioritization.
In 1999, several researchers started developing code smell detection techniques
which either perform static analysis or dynamic analysis to detect code smells
which are discussed in detail. In addition to this, literature in the field of code

smell prioritization is also discussed in following subsections.

2.1 Static Analysis based Code Smell Detection
Techniques

In this section, existing research on various static code smell detection approaches
like Manual, Metrics, Symptom, Probabilistic, Visualization, Cooperative,
Machine-learning, Search based and Hybrid approaches for detection of code

smells are discussed.

e Manual Based Approach
Earlier manual code smell detection techniques were used to detect code

smells. Travassos et al. [72] provided manual inspection and reading
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guidelines to detect design defects. These techniques require human
involvement and are time consuming. Although human involvement reduces
uncertainties in detection process, but these techniques are infeasible for

detecting code smells from large software systems.

Metric Based Approach

Several metric based approaches have been used to detect bad smells. Ganea
et al. [60] introduced a continuous quality assessment tool named InCode
which warns a developer about the occurrence of a code smell as it appears
with the contextualized explanation of that smell. InCode detects Code
Duplication, Feature Envy, God Class, and Data Class smells using metric
based rules. This tool helps the developers in addressing the design problems
earlier as the contextualized information guides the developer in correcting
the detected smells. The proposed tool is evaluated on five open source
systems (OSS) namely JHotDraw 7.6, Eclipse JDT 3.8.1, AgroUML 0.34,
Maven 3.1.1 and Vuze 5301.

Marinescu [32] defined metric based detection strategies for identifying
design flaws at class, method and subsystem level. Detection strategies are
obtained by combining various metrics using set operators. Metric values
are compared against relative and absolute thresholds to detect around ten
design flaws. Munro [61] provided metric based heuristics for detecting
Temporary Field and Lazy Class bad smells in open source Java systems. The
author justified the choice of metrics and thresholds for detecting code smells

by performing an empirical study on Graph Tool and hotel booking system.

Similar to the aforementioned approaches, Salehie et al. [73] proposed a
classification process based framework to detect design flaws which uses
two levels. At first level, hot spots are detected using primitive classifiers.
At second level, these hot spots are classified using metric based heuristics to

detect Refused Bequest, Shotgun Surgery, Feature Envy and God Class code
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smells. To evaluate their proposed approach, they have used Jave Based
Open Source Software (JBOSS).

Fard and Mesbah [74] provided JSNOSE tool for detection of thirteen
JavaScript code smells namely Switch Statement, Long Message Chain,
Excessive Global Variables, Refused Bequest, Nested Callback, Closure
Smell, Long Method/Function, Large Object, Coupling JS/HTML/CSS,
Empty Catch, Lazy Object, LongParameterList and Unused/Dead code. The
projected tool was evaluated on eleven web applications.

Yuanfang et al.[75] proposed DRSpace, a new model of software architecture
that can be used in source code to evaluate the architecture implemented
They proposed the concept of ArchRoots, as the first exploration of using
DRSpace is to reveal the architectural impact on software quality. ArchRoots
attract and propagate errors to multiple files, and their detection algorithm.
They used 15 projects with varying sizes, domains, and ages, and observed
that 1) a bug-prone design rule can also make DRSpace error-prone for a
large number of files inside it; 2) the effects of architecture connections
between bug-prone files are severe and persistent over time. Their research
also shows that the effects of architectural links between bug-prone files are
persistent.

Palomba et al.[76] examined whether code smells identified using textual
information are as hard to detect and refactor as structural smells or if they
follow a dissimilar pattern during software development. They conducted
two distinct studies examining how developers respond on instances of code
smell of the same kind, but identified either by TACO or by (but not both)
structural-based methods. They used 20 open source softwares to identify
five code smells namely, Blob, misplaced code elements: i.e., Feature Envy
and Misplaced Class, Long Method, and Promiscuous Package.

They concluded that industrial developers typically consider textually

detected code smells as real design problems and as hazardous as structural
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code smells, even if they do not exceed the thresholds of any structural
metrics. Moreover, textually detected code smells are more prone to be

resolved through refactoring operations or enhancement activities.

Symptom Based Approach

Symptom based techniques use different symptoms or notations for
identification of code smells. Moha et al.[77] projected an approach called
DECOR to detect various code and design smells. Domain analysis of the
code was performed and design smells were specified using domain specific
language (rule cards). These algorithms are used to identify four design
smells (namely Swiss Army Knife, Spaghetti Code, Blob and Functional
Decomposition) and fifteen code smells automatically. The approach is
validated by independent engineers using eleven open source systems on the
basis of Precision and Recall for assessing whether the detection algorithms
correctly detected the code and design smells.

Marinescu and Ratiu [78] proposed PRODEOOS tool for the identification of
bad smells in C++ and Java. They used coupling, cohesion, data abstraction
and complexity metrics to detect four code smells namely God class, Data
Class, Refused Bequest and Shotgun Surgery. The tool was evaluated on two

case studies of industrial projects.

Probabilistic Based Approach

Probabilistic approaches making use of fuzzy logic rules is an another way
to detect bad smells. Rao and Reddy [79]proposed an approach which uses
design propagation probability matrices (DCPP matrix) to identify two types
of code smells namely Divergent Change and Shotgun Surgery. The authors
evaluated their approach on three small examples. Nitin [46] implemented
Java Smell Detector (JSD) tool for the identification of Java code smells.
Static analysis was performed to identify code smells such as Switch Case,
Middle Man, Long Method, Data Class and LongParameterList. The tool is

evaluated on 28 graduate projects.
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e Visualization Based Approach
Visualization based approaches use semi-automatic process for detecting
code smells. Simon et al.[80] proposed Crocodile tool to identify four
code smells namely Large class, Feature Envy, Lazy Class and Inappropriate
Interface using manual analysis. The tool was evaluated on VRML software
system. Murphy et al. [81] provided a Strench Blossom tool to detect four
code smells namely Long Method, Data Clump, Large Class and Feature Envy
from Java projects. The evaluation of tool was done on Java Libraries and

Vuze.

e Cooperative Based Approach

Cooperative based code smell detection techniques detect various code
smells with greater accuracy by performing different activities in a
cooperative way. Abdelmoez et al. [82] proposed a technique to detect
four code smells such as Long Method, LongParameterList, Message Chain
and Empty Catch, and the severity of these bad smells was estimated using
threshold values of metrics. They used two parallel algorithms to increase
the speed of the search and to decrease the space for search. Genetic
programming was used as basis for the applied algorithms.

The technique was evaluated on three case studies of diet care C# program
namely Appointments.cs, Person.cs and Jobs.cs. These Co-operative based
techniques are comparatively new, and used to increase performance and

accuracy for detection of code smell.

e Machine-learning Based Approach
Machine-learning techniques [83] provide another alternative to detect code
smells without human intervention and errors. Due to difficulty in finding
threshold values of metrics for detection of code smells, lack of consistency
between different identification techniques, and developers subjectiveness
in identifying code smells from these tools, numerous techniques using

machine-learning algorithms have been projected by researchers in literature
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[84]. The first technique in this field was proposed in 2005. In 2005, Kreimer
[85] developed an Eclipse Plug-in named IYC for identification of design
flaws in software systems. Classical approaches like abstract interpretation
or data and control flow were used to compute values of Object-Oriented
metrics (like cohesion, complexity, size and coupling). C4.5, a decision
tree based machine-learning technique was used to detect five types of
code smells namely Feature Envy, Long Method, Lazy Class, Big Class and
Delegator. Among these five code smells, only Long Method and Big Class

were evaluated on two case studies viz., WEKA and IYC systems.

Similarly, Vaucher et al.[86] used Naive Bayes approach to detect Blob code
smell from two open source softwares namely Xerces v2.7.0. and Eclipse
JDT. Khomh and Vaucher [87] extended the DECOR tool proposed by Moha
et al. [77] by transforming their rules into Bayesian belief network (BBN)
for the detection of Blob anti-patterns. This approach was evaluated on two
Java open source systems namely GanttProject 1.10.2 and Xerces 2.7.0 and
the results of BBN were compared with DECOR tool.

In 2011, Khomh et al. [55] extended their previous approach [87] and
proposed a new Bayesian approach called BDTEX based on GQM (Goal
Question Metric) to detect anti-patterns. The authors used developers
feedback and the definitions of anti-patterns rather than rules based
intermediate nodes representation to detect three anti-patterns called
Spaghetti Code, Functional Decomposition, and Blob. The proposed
approach was evaluated on GanttProject 1.10.2 and Xerces 2.7.0 open source

softwares and the results of BDTEX were compared with DECOR.

Later, Oliveto et al. [88] proposed an ABS (Antipattern identification using
B-Splines) technique using B-Splines to detect same smells from two medium
sized Java open source systems. The accuracy of their proposed approach
was compared with DECOR [77] and BBN [87]. Furthermore, Hassaine et al.

[89] used immune-inspired approach called IDS (Immunebased Detection
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Strategy) for detection of same code smells from GanttProject v1.10.2 and
Xerces v2.7.0 datasets. The proposed approach was compared with DECOR
[77] and BBN [87].

Maneerat and Muenchaisri [90] used 7 different machine-learning
algorithms to detect Lazy Class, Feature Envy, Middle Man, Message Chains,
Long Method, LongParameterLists and Switch Statement code smells. The
authors used 7 industrial datasets from previous literature. In their work,
they compared the results of Random forest with 6 other machine-learning
algorithms. The results reported that due to less code smell prediction rate,
some algorithms such as J48, VFI, and Naive Bayes, are not appropriate for
code smell prediction as the prediction rate of these algorithms is less than

90%.

Danphitsanuphan and Suwantada [91] developed an Eclipse Plug-in called
‘Bad Smell Detection Tool (BSDT) to detect the location of code smells in
software systems. The authors used class and method level Object-Oriented
software metrics to detect seven bad smells namely Large Class, Lazy Class,
Data Class, Parallel Inheritance Hierarchy, Long Method, LongParameterList
and Switch Statement. After detecting bad smells, Naive Bayes data mining
technique was used to analyse the relationships between structural bugs and
bad smells. The system was evaluated on two Java software systems viz.

projects Movie rental program and electricity calculating program.

Maiga and Ali [59] proposed SVMDetect approach to detect anti-patterns
in Java source code using support vector machines as machine-learning
technique. SVMDetect is able to identify four anti-patterns namely Swiss
Army Knife, Spaghetti Code, Blob, Functional Decomposition. The authors
concluded that proposed approach outperforms DETEX [77] by evaluating
it on three case studies of Java open source softwares namely Xerces 2.7.0,
AgroUML 0.19.8 and Azureus 2.3.0.6. Later, Maiga et al. [92] extended

their SVMDetect [59] approach by taking into account expert’s feedback and
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named it as SMURE A Support Vector Machine algorithm was used to detect
four kinds of anti-patterns like Spaghetti Code, Swiss Army Knife, Blob and
Functional Decomposition. This approach was manually validated on 3 case
studies of Java open source softwares namely Xerces 2.7.0, AgroUML 0.19.8
and AZureus 2.3.0.6 and the results were compared with DETEX [77] and
BDTEX [55].

The authors showed that projected approach can be applied on intra as well
as inter systems, and correctness of SMURF is better as compared to BDTEX
and DETEX. Fu and Shen [93] used association rule mining techniques to
detect three types of code smells (Duplicated Code, Shotgun Surgery, and
Divergent Change) from five open source softwares namely, Eclipse, jUnit,
Guava, Closure-Compiler and maven. The results of technique are compared

with SonarQube [94], Décor, jDeodorant and DCPP [79].

Palomba et al. [95] used association mining rules and projected a technique
called HIST (Historical Information for Smell deTection) for identification of
five code smells namely Blob, Divergent Change, Shotgun Surgery, Feature
Envy, and Parallel Inheritance by extracting change history information from
versioning systems. The proposed technique was evaluated on eight Java
open source projects such as Apache Ant, jEdit, five projects of Android APIs
and Apache Tomcat. Moreover, the performance of HIST was compared with
JDeodorant and DECOR and concluded that apart from detecting code smells

it also highlights the frequently changing code smells.

Later, Palomba et al. [96] re-evaluated their approach [95] on another
20 open source systems. The proposed approach was evaluated on two
empirical studies: firstly, HIST identifies the code smell that are not identified
by the comparative techniques, and to access the accuracy it was evaluated
on 20 Java projects. Secondly, they investigated the extent to which code
smells can be detected by HIST reflects designer’s understanding of poor

design and implementation choices. They involved 12 open source software
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project developers and reported that more than 75% of detected code smells

are actually a design or implementation problems.

Fontana et al. provided [97] an approach based on machine-learning
algorithms for detection of code smells. They authors used different metrics
for detection of different smells. Furthermore, if metrics used were same,
their threshold values were different. An experiment was performed on 76
systems of Qualitas Corpus and targeted to provide vital dataset for code
smell detectors to be used as a basis for future standards.

Six different machine-learning algorithms (J48, Random Forest, Naive Bayes,
JRip, SMO, and LibSVM) and large set of metrics (such as class, method,
package, project level plus standard metrics as size, complexity, cohesion
and coupling) were used to detect four code smells namely, God Class, Data
Class, Long Method, and Feature Envy. At class level, God Class and Data
Class were detected whereas at method level Long method and Feature Envy
were detected.

The performance of J48, Random Forest, JRip and SMO were better as
compared to Naive Bayes on feature envy and data class code smells. In
addition, Fontana et al. [62] used 32 different machine-learning algorithms
to detect four types of code smells such as Large Class, Data Class, Feature

Envy and Long method in order to identify a best algorithm.

Recently, Di Nucci et al. [64] highlighted some issue of Fontana et al. [62]
study and replicate his work by using machine-learning techniques for code
smell detection that points the issue of metric distribution in smelly and
non-smelly instances of considered softwares. This issue was exploited in
the study provided by Fontana et al. They have replicated the study on same
datasets using same machine-learning algorithms. In their findings, they
concluded that the issue was due to the usage of specific dataset instead of

machine-learning algorithms actual capabilities.
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Therefore, the problem of code smell detection using machine-learning
algorithms is still unsolved. Thus, it is still an open research area and
more research is needed in this field. Some researchers have adopted
machine-learning techniques for the detection of particular type of code
smell, i.e., code clone (a.k.a. Duplicate Code).

Wang et al. [98] used Bayesian Networks to detect Duplicate Code from
two large C# projects of Microsoft. The authors considered two scenarios:
conservative scenario and aggressive scenario, and reported that their
approach is useful for both the scenarios. This approach approves 52% to
60% harmless clones and block 48% to 67% harmful clones.

Later, White et al. [99] employed recurrent neural network (RtNN)
technique to detect same code smell from 8 open source Java softwares
namely, ANTLR 4, Apache Ant 1.9.6, ArgoUML 0.3.4, CAROL 2.0.5, dnsjava
2.0.0, Hibernate 2, JDK 1.4.2, and JHotDraw 6. They have considered
all four types of clone and reported that their technique detected file and
method level pairs mapping of all types of clone and, is also feasible in

representation and fragments for clone detection.

Small, KLOC(thousand LOC) < 500 RClasses < 200

DatasetSize = § Medium, 50 < KLOC < 2500R200 < Classes < 1000

Large, KLOC > 2500RClasses > 1000
(2.1)

Furthermore, the results of proposed approach are compared with Deckard
[100] and concluded that the proposed learning based approach is more
suitable for clone detection comparative to state-of-art practices.

Table 2.1 shows code smell detection techniques using machine-learning
algorithms. The guidelines provided by Radjenovic et al. [101] are followed

to classify the studies into small, medium, and large sub-dimensions based
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on their dataset sizes in terms of number of classes (or files) and number of

Lines of Code (LOC) as shown in Equation (2.1).

Metaheuristic Based Approach

Many researchers [102] have contributed their research in the field of
detecting code smells using metaheuristic techniques. They considered the
detection of code smells as a search problem. Marcus and Maletic [103]
proposed an approach to identify code clones of linked list ADT in C source
code. The proposed approach used latent semantic indexing as information
retrieval technique and performs static analysis on software systems to
determine semantic resemblances.

This structural and semantic information of source code was used by
clustering based PROCSSI system [104] to detect high level concepts in
clones. This approach uses minimal spanning tree clustering algorithm to
detect two code smells namely Duplicate Code and Inappropriate Interfaces.
The projected system was evaluated on 2.7 version of Mosaic system.
Mihancea and Marinescu [105] used genetic algorithm to detect God Class
and Data Class code smells from seven Java and C+ + based student projects.
To detect the code smells using metric based approaches, the researchers

established proper threshold values of metrics using genetic algorithms.

Kessentini et al. [106] used Genetic Programming to propose an automatic
technique to detect the rules for Blob, Spaghetti Code and Functional
Decomposition code smells. Detection rules are defined as an integration
of threshold and metric values. The researchers evaluated their proposed
approach on OSS namely GanttProject v1.10.2 and Xerces-J v2.7.0 on the
basis of Precision and Recall. For rule extraction, the proposed approach
was further compared with Particle Swarm Optimization (PSO) [107],
Harmony Search (HS)[108], Simulated Annealing (SA)[109], and DECOR.
The authors concluded that their approach outperforms DECOR and provide

better results with an average of 75% to uncover known code smells.
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In 2013, Mansoor et al. [110] used Multi-Objective Genetic Programming
(MOGP) approach to find best metric combination to generate code
smell detection rules. The proposed technique was evaluated on the
releases of five OSS (Apache Ant, ArgoUML, Gantt, Azureus, and Xerces-J)
to detect three types of code smells such as Blob, Spaghetti Code,
and Functional Decomposition. Furthermore, the proposed approach is
compared with Nondominated Neighbor Immune Algorithm (NNIA) and
multiobjective optimization with artificial immune systems (MOAIS) [111]
using Hypervolume and Inverted Generational Distance metrics.

In addition, the proposed approach is compared with Random search (RS),
mono-objective GP and two more existing state-of-art techniques [112, 113]
on the basis of Precision and Recall. The results reported that MOGP
and MOAIS are better than random forest. Also, the proposed technique
outperforms the state-of-art mono-objective techniques with an average of
91% of Recall and 86% of Precision.

Later, Mansoor et al. [114] extended their previous approach [110] to detect
five kind of code smells namely Blob, FE, SC and DC and FD using same
dataset. The researchers evaluated their approach on seven Java open source
softwares and concluded the their Multi-Objective Genetic Programming
technique outperforms existing techniques.

Boussaa et al. [115] used Competitive Co-Evolutionary Algorithm (CCEA) to
detect three kind of code smells namely Blob, Spaghetti Code and Functional
Decomposition. They involved two populations simultaneously, one is to
generate the detection rules using combination of metrics in order to increase
the inclusion of code smell examples. The another population helps in
maximizing the number of generated code smells which are excluded by the
detection rules. The proposed approach was evaluated on different versions
of four OSS namely ArgoUML v0.26 , Xerces v2.7, Ant-Apache v1.5 and
Azureus v2.3.0.6.
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To evaluate the performance, the results of proposed technique were
compared with Genetic Programming [112] and Artificial Immune System
[113] on the basis of Precision and Recall. The reported findings show that
the proposed technique provides better results as compared to two single
population based metaheuristics approaches.

Similarly, Ouni et al. [116] used genetic programming to contemplate a
technique that automatically generate the rules for defect detection. The
technique was evaluated on six Java OSS. Furthermore, the performance of
proposed technique was compared with DECOR and SA, and reported that

the proposed technique provides promising results as compared to DECOR.

Kessentini et al. [82] used parallel evolutionary algorithm (P-EA)to generate
the code smell detection rules. They considered nine OSS to detect eight
types of code smells and compared their proposed technique with Genetic
Algorithm (GA), Genetic Programming (GP) and Random Search (RS).
Furthermore, the proposed technique is also compared with DECOR and
JDeodorant [117]. The authors concluded that the proposed approach
performs better than existing approaches.

Sahin et al. [118] used search based technique and proposed BLOPs
(Bi-Level Optimization Problems) tool for detection of code smells. The
proposed approach involves two level of optimization. At upper level, they
generated bad smell detection rules using Genetic Programming approach
and at lower level, they used Genetic algorithm for code smell detection.
Quality metrics (WMC, NAS, NOC, RFC, AIE LCOM, PE CC, DIT, NA, NC,
AH, CBO, NLC and MH) were employed to detect four code smells namely
Blob, Feature Envy, Spaghetti Code and Data Class and, three design smells
such as Functional Decomposition, LongParameterList and Lazy Class. The
proposed tool was evaluated on nine OSS and one industrial datasets.

The performance of proposed BLOP technique is compared with existing

state-of-art techniques including Genetic Programming (GP) [112],
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co-evolutionary GA [115] and concluded that BLOP outperforms the
competitive approaches. Moreover, they compared the proposed approach
with DECOR [77] and concluded that it outperform DECOR in case of
Precision.

In 2016, Ghannem et al. [119] used Genetic Algorithm to detect three
types of code smells from four Java open source softwares. The proposed
approach is compared with the previous work of Ghannem et al. [120] and
DECOR. Code smell detection techniques using metaheuristic approaches are

tabulated in Table 2.6.

Hybrid Approach

Due to parameter tuning issue in machine-learning techniques, several
authors employed metaheuristic techniques in conjunction with
machine-learning algorithms to detect code smells.

Amorin et al. [121] confirmed the findings of Kreimer [85] by using
C5.0 decision tree algorithm to detect 12 code smells (Antisingleton, God
Class, ClassDataShouldBePrivate, Complex Class, Large Class, Lazy Class,
Long Method, LongParameterList, Message Chain, Refused Parent Bequest,
Speculative Generality and Swiss Army Knife) on four Java OSS likely
Eclipse, Mylyn, ArgoUML, and Rhino.

Genetic Algorithm is used in conjunction with C5.0 to automatize the metrics
selection. The results of their technique were then compared with rule
based tools, Bayesian Beliefs Networks, and Support Vector Machine (SVM)
technique. The observed comparison results indicate that the performance
of decision tree when used together with genetic algorithm is even much

better than comparative algorithms.

Furthermore, Fontana et al. [62] performed the survey of different
machine-learning algorithms used for identification of bad smells in order
to identify a best algorithm. They selected 32 distinct machine-learning

algorithms such as decision tree (J48 , JRIP , RANDOM FOREST), NAIVE
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BAYES, support vector machines (SMO , LIBSVM), and, ADABOOST etc. and
experimented them on four types of bad smells namely Data Class, Large
Class, Feature Envy and Long method. An effective and straightforward Grid
Search [122] was used to search the best parameter setting.

Grid search was chosen for two main reasons: firstly, the approach
which do not perform exhaustive parameter search employing heuristics
or approximations are not considered as safe because of their inability to
prove the superiority of experimented combinations over the unexplored
ones. Secondly, due to independent setting of each parameter, it can be
easily parallelized. They used 74 Object-Oriented systems of Qualitas Corpus
and validated 1986 samples manually. The authors concluded that the best
performances were obtained by Random Forest and J48 machine-learning
algorithm whereas poorest performances were achieved by SVM. This survey
can help the researchers in selecting the best technique for code smell

detection.

Saranya et al. [123] used a combination of Genetic Algorithm and Particle
Swarm Optimization techniques and proposed a hybrid approach based on
Euclidean distance called EGAPSO for detection of model level code smells.
The proposed approach detects code smells on the basis of set of defect
examples and similarity between considered softwares instead of relying on
threshold values of metrics. The projected approach detects five code smells
from three open source projects.

Furthermore, to analyse the effectiveness of EGAPSO, it is compared with
existing state-of-art approaches such as GA [119], DECOR [771, P-EA [82]
and MOGP [110]. The reported findings prove the effectiveness of EGAPSO

in comparison to existing approaches.

Similarly, in 2018, Kacem and Bouassida [124] used a combination of both
supervised and unsupervised machine-learning techniques and proposed a

hybrid approach for code smell detection employing Auto-encoder algorithm
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[125] in conjunction with Artificial Neural Network (ANN) algorithm.

They used mean squared error (MSE) to tune the parameters of auto-encoder
learning method and Grid search to optimize the parameters of ANN
classifier.

Furthermore, the proposed technique was evaluated on 74 Qualitas Corpus
softwares. The efficiency of contemplated approach was evaluated on
the basis of Precision and Recall and, concluded that hybrid approach
outperforms the basic classifiers. Table 2.8 enlists the code smell detection

techniques using hybrid approaches.

2.2 Dynamic Analysis Based Techniques

In these techniques, the behavior of the code is analysed after executing it based on
test cases or user scenarios. It is more accurate than static analysis as it examines
the actual behavior of source code rather than simply examining the source code.
So, due to these advantages researchers proposed efficient code smell detection

techniques based on dynamic analysis.

Kumar and Chhabra [49] proposed a two level dynamic analysis based approach
to detect Feature Envy code smell. At the first level, dynamic analysis is performed
to locate methods that can be Feature Envy. These suspect methods are further
analysed at second level using dynamic analysis to assure whether they are feature
Envy or not. The approach is evaluated on two open source software packages
named SWT example and Textarea package from jEdit software. The results of
proposed approach is compared with inCode [58] and JDeodorant [126]. The
obtained findings shows that the results gathered through proposed technique are

more accurate and less time consuming.

Liu et al.[127] proposed an approach for adapting thresholds dynamically and
automatically. In this work authors firstly, analyse the necessity of automatic

threshold adaption for code smell detection. Secondly, they suggested an
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approach that would automatically and dynamically adjust thresholds. Finally,
they validated their proposed approach on five open source applications such as,
AutoFlight, DirBuster, Java3D Modeler, PDF Split and Merge, DavMail to identify
four code smell namely, long methods, clones, feature envy, and inappropriate
intimacy. The evaluation results suggested that their proposed approach is

effective and it outperforms the traditional tuning machine.

2.3 Review on Code Smell Prioritization Techniques

Once the code smells are detected, it is necessary to prioritize them for refactoring
purpose. Numerous researchers have contributed in the area of designing
code smell prioritization techniques in order to provide refactoring opportunities
according to their impact on software quality attributes.

Sae et al. [128] used context relevance index (CRI) to prioritize code smells.
Firstly the authors used inFusion tool to detect 24 code smells. Furthermore,
the authors used CRI to rank the detected code smells from four OSS namely,
ArgoUML, Jabref, jEdit, and muCommander. The accuracy of proposed technique
is then compared with severity based prioritization approach on the basis of
Precision. The results shows that context based code smell prioritization approach

gives more relevant outcomes as compared to severity based techniques.

Steidl and Eder [129] prioritize Code Clones and Long Method smells on the basis
of refactoring recommendations. They firstly detected these two maintainability
defects using ConQAT tool [130] and then identified refactoring opportunities for
removing these defects. They proposed various heuristics to prioritize these code
smells and evaluated them on seven industrial and six open source softwares.

Vidal et al. [131] proposed SpIRIT tool for identification and prioritization of bad
smells on the basis of three parameters such as relevance of code smell, history
of component modification and modifiability scenarios. SpIRIT automatically

identifies ten code smells (God Class, Brain Class, Tradition Breaker, Data Class,
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Brain Method, Shotgun Surgery, Feature Envy, Refused Bequest, Disperse Coupling
and Intensive Coupling) using various Object-Oriented software metrics.

These code smells are then prioritized on the basis of aforementioned criteria to
help the developers in refactoring the most prioritized smells with least effort. The
proposed approach was evaluated on Subscribers DB Application and Beef-Cattle
Farm Simulator Java applications. Later, the authors extended their tool [131]
and renamed it as JSpIRIT [132] which combines different strategies for detecting
agglomerations of smells and provided the prioritization strategies for ranking

these smells.

SpIRIT tool was used to detect the code smells from Mobile Media, Health Watcher
Java projects. Later, the authors [133] extended this approach and prioritized the
detected code smells on the basis of change history and architectural relevance.
The approach is evaluated on four projects namely Mobile Media, Health Watcher,
SubscriberDB and Apache OODT. The results of each software was compared with
the other to conclude that their approach helps the developers to analyse the
critical code smells.

Based on association with faults, Zhang et al. [134] prioritized six code smells
namely, Duplicate Code, Data Clumps, Middle Man, Message Chains, Switch
Statements and Speculative generality. The Copy/Paste Detector (CPD) function
of PMD tool [135] was used to identify Duplicate Code and other five bad smells
were identified using Pattern based code bad smells detection tool. The Fault
history was captured for Eclipse and Apache software systems from Concurrent
Versions System (CVS) and Subversion (SVN) repositories, respectively using JIRA
tool. After finding fault history, their association with code smells were used to

prioritize the bad smells.

Yang et al. [136] use code clone detection tool to detect code clones manually
form source code written in C language. The authors developed Fica tool using
machine-learning algorithms for individual users to rank the code clones detected

by CDT based on historical decision. The results of CDT i.e., 105 clone sets of
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bash4.2 were used to evaluate the system.

Fontana et al. [137] used smell intensity index to prioritize code smells. The
JCodeOdor tool [138] was proposed to detect six code smells namely God Class,
Shotgun Surgery, Message Chain, Data Class, Dispersed Coupling and Brain
Method using metric based rules. Smell intensity index was integrated with
the tool which helps in prioritizing the most critical smells. The intensity index
distribution for these six smells was evaluated on 74 systems of Qualitas Corpus
[139].

In addition, Fontana ans Zanoni [140] used machine-learning algorithms to
classify the severity of code smells. They detected four code smells likely God
Class, Long Method, Data Class, and Feature Envy from 76 systems of Qualitas
Corpus and ranked the code smells according to their severity. Table 2.10 shows
the studies ranking the code smells according to their harmful impact on software

quality.
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2.4 Research Gaps and Motivation

After studying the existing literature, the following gaps in research are outlined:

e The Precision of metric based code smell detection techniques directly
depend on right selection of source code metrics, their specifications and
threshold values. The standard threshold value of these metrics is still
unknown and unreliable. Also, a small set of code metrics cannot be used to

detect all code smells because of distinct nature of code smells [61, 62].

e Manual and visualization based code smell detection techniques are human

centric, time consuming, non-scalable and error prone.

e Symptom based techniques have no agreement for defining standard
symptoms with similar specification. Due to different specifications of same

symptoms, their Precision is low [41].

e Many existing tools parse the source code directly to detect code smells. But
it is not feasible on large system because these techniques work on the basis

of statistical data gathering.

e Even if cohesion and coupling are the only major parameters considered in
existing literature while evaluating the code smells, no research focus on the
type of cohesion and coupling among the classes and methods, which should
have been taken care of specially while assigning the threshold values to

metrics.

e Majority of the developers used genetic, simulated annealing and hill
climbing algorithms for identification of bad smells from source code.
Variations of genetic and hill climbing algorithms as NSGA, NSGA II, K-mean
Clustering, Decision tree and Random forest are widely used. Whereas, only
a few experimented search based software detection techniques either for

code smell detection or for their prioritization [82, 105, 106, 97, 64].
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e Vastly used tool for code smell detection are jDeodorant, DECOR, iPlasma,
which accepts the source code for identification of code smell. A few tools
are available for code smell detection apart from jDeodorant, iPlasma, etc.
which are also not updated and are obsolete. An updated tool is required
for code smells detection and, prioritization according to their impact on

software quality [77, 117, 41].

e Recent studies have focused on Machine learning techniques for code smell
detection as these approaches provide better results in terms of precision and
recall, in comparison to other approaches. However, these techniques suffer

from the issue of parameter tuning [121].

e To address the issue of parameter tuning, researchers have used machine
learning algorithms in conjunction with optimization algorithms. But this
approach is adopted by few researchers only. For example, Amorim et.
al [121] used genetic algorithm in combination with C5.0 decision tree
algorithm, but the exploration and exploitation of genetic algorithm is low

as compared to newly proposed optimization techniques. [121, 118].

Therefore, from the retrospective literature survey and aforementioned identified
research gaps, it is observed that among all the code smell detection approaches,
machine-learning techniques help the researchers in improving code smell
detection process by deeply analysing the kind of dependencies between classes,
methods, attributes and assigning weights to them by maintaining low coupling
and high cohesion. In addition, these approaches outperform other state-of-art
approaches in terms of precision and recall but suffers from the appropriate
selection of metrics set. This is because the researchers manually need to
adjust the set of metrics to get better results. This problem can be eradicated
through the use of optimization approaches [121]. Therefore, there is a need
of a machine-learning based code smell detection technique that can be used in

conjunction with better optimization algorithm in order to automatically select
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significate set of metrics which in turn can provides better results.

This desideratum of an efficient approach motivated me to propose a new
technique for code smell identification which can assist the industrialists in
eradicating the more harmful code smells which will in turn maintain the quality
of software as well as reduce the cost and effort in maintaining the software.
Moreover, it can also helps the practitioners and researchers to conduct study

comparisons.
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Chapter3

SP-J48: A Hybrid Approach for
Code Smell Detection

“The purpose of computing is insight, not numbers.” By Richard W. Hamming

3.1 Overview

The main aim of this chapter is to automatically identify code smells using
search based technique and avoid incomprehensive, hardly expanded, and
changeable program structure. Code smells are the symptoms of poor design and
implementation choices. These can increase change-proneness, fault-proneness,
and hinder understandability of software projects. Code smells are interpreted in
a different way based on engineer’s experience and perception. Due to inaccurate
definitions of code smells it is difficult for the developers to decide whether a

particular piece of code is a smell or not.

Many techniques have been proposed in literature but some of these do not
provide the clear understanding of how these code smells are detected. So in this
Chapter, a decision tree algorithm is used to detect code smells from open source
softwares. To identify the code smells the values of object oriented metrics are
used as these rules can be easily discussed and validated. Therefore, J48 (decision

tree) machine-learning algorithm is applied in the software metrics of three Java

Kaur, A., Jain, S. and Goel, S., "SP-J48: a novel optimization and machine-learning-based
approach for solving complex problems: special application in software engineering for
detecting code smells", Neural Computing and Applications, Springer, (2019), PP 1-19. (SCI,
Impact Factor: 4.77)
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based open source softwares namely, GanttProject, Xerces-J, and Log4j to identify
five code smells namely, Blob, Feature Envy, Data Class, Functional Decomposition,

and Spaghetti Code. The definition of these code smells is given in Chapter 1.

Furthermore, to solve the issue of parameter settings of J48, it is hybridized with
our proposed novel bio-inspired metaheuristic technique called SPOA. This hybrid
technique is named as SP-J48 algorithm. The results of proposed approach are
compared with existing code smell detection techniques. This chapter discusses
the code smell detection using J48, proposed hybrid approach, detection of code

smell using proposed hybrid approach.

3.2 Code Smell Detection using J48

In order to identify code smells automatically, object-oriented metrics are given as
an input to decision tree machine-learning technique. The basic concept of code

smell detection is shown in Fig. 3.1. The detection of code smells from source

Using some
Analysing subject | existing tools Compute
systems Metrics

A

Refactoring (metric values x code smell

specifications)
4

Decision tree

Detected code
smells

using learned examples and
known metric values

Fig. 3.1. Flow diagram of code smell detection.

code is also a classification problem. It is decidable whether a program location
(class or method) contains a smell or not. Each code smell is formed by a set of
object-oriented metrics. In decision tree algorithms, these metrics are used as an

source attributes and target attributes defines whether a code smell exists or not.
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The set of program properties are assigned to each code smell. Object-oriented
metrics indicate the properties of these program. Cohesion, Coupling, Complexity,
Inheritance, and Size metrics are taken as an input. Thus, a model is formed that
provides a detection strategy for each code smell. Metric values are computed
by static program analysis. Hence, these calculated metric values are given as an
input to machine-learning algorithm. Further, the machine-learning algorithm is
trained with the examples of known code smells and metrics values. The proposed
model learns from these examples to detect the code smells on the basis of specific

metrics values.

The proposed model consists of two parts namely, Training and Testing phase. In
training phase, the presence of code smells in the program location is decided
manually based on selected program location. The measured values of program
location along with the decisions regarding the code smells forms a training set
which is used to construct initial decision tree. In testing phase, user defines the
location of the program which is to be analysed. Therefore, in this model all
unknown locations of a system are measured. Thus, every decision trees of all
corresponding code smells is applied for measurement. Moreover, every program

location affected by code smell is shown to the user.

Furthermore, the user validates each instance and decides whether to accept or
reject the presumed code smell. In both the situations, the program location will
be added as an another example to the training set. The training set residue
unchanged if the user completely ignores the validation of an instance. Both
training and testing phases are entirely independent of each other. The user can
add on more suspicious parts of a code to the training set while the testing process
is going on. Fig. 3.2 shows the both training and testing phase with adaption of
J48 for code smell detection. From the metric values, several rules are generated.
These rules are used by J48 to generate a decision tree, similar to one shown in
Fig. 3.3. These generated decision trees further assist in detecting the presence of

code smells in a particular class. Table 3.1 shows an example of set of instances
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Fig. 3.2. Code smell detection using J48.

for different classes of a program. In this Table, the set of attributes and number
of training examples have been shorten. For simulation purpose, only 16 training
examples and attributes are tabulated in Table 3.1. The classification model of
this type needs atleast 100 training examples to construct a decision tree with
sufficient accuracy. The derived decision tree of a code smell as a classification is

shown in Fig. 3.3.

It is observed from the tree that non-leaf nodes consist of metrics and leaf nodes
represent the results predicted by proposed model to analyse the existence of code
smells. There are a total of 62 metrics in a complete metric set but only most
significant metrics are selected by J48 on the top of tree. Whereas, less significant
metrics appears at lower level of a tree and become more specialised as the tree

deepens.

Furthermore, by depicting the decision tree the instances which are not classified

earlier, i.e., the instances which does not have the value for target attribute gets
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Table 3.1: Set of training examples for Blob code smell.

Target
S. No. ]ézcss ;[(tho 4 | WMC NAD NOM g;:)r]i)bute
1 750 129 62 5 100 Yes
2 950 150 30 20 30 Yes
3 1325 100 40 5 10 No
4 500 115 70 12 22 Yes
5 1200 175 45 10 50 Yes
6 600 75 50 7 15 No
7 1400 145 10 20 18 No
8 1100 178 80 17 150 Yes
9 1575 200 70 25 200 Yes
10 1680 230 90 40 48 Yes
11 2250 270 120 60 75 Yes
12 700 120 20 5 10 No
13 1275 50 30 10 17 No
14 350 200 50 22 10 No
15 3310 320 240 80 40 Yes
16 200 120 20 100 12 Yes

classified. It is evident that LOC of a class is the strongest instance in this learning

mechanism.

In addition, it can also be analysed from the performed experiments that optimal
utmost important metrics are not always selected. Thus, the set of metrics given to
the model as an input are re-arranged and some of them are removed. Therefore,
the model is able to generate more precise and better decision trees. The process of
selecting relevant set of metrics can be automatized by using SPOA in conjunction

with proposed approach.

3.3 Proposed Hybrid Approach

Most of the metaheuristic algorithms are based on the collective behavior of social

creatures. The collective intelligence is inspired by the interaction of swarm with
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Fig. 3.3. An example of set of instances for blob code smell and derived decision
tree.

each other and their environment. Generally, these are easier to implement than
evolutionary based algorithms due to fewer operators (i.e., selection, crossover,
and mutation). The main components of metaheuristic algorithms are exploration
and exploitation [141, 142]. Exploration ensures the algorithm to reach different
promising regions of the search space, whereas exploitation ensures the searching
of optimal solutions within the promising region [143]. The fine tuning of these
components is required to achieve the optimal solution for a given problem.

Therefore, an optimizer cab be used to address such type of problems.

3.3.1 Optimization

Many real-life problems need to achieve several objectives such as minimize risks,
minimize cost, maximize reliability, and so on [144, 145, 146]. The main aim
of optimization is to find the best optimal solution which is to be minimized or
maximized [147, 148]. The mathematical formulation of optimization problem is

as follows:

Minimize/Maximize: F'(2) = f1(Z) (3.1)

Subject to:
(3.2)

gj(2)>0,5=1,2,....p
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hi(2)=0,7=1,2,....q (3.3)

Ibj <z <ubj,j=1,2,...,7 (3.4)

where p is the number of inequality constraints, g; is 4 inequality constraints, ¢
is the number of equality constraints, h; is j'* equality constraints, r is the number

of variables, (b; and ub; are lower and upper bounds of 4" variable, respectively.

3.3.2 Metaheuristic Techniques

Metaheuristics are broadly classified into two categories namely, single solution
and population based algorithms. Single solution based approaches are in which a
solution is randomly generated and improved until the best result is obtained. In
Population based algorithms, a set of solutions is randomly generated in the given
search space and solution values are updated during the course of iterations until

the best solution is found [149, 150].

However, single solution based algorithms may trap into local optima. It reforms
only one solution which is randomly generated for a given problem. On the other
hand, population based algorithms are able to find the global optimum. Due to

this, researchers have attracted towards population based algorithms nowadays.

The categorization of population based metaheuristic algorithms is based on
the theory of evolutionary, logical behavior of physics, swarm intelligence, and
biological behaviors [151, 152, 153] as shown in Fig. 3.4. Evolutionary algorithms
are inspired by the evolutionary processes such as reproduction, mutation,
recombination, and selection. These algorithms are based on the survival fitness
of candidate in a population (i.e., a set of solutions). The physics law based
algorithms are inspired by physical processes according to some physics rules such
as gravitational force, electromagnetic force, inertia force, heating and cooling
of materials. Swarm intelligence based algorithms are inspired by the collective

intelligence of swarms.
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Bat Algorithm
B
Bacterial Foraging
Optimization (BFO

Fig. 3.4. Classification of metaheuristic techniques.

Generally, swarm intelligence based algorithms are very easy to implement than
the other algorithms due to less number of parameters are required. The
well-known swarm intelligence technique is Particle Swarm Optimization (PSO)
[154]. PSO is inspired by the social behavior of fish schooling or bird flocking.

Each particle can move around the search space and update its current position

with respect to the global best solution.

One of the biggest problem in machine-learning approaches is its parameters
values. However, optimization algorithm plays an important role for the selection
of appropriate values of parameters and chooses the best values for the problem.
Hence, there is a need to optimize the parameters of these approaches.

The main motivation of this work is to develop a novel metaheuristic algorithm and
hybridized it with machine-learning approach for solving software engineering

problems.

3.3.3 Sandpiper Optimization Algorithm (SPOA)

This section discusses the motivation and computational modeling of the proposed

algorithm.
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3.3.3.1 Biological Paradigm

Sandpipers are seabirds, which can be found all over the planet. There is the wide
range of sandpipers species with different masses and lengths. Sandpipers are
omnivorous, and eat insects, fish, reptiles, amphibians, earthworms, and so on.
Sandpipers are very sharp birds and they generally live in colonies. They use their

intelligence to find and attack the prey.

The most important thing about the sandpipers is their searching and attacking
behaviors. Searching is defined as the seasonal movement of sandpipers from one
place to another to locate the food rich and abundant sources that will provide
required energy. Sandpipers frequently attack migrating birds over the sea, when
they migrate from one place to another. They can make their natural round shape

movement during attacking.

These behaviors can be formulated in such a way that it can be associated with
the objective function to be optimized. This makes it possible to formulate a
new optimization algorithm. This approach focuses on two natural behaviors of

sandpipers namely migration and attacking.

3.3.3.2 Mathematical Model

The mathematical models of searching and attacking the prey are discussed.

e Searching (Intensification) During migration, the algorithm simulates how

the group of sandpipers move from one position to another.

S =M x P,(z) (3.5)

where S represents the position of search agent, which does not collide
with other search agent, P, represents the current position of search agent,

x signify the present iteration, and M represents the movement behavior of
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search agent in a given search space.

M = f - (.I X (f/Maxiteration))
where: x =0,1,2,..., MaZjteration (3.6)

C = B x (Ppest(z) — Py())

—

where f is introduced to control the frequency of employing vector M,
which is linearly decreased from f to 0. In this work, the value of f is set
to 2. Vector C represents the positions of search agent P, towards the best
fit search agent szst. The behavior of B is randomized which is responsible
for proper balancing between intensification and diversification. The B is

calculated, as:

B =2x M x Rand()
3.7

D=|S+C|
where D represents the distance between the search agent. Rand() is a
random number lies in the range of [0, 1].
e Attacking (Diversification) The diversification intends to exploit the history
and experience of the search process. Sandpipers can continuously change
the angle of attack as well as their speed. While attacking the prey, the round

behavior occurs in the air. This behavior is described as follows:

R =1rgxcos(i) x sin(i) (3.8)

rg=sxe' (3.9

where r; is the radius of each turn of the round, 7 is a random number in
range [0 <7 < 27]. s and ¢ are constants to define the round shape, and e is
the base of the natural logarithm. The updated position of search agent is

calculated as:

() = (D x R) + Poest(2) (3.10)

O
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where P,(z) stores the best solution and update each search agent position.

Algorithm 3 Sandpiper Optimization Algorithm

9:
10:

11:
12:
13:
14:

PN W

Input: the sandpipers population P,
Output: the leading search agent, szst
procedure SPOA
Compute fitness for each search agent
Pyost < the leading search agent
while (z < Maziteration) do
for each search agent do
Position updation for current agent by Eq. (3.10)
end for
Inspect if any search agent crosses the search space
and if so then readjust
Compute the fitness value of each search agent
Update Pyog; if there is a superior solution than
already present optimal solution
r—x+1
end while
return szst
end procedure

In the first step, SPOA algorithm population is generated randomly. Let us take

an example, if the search agent value is 5 then the population is represented as

given in Table 3.2. In the second step, the fitness value of these search agents is

calculated on benchmark test function. It has been observed that the fitness value

of search agent labeled as number 1 is less as compared to others. In this example,

Sphere test function [155] is used as objective function which is mathematically

described as follows:

30
Fi(2) =37
=1

—100 < 2 < 100,
(3.11)

fmin = 07

Dim = 30

In the third step, first row is chosen from Table 3.2 and apply the SPOA algorithm

operations on it.

Now, compute the attacking behavior of SPOA algorithm.
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Table 3.2: Population representation (Ist Iteration).

Search agents 1 2 3 4 5 Objective value
1 126.1 | 297.2 | 285 | 385.12 | 750.2 1.002
2 410.2 | 109.5 | 100 | 315.2 | 350.3 4.121
3 123.7 | 348.6 | 340 131.4 | 182.9 2.025
4 425.1 | 359.4 | 754 | 652.7 | 472.2 1.345
S 125.7 | 231.2 | 365.1 | 479.1 | 521.6 1.239

Table 3.3: Updated positions of search agents (Ist Iteration).

Search agents 1 2 3 4 5
1 126.1 | 297.2 285 | 385.12 | 750.2
2 410.2*B | 109.5*B | 100*B | 315.2*B | 350.3*B
3 123.7*B | 348.6*B | 340*B | 131.4*B | 182.9*B
4 425.1*B | 359.4*B | 754*B | 652.7*B | 472.2*B
S 125.7*B | 231.2*B | 365.1*B | 479.1*B | 521.6*B

In the fourth step, compute the value of variable f. If the value of x is O
and maximum number of iterations is 1000, then the value of f is 2, i.e., (2 -
0x(2/1000)) = 2, and so on for further steps. Hence, the updated values are

obtained as shown in Table 3.3.

In the fifth step, again calculate the values. For example, in Table , the optimal

value is 1.002. Now the updated optimal value is 1.629.

In the sixth step, calculate the value of updated search agent wrt.
above-mentioned calculated values. Repeat this whole process for second iteration
as given in Table 3.4. The best search agent is 4 whose objective value is 1.156.

Again compute the values of updated search agents as shown in Table 3.5.

Finally, in the seventh and last step, the updated positions are returned by SPOA

Table 3.4: Population representation (/Ind Iteration).

Search agents 1 2 3 4 5 Objective value
1 147.2 | 215.7 | 359 | 305.4 | 975.2 2.025
2 402.7 | 110.1 95 310.7 | 648.2 2.326
3 127.7 | 145.3 | 457 | 567.8 | 734.2 1.578
4 449.4 | 456.3 | 114 | 342.7 | 450.2 1.156
S 356.6 | 645.3 | 636.1 | 453.7 | 784.3 5.110
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Table 3.5: Updated positions of search agents (IInd Iteration).

Search agents 1 2 3 4 5
1 147.2*B | 215.7*B | 359*B | 305.4*B | 975.2*B
2 402.7*B | 110.1*B | 95*B | 310.7*B | 648.2*B
3 127.7°B | 145.3*B | 457*B | 567.8*B | 734.2*B
4 449.4 | 456.3 114 342.7 | 450.2
5 356.6*B | 645.3*B | 636.1*B | 453.7*B | 784.3*B

algorithm and stops the algorithm once it reached the maximum number of

iterations.

3.3.3.3 Computational Complexity

The complexity of an algorithm is an important metric to judge its performance.
The population initialization process of the proposed SPOA and other competing
algorithms requires O(n, x n,) time, where n,, depicts the count of objectives and
n,, depicts the count of population size. The complexity of calculating the fitness
of search agents for all algorithms needs O(M azjteration % 0f), Where oy represents

the objective function for a given problem.

To simulate the whole procedure, it requires O(/N) time. On the other hand, the
space complexity of an algorithm is the maximum utilized space at any instant of
time after the algorithm is being initialized. In this work, the space complexity for

proposed approach is considered, as O(n, x ny).

The computational complexity of the proposed SPOA algorithm is O(N x n, x ny, x

of X Maxiteration)-

3.3.3.4 Results and Discussions

This section contains the experimental validation of the proposed approach using
23 widely used benchmark test functions followed by performance comparison
with other competitor methods. These test functions are categorised into three
categories, such as unimodal, multimodal, and fixed-dimension multimodal [155,

156]. The description of these test functions is given in Appendix A.
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Further, for doing the comparison of the proposed algorithm, nine existing
well-known metaheuristics are selected, which include Spotted Hyena Optimizer
(SHO) [155], Grey Wolf Optimizer (GWO) [157], Particle Swarm Optimization
(PSO) [154], Moth-Flame Optimization (MFO) [158], Multi-Verse Optimizer
(MVO) [159], Sine Cosine Algorithm (SCA) [160], Gravitational Search Algorithm
(GSA) [161], Genetic Algorithm (GA) [162], and Differential Evolution (DE)
[163].

The parameter settings of the SPOA and other competitor algorithms are given
in Table 3.6. The experimental evaluation and algorithms are implemented in
MATLAB R2017a (version 9.2), and simulations are performed in the environment
of Microsoft Windows 10 with 64 bit on Core i7 processor with 3.2 GHz and 16
GB memory. The proposed algorithm utilizes 30 independent runs to generate the
obtained results. The best results are in bold form and the italic results represent

the standard deviation.

Table 3.6: Parameter setting values for algorithms involved.

Algorithms Parameters Values
Spotted Hyena Optimizer (SHO) h [5, 0]
M [0.5, 1]
Grey Wolf Optimizer (GWO) a [2, 0]
Particle Swarm Optimization (PSO) Inertia Coefficient 0.75
Cognitive and Social Coeff 1.8,2
Moth-Flame Optimization (MFO) Convergence Constant [-1, -2]
Logarithmic Spiral 0.75
Multi-Verse Optimizer (MVO) Wormbhole Exis. Probability [0.2, 1]
Travelling Distance Rate [0.6, 1]
Sine Cosine Algorithm (SCA) Number of Elites 2
Gravitational Search Algorithm (GSA) Gravitational Constant 100
Alpha Coefficient 20
Genetic Algorithm (GA) Crossover 0.9
Mutation 0.05
Differential Evolution (DE) Crossover 0.9
Scale factor (F) 0.5
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3.3.3.5 Diversification Analysis

The unimodal test functions are suitable to assess and evaluate the diversification
capability of the algorithm. Table 3.7 shows the optimal values obtained by
the proposed and above-mentioned algorithms for unimodal benchmark test
functions. It can be seen that SPOA and SHO algorithms provide better
results on Fi(Sphere) test function. The algorithm GWO and GSA rank second
and third, respectively, in context to average and standard deviation. For
Fy(Schwefel's Problem?2.22) test function, the SPOA and SHO algorithms are
significantly better than other competitor algorithms. After these, the GWO
and GA are the second and third best algorithms for this benchmark test
function, respectively. ~The SHO algorithm obtains the best results on Fj3
(Schwefel's Problem1.2) test function, whereas the SPOA and GWO algorithms

become second and third best optimizer, respectively.

For Fy(Schwefel's Problem2.21) test function, the GWO obtains better results than
the other algorithms. The SHO is the second best and SPOA is the third best
optimizer on this benchmark test function. The results obtained by the SPOA
algorithm are better than the other approaches on F5(Generalized Rosenbrock’s)
test function. For Fj test function, the SHO and GWO are the second and
third best optimization algorithm. The GSA algorithm obtains competitive results
than the other metaheuristics on Fg(Step) test function. On this benchmark test
function, the PSO and MFO algorithms are the second and third best optimization

algorithms.

For F7(Quartic) test function, the results obtained by SPOA algorithm are superior
to others. On the other hand, the SHO and GA algorithms outperform over
other algorithms as a second and third best algorithm, respectively. Results state
that the proposed SPOA algorithm identifies the best results corresponding to
most of the test functions. In particular, the SPOA reveals the robustness for

functions F1, Iy, F5, and F7, which show the capability for diversification around

89



the optimum point.

3.3.3.6 Intensification Analysis

These functions have a capability to avoid local optima problem. Multimodal and
fixed-dimension multimodal test functions are suitable for better intensification of
a proposed algorithm. Tables 3.8 and 3.9 depicts the results of different methods
on multimodal and fixed-dimension multimodal benchmark test functions,

respectively.

For Fy (Generalized Schwefel's Problem?2.26) function, the SPOA algorithm
outperforms than the existing competitive approaches. The MFO and MVO
are the second and third best optimization algorithms, respectively. For
Fy(Generalized Rastrigin's Function) function, SHO becomes the best optimizer
than others. The GWO and GA are the second and third best optimization
algorithms on Fy test function. For Fjo(Ackley's Function) function, the average
value of the SPOA algorithm is the best as compared to other approaches,
whereas the standard deviation of the GWO algorithm is better than the
other metaheuristics. For Fij(Generalized Griewank Function) function, the
performance of the SPOA and SHO algorithms are same, whereas the performance
of the GA and DE algorithms are the second and third best than competitive

optimizers.

The results obtained by the PSO algorithm are superior to other
metaheuristics on Fia(Generalized Penalized Function)  function. For
Fi3(Generalized Penalized Function) function, the GSA is the best optimization
algorithm, while the PSO and GA obtain better results than the others. For
F14(Shekel’s Foxholes Function) function, the MVO provides better results. The
SCA and MFO are second and third best optimization algorithms, respectively. For
Fi5(Kowalik's Function) and Fig(Siz — Hump Camel — Back Function) functions,
the results of the SPOA are superior than the other algorithms. The DE and

SHO algorithms are the second and third best optimizers, respectively. For
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Table 3.7: Results of unimodal benchmark functions.

F SPOA SHO GWO PSO MFO MVO SCA GSA GA DE
Py 0.00E+00 0.00E+00 4.69E-47 4.98E-09 3.15E-04 2.81E-01 3.55E-02 1.16E-16 1.95E-12 3.10E-10
(0.00E+00) | (0.00E+00) (4.50E-48) (1.41E-10) (5.00E-05) (1.10E-02) (1.07E-02) (6.10E-17) (2.04E-13) (3.21E-11)

F, | 0.00E+00 | 0.00E+00 1.20E-24 7.29E-04 3.71E+01 3.96E-01 3.23E-05 1.70E-01 6.53E-18 4.99E-13
(0.00E+00) | (0.00E+00) | (1.00E-24) | (1.57E-05) | (2.16E+01) | (1.41E-01) | (8.28E-06) | (5.29E-02) | (4.00E-19) | (4.81E-14)

F3 4.62E-19 0.00E+00 1.00E-14 1.40E+01 4.42E+03 4.31E+01 4.91E+03 4.16E+02 7.70E-10 5.58E-02
(2.30E-27) (0.00E+00) (4.18E-15) (7.13E+00) | (3.71E+03) | (8.97E+00) | (3.89E+03) | (1.56E+02) (5.46E-12) (1.50E-03)

Fy | 7.35E-05 7.78E-12 2.02E-14 6.00E-01 6.70E+01 8.80E-01 1.87E+01 | 1.12E+00 | 9.17E4+01 | 5.21E+01
(3.11E-06) | (5.06E-12) | (2.95E-15) | (1.72E-01) | (1.06E+01) | (2.50E-01) | (8.21E+00) | (9.89E-01) | (5.67E+01) | (1.01E-01)

F5 7.00E+00 8.59E+00 2.79E+01 4.93E+01 3.50E+03 1.18E+02 7.37E+02 3.85E+01 5.57E+02 2.10E+02
(1.13E-01) (5.53E-01) (1.84E+00) | (3.89E+01) | (2.83E+03) | (1.00E+02) | (1.90E+02) | (3.47E+01) | (4.16E+01) | (1.73E+02)

Fes 3.47E-02 2.46E-01 6.58E-01 9.23E-09 1.66E-04 3.15E-01 4.88E+00 1.08E-16 3.15E-01 9.77E-02
(1.31E-04) (1.78E-01) (3.38E-01) (8.48E-10) (2.49E-05) (9.98E-02) (9.75E-01) (4.00E-17) (9.98E-02) (5.13E-02)

Fr 3.35E-06 3.29E-05 7.80E-04 6.92E-02 3.22E-01 2.02E-02 3.88E-02 7.68E-01 6.79E-04 4.00E-03

(7.51E-06) (2.43E-05) (3.85E-04) (2.87E-02) (2.93E-01) (7.43E-03) (1.15E-02) (5.70E-01) (5.21E-04) (2.27E-03)

Fi7(Branin Function) and Fig(Goldstein — Price Function) functions, the results

produced from the SPOA algorithm are better than others.

For Fig(Hartman's) function, the average value obtained by the PSO
algorithm is better, while the standard deviation value obtained by the
MFO algorithm is better than competitive approaches. For Fhy(Hartman's)
function, the SPOA algorithm performs superior, whereas the PSO and GWO
are the second and third best optimizers, respectively. The average value
of the GWO algorithm is the best on Fb(Shekel's Forholes Function) test
function, while the standard deviation value of the SHO algorithm is better
on this test instance. The results obtained by the SPOA algorithm are
superior to the competitor approaches on Fyy(Shekel's Foxholes Function) and
Fa3(Shekel’s Foxholes Function) benchmark test functions. Results state that the
SPOA algorithm has good intensification capability and competitive on seven test

problems (i.e., F'15, F'16, F'17, F'18, F20, F22, and F'23) out of ten test functions.

3.3.3.7 Analysis of SPOA Algorithm

The convergence analysis of metaheuristic algorithm is an another feature
for the better understanding of intensification and diversification mechanisms.

Sandpipers tend to explore the varying potential regions within a search space.
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Table 3.8: Results of multimodal benchmark functions.

F SPOA SHO GWO PSO MFO MVO SCA GSA GA DE

Fy -8.50E+03 -1.16E+03 -6.14E+03 -6.01E+03 -8.04E+03 -6.92E+03 -3.81E+03 -2.75E+03 -5.11E+03 -3.94E+03

(4.57E+02) | (2.72E+02) | (9.32E+02) | (1.30E+03) | (8.80E+02) | (9.19E+02) | (2.83E+02) | (5.72E+02) | (4.37E+02) | (5.81E+02)

Fy 3.12E+02 0.00E+00 4.34E-01 4.72E+01 1.63E+02 1.01E+02 2.23E+01 3.35E+01 1.23E+01 8.50E+01
(2.85E+01) | (0.00E+00) (2.68E-01) (1.03E+01) | (3.74E+01) | (1.89E+01) | (1.28E+01) | (1.19E+01) | (1.01E+01) | (1.00E+01)

Fio 4.22E-16 2.48E+00 1.63E-14 3.86E-02 1.60E+01 1.15E+00 1.55E+01 8.25E-09 5.31E-11 7.40E-06
(4.09E-13) (1.41E+00) (3.14E-15) (2.91E-04) (6.18E+00) (7.87E-01) (8.11E+00) (1.90E-09) (9.10E-12) (5.44E-07)

Fip 0.00E+00 0.00E+00 2.29E-03 5.50E-03 5.03E-02 5.74E-01 3.01E-01 8.19E+00 3.31E-06 7.09E-04
(0.00E+00) | (0.00E+00) (1.21E-03) (4.32E-04) (1.29E-02) (1.12E-01) (2.89E-01) (3.70E+00) (1.43E-06) (5.58E-04)

Fi2 5.80E-01 3.68E-02 3.93E-02 1.05E-10 1.26E+00 1.27E+00 5.21E+01 2.65E-01 9.16E-08 1.06E-06
(4.71E-02) (1.15E-02) (2.42E-02) (2.86E-11) (1.83E+00) | (1.02E+00) | (2.19E+01) (1.13E-01) (2.80E-08) (1.00E-06)

Fi3 8.48E-02 9.29E-01 4.75E-01 4.03E-03 7.24E-01 6.60E-02 2.81E+02 5.73E-32 6.39E-02 9.78E-02
(4.32E-04) (9.52E-02) (2.38E-01) (3.01E-03) (1.59E-01) (4.33E-02) (5.62E+01) | (1.30E-32) (4.49E-02) (3.42E-02)

In the first step of optimization process, the search agents can change rapidly.
Figs. 3.5 to 3.6 shows the convergence curves of the SPOA and other competitor
methods. The SPOA shows three different convergence behaviors while optimizing

test functions.

Initially, the SPOA converges quickly towards the potential regions because of
its adaptive mechanism. This behavior is shown in F1,F3,F7,F9 and F'11
test functions. The GSA encourages good convergence and achieves better
performance on F'5 test function during the initial steps of iterations. On the other
hand, the MFO converges towards the optimum for 21 and F'23 test functions.
In the second step, the SPOA converges towards the optimum during the final
iteration, which is observed in F'21 and F'23 test functions. The GA and MFO
algorithms also converge on F'1, F'3 and F'11 test functions, the SCA and MVO on
F'5 test function, and the PSO algorithm on F'7 and F'9 test functions towards the
optimum during final iterations. The last and third step is the explicit convergence.
This behavior is shown for the SPOA algorithm on F'21 and F23 test functions, for

the MFO, GA, and DE on F'9 test function.

3.3.3.8 Scalability Study

The proposed algorithm is implemented on highly scalable environment to solve

the large-scale optimization problems. The dimensionality of the various test
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Table 3.9: Results of fixed-dimension multimodal benchmark functions.

F SPOA SHO GWO PSO MFO MVO SCA GSA GA DE

Fia 3.35E+00 9.68E+00 3.71E+00 2.77E+00 2.21E+00 9.98E-01 1.26E+00 3.61E+00 4.39E+00 3.97E+00

(1.15E+00) | (3.29E+00) | (2.15E+00) | (2.20E+00) | (1.80E+00) | (4.13E-02) (6.86E-01) (2.96E+00) (4.41E-02) (1.42E+00)

Fis 4.11E-04 9.01E-04 3.66E-03 9.09E-04 1.58E-03 7.15E-03 1.01E-03 6.84E-03 7.36E-03 5.01E-04
(4.26E-05) (1.06E-04) (3.48E-04) (2.38E-04) (2.48E-04) (1.40E-03) (3.75E-04) (2.77E-03) (2.39E-04) (1.00E-04)

Fi6 | -1.08E+01 -1.06E+01 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.03E+00 -1.04E+00 -1.03E+00
(6.48E-12) (2.86E-11) (7.02E-09) (1.00E+00) | (1.01E+00) (4.74E-08) (3.23E-05) (0.00E+00) (4.19E-07) (3.60E-04)

Fi7 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.98E-01 3.99E-01 3.98E-01 3.98E-01 3.98E-01
(1.36E-03) (2.46E-01) (2.42E-02) (4.11E-02) (1.13E-03) (2.15E-02) (7.61E-04) (1.74E-04) (1.00E-04) (8.40E-02)

Fig 3.00E+00 3.00E+00 3.00E+00 3.00E+00 3.00E+00 5.70E+00 3.00E+00 3.01E+00 3.01E+00 3.00E+00
(5.49E-05) (8.15E-05) (7.16E-06) (6.59E-05) (1.42E-07) (8.40E-04) (2.25E-05) (3.24E-02) (6.33E-07) (9.68E-04)

Fig -3.88E+00 -3.75E+00 -3.86E+00 -3.90E+00 -3.86E+00 -3.86E+00 -3.86E+00 -3.22E+00 -3.30E+00 -3.40E+00
(3.00E-10) (4.39E-01) (1.57E-03) (3.37E-15) (3.16E-15) (3.53E-07) (2.55E-03) (4.15E-01) (4.37E-10) (6.56E-06)

Fzo | -3.32E+00 -1.44E+00 -3.27E+00 -3.32E+00 -3.23E+00 -3.23E+00 -2.84E+00 -1.47E+00 -2.39E+00 -1.79E+00
(1.23E-02) (5.47E-01) (7.27E-02) (2.66E-01) (6.65E-02) (5.37E-02) (3.71E-01) (5.32E-01) (4.37E-01) (7.07E-02)

Foy -1.00E+01 -1.00E+01 -1.01E+01 -1.00E+01 -1.00E+01 -1.00E+01 -1.00E+01 -1.00E+01 -1.00E+01 -1.00E+01
(3.47E+00) (3.80E-01) (1.54E+00) | (2.77E+00) | (3.52E+00) | (2.91E+00) | (1.80E+00) | (1.30E+00) | (2.34E+00) | (1.91E+00)

Fz2 | -1.04E+01 -1.04E+01 -1.03E+01 -1.04E+01 -1.04E+01 -1.01E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01
(2.00E-04) (2.04E-04) (2.73E-04) (3.08E+00) | (3.20E+00) | (3.02E+00) | (1.99E+00) | (2.64E+00) (1.37E-02) (5.60E-03)

Fz3 | -1.05E+01 -1.05E+01 -1.01E+01 -1.05E+01 -1.05E+01 -1.03E+01 -1.05E+01 -1.05E+01 -1.05E+01 -1.05E+01

(1.32E-01) (2.64E-01) (8.17E+00) | (2.52E+00) | (3.68E+00) | (3.13E+00) | (1.96E+00) | (2.75E+00) | (2.37E+00) | (1.60E+00)

functions is varied from 30-50, 50-80, and 80-100. Fig. 3.7 depicts that the
performance evaluation of the SPOA and shows the robustness of it. It is also
observed that the performance degradation is not too much which makes it

applicable on the highly scalable environment.

3.3.3.9 Statistical Testing

The comparison of algorithms does not guarantee the efficacy and superiority
of the proposed algorithm. The possibility of getting good results, by chance,
can not be ignored. For this, Wilcoxon statistical test [164] is performed
at 5% level of significance, and the p—values are tabulated in Table 3.10.
During statistical testing, the best algorithm is chosen and compared with other
competitor algorithms. The obtained p—values that are less than 0.05 demonstrate
the statistical superiority of the proposed SPOA. The test functions are taken from
IEEE CEC 2015 special session [165], which are the most challenging test functions
available in the literature. From results, it can be concluded that the results of
the SPOA are significantly effective than competitive approaches (i.e., SHO, GWO,

PSO, MFO, MVO, SCA, GSA, GA, and DE) over IEEE CEC 2015 benchmark test
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Table 3.10: p—values obtained from Wilcoxon test for IEEE CEC 2015 benchmark
functions.

CEC SHO GWO | PSO MFO MVO SCA GSA GA DE

0.0005 | 0.0002 | 0.0002 | 0.0003 | 0.0080 | 0.0003 | 0.0001 | 0.0006 | 0.0050
0.0012 | 0.0001 | 0.0002 | 0.0060 | 0.0001 | 0.0051 | 0.0035 | 0.0020 | 0.0050
0.0001 | 0.0200 | 0.0100| 0.0165 | 0.0001 | 0.0090 | 0.0008 | 0.0121 | 0.0001
0.0061 | 0.0380 | 0.0250| 0.0051 | 0.0035 | 0.0042 | 0.0008 | 0.0092 | 0.0001
0.0006 | 0.0450 | 0.0001 | 0.0687 | 0.0001 | 0.2410 | 0.0001 | 0.0008 | 0.0498
0.0001 | 0.0004 | 0.0033 | 0.0050 | 0.8000 | 0.4700 | 0.0001 | 0.0046 | 0.0557
0.0090 | 0.0086 | 0.0001 | 0.0033 | 0.0037 | 0.0021 | 0.0001 | 0.0075 | 0.0013
0.0091 | 0.7910 | 0.0001 | 0.0859 | 0.0031 | 0.0001 | 0.0223 | 0.0060 | 0.0087
0.0008 | 0.0011 | 0.0001 | 0.0211 | 0.0001 | 0.0001 | 0.0096 | 0.0190 | 0.0001
0.0001 | 0.0001 | 0.0001 | 0.0807 | 0.0001 | 0.0125 | 0.0001 | 0.0510 | 0.0043
0.0027 | 0.0103 | 0.0002 | 0.0001 | 0.0008 | 0.0490 | 0.0045 | 0.0005 | 0.0110
0.0001 | 0.0091 | 0.0001 | 0.0001 | 0.0008 | 0.0001 | 0.0001 | 0.0010 | 0.0251
0.0001 | 0.0045 | 0.0001 | 0.0001 | 0.0393 | 0.0001 | 0.0030 | 0.0022 | 0.0800
0.0001 | 0.0009 | 0.0045 | 0.0001 | 0.0896 | 0.0001 | 0.0501 | 0.0061 | 0.0031
0.0020 | 0.0017 | 0.0024 | 0.0492 | 0.0054 | 0.0001 | 0.0001 | 0.0031 | 0.0099
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3.4 Code Smell Detection using Proposed Hybrid
Approach

The proposed approach is examined for detection of five code smells namely,
Blob, Feature Envy, Data Class, Functional Decomposition, and Spaghetti Code
in software systems. The definition of these five code smells is given in Chapter 1.
These five code-smell types are chosen in this work because these are the utmost
frequent, hard to detect, and refactor. The objective of this problem is the accurate

detection of code smells when compared to the other existing techniques.
3.4.1 Research Questions

e RQ1: What kind of bad smells does it correctly identify?

e RQ2: To what extent the proposed technique identifies the bad smells

comparatively existing bad smell detection techniques?
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To answer RQ1, the authors explored the types of bad smell that are identified by

proposed SP-J48 algorithm. Furthermore, in order to answer RQ2, the proposed
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SP-J48 algorithm is compared to the existing techniques using four performance

metrics viz.: Precision, Recall, and F},,cqsure-

3.4.2 Datasets or Subject Systems

To validate its performance, the proposed approach is experimented on three

Java based open source systems namely, GanttProject, Log4j, and Xerces-J. These

datasets are chosen based on different factors: Firstly, they are open source

software and are freely available. Secondly, researchers can replicate their study

and other researchers who have used the same systems can make comparisons.

The detail of these open source software systems is given in Table 3.11.

Table 3.11: Description of considered systems.

. _ . | Lines of | No. of

S.No. | Project Name Description Version Code Classes

1. GanttProject Cross-platform  for  project | ; ;4 5| 51 967 188
management and planning

2. Log4j Java based logging utility 1.2.1 | 10,224 189
Java library for manipulating,

3. Xerces-J validating, and parsing XML | 2.7.0 | 71,217 513
documents
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Algorithm 4 SP-J48.

Input: Parameters of J48 algorithm, Maximum number of iterations M ax;se,
Output: Optimal detected code smells

1: procedure

2: Choose the initial parameters and normalize it

3 « < Initial selection of parameters

4 iteration <— 0

5: while (iteration < Mazxjte,) do

6

7

8

9

(3 < Select the best obtained parameters using Algorithm 3
iteration < iteration 41
end while
~ <+ Set of detected code smells (/3)
10: return vy
11: end procedure

In this problem, the initial model used are GanttProject and Log4j whereas,

Xerces-J is used as base example.

3.4.3 Software Metrics

Software metrics are the measurements of properties specific to fragments of
source code of one software, such as, the number of lines of code, number of
methods of a class or number of parameters of one method. The metrics of
software used in this work are derived from tools CKJM [166] and POM [167],
which are capable of calculating the values of the metrics by using the source code
of a software given as an input. From the metrics to use, 18 are calculated by the

tool CKIM! and 44 metrics are calculated by the tool POM?2.

3.4.4 Performance Evaluation

To answer the posed RQ1, the set of computed metrics from both initial model
and base example are considered. The overall results obtained by SP-J48 decision

tree algorithm in the form of average values of Precision, Recall, and F},cqsure are

1WMC, DIT, NOC, CBO, RFC, LCOM, Ca, Ce, NPM, LCOM3, LOC, DAM, MOA, MFA, CAM, IC,
CBM and AMC

2ACAIC, ACMIC, AID, CLD, DCAEC, DCC, DCMEC, DIT, DSC, ICHClass, IR, LCOM1, LCOM2,
LCOMS5, LOC, MLOCsum, McCabe, NAD NADExtended, NCM, NMA, NMD, NMDExtended, NMI,
NMO, NOA, NOC, NOD, NOE NOH, NOM, NOE NOPM, NOParam, NOTC, NOTI, RFC_New, SIX ,
VGsum, WMC1, WMC_New, cohesionAttributes and connectivity
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tabulated in Table 3.15. The obtained findings indicate that in majority of the
cases SP-J48 is able to generate effective rules for detecting the code smells from

considered software systems.

Moreover, it can also be analysed from Table 3.15 that the F},,cqsure Value for all
the code smells is above 75% except Blob code smell. Hence, it can be concluded
that the characteristics of Blob code smell cannot be generalised by the considered
approach or it cannot be detected efficiently on the basis of considered software
metrics. Likewise, the value of Recall in case of Blob is also less than 45%, which

means that less than half of this type of code smells have been detected.

On the other hand, SP-J48 efficiently detected most of the Functional
Decomposition, Spaghetti Code, and Feature Envy bad smells as also evident from
the values of Precision, Recall, and F),¢qsure. Additionally, the proposed approach

rendered good results for Data Class code smell as well.

Though, the obtained results seem to be promising, but it is hard to draw the
conclusion only on the basis of performance metrics. Therefore, to analyze the
results from other scenarios these results are also compared with other existing

techniques which assists in establishing reliable conclusions.

To answer the posed RQ2, the proposed approach is compared with the existing
state-of-art techniques on the basis of performance metrics values. Furthermore,
the effectiveness of the proposed approach is analysed by comparing the Precision,
Recall, and F},cqsure Of the proposed SP-J48 technique with the other techniques.
The obtained values for proposed SP-J48 and competitor algorithms (J48 [168],
SVM [169], and Bayesian [170]) are tabulated in Tables 3.12 - 3.15 and Figs. 3.9
to 3.11.

In GanttProject, the Precision metric, for finding the Blob defect, of the proposed
SP-J48 is less than SVM but better than Bayesian and J48 approach. Whereas, the
performance of SP-J48 in terms of Recall and F},,cqs.r metrics is better than all the

competitor approaches for finding the Blob defect. The search ability of SP-J48 is
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similar to J48 and better than Bayesian and SVM approach in terms of Precision
for Functional decomposition defect. Similarly, for Recall and F},,cqsure, proposed

SP-J48 is similar to J48 and better than all the competitor approaches.

Furthermore, the proposed SP-J48 algorithm is better than all the approaches
in terms of Precision, Recall, and Fj,cqsure performance metrics for finding the
Feature envy defect in GanttProject. The Data class defect is easily detected in
optimal time as compared to J48 and Bayesian in terms of Precision. Similarly,
the Recall and F),cqsure performance metrics are better while employing SP-J48
algorithm. For Spaghetti code defect in GanttProject, the performance of SP-J48 is
similar to J48 in terms of Precision and better than others. Likewise, in terms of
Recall and Fi,eqsure, the proposed SP-J48 performance is superior than competitive

approaches.

In Log4j, the Precision metrics for finding the Blob defect of the proposed SP-J48 is
very much similar to SVM, and better than J48 and Bayesian approach. Whereas,
the Recall metric of SP-J48 is better than all the competitor approaches for finding
the Blob defect. The search ability of SP-J48 is better than J48, SVM, and
Bayesian approaches in terms of Precision, Recall, and F,cqsure for Functional

decomposition defect.

Further to that, the proposed SP-J48 algorithm is similar to J48 and better than all
other approaches in terms of Precision, Recall, and F},,cqsure for finding the Feature
envy defect in Log4j. The Data class defect is also easily detected by SP-J48 in
optimal time as compared to all the algorithms in terms of Precision, Recall, and
Frneasure metrics. For Spaghetti code defect in Log4j, it is analysed that SP-J48 is
better than others in terms of Precision. While, in terms of Recall and F},,cqsure,

the proposed SP-J48 again compete all the approaches and show its superiority.

In Xerces-J, the Precision and F};,cqsure metrics, for finding the Blob defect, is very
much similar to SVM and better than J48 as compared to Bayesian approach.

The search ability of SP-J48 is better than J48, SVM, and Bayesian in terms of
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Precision for Functional decomposition defect. However, SP-J48 in terms of Recall
and Feqsure, 1S Similar to J48 and better than all the other competitor approaches.
Similarly, the proposed SP-J48 algorithm is better than all approaches in terms of
Precision, Recall, and Fj,cqsure performance metrics for finding the Feature envy

defect in Xerces-J.

The Data class defect is easily detected by SP-J48 and J48 in optimal time as
compared to all the algorithms in terms of Precision. Whereas, the Recall and
Freasure performance metrics of SP-J48 are better than all other considered
approaches. The analysis of Spaghetti code defect in Xerces-J in terms of Precision
is better than its competitors. It is also analysed that SP-J48 is better than others

in terms of Recall and F},,cqsure-

Table 3.12: Obtained results by J48 approach.

;)levrsaressource Defects Precision Recall Freasure
GanttProject Blob 65.24 43.25 52.02
Functional 93.65 9074  92.17
Decomposition
Spaghetti Code 91.96 89.15 90.53
Feature Envy 94.65 94.92 94.78
Data Class 82.82 74.17 78.26
Log4j Blob 70.54 42.45 53.00
Functional 90.54  88.47  89.49
Decomposition
Spaghetti Code 92.89 91.53 92.20
Feature Envy 86.65 87.81 87.23
Data Class 83.72 72.47 77.69
Xerces-J Blob 70.54 42.25 52.85
Functional 89.24  87.74  88.48
Decomposition
Spaghetti Code 91.59 87.83 89.67
Feature Envy 92.54 94.89 93.70
Data Class 82.86 71.74 76.90
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Table 3.13: Obtained results by SVM approach.

Open source Defects Precision Recall Erneasure
softwares
GanttProject Blob 71.24 36.25 48.05
Functional 76.65 8474  80.49
Decomposition
Spaghetti Code 83.96 59.15 69.40
Feature Envy 75.65 36.92 49.62
Data Class 80.82 54.27 64.94
Log4j Blob 7549  38.56  51.05
Functional 7257 8574  78.61
Decomposition
Spaghetti Code 89.24 56.38 69.10
Feature Envy 78.55 48.81 60.21
Data Class 79.72 59.74 68.30
Xerces-J Blob 75.45 37.45 50.05
Functional 7526  84.65  79.68
Decomposition
Spaghetti Code 84.95 54.80 66.62
Feature Envy 75.54 37.89 50.47
Data Class 76.86 58.45 66.40
Table 3.14: Obtained results by Bayesian approach.
Open source Defects Precision Recall Frneasure
software
GanttProject Blob 55.54 37.37 44.68
Functional 7525  82.64  78.77
Decomposition
Spaghetti Code 82.69 56.25 66.95
Feature Envy 46.75 34.82 39.91
Data Class 72.91 51.75 60.53
Log4j Blob 51.29 35.82 42.18
Functional 7052 8445  76.86
Decomposition
Spaghetti Code 84.99 53.84 65.92
Feature Envy 69.95 42.59 52.94
Data Class 66.58 44.81 53.57
Xerces-J Blob 54.45 33.95 41.82
Functional 83.26 8259  82.92
Decomposition
Spaghetti Code 90.27 50.98 65.16
Feature Envy 57.66 31.25 40.53
Data Class 72.76 39.75 51.41
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Table 3.15: Obtained results by the proposed SP-J48 approach.

Open  source Defects Precision Recall Freasure
software
GanttProject Blob 70.49 46.48 56.02
Functional 95.90  93.97  94.93
Decomposition
Spaghetti Code 94.21 92.38 93.29
Feature Envy 98.90 98.15 98.52
Data Class 85.07 75.40 79.94
Log4j Blob 74.42 43.67 55.04
Functional 91.32  89.69  90.50
Decomposition
Spaghetti Code 93.91 92.75 93.33
Feature Envy 88.95 89.03 88.99
Data Class 84.93 73.69 78.91
Xerces-J Blob 76.69 43.35 55.39
Functional 89.99  88.79  89.39
Decomposition
Spaghetti Code 92.03 89.88 90.94
Feature Envy 92.58 95.94 94.23
Data Class 84.89 72.79 78.38
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3.5 Summary

In this chapter, a novel hybrid algorithm named as SP-J48 is proposed to detect
code smells from object-oriented softwares. The proposed algorithm synthesizes
the strengths of decision tree based J48 approach and a novel Sandpiper
Optimization Algorithm (SPOA). The fundamental concepts of SPOA are inspired
from the searching and attacking behaviours of sandpipers. The performance
of SPOA is tested on unimodal, multimodal, fixed-dimension multimodal
test functions by comparing its obtained outcomes with nine well-established
algorithms. In addition, the efficiency of SP-J48 in terms of detecting the code
smells is also evaluated on three datasets namely, GanttProject, Log4j, and Xerces-J
and the obtained results are compared with three competitor algorithms. The
experimental results reveal that the proposed approach is more efficient towards
detecting code smells in terms of Precision, Recall, and F};,¢qsure metrics. Moreover,
this hybrid algorithm successfully assisted in removing the parameter tuning

problem of existing machine-learning algorithms.
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Chapter4

Code Smell Detection using
C5.0-SPOA

“The essence of mathematics is not to make simple things complicated, but to make

complicated things simple” By S. Gudden

4.1 Overview

In previous Chapter, J48 algorithm is used in conjunction with SPOA called SP-J48,
for code smell detection. It has been observed that this algorithm outperforms
most of the existing techniques. Despite the fact that J48 is one of the well known

algorithm, it suffers from the following limitations:

e Empty Branches: In J48, one of the important step is to generate a tree with
significant values. In the previous Chapter, there were many nodes with zero
and close to zero values but these values do not create or even contribute
to create any class in classification. Rather, it makes tree large and complex

[171].

¢ Insignificant Branches: In order to build decision tree, the different selected
attributes generate the similar number of possible division. But the case is
that not all of them are significant for classification. These least significant
branches not only lead to decrease in usability of decision tree but also

increase the problem of over fitting [172].

Kaur, A., Jain, S. and Goel, S., "Sandpiper optimization algorithm: a novel approach for
solving real-life engineering problems", Applied Intelligence, Springer, (2020), 502, PP 582-619.
(SCI, Impact Factor: 3.32)
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¢ Information Entropy: There are several problems related to information

gain in J48 such as:

— It do not provide better results when enormous distinct values are used

in both discrete and continuous attributes.

— There is no particular assessment method available to measure the
actual information gain before it is applied. The information gain
ratio is calculated only after the generation of attribute values. Thus,
this disparity or wrong choice of attributes results in less accuracy and

performance.

— It becomes failure, when the information gain is less than the number

of attributes used.

— If the previously selected attributes have less value then it becomes
difficult to choose next attributes which leads to decisive selection of

attributes thus induce uncertainty.

— It makes split-up task complex when same valued attributes are used in

construction of decision tree; thus, generates unbalanced tree.

In order to address these limitations, C5.0 algorithm in conjunction with SPOA is

presented to efficiently identify code smells in software projects.

4.2 Code Smell Detection using C5.0

In literature, many code smell detection approaches have been proposed by the
researchers [26, 77, 61], but majority of these techniques are either rule based or
metric based. These rules are logical expressions with predefined threshold values.
Moreover, the selection of threshold value and software metrics depends upon the
experience of development team and is a long trial and error process. Therefore,

the efficiency of these approaches depends upon how well the rules are proposed.
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In this Chapter to detect the code smells from software systems, the use of

C5.0 decision tree algorithm is evaluated. This algorithm automatically selects

the metrics and generate rules for code smell detection. A list of eight code

smells such as Blob, Large class, Feature Envy, LongParameterList, Data Class,

Functional decomposition, Spaghetti Code, and Long method are detected from

five open source Java software projects namely, GanttProject, Log4j, Xerces-J

(2.7.0), ArgoUML, and Eclipse. The characteristics and detailed description of

these projects are mentioned in Tables 4.1 to 4.2.

Table 4.1: Characteristics of five open source softwares.

Name Version Lines of Code Number of
Classes
GanttProject 1.10.2 21,267 188
Log4j 1.2.1 10,224 189
Xerces-J 2.7.0 71,217 513
Eclipse 3.8.1 3.5M 10,000
ArgoUML 0.26 300K 2,000
Table 4.2: Description of open source projects.
Projects Brief Description
GanttProject is an open-source desktop project scheduling and
GanttProject management tool. It is written in Java/Swing. GanttProject is
free for any purposes, including commercial use.
Log4j is an open source logging framework with fully configurable
Log4;j external configuration files.It allows the developer to control log
statements based on application requirement.
Xerces is Apache’s collection of software libraries for parsing,
validating, serializing and manipulating XML. The library
Xerces implements a number of standard APIs for XML parsing, including
DOM, SAX and SAX2. The implementation is available in the
Java, C++ and Perl programming languages.
ArgoUML is an UML diagramming application written in Java
and released under the open source Eclipse Public License. By
ArgoUML . . .. .. .
virtue of being a Java application, it is available on any platform
supported by Java SE.
Eclipse is an integrated development environment used in
Eclipse computer programming. It contains a base workspace and an
extensible plug-in system for customizing the environment.

In addition, to improve the machine-learning algorithms feature selection can be

used to reduce the training time and enhance generalization ability. In order

to detect code smells from open source projects an experiment is conducted in
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which the performance of decision tree classification is analysed and compared
with existing techniques. The following set of steps are followed to perform an
experiment.

Step 1: To specify the dataset to be used during performance assessment. It
includes selecting the software projects, calculating the software metrics from each
class, and identify existing code smells.

Step 2: To execute C5.0 decision tree algorithm.

Step 3: To evaluate the performance of proposed technique using performance

measurements such as Precision, Recall, and F},,cqsure-

The information regarding the existence or not of code smell along with set of
several metrics calculated for each class of considered software is provided as an
input to C5.0 classification algorithm for code smell detection. The decision tree

generated using this information is shown in Fig. 4.1. It is evident from Fig. 4.1

Fig. 4.1. Derived decision tree for Large Class Code smell.

that the presence of code smell in a class can be easily identified from a decision
tree. The nodes of a tree are the metrics of subject system. The most significant

metrics for detecting code smells are placed at the top of tree by C5.0 and less

110



significant metrics will appear at lower level and become more specialized as the
tree becomes deeper. It is also evident from this experiment that from the set
of provided metrics C5.0 not always select the most important metrics. As it is
possible to re-adjust the values of given set of metrics and deleting some of them
to obtain smaller and accurate tree.

Therefore, to solve the problem of finding the most significant set of metrics a
hybrid approach is proposed in this Chapter. This proposed hybrid approach

utilizes C5.0 in conjunction with SPOA to automatically achieve the desire task.

Algorithm 5 Hybrid algorithm.

Input: Parameters of C5.0 algorithm, Maximum number of iterations M ax;ze,
Output: Detected code smells
: procedure
: Choose the initial parameters and normalize it
« < Initial selection of parameters
iteration <— 0
while (iteration < Maxijte,) do
[ < Select the best obtained parameters using Algorithm 1
iteration <— iteration + 1
end while
~ < Set of detected code smells ()
10: return vy
11: end procedure

VRN hwdhe

4.3 Empirical Evaluation

4.3.1 Considered Metrics

To obtain the metrics of the classes, two metric extraction tools are used namely,
CKJM [166] and POM [167]. Both of these tools are capable of calculating metrics
by analyzing the projects .jar files. The analyzed .jar files are obtained from the
download pages of each project. The CKJM tool is used to calculate 18 metrics!

and the POM tool is used to calculate another 44 metrics? for each class contained

lWMC, DIT, NOC, CBO, RFC, LCOM, Ca, Ce, NPM, LCOM3, LOC, DAM, MOA, MFA, CAM, IC,
CBM and AMC

2ACAIC, ACMIC, AID, CLD, DCAEC, DCC, DCMEC, DIT, DSC, ICHClass, IR, LCOM1, LCOM2,
LCOMS5, LOC, MLOCsum, McCabe, NAD NADExtended, NCM, NMA, NMD, NMDExtended, NMI,
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in the .jar files, resulting in 62 software metrics. Although some metrics appear
repeatedly in the final set, since they are calculated by the two tools. It is necessary

to keep the two versions as they are calculated differently by each tool.

Finally, to create a single dataset suitable for use in these experiments, the Bad
Smells dataset used in [167] has been joined to the corresponding sets containing
the 18 metrics calculated by the CKJM tool, and the 44 metrics calculated by
the POM tool, using the class name as the search key for the union. After that,
the resulting datasets (one for each software project) are concatenated and the
repeated lines are removed leaving only one line for each class name. Some classes
found in the Bad Smells dataset are not found in the output of CKJM or POM and
vice versa and therefore needed to be removed. Therefore, only 7633 classes

present in both datasets are considered for this study.

4.3.2 Research Questions

RQ1: Is C5.0 classification (decision tree) algorithm adequate to recognize

code smells?

e RQ2: Is It is possible to improve the efficiency of the classification

pre-selecting the metrics with SPOA?

e RQ3: Does the rules of detection of Bad Smells learned in one project of

software preserve their quality when applied to other projects?

e RQ4: How do C5.0 algorithm perform when compared with other

machine-learning techniques?

To answer the question of RQ1 , the most widely used Kappa measure of agreement
is used between the classification models. It verify the compliance of detection

obtained by the rules generated by C5.0.

To answer the question of RQ2 , the results of the detection of bad smells are

NMO, NOA, NOC, NOD, NOE NOH, NOM, NOE NOPM, NOParam, NOTC, NOTI, RFC_New, SIX ,
VGsum, WMC1, WMC_New, cohesionAttributes and connectivity
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compared using rules generated by the C5.0 receiving as input all the metrics for
each class, with the results of detection when the C5.0 receives only the metric

pre-selected by SPOA algorithm after different simulation runs.

To answer the question of RQ3, the set of data is separated for projects of software
to perform one experiment where the set of training contains only classes of one
particular design, and the sets of tests containing classes another project. The

results can be analyzed individually by the value of obtained Kappa measure.

To answer the RQ4, the hybrid approach is compared with existing competitor
techniques using four well-known performance metrics namely, Precision, Recall,

and Fmeasure-

4.3.3 Results and Discussions

4.3.3.1 Experiment 1:

The first experiment used only the C5.0 machine-learning algorithm without the
proposed SPOA algorithm to pre-select the metrics. In this experiment, the C5.0
algorithm is configured to perform one cross validation with 10-folds. Table 4.3
shows the results of Experiment 1, performed by C5.0 to generate the rules (Trees
of Decision) taking as input the values of all the metrics. In this table, it is seen
that, for each one of bad smells, the amount of True negatives, False positives,
False negatives, and True Positive, and in the last three columns, the values of

Precision, Recall, and Kappa.

4.3.3.2 Experiment 2:

The second experiment is carried out using the proposed SPOA algorithm for
pre-selecting the metrics, as shown in Fig. 4.2. It is shown in Figure that firstly
algorithm selects the metrics. After that, the proposed SPOA algorithm selects the
efficient parameters of C5.0 algorithm. Based on these parameters, C5.0 efficiently

detects the code smells. Table 4.4 shows the results of Experiment 2, carried out
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Table 4.3: Results of Experiment 1.

Bad smells TN FP FN TP Precision| Recall Kappa
Feature Envy 6875 | 90 261 | 407 | 81.89 60.93 0.67
Blob 6532 | 146 | 581 | 374 | 71.92 39.16 0.46
Data Class 6600 | 103 343 587 85.07 63.12 0.69
Functional 6782 | 48 |74 | 729 |9382 |90.78 |0.91
Decomposition

Large Class 7327 | 30 57 219 | 87.95 79.35 0.83
Spaghetti Code 5618 | 93 190 | 1732 | 94.90 90.11 0.90
Long Method 3992 | 653 | 626 | 2362 | 78.34 79.05 0.65

LongParameterList | 6053 | 22 60 1498 | 98.55 96.15 0.97

using algorithm C5.0 to generate the rules (Trees of Decision) taking as input only

the values of metric pre-selected by SPOA algorithm.

' . —— . Build C5.0 | Bad Smell
— Metric Specification —  Select Metric  E— Approach > Detection

Set of C5.0 Apply SPOA

Parameters Algorithm

Fig. 4.2. Code smell detection using proposed hybrid approach.

4.3.3.3 Experiment 3:

In the third experiment, with the aim of answering the question of RQ3, one
dataset classes is compared with another dataset classes. This experiment is
repeated in order to consider all the 20 configurations possible for pairs of sets,
such as described in Table 4.5.

For each one of these pairs, the C5.0 has been run 10 times, one for each bad
smell. The obtained results in terms of Precision, Recall, and Kappa are described

in Tables 4.6 to 4.10.
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Table 4.4: Results of Experiment 2.

Bad smells TN FP FN TP Precision| Recall Kappa
Feature Envy 6899 | 66 247 | 421 | 86.45 63.02 0.71
Blob 6583 | 95 571 | 384 | 80.17 40.21 0.49
Data Class 6640 | 63 320 | 610 | 90.64 65.59 0.73
Functional 6784 | 46 |62 | 741 |9416 |9228 |0.92
Decomposition

Large Class 7337 | 20 26 250 | 92.59 90.58 0.91
Spaghetti Code 5666 | 45 137 | 1785 | 97.54 92.87 0.94
Long Method 4064 | 581 | 501 | 2487 | 81.06 83.23 0.70
LongParameterList | 6063 | 12 36 1522 | 99.22 97.69 0.98

Table 4.5: Configuration of pairs of sets of training and testing for the completion
of the Experiment 3.

Config. Num. Set of training Set of testing
1 GanttProject Log4j

2 GanttProject Xerces-J

3 GanttProject ArgoUML

4 GanttProject Eclipse

5 Log4j GanttProject
6 Log4j Xerces-J

7 Log4j ArgoUML

8 Log4j Eclipse

9 Xerces-J GanttProject
10 Xerces-J Log4j

11 Xerces-J ArgoUML

12 Xerces-J Eclipse

13 ArgoUML GanttProject
14 ArgoUML Log4j

15 ArgoUML Xerces-J

16 ArgoUML Eclipse

17 Eclipse GanttProject
18 Eclipse Log4j

19 Eclipse Xerces-J

20 Eclipse ArgoUML
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Table 4.6: Results of Experiment 3 using the classes of GanttProject as training set.

Set of test | Bad smells N FP FN TP Precision| Recall Kappa
Eclipse Feature Envy 4198 | 61 391 125 | 67.20 24.22 0.32
Eclipse Blob 3947 | 122 | 514 | 192 | 61.15 27.20 0.31
Eclipse Data Class 3985 | 119 | 392 | 279 | 70.10 41.58 0.47
Eclipse Functional 4166 | 11 | 264 |334 |96.81 |5585 |0.68
Decomposition
Eclipse Large Class 4360 | 409 |1 5 1.21 83.33 0.02
Eclipse Spaghetti Code 2979 | 0 1755 | 41 100.00 | 2.28 0.03
Eclipse Long Method 2377 | 111 | 1174 | 1113 | 90.93 48.67 0.45
Eclipse LongParameterList | 3631 | 2 735 | 407 | 99.51 35.64 0.46
ArgoUml Feature Envy 1909 | 73 1 4 5.19 80.00 0.09
ArgoUml Blob 1882 | 5 64 36 87.80 36.00 0.50
ArgoUml Data Class 1757 | 177 | 27 26 12.81 49.06 0.17
ArgoUm| | Functional 1885 |10 |53 |39 |79.59 4239 |0.54
Decomposition
ArgoUml Large Class 1809 | 34 79 65 65.66 45.14 0.51
ArgoUml Spaghetti Code 1917 | 3 2 65 95.59 97.01 0.96
ArgoUml Long Method 1373 | 150 74 390 72.22 84.05 0.70
ArgoUml LongParameterList | 1670 | 23 229 | 65 73.86 22.11 0.29
Log4j Feature Envy 137 |0 39 0 - 0.00 0.00
Log4j Blob 95 3 63 15 83.33 19.23 0.18
Log4j Data Class 120 7 29 20 74.07 40.82 0.41
Log4j Functional 113 |7 38 |18 |7200 |[3214 031
Decomposition
Log4j Large Class 115 | 2 51 8 80.00 13.56 0.15
Log4j Spaghetti Code 142 | 2 19 13 86.67 40.63 0.49
Log4j Long Method 83 52 0 41 44.09 100.00 | 0.43
Log4j LongParameterList | 124 | O 52 0 - 0.00 0.00
Xerces-J Feature Envy 388 |0 107 | O - 0.00 0.00
Xerces-J Blob 409 |15 60 11 42.31 15.49 0.16
Xerces-J Data Class 353 |2 139 1 33.33 0.71 0.00
Xerces-y | Functional 438 |14 |34 |9 3913 [2093 |0.23
Decomposition
Xerces-J Large Class 432 15 42 6 28.57 12.50 0.12
Xerces-J Spaghetti Code 477 |0 6 12 100.00 | 66.67 0.79
Xerces-J Long Method 315 |19 106 | 55 74.32 34.16 0.33
Xerces-J LongParameterList | 385 | 48 49 13 21.31 20.97 0.10
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Table 4.7: Results of Experiment 3 using the classes of Log4j as training set.

Set of test Bad smells N FP FN TP Precision| Recall Kappa
Eclipse Feature Envy 4259 | 0 516 |0 - 0.00 0.00
Eclipse Blob 3922 | 147 | 623 |83 36.09 11.76 0.11
Eclipse Data Class 4088 | 16 603 | 68 80.95 10.13 0.15
Eclipse Functional 4127 |50 | 417 | 181 |78.35 |30.27 |0.39
Decomposition
Eclipse Large Class 4515 | 254 | 4 2 0.78 33.33 0.01
Eclipse Spaghetti Code 2979 | 0 1762 | 34 100.00 | 1.89 0.02
Eclipse Long Method 2476 | 12 1889 | 398 | 97.07 17.40 0.18
Eclipse LongParameterList | 3380 | 253 | 813 | 329 | 56.53 28.81 0.26
ArgoUml Feature Envy 1984 | O 3 0 - 0.00 0.00
ArgoUml Blob 1887 | 0 93 7 100.00 | 7.00 0.13
ArgoUml Data Class 1906 | 28 37 16 36.36 30.19 0.31
ArgoUml Functional 1891 | 4 79 |13 |76.47 |1413 |0.23
Decomposition
ArgoUml Large Class 1823 | 20 126 |18 47.37 12.50 0.17
ArgoUml Spaghetti Code 1500 | 420 | 38 29 6.46 43.28 0.06
ArgoUml Long Method 1463 | 60 318 146 70.87 31.47 0.34
ArgoUml LongParameterList | 1687 | 6 276 |18 75.00 6.12 0.09
GanttProject | Feature Envy 190 9 1 0 0.00 0.00 -0.01
GanttProject | Blob 164 | 36 0 0 0.00 - 0.00
GanttProject | Data Class 139 | 44 3 14 24.14 82.35 0.28
GanttProject | Lunctional 128 |58 |0 14 | 19.44 | 100.00 |0.24
Decomposition
GanttProject | Large Class 181 0 19 0 - 0.00 0.00
GanttProject | Spaghetti Code 139 | 52 0 2 3.70 100.00 | 0.05
GanttProject | Long Method 86 79 3 32 28.83 91.43 0.23
GanttProject | LongParameterList | 72 120 | O 8 6.25 100.00 | 0.05
Xerces-J Feature Envy 312 | 76 76 31 28.97 28.97 0.09
Xerces-J Blob 334 | 90 47 24 21.05 33.80 0.10
Xerces-J Data Class 287 | 68 90 50 42.37 35.71 0.17
Xerces-J Functional 401 |51 |2 |41 |4457 |9535 |0.55
Decomposition
Xerces-J Large Class 447 0 48 0 - 0.00 0.00
Xerces-J Spaghetti Code 182 | 295 |0 18 5.75 100.00 | 0.04
Xerces-J Long Method 253 |81 16 145 | 64.16 90.06 0.60
Xerces-J LongParameterList | 320 113 |9 53 31.93 85.48 0.35
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Table 4.8: Results of Experiment 3 using the classes of Xerces-J as training set.

Set of test Bad smells N FP FN TP Precision| Recall Kappa
Eclipse Feature Envy 4259 | 0 516 |0 - 0.00 0.00
Eclipse Blob 3927 | 142 | 623 |83 36.89 11.76 0.12
Eclipse Data Class 4088 | 16 603 | 68 80.95 10.13 0.15
Eclipse Functional 4129 | 48 | 417 | 181 |79.04 |30.27 |0.40
Decomposition
Eclipse Large Class 4515 | 254 | 4 2 0.78 33.33 0.01
Eclipse Spaghetti Code 2979 | 0 1762 | 34 100.00 | 1.89 0.02
Eclipse Long Method 2476 | 12 1889 | 398 | 97.07 17.40 0.18
Eclipse LongParameterList | 3402 | 231 813 | 329 | 58.75 28.81 0.27
ArgoUml Feature Envy 1905 | 77 1 4 4.94 80.00 0.09
ArgoUml Blob 1792 | 95 67 33 25.78 33.00 0.25
ArgoUml Data Class 1768 | 166 | 18 35 17.41 66.04 0.24
ArgoUml Functional 1839 |56 |24 |68 |5484 |7391 |061
Decomposition
ArgoUml Large Class 1841 | 2 143 |1 33.33 0.69 0.01
ArgoUml Spaghetti Code 630 | 1290 | O 67 4.94 100.00 | 0.03
ArgoUml Long Method 620 | 903 |2 462 | 33.85 99.57 0.24
ArgoUml LongParameterList | 1602 | 91 226 | 68 42.77 23.13 0.22
GanttProject | Feature Envy 199 0 1 0 - 0.00 0.00
GanttProject | Blob 200 | O 0 0 - - -
GanttProject | Data Class 177 |6 16 1 14.29 5.88 0.04
GanttProject | Functional 186 [0 |14 |0 |- 0.00 | 0.00
Decomposition
GanttProject | Large Class 181 0 19 0 - 0.00 0.00
GanttProject | Spaghetti Code 191 |0 9 0 - 0.00 0.00
GanttProject | Long Method 165 |0 35 0 - 0.00 0.00
GanttProject | LongParameterList | 192 | O 8 0 - 0.00 0.00
Log4j Feature Envy 136 |1 28 |11 |91.67 [28.21 |0.37
Log4j Blob 98 0 42 36 100.00 | 46.15 0.49
Log4j Data Class 120 |7 27 22 75.86 44.90 0.45
Log4j Functional 114 |6 20 |27 |81.82 |48.21 |0.49
Decomposition
Log4j Large Class 117 |0 31 28 100.00 | 47.46 0.55
Log4j Spaghetti Code 135 |9 17 15 62.50 46.88 0.45
Log4j Long Method 124 |11 2 39 78.00 95.12 0.81
Log4j LongParameterList | 122 | 2 24 28 93.33 53.85 0.60
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Table 4.9: Results of Experiment 3 using the classes of ArgoUML as training set.

Set of test Bad smells N FP FN TP Precision| Recall Kappa
Eclipse Feature Envy 4259 | 0 516 |0 - 0.00 0.00
Eclipse Blob 4068 | 1 701 |5 83.33 0.71 0.01
Eclipse Data Class 4043 | 61 554 | 117 | 65.73 17.44 0.23
Eclipse Functional 4176 | 1 537 |61 |98.39 |10.20 |0.17
Decomposition
Eclipse Large Class 4643 | 126 | 4 2 1.56 33.33 0.03
Eclipse Spaghetti Code 2964 | 15 1516 | 280 | 94.92 15.59 0.18
Eclipse Long Method 2406 | 82 1780 | 507 | 86.08 22.17 0.19
Eclipse LongParameterList | 3628 | 5 999 | 143 | 96.62 12.52 0.18
GanttProject | Feature Envy 188 11 1 0 0.00 0.00 -0.01
GanttProject | Blob 164 | 36 0 0 0.00 - 0.00
GanttProject | Data Class 161 | 22 7 10 31.25 58.82 0.33
GanttProject | [unctional 159 |27 |0 14 | 3415 |100.00 |0.45
Decomposition
GanttProject | Large Class 153 28 0 19 40.43 100.00 | 0.51
GanttProject | Spaghetti Code 191 |0 9 0 - 0.00 0.00
GanttProject | Long Method 126 | 39 11 24 38.10 68.57 0.34
GanttProject | LongParameterList | 137 | 55 0 8 12.70 100.00 | 0.17
Log4j Feature Envy 137 | O 39 0 - 0.00 0.00
Log4j Blob 98 0 78 0 - 0.00 0.00
Log4j Data Class 122 5 39 10 66.67 20.41 0.21
Log4j Functional 19 |1 42 |14 |93.33 |2500 |0.30
Decomposition
Log4j Large Class 111 |6 40 19 76.00 32.20 0.32
Log4j Spaghetti Code 142 | 2 20 12 85.71 37.50 0.46
Log4j Long Method 100 | 35 24 17 32.69 41.46 0.14
Log4j LongParameterList | 124 | O 52 0 - 0.00 0.00
Xerces-J Feature Envy 388 |0 107 |0 - 0.00 0.00
Xerces-J Blob 424 |0 71 0 - 0.00 0.00
Xerces-J Data Class 340 | 15 138 |2 11.76 1.43 -0.04
Xerces-J Functional 451 |1 |40 |3 7500 [698 |0.11
Decomposition
Xerces-J Large Class 442 5 25 23 82.14 47.92 0.57
Xerces-J Spaghetti Code 379 |98 16 2 2.00 11.11 -0.03
Xerces-J Long Method 327 |7 149 | 12 63.16 7.45 0.07
Xerces-J LongParameterList | 433 | O 58 4 100.00 | 6.45 0.11
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Table 4.10: Results of Experiment 3 using the classes of Eclipse as training set.

Set of test Bad smells N FP FN TP Precision| Recall Kappa
ArgoUml Feature Envy 1895 | 89 1 2 2.20 66.67 0.04
ArgoUml Blob 1770 | 117 | 67 33 22.00 33.00 0.22
ArgoUml Data Class 1768 | 166 | 18 35 17.41 66.04 0.24
ArgoUml Functional 1831 |64 |24 |68 |51.52 |7391 |0.58
Decomposition
ArgoUml Large Class 1841 | 2 143 |1 33.33 0.69 0.01
ArgoUml Spaghetti Code 630 | 1290 |0 67 4.94 100.00 | 0.03
ArgoUml Long Method 420 | 1103 |2 462 | 29.52 99.57 0.15
ArgoUml LongParameterList | 1590 | 103 | 226 | 68 39.77 23.13 0.21
GanttProject | Feature Envy 186 | 13 1 0 0.00 0.00 -0.01
GanttProject | Blob 164 | 36 0 0 0.00 - 0.00
GanttProject | Data Class 176 |7 5 12 63.16 70.59 0.63
GanttProject | [unctional 180 |6 |2 |12 |66.67 |8571 |0.73
Decomposition
GanttProject | Large Class 125 | 56 0 19 25.33 100.00 | 0.30
GanttProject | Spaghetti Code 191 |0 9 0 - 0.00 0.00
GanttProject | Long Method 157 | 8 3 32 80.00 91.43 0.82
GanttProject | LongParameterList | 182 | 10 0 8 44.44 100.00 | 0.59
Log4j Feature Envy 135 | 2 35 4 66.67 10.26 0.13
Log4j Blob 98 0 78 0 - 0.00 0.00
Log4j Data Class 126 1 37 12 92.31 24.49 0.31
Log4] Functional 119 |1 |40 |16 |9412 |2857 |0.34
Decomposition
Log4j Large Class 83 34 40 19 35.85 32.20 0.03
Log4j Spaghetti Code 144 |0 32 0 - 0.00 0.00
Log4j Long Method 108 | 27 13 28 50.91 68.29 0.43
Log4j LongParameterList | 124 | O 48 4 100.00 | 7.69 0.11
Xerces-J Feature Envy 388 |0 107 |0 - 0.00 0.00
Xerces-J Blob 408 |16 63 8 33.33 11.27 0.10
Xerces-J Data Class 352 |3 139 1 25.00 0.71 0.00
Xerces-J Functional 443 |9 |36 |7 4375 |1628 |0.20
Decomposition
Xerces-J Large Class 433 14 36 12 46.15 25.00 0.27
Xerces-J Spaghetti Code 477 |0 6 12 100.00 | 66.67 0.79
Xerces-J Long Method 332 |2 141 | 20 90.91 12.42 0.15
Xerces-J LongParameterList | 377 | 56 45 17 23.29 27.42 0.13
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4.3.3.4 Experiment 4:

The comparison of the C5.0-SPOA (proposed technique) with the existing
approaches in terms of Precision, Recall, and F),cqsure iS shown in Tables 4.12
to 4.15. The values exposes the accuracy and efficiency of C5.0-SPOA over other

well-known methods.

4.3.3.5 Evaluation of Results

It is observed from the Tables 4.12 to 4.15 and Figs. 4.3 to 4.5 that in case of
Precision metric, the proposed C5.0-SPOA algorithm generates better values for
all eight code smells. The Precision value of proposed C5.0-SPOA for Feature envy,
Blob, Data Class, Functional decomposition, Large Class, Spaghetti Code, Long
Method, and LongParameterList is 86%, 80%, 90%, 94%, 92%, 97%, 81%, and
99%, respectively. Following this, the second best values for Precision metric are
bagged by C5.0 algorithm. After this, J48 and SVM provides better results followed

by Bayesian algorithm.

Whereas, Recall values generated by C5.0-SPOA algorithm are better for seven out
of eight code smells. It generates 63%, 40%, 66%, 92%, 91%, 93%, 83%, and 98%
Recall for Feature envy, Blob, Data Class, Functional decomposition, Large Class,
Spaghetti Code, Long Method, and LongParameterList, respectively. In addition,
C5.0 secured second position in providing the better results followed by J48, SVM,

and Bayesian, respectively.

Moreover, the Fcosure values of C5.0-SPOA are also superior than other
competitor algorithms. Fj,cqsure Values for C5.0-SPOA are 72%, 53%, 76%,
93%, 91%, 95%, 82%, and 98% for Feature envy, Blob, Data Class,
Functional decomposition, Large Class, Spaghetti Code, Long Method, and
LongParameterList, respectively. Whereas, for C5.0, F,cqsure Values are 69%, 50%,
72%, 92%, 83%, 92%, 78%, and 97%, respectively, which are better than J48,

SVM and Bayesian algorithms.

121



Table 4.11: The obtained results by C5.0 approach.

Bad smells Precision Recall Freasure
Feature Envy 81.89 60.93 69.87
Blob 71.92 39.16 50.71
Data Class 85.07 63.12 72.47
Functional 93.82  90.78  92.28
Decomposition

Large Class 87.95 79.35 83.43
Spaghetti Code 94.90 90.11 92.45
Long Method 78.34 79.05 78.69
LongParameterList 98.55 96.15 97.34

Table 4.12: The obtained results by J48 approach.

Bad smells Precision Recall Freasure
Feature Envy 82.90 62.91 69.99
Blob 74.24 40.13 52.98
Data Class 87.09 65.11 74.89
Functional 9455 9211  94.09
Decomposition

Large Class 89.90 80.30 84.40
Spaghetti Code 95.34 92.10 93.24
Long Method 80.11 78.15 80.61
LongParameterList 95.52 92.10 91.30

Table 4.13: The obtained results by SVM approach.

Bad smells Precision Recall Freasure
Feature Envy 72.56 33.23 45.58
Blob 75.34 34.66 47.48
Data Class 79.47 61.55 69.37
Functional 7192 5828  64.39
Decomposition

Large Class 88.29 56.72 69.07
Spaghetti Code 85.95 53.37 65.85
Long Method 75.18 59.41 66.37
LongParameterList 86.53 61.84 72.13
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Table 4.14: The obtained results by Bayesian approach.

Bad smells Precision Recall Frneasure
Feature Envy 23.42 94.03 37.50
Blob 56.31 32.58 41.28
Data Class 51.26 38.35 43.88
Functional 30.54 91.84  45.84
Decomposition

Large Class 66.83 73.67 70.08
Spaghetti Code 49.34 32.71 39.34
Long Method 63.79 44.16 52.19

LongParameterList 48.45 39.24 43.36

Table 4.15: The obtained results by the proposed C5.0-SPOA approach.

Bad smells Precision Recall Freasure
Feature Envy 86.45 63.02 72.90
Blob 80.17 40.21 53.56
Data Class 90.64 65.59 76.11
Functional 94.16 9228  93.21
Decomposition

Large Class 92.59 90.58 91.58
Spaghetti Code 97.54 92.87 95.15
Long Method 81.06 83.23 82.13

LongParameterList 99.22 97.69 98.45
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4.4 Summary

This chapter firstly enlists the motivations behind hybridizing C5.0 with SPOA
instead of using SP-J48. Later, the code smell detection process utilizing the
new hybrid algorithm named C5.0-SPOA is explained in detail. The empirical
evaluation of the projected approach is performed on five datasets employing three
performance measures. The experimental outcomes indicate that C5.0-SPOA is
able to efficiently identify the code smells and outperforms the other code smell

detection techniques.
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Chapterd

Impact of Code Smell
Prioritization on Software

Quality

“It is not the answer that enlightens, but the question.” By E. I. Decouvertes

5.1 Overview

Prioritization is the process of determining the order in which the code smells
should be removed from the software projects so as to enhance the software
quality. Once the code smells are identified, these should be ranked according
to their significance. Many authors have reported that refactoring itself is a
time-consuming and expensive phenomenon. It is a challenging task for the
developer to judge which code smell to refactor first, and what type of refactoring
solutions to apply without measurable evidence on the impact of refactoring. The

following points constitutes the motivations for this work:

e Although existing research provided tools for code smell detection or the
automatic or semi-automatic applications of refactorings for their removal,
most of these tools do not prioritize the code smell based on their harmful
effect. Therefore, without understanding the harmful effect of a smell,

schedule-bound industry practitioners feel reluctant to remove them because

Kaur, A., Jain, S. and Goel, S., "Sandpiper optimization algorithm: a novel approach for
solving real-life engineering problems", Applied Intelligence, Springer, (2020), 502, PP 582-619.
(SCI, Impact Factor: 3.32)
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of perceived cost, effort, and time intensive outcome of this process.

e Most of the existing techniques utilize manual approach to prioritize the
code smells, which are generally considered as time consuming and error

intensive.

Considering the aforementioned problems this Chapter presents a technique that
automatically prioritize the code smells based on three factors namely, Versioning
History (VH), Architectural Relevance (AR), and Code Smell Relevance (CSR). The

major motivations behind considering these factors are as follows:

e When only the source code of the software is available, the historical
information of the system can be used to predict the code smell that requires

immediate refactoring.

e The classes that were frequently refactored in the past are more likely to
undergo refactoring in the future [173]. Conversely, if some classes remain
unmodified over the previous versions, it would not be a top priority for
the developer to perform refactoring for their removal. Hence, such classes
can be neglected while identifying top priority code elements for immediate

refactoring treatments.

e Each code smell has its own severity score that facilitates developers to
immediately correct the most critical code smell [174]. Thus, relying solely
on the presence of code smells in a class, when identifying the critical code
smells is not considered as a good practice. Code smells should be ranked by

determining the severity of each code smell present in the class.

¢ In software industry, many projects have been terminated or discontinued as
a consequence of architectural defects in the software. Architectural defects
have a more detrimental effect on the software quality than traditional
code defects. Thus, for the longevity of software systems, the architectural

problems must be fixed first. Developers need to implement architecturally
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relevant strategies for code refactoring.

Considering multiple criterions help us to analyse the code smells from diverse

aspects and to explore whether code smell is a serious issue.

5.1.1 Problem Formulation

Refactoring is not freely implemented or adopted in software industries by the
software development team, either due to limited resources or hard project
deadlines and work pressure. Hence, they look for optimal refactoring activities
that would acquire negligible effort while outputting decent benefits in terms of

enhanced software quality.

In this work, a technique is proposed that recommends a ranking of code smells
based on a combination of three criteria namely, architectural relevance, code
smell relevance for the system, and past history of a class in which smell is present.
This work looks for a solution in the Law of the Vital Few, which states - "only 20
% of code contains 80% of errors" [34]. This technique is capable of detecting,
at the top of the generated code smells priority list, a set of refactoring-prone
(based on historical data), and most crucial (based on architectural relevance and
code smell information) application classes that need immediate refactoring. The

overall process is given in Fig. 5.1.

The first two steps involve considering the relevant classes and eliminating
architectural irrelevant classes. Third step is concerned with finding code smell
severity and the last step involves calculating the rank of each detected code smell.
Furthermore, to evaluate the performance of proposed approach three metrics
namely, code smells correction ratio (CSCR), estimated effort(EE), and severity of
fixed code smells of a system (SFCS) are considered along with the mechanism
followed by Ouni et al. [175, 176, 131]. The process of generating a code smell
sequence, i.e., order of code smell prioritization to eradicate code smell, involves

the inspection of vast search space which not only include the sequence in which
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Fig. 5.1. Code smell prioritization process.

these code smells are prioritized but also restricted to code smells combination
count. Therefore, optimization algorithms are employed to obtain code smells

sequence.

In this work, an optimization algorithm named "SPOA" is used to obtain code
smells prioritisation. To implement this, three different parameters are used
namely, code smell relevance, versioning history, and architectural relevance. To
optimize these aforementioned parameters we have converted them into a fitness
function as shown in Eq. (5.1). These parameter are explained in detail in

following subsection.

CodeSmellScore =x x (VH x CSR)+(1—z) x AR, where 0 <z <1 (5.1

The optimization process of SPOA starts by producing a set of random solutions

as initial population. Here, solutions refer to sequence of n code smells. Following
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this, performance of each solution is assessed using fitness function defined in Eq.
(5.1). The best search agent is examined from the given search space. The other
search agents update their positions with respect to the obtained best solution.
After this mechanism, the fitness value of each search agent is again calculated.
Furthermore, if there exists a better solution than previous optimal solution, the
algorithm firstly update the best search agent and then update the other search
agents accordingly. SPOA algorithm will continue till the stopping criteria is not
reached. Finally, upon the satisfaction of termination criteria, the best positions

corresponding to search agents are fetched as optimal solution.

5.1.2 Fitness Parameters
The detail of considered fitness parameters is as follows:

e Versioning History: It is assumed that prioritization of code smells for
refactoring is more effective when it targets the classes that have changed
in considerable volume in its past generations. On the other hand, it would
not be the top priority of the developers to remove code smells from those
classes which have not changed in the past versions. The main motive
behind considering this point is that prioritization is a kind of preventive
maintenance [177]. Thus, it is understandable to prioritize code smells
which indicate the classes that experienced refactoring in the past. In
preventive maintenance, while solving the design problems the uncertainty

lies in making decisions regarding resources and effort investment.

Thus, future maintainability of a software can potentially be improved by
prioritization; i.e., prioritization of code smells includes a form of predicting
about future changes. Analysing the old versions of a software helps the
software developers to find the previously frequently refactored classes.
These classes can be classified as change-prone classes [178]. The left-over
classes that are not refactored in the previous generations are assumed as

less harmful. Therefore, those classes are screened at this stage.
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In this chapter, code smell volatility is based on the changes that includes a
class influenced by code smells. Suppose there are three successive versions
of a software such as S-1, S, S+1, changes in these versions can be defined as
(Dif ferences—1 g) which includes change between versions S-1 and S and
(Dif ferences s+1), i.e., change between S version and S+1. Thus, the total
change in class A will be the sum of number of times refactoring applied
to class A between versions S-1, S+1. The process of calculating change
history between two successive versions of a software is shown in Fig. 5.2.

The information regarding change in versions of a software can be gathered

Total Change

N

' amount of ! amount of !
i changeg | g ' changeg g1 i
1 fransitiong ¢ transitiong ;
' ' :
T T i
1 Ll 1
1 Ll 1
S-1 S S+1

Software Successive Versions

Fig. 5.2. Code smell volatility calculation.

from software repositories such as GitHub, SourceForge, and so on. But
sometimes this information is not up to date or is unavailable, therefore,
the information regarding the refactoring occurred between two successive
software versions can be gathered using automatic tools namely Ref-Finder!

and RefactoringCrawler?.

In this work, Ref-Finder tool is used to find the frequently refactored class

in two software successive versions. Ref-Finder tool is an Eclipse Plugin®

Thttps://sites.google.com/site/reffindertool/
2http://dig.cs.illinois.edu/tools/RefactoringCrawler/
3https://eclipse.org/
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that utilizes template based refactoring (restructuring) and logic-meta
programming method to detect complicated refactorings among two versions
of a software. It also endorse Fowler’s [29] 63 refactoring activities and
have 79% overall Precision. Two subsequent software versions are given
to the tool as an input which automatically detects the changed classes as
an output. It also specifies the type of code smell removed along with the
location from where it is removed. Therefore, using this tool, the information

regarding changed classes is collected.

Furthermore, the total class volatility is computed using Eq. (5.2). According
to historical average model, it is considered that conditional mean is
constant. Thus, the best method to calculate total volatility is to given by
calculating the average of previous volatilities.

t
VH =13 14) (5.2)

~

where ¢ indicates the number of previous versions considered for calculating
the average, ¢(A) defines the number of times a class A was changed in the
past. For example, we are using lines of code (LOC) metric to analyze the
change in a class. Consider there are three versions of a system such as V1, V5
and V3 and code smell is found in class A having LOC values 15, 20 and 25,
respectively for the three versions of a system. Then, using this LOC values,
the percentage of change in class will be % —100 = 33.3% for version V5
and 225190 100 = 25% for version V3. Therefore, total VH will be 22320 =

29.15% [132]. The details are shown in Table 5.1.

Table 5.1: Example of changed class analysis.

Metrics V1 V2 U3
LOC 15 |20 |25
% of change in a class - 33.3| 25

Each time a class is found to be changed while going from one version to
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another, its volatility score is incremented by 1. The classes of a current
version of a software which are changed even once are stored along with
their respective frequency score. While assessing the versions, only those
classes are taken into account which have been changed more than once.
But it would also include the classes that have experienced refactoring just
once in the past versions. Thus, to overcome this shortcoming, the classes are

manually examined and assured whether to include or discard those classes.

Code Smell Relevance (CSR): It defines the extent to which these smells
are harmful to system’s design. While prioritizing the code smells for
refactoring, the severity of code smells is an another significant part to
take into consideration as it provides the prioritization of refactoring efforts.
Different code smell instances have different severity or intensity and size,
and their impact on software quality is also different, thus they should be
handled in different means. In a code smell instance, severity is defined
as an approximation of total number of these characteristics [140]. For
example, if a God Class is very large and complex, it is considered to
be have high severity. Finding the code smell severity helps to facilitate
reliable information to the project developers, permitting them to prioritize
re-engineering and refactoring efforts, i.e., suggesting them to refactor high

severity code smells first.

This second parameter defines how significant a code smell is for the
developer. It allows the developer to assign a severity to each code smell.
It generally differs from developer to developer, and in fact a developer’s
estimation of smell severity also get changed with time. In this research,
severity score to each smell is assigned between value 0 and 1 based on the
recommendations of Mkaouer et al. [179]. The severity scores used for Blob,
Feature Envy, Spaghetti Code, Functional Decomposition, and Data Class are
0.8, 0.7, 0.6, 0.4 and 0.3, respectively. The total severity of a class containing

code smell can be defined as sum of the severity of each code smell present
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in it as shown in Eq. (5.3).

k
TotalSeverity(A) =Y SmellSeverity(d;) (5.3)
i=1
where k represents the total number of code smells and d; represents the ;"

code smell.

e Architectural Relevance (AR): The third major parameter considered for
analysing the classes containing code smells for refactoring is architectural
relevance. As compared to traditional code smells architectural problems
have more dominating impact on lifecycle and quality of software [180].
Thus, only those classes that have direct connection with architectural issues
are selected [181]. These classes are analysed from the current version of a
software because they believed to be base classes of a software and delay in

their refinement/betterment can cause worsening impact on software quality.

The classes of current version of a software are analysed using Organic
tool*. Organic tool is an Eclipse plugin that helps to identify architectural
relevant code smells from the source code of a software. It classifies the
code anomaly agglomerations into different topologies namely, hierarchical,
cross-boundary, intra-boundary, and concern based. But we have considered
the results based on only two topologies such as intra-boundary and
cross boundary topologies, as these topologies provide greater number of

architectural relevant problems [181].

The classes identified using VH and AR parameters are collected and then
common set of classes (classes which are both architectural relevant and frequently
changed) are short listed. Furthermore, these common set of classes along with
the given severity of code smells are given as an input to the proposed approach

in order to generate the rank of code smells.

4http://wnoizumi.github.io/organic/plugin
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5.1.3 A Hypothetical Example

To understand the working of proposed approach, a hypothetical example with
assumed data values is sketched and explained in this section. Consider a software
program V with ten classes and four previous versions namely, V1,V5,V3,V}y, and
a current version V5 whose code smells needs to be prioritized for refactoring.
Suppose, in each of the five versions of software V', the constituent classes are as
follows:

Vi - (1, Cy, C3, Cy, C5, Cg

Va - Ch, Gy, C3, C5, Cs, C7, Cy

V3 - Ch, Co, C3, C5, Cg, C7, Cf

Vi - C1, C3, C5, Cg, C7, Cg, Cy, Cro, Ct

Vs - C1, Cs, G5, Cg, C7, Cs, Ch1, Ch2, C14, C15

For this example, the process of proposed approach at each stage is shown in Fig.
5.3. Here, rectangle (J) represents the actual steps of contemplated approach.
Diamond (¢) represents different versions of the software. Dotted arrows (--+)
reflect the execution of refactoring activities between two succeeding software
version classes. Strong arrows (—) reflect the changed classes while the software

is being versioned.

During software versions analysis, the change history of each class present in
version V5 is examined. A matrix is created that contains all 10 classes of V5
and evaluates each subsequent version change to calculate the frequency score of
each class. As classes (1, Cs3, Cs5, Cg, C7, Cs, C11 are found to be changed at least
once, so these classes are kept in database and remainder classes are rejected at

this stage.

Furthermore, after examining the classes of version V3, classes C1, C3,C,Cs, C11
are found to be faulty as well as relevant from architectural perspective. Therefore,
only these classes should be considered for further analysis. In addition, a common

set of classes are selected as an intermediate step based on their change-proneness
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and architectural relevance. Lastly, ranks are generated on the basis of three
parameters, namely Versioning History, Code Smell Relevance, and Architectural

Relevance.

5.2 Empirical Evaluation

The considered code smells, subject systems used, and performance metrics for
evaluating the performance of presented approach are discussed in the following
subsections. The results of proposed approach are also compared with existing

techniques.

5.2.1 Considered Code Smells and Subject Systems

The proposed hybrid approach for code smell detection is used to detect Blob,
Functional Decomposition, Spaghetti Code, Feature Envy, and Data Class code
smells. Using SPOA, these code smells are further prioritized in order to help
the developers to refactor the critical one. The detailed description of these
code smells is given in Chapter 1. In addition, the performance of underlying
approach for code smell prioritization is evaluated on three Java based open source
softwares namely, GanttProject, Xerces-J, and Log4j. The detailed description of
these datasets is given in Chapter 3. Table 5.2 provides the general characteristics
and versions of the selected systems such as Kilo Lines Of Code (KLOC)in source
code, total number of classes present in the software and code smells present in
each version. Overall 30 versions of all three systems with multiple KLOC are

analysed.

5.2.2 Evaluation Metrics

After every step, four metrics namely, CSCR [175], EE [176], and SFCS [179] are
calculated to evaluate the performance of proposed approach. CSCR is defined as
the ratio of total number of code smell instances to be refactored by prioritizing

the smells, to the total number of code smell instances present in the system. The
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Fig. 5.3. Hypothetical example illustrating the working approach.
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Table 5.2: Characteristics of sample applications.

#Code
Dataset/Versions # Classes | #KLOC Smells
GanttProject
V2.6.1 498 64 542
V2.6.2 500 65 597
V2.6.3 503 65.5 586
V2.6.4 508 66 602
V2.6.5 512 67 620
V2.6.6 510 67.3 600
V2.7.0 516 68 642
v2.7.1 519 68.4 655
V2.7.2 522 69.4 669
Vv2.8.0 532 71 671
Log4j
V1.2.15rc6 189 21 15
V1.2.15 192 23 17
V1.2.16rcl 198 24.5 19
V1.2.16rc2 205 27 22
V1.2.16 215 28 68
V1.2.17 227 32.5 95
V1.2.17rcl 240 34 120
V1.2.17rc2 245 36 165
V1.2.17rc3 270 36.5 176
V1.2.17 296 38 192
Xerces-J
V1.6 190 62 66
V1.7 210 68 82
V2.0 290 91.5 139
V2.1 280 120 171
V2.2 285 150 192
V2.3 300 175 280
V2.4 340 184 241
V2.5 380 195 250
V2.6 420 201 276
V2.7 513 240 325
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formula to calculate CSCR is given in Eq. (5.4).

Number of code smellsneedstoberemoved

CSCR=

(5.4)

Totalnumber of code smells presentin software

where EFE is defined as a ratio of total number of classes that needs to be
refactored to the total number of classes present in the system. The formula to

calculate E'F is given in Eq. (5.5).

FE— Numberof classesneedstoberemoved
~ Totalnumber of classes present in system

(5.5)

SFC'S calculates the total severity of fixed code smells in software. It is calculated
using Eq. (5.2.2).

SFCS =Y TotalSeverity(A) (5.6)
i=1

where n is total number of classes and TotalSeverity(A) is calculated using Eq.

(5.3).

5.3 Results and Discussions

This section represents and discusses the results obtained from three systems
after implementing the proposed approach. Firstly, the findings acquired after
analysing the previous versions of softwares are represented. Secondly, the results
obtained after gathering the architectural relevant classes from current version of
each dataset are discussed. Later, the results obtained after generating a rank of
code smells are presented. Finally, the results of performance evaluation metrics

employed on proposed approach are discussed.

e Analysis of Versioning History (VH)
It is observed from Table 5.2 that in all the systems, the number of classes,
KLOCs and code smells are increasing in their each new version. Figs. 5.4

to 5.6 reveal that between any two subsequent versions, the percentage of
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Percentage of changed classes

changed classes is always greater than zero which is quite common for any
software system in real world. It is observed that the percentage of changed
classes for Log4j varies from 3% to 27%, which means its evolution trend
is inconsistent as compared to other sample applications. The percentage
of changed classes in Xerces-J is greater than 30% which is the greatest
of all datasets. Similarly, the overall percentage of changed classes for

GanttProject is 23%.

Furthermore, it is also analysed that in all the systems, the trend in
percentage of changed classes is declining as we are moving towards current
version. One of the main reason behind this trend may be that due to limited
budget and time constraint the developers spent less efforts on applying

refactoring activities.
25
20

15 o

\Versions

Fig. 5.4. Changed classes v/s succeeding version pairs of GanttProject.

Analysis of Architecturally Relevant Classes (AR)
The classes that are dangerous from architectural perspective of system are

collected by analysing the current version of software. Fig. 5.7 reveals that
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Fig. 5.5. Changed classes v/s succeeding version pairs of Log4;j.

on average 27% of classes are architecturally relevant in all the systems. In
other words, nearly 27% of classes are critical in current version of a system

and needs immediate refactoring.

It is observed that for GanttProject out of 27% classes, 17% of classes are
refactored in previous version. Whereas, in case of Log4j, 22% of classes
out of 32% architecturally relevant classes, are refactored more than once
in past. Similarly, for Xerces-J, 19% of classes out of 24% are refactored
frequently in previous versions. Thus, it recognises that on average 21%
classes out of those 27% classes are frequently refactored in the past and
are chosen as most change-prone and significant classes. These classes are
chosen on the fact that regardless of refactored in the earlier versions, such
classes still have code smells and are more likely to change in future also.

Therefore, these classes must be refactored at the earliest.

Generation of Rank/Code Smell Score (RG)

After selecting the common classes among frequently changed and
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Fig. 5.6. Graph showing percentage of changed classes v/s succeeding version
pairs of Xerces-J.

architecturally relevant classes, the severity to each code smell present
in those classes is assigned. Furthermore, these three aforementioned
parameters are given as an input to the proposed prioritization approach
in order to generate code smell rank. Table 5.3 demonstrates top three high
priority code smell and classes of each considered software system at z = 0.1
value. It is observed from Table 5.3 that the three parameters of code
smell score contributed equally in generating ranks for the code smells. For
example, for GanttProject, GanttGraphicPrint class has higher severity score
than GanttGraphicArea or GanttOptions or GanttTree class; but it has lower
number of code smell instances and smell relevance, therefore, it obtained a

low code smell score (or rank).

In GanttProject, Feature Envy code smell has highest rank followed by Blob of
two classes. Moreover, in Log4j, Blob code smell has highest priority followed
by Feature Envy at second place and Data Class at third place, respectively.

In addition, in Xerces-J, Feature Envy code smell scored first rank with Data
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Fig. 5.7. Results on analyzing architecturally relevant classes.

Table 5.3: Top
software system.

Gantt

Project

B AR classes that have been

previously refactored

Log4j
Datasets

Xerces

three high priority code smell and classes of each considered

Code
Datasets Rank | €°4° Class Name VH | CSR | AR | Smell
GanttProject 1 Feature GanttTree 5 0.7 | 17 | 15:65
Envy
2 Blob GanttGraphicArea 2 0.8 | 14 | 12.76
3 Blob GanttOptions 3 |os8 |12 | 11.04
Log4j 1 Blob Charsets class 3 08 | 15 | 13.74
2 Feature AbstractLogger 2 0.7 | 11 | 10.04
Envy
Data 10.02
3 Class MessageFactory 4 03 | 11
Xerces-J 1 Feature org.apache.xerces.impl 2 0.7 |17 | 1544
Envy
2 Data javax.xml.parsers.SAXParser | 4 0.3 |12 | 10.86
Class
3 z;;illgehettl TeeXMLDocumentFilterlmpl | 5 0.6 |6 5.7

Class at second rank and Spaghetti Code at third position, respectively. Thus,

it is observed that the classes with more refactoring past history have higher

number of code smell instances too. Hence, it is discovered that regardless
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of refactored in the earlier versions of classes, such classes still have code

smells and requires future attention.

Evaluation Metrics

This part represents the calculated results of proposed approach after
using three performance metrics: CSCR, EE and SFCS. Evaluating these
performance metrics at each stage further ensures that our approach is
effective and efficient. Table 5.4 tabulated the results of proposed method

for considered performance metrics.

The table portrays that at first step (VH), score of EE specifies on average,
approximately 35% of the total classes needs refactoring. On other side, the
results of CSCR shows that within these 35% classes, more than 78 % of code
smells lies. Whereas, the results of AR describes that total of 18% classes are
architecturally relevant. Thus, by applying the refactoring identification to
these classes a substantial enhancement in the quality of a software is assured

(as shown by CSCR value).

It is also analysed from second step (CSR), that the code smells that are
refactored more in the earlier versions of a system are more relevant.
Consequently, it is also observed at third step (AR), on selected datasets
nearly half of the earlier refactored code smells do not put any vulnerability
to the architectural degradation. The results for Log4j reveals that nearly
56% (62 out of 109) classes are architecturally relevant. Accordingly,
EE value for Log4j dataset is dropped to 21% with a nominal decline in
CSRR value. Similar outcomes are obtained for GanttProject; an estimated
refactoring effort of 18% and code smell correction of 75%. Consequently,
EE and CSCR values for Xerces-J are dropped with a small decline of 19%
and 64%, respectively. Thus, the classes with threshold value 20 are chosen.
The developers can choose any value of x that supports them to make an

equilibrium between CSRR, EE, and CSR value for their systems.
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Table 5.4: Results obtained for performance metrics at each step for the considered
dataset.

Dataset Fitness EE CSCR SFCS
Parameter

GanttProject| VH :(315;/% 1532) 358;/2 671) 30.2
CoR %12 ;/; 1532) 3568/; |671) 529
AR 18% (96532) 2558/2 7 29.2
RG 15% (80]532) Zgg/; 7 31.6

Lo Vi ?178/; 1296) 315:/31 1192) 246
CSR 30% (89|296) 212;/2 1192) 29.3
AR 21% (62|296) Zf;ﬁ 1192) 21.2
RG 18% (53|296) ?f;/g 192) 26.8

Xerces-J VH ?21;/8 1513) Zg;/g 1325) 26.3
CSR :(316;/; |513) ?;3;/(1) |325) o7
AR 19% (97|513) ?33/§|325) 24.2
RG 16% (82]513) ?f;/; 1325) 29.4

5.4 Impact of Prioritization of Code Smells on Quality

In this section, the impact of code smell prioritization on internal software quality
measures is investigated. Internal quality measures can be objectively measured
from the source code of the software. Six C&K [20] and KLOC metrics are
chosen to analyse the impact of prioritization of code smells on quality of software
attributes. These metrics are chosen either due to the popularity of C&K quality
measures [101], incorporation of these measures in most of the automated metric
measurement tools, or because these measures are considered as benchmark
for measuring quality. These metrics cover several software aspects including
cohesion, coupling, complexity, inheritance and size. To measure these metrics, an

Eclipse plug-in called metric suite is used. The detail of these considered metrics
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is given in Table 5.5.

Table 5.5: Considered software metrics.

Quality Measures Description
attributes
For each instance variable -calculate the
_ Lack of cohesion in | percentage of methods using it, then the
Cohesion methods (LCOM) average percentage for all variables subtracted
from 100%.
It is a count of the number of other classes
Coupling between object | t© which a given class is coupled and, hence,
Coupling denotes the dependency of one class on other
classes (CBO) p y
classes in the design.
This is the count of the methods that can be
Response for a Class | potentially invoked in response to a message
(REC) received by an object of a particular class.
Weighted methods per This is a weighted sum of all the methods defined
Complexity in a class
class (WMCQC) .
) Depth of Inheritance The maximum length from the root class to a
Inheritance Tree (DIT) given class in the inheritance hierarchy.
(Number Of Children The number of all child or subclasses that have
(NOQC) inherited from a given class.
_ Thousand Lines of Code | The number of thousand lines of code of the
Size (KLOCG) system.

To assess the effect of code smell prioritization on internal quality attributes, the
metric values are collected corresponding each attribute for the three versions of
the three software systems namely, Xerces-J, Log4j and GanttProject. The three
software versions include the original version, the version generated by removing
the code smells in random order and the version produced by eradicating the
smells in prioritized order returned by our proposed approach. After calculating
the metric values, these values are compared with each other to quantify the final
effect of code smell prioritization on internal software quality. The detailed process

of this methodology is depicted in Fig. 5.8.

5.4.1 Analysis of Code Smell Impact

The focus of this chapter is to validate/invalidate the claims that removal of
code smells in the order generated by employing our approach improves software

quality. To carry out this study, we set up five below-mentioned research questions.
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Statistical methods

software quality attributes

Fig. 5.8. Process flow of impact of code smells on software quality.

RQI1: Does the correction of code smells in prioritized order improves the software
cohesion as compared to their correction in random order?

RQ2: Does the eradication of code smells in prioritized order have positive impact
on software coupling as compared to their removal in random order?

RQ3: Does the correction of code smells in prioritized order improves the software
size as compared to their correction in random order?

RQ4: Does the eradication of code smells in prioritized order have positive impact
on software complexity as compared to their removal in random order?

RQ5: Does the correction of code smells in prioritized order improves the software
inheritance as compared to their correction in random order?

Case Study: For every considered subject system, the impact of metric changes
is examined following the application of refactoring activities to remove code
smells. To answer RQ1-RQ5, the original version (V7) of each considered dataset

is refactored twice to produce its two new versions named V5 and V3. In V5, code
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smells are eradicated from V; in random order employing Eclipse IDE°. The same
IDE is chosen to produce V3 after eliminating code smells in the order generated
by our proposed approach. The objective behind producing two different versions
of same dataset is to observe and report the difference in them in terms of quality
and to validate or invalidate the claim that code smell prioritization generates
the better version. After generating three different versions, the metric values
are computed for each version using an Eclipse plug-in named Metrics®. The
outcomes concerning change in metric values of each considered C&K quality

measure (enlisted in Table 5.5) for every dataset are reported in Table 5.6.

In this case study, we expect all metric values to deteriorate as reduction in their
values signifies positive improvement. For each dataset, the deterioration and
improvement of the value of each metric results in positive and negative impact
on quality, respectively. This positive or negative result is indicated using a "+" or
"

sign, respectively. The cases with no improvement or deterioration in metric

value are represented with "=" sign. For Xerces-J, the application of refactoring

Table 5.6: Impact of code smell prioritization on quality.

Datasets Version | Cohesion | Coupling Complexity| Inheritance Size
LCOM CBO RFC WMC DIT NOC Loc
Xerces-J Vi-Ve | = +0.38%  +0.17% | = = = +0.10%
Vi-Vs | +6.30% | +0.65%  +0.24% | +0.27% = = +0.35%
Log4j wv | = 3.84%  +7.65% | = = = +1.34%
wv | = +0.03%  +9.67% | = = = +8.41%
GanttProject| V4-Vo | +14.03% | -0.08%  -0.91% +0.26% = = -3.67%
Vi-Vs | +32.34% | +0.04%  +0.53% | +0.41% = = +25%

activities to remove code smells in the order generated by our proposed approach
decreases the LOC, RFC, CBO by 0.35%, 0.24% and 0.65%, respectively. On the
contrary, only 0.10%, 0.17% and 0.38% significant reduction are achieved by
eliminating the smells in a random order for LOC, WMC, CBO, respectively. In

addition, the version V5 does not result in any change in cohesion and complexity

Shttps://www.eclipse.org/downloads/
Shttps://marketplace.eclipse.org/content/eclipse-metrics
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whereas these quality attributes are improved significantly by employing our

approach. The inheritance remains unchanged in both the versions V5 and V5.

For Log4j, the cohesion, complexity and inheritance remained unchanged. Further
to that, the size and coupling of the software system gets reduced significantly.
Somewhat different trend has been observed in GanttProject as the version
Vo caused size and coupling to increase whereas our approach reduced them
significantly. Moreover, comparatively better results are achieved for other quality
attributes. Overall, it is concluded that the removal of code smells in prioritized
order improves the quality of Xerces-J, Log4j, and GanttProject. Thus, code smell
prioritization assists the developers in producing better software and also save

their effort and time thereby further enhances their productivity.

5.4.2 Statistical Testing

To statistically analyze the impact of code smell prioritization, a pair-wise t-test is
performed. This statistical test usually applied in cases where samples are analysed
in terms of changes as a result of exposure to a certain technique or environment.
In addition, it does not make any assumptions regarding the distributions of the
metrics The pair-wise t-test is beneficial in this thesis as it is able to identify the
differences in quality metrics as result of refactoring. Using this test, the goal is to
test following hypothesis.

Hypothesis: The removal of code bad smells in prioritized order improves the
software quality than their removal in random order.

Null Hypothesis (HO): There is no difference between the quality of software
versions V; and V5.

Alternate Hypothesis (H1): There is a difference between the quality of software
versions V; and V5.

The null hypothesis is rejected in the case where quality metrics values after
refactoring code smells in a random order are not equal to quality metrics values

after refactoring the smells in a prioritized order generated by our proposed
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approach. In this empirical study, we expect quality metric values of version
V5 to decrease to draw a conclusion on quality improvement in the considered
projects. The quantification of the formulated hypothesis is necessary to later
construct a judgement about the rejection or non-rejection of the null hypothesis.
The quantification of our hypothesis is presented in terms of p-value as follow:
Null Hypothesis (HO): p-values > 0.05 Alternate Hypothesis (H1): p-values <
0.05

Along with the considered hypothesis, C&K metrics and software quality are the
independent and dependent variables, respectively. At 95% confidence level, the
p-values of each internal quality metric generated from pair-wise t-test are shown
in Table 5.7. It can be observed from this table that the p-values of all C&K metrics
are less than 0.05 which implies that the metric values of software version V3
generated after refactoring the code smells in prioritized order are statistically
significant than the values of V5. Thus, considering p-values of quality metrics,
we reject the null hypothesis (HO) with 95% confidence. This aforementioned
observation proves that code smells prioritization improves the quality and hence,

these smells should be prioritized to reduce the developer’s effort and save more

time.
Table 5.7: p—values of C&K metrics at 95% confidence level.
Datasets Cohesion | Coupling Complexity| Inheritance Size
LCOM CBO RFC WMC DIT NOC LOC
Xerces-J 0.0227 | 0.0267  0.0012 0.0024 0.0070  0.0055 | 0-0329
Log4j 0.0136 0.0154  0.0028 0.0037 0.0021 0.0018 | 0.0487
GanttProject| 0.0182 0.0273  0.0016 0.0025 0.0042  0.0037 | 0-0245
5.5 Summary

In this chapter, a novel code smell prioritization approach is proposed which ranks
the detected code smells based on three parameters namely versioning history,

code smell relevance and architectural relevance. By combining these parameters,
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a code smell score is generated which further assists in ranking the considered
code smells. The experimental results reveal that the proposed approach is more
efficient towards prioritizing the code smells. In addition, the impact of code
smell prioritization is also studied on cohesion, coupling, complexity, size, and
inheritance attributes by performing a case study as well as statistical testing.
The empirical evaluation proved that the eradication of smells as per their ranks

produces a better quality software.
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Chapter6

Conclusions and Future Scope

“Everything should be made as simple as possible, but not simpler.” By Albert Einstein

In this thesis, firstly, the fundamental concepts of code smells, code smell
detection process, need of code smell detection and code smell prioritization
were discussed. Later, a thorough review of literature regarding code smell
detection techniques has been done. This review was carried out on the basis of
three aspects namely, code smells detection using machine-learning techniques,
metaheuristic techniques and hybrid of both machine-learning and metaheuristic
techniques. Also, the-state-of-the-art in the field of code smell prioritization
was presented. Moreover, this thesis has presented a novel code smell detection
approach using J48 decision tree and SPOA algorithm. Furthermore, SPOA has
been also used with C5.0 algorithm called "C5.0-SPOA" for code smell detection.
Also, code smells prioritization approach along with a process analysing the
impact of code smells on software quality attributes was presented. Finally,
section 6.1 concludes the thesis and section 6.2 discusses the future scope of

work.

6.1 Conclusions

Code smells also called design defects, code anomalies or bad smells, are referred
to the symptoms of design issues which can further hinder the maintenance of
software system. Code smell handling is a major problem as these smells affect

the quality of software. These smells are unlikely to cause failure directly, but may
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do it indirectly. In general, they make a system difficult to change, which may
in turn introduce bugs. These code smell arises due to time and budget pressure
as developers try to fix the maintenance problems in a limited time. These use
shortcut methods or copy the code to other sections which leads to occurrence of
code smells. Moreover, the presence of these code smells can also increase the
maintenance cost, efforts, fault-proneness, defect-proneness, change-proneness
and decrease the comprehensibility and understandability of a project. Therefore,

the eradication of these code smells is very important.

The researchers have proposed large number of techniques to identify, prioritize
and refactor these code smells according to their harmful impact on software
quality. However, these existing techniques still suffer from several limitations.
Therefore, to identify their shortcomings, a review of proposed approaches was
carried out in the field of code smell detection and code smell prioritization.
Furthermore, the comparison among these approaches was carried out and their

shortcoming were highlighted as discussed in Section 2.4 of Chapter 2.

Based on identified research gaps, an efficient technique for code smell detection
was proposed, as described in Chapters 3 and 4. In this approach, decision tree
algorithm J48 was used to detect the code smells from Java OSS. In addition, code
smell examples were used to generate detection rules for J48. The performance
of the J48 has been evaluated on three considered datasets. The obtained results
proved that j48 was more efficient than other existing techniques as it identified
more code smells with 85% Precision and 77% Recall. But, it suffers from
the problem of automatically selecting the most significant set of metrics while
generating a decision tree. Therefore, to solve this issue J48 was hybridised with

SPOA algorithm and named as "SP-J48".

SPOA is based on seabirds called sandpipers, which can be found all over
the planet. The most important thing about the sandpipers is their searching

and attacking behaviors. They can make their natural round shape movement
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during attacking. These behaviors can be formulated in such a way that it
can be associated with the objective function to be optimized. These features
motivated us to towards formulating a new optimization algorithm. Further,
the hybridisation of the proposed SPOA with J48 proved to be more efficient
in detecting code smells with 88% Precision, 79% Recall, and 83% F,cqsure in

comparison to J48 and other existing techniques.

Furthermore, considering the advantages of C5.0 over J48, a new hybrid approach
called "C5.0-SPOA" was proposed to detect code smell from Java OSS. It can be
seen that C5.0 was fast, generate smaller trees and provides more accurate results
comparatively J48. The performance of C5.0-SPOA was evaluated on the basis of
three performance metrics. The obtained findings concluded that it outperforms

other existing techniques with 91% Precision, 79% Recall, and 83% F,cqsure-

In third objective of this work, described in Chapter 5, the proposed SPOA
approach was further extended to prioritize code smells for refactoring. The
proposed technique supports the prioritization of most critical code smells that
need immediate refactoring. Hence, the code smell prioritization was formulated
as an optimization problem to find the near optimal sequence of code smells

according to their critical effect.

A novel metaheuristic optimization approach was used to find the most critical
code smells sequences while prioritizing the most important, architectural relevant
and severe code smells according to developer’s preferences. The performance of
proposed approach was evaluated using three metrics namely, Estimated Effort,

Code Smell Correction ratio, and Severity of Fixed Code Smells.

An average of 38% of the total classes in each application were frequently
refactored in the previous versions. Out of those frequently refactored classes,
almost half of the classes were architecturally relevant. On an average, 19% of the
total classes in the current version for each sample application were architecturally

relevant. Nearly 85% of refactoring effort can be saved by prioritizing the classes
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based on the proposed approach and an average of 65% code smells gets corrected
with the proposed class prioritization approach. In addition, the severity of
every version was reduced with an average of 20 severity score. Overall, it
was concluded from the reported results that the proposed approach was able
to reduce developers effort by finding the severe code smells which in turn will

save developer’s time and maintenance cost.

Furthermore, the impact of code smells prioritisation on software internal quality
attributes have been analyzed. It can be analyzed from previous studies that the
code smell elimination has impact on internal quality attributes like cohesion,
coupling, complexity, size and inheritance. In this analysis, it has been verified
by analysing the impact of prioritization of five code smells on three Java OSS
namely, GanttProject, Log4j and Xerces-J. The impact was analyzed by considering
the three software versions: original version (V1), code smells removed in random
order (V2) and code smells removed in prioritized order given by proposed
prioritization approach (V3). These changes were analyzed in terms of C&K
metrics of all the versions to identify the relationship for the same with cohesion,

coupling, complexity, size and inheritance values.

Results of this analysis portrayed that for Xerces-J, code smells removed in the
order generated by our proposed approach decreases the values of LOC, RFC,
CBO metrics by 0.35%, 0.24%, and 0.65%, respectively. Whereas, with random
sequence, only 0.10%, 0.17%, and 0.35% reduction was achieved. In addition,
version V2 did not result in any change in cohesion and complexity whereas, these
quality attributes were significantly improved by employing our prioritization
approach. The inheritance attribute remained unchanged in both V2 and V3
versions. For Log4j, cohesion, complexity and inheritance remained unchanged
whereas, size and complexity of system got significantly reduced by our proposed
approach. For GanttProject, value of size and coupling got increased in version
V2 but reduced significantly by our proposed approach. Moreover, a pair-wise

t-test was performed to analyse the difference in quality metrics as a result of
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refactoring.

At 5% level of significance, it was concluded that code smells refactored in
prioritized order were statistically significant than the values of V2. Overall, we
concluded that the removal of code smells in prioritized order improved the quality
of Xerces-J, Log4j and GanttProject. Thus, code smell prioritization assists the
developers in producing better software and also save their effort and time thereby

further enhances their productivity.

Overall, this thesis can help the researchers and practitioners to understand
preliminaries of code smells, code smell detection process, reasons of code smell
occurrences, code smell disadvantages, need of code smell detection, code smell
prioritization and its need according to their harmful impact on software quality,
applications of machine-learning and meta-heuristic techniques in code smell

detection and prioritization.

In addition, the researchers can have a deep insight regarding the impact of code

smells on software quality before and after refactoring the code smells.

6.2 Future Scope

This research work achieved promising results with the proposed code smell
detection and prioritization approach. However, some challenges were identified
while carrying out this research work which could be considered for the future

work. These challenges are:

e An important future direction consists of adapting our approach to work
dynamically, i.e., metrics can be identified dynamically while the developers

are analysing the metrics values.

e Detection of code smells can be enhanced by using the knowledge from the
history of software changes. As reported in literature, classes involved in

design problems (e.g. code smells) are much more likely to change. For these
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reasons, the combination of static software metrics with historical software

metrics can be an effective manner to enhance the detection of code-smells.

The accuracy/performance of the proposed approach was carried out only
on a limited set of sample applications. Thus, a large set of applications can

be considered for further ensuring the accuracy of the results.

The study included open source Java applications for evaluating the
proposed approach. Hence, for generalization of the results, various
commercial and industrial applications can be used. Along with industrial
applications, the applications written in non-Java languages can be

considered in future.

The inclusion of feedback mechanism can be added in the algorithm, where
the developer can give feedback on the detection to improve the learning

model.

More hybrid code smell detection techniques can be proposed to gain better

results.

For code-smells detection, the performance of our approach depends on the
availability of code-smell examples, which could be difficult to collect. So to
consider more programming contexts, the base examples can be extended by

using additional badly-designed code.
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AppendixA

Benchmark Test Functions

This appendix provides the details of single-objective benchmark test functions

which are used in this thesis.

A.1 Unimodal Benchmark Test Functions

The detail description of seven well-known unimodal benchmark test functions

(F — F%;) is mentioned in Table A.1.

Table A.1: Unimodal benchmark test functions.

Function name Mathematical formulation Dim Range fmin
Sphere Model n(z) = Zl 17 30 [-100, 100] 0
Schwefel’s Problem 2.22 F(2)= El 11l +HZ 11l 30 [-10, 10] 0
Schwefel’s Problem 1.2 F3(2) =Y (X0, %)? 30 [-100,100] O
Schwefel’s Problem 2.21  Fi(2) = max;{|z],1 <i < N} 30 [-100,100] ©
Generallzed Rosenbrocs  py(2) = ¥ 11002141 — 22)2 + (51~ 1)) 30 [30,30] 0
Step Function Fs(2) = X% (|2 +0.5])2 30 [-100,100] ©
Quartic Function Fr(2)= Zf\;l iz} +random|0,1] 30 [-1.28,1.28] O
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A.2 Multimodal Benchmark Test Functions

The detail description of six well-known multimodal benchmark test functions

(Fg — I13) is mentioned in Table A.2.

Table A.2: Multimodal benchmark test functions.

Function name Mathematical formulation Dim Range fmin
Generalized Schwefel’s - N .
Problem 2.26 Fy(2) = Xims —zisin(V/]zi) 30 [-500,500]  -12569.5
Generalized Rastrigin’s o N 2 . )
A Fy(2) =>";_ [z —10cos(2mz;) + 10] 30 [-5.12,5.12] O
Function
- 1
Fio(2) = 72061‘]}( - OQ\/N Efvzl zf) —
Ackley’s Function 1 30 [-32, 32] 0
exp| 5 Zf\il COS(Zﬂ'Zi)) +20+e
Generalized Griewank o1 N o N % 30 -600. 600 0
Function Fi1(?) = 1000 Soim1 28 —I1,mq cos (ﬁ> +1 [ ) 1
— 71' . N—
Generalized Penalized 112(2) = N{msm(m”l) + Zi:ll(xi - D1+
Functions 10sin2(mzi11)] + (T — 12} + N u(24,10,100,4)
zi +
=1+ 1
k(z: —a)™ S
(zi ~a) o 30 [-50,50] 0
u(zi,a,k,m) =40 —a<z<a
k(—zi—a)™ 2z < —a
Fi3(2) :0A1{5i7l2(3ﬂ’21)+2£\;1(2i71)2[1+8in2(3ﬂ'2i+ .50, 50] 0

D]+ (zn — 1)2[1+sin?(2m2,)]} + Zfil u(z,5,100,4)
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A.3 Fixed-dimension Multimodal Benchmark Test
Functions

The detail description of ten well-known fixed-dimension multimodal benchmark

test functions (Fi4 — Fb3) is mentioned in Table A.3.

Table A.3: Fixed-dimension multimodal benchmark test functions.

Function name Mathematical formulation Dim Range Sfmin
) -1
lifllrelléfilosn Foxholes Fiy(2) = <r1 + 2325:1 . 2 : > 2 [-65, 65] !
500 I+ (2 —aif)®
10 . _ 11 Zl(b,2+b1‘22) 2 ~
Kowalik’s Function Pis(2) =32, |4 — 5—t—20 4 [-5, 5] 0.00030
= ) b? +biz3+ 24
Six-Hump ) = 422 2120 b L2642y — 422 4 4t 2 5,5 -1.0316
Camel-Back Function Fro(2) =421 2.1+ gel tam—dn s -5, 5] ’
2
. 5 1
o~ 91 9,90 _ .
Branin Function Fir(8) = <22 PR 6> 10 <1 87r> szt [-5, 5] 0.398
10
L Fig(2) = [1+ (21 + 22 + 1)2(19 — 1d2q + 322 — 1429 +
Goldstein-Price 62122 +322)] X [30 + (221 — 322)% x (18 — 3221 + 1222+ 2 [-2, 2] 3
Function 4829 — 362129 + 272%)]
Hartman’s Family Fig(2)=— Z?:1 ciexp(— Z?:l aij(z —pij)?) 3 [1,3] -3.86
Fyo(7) = = Yoi cieap(= 5y aij (2 — pis)?) 6  [0,1] -3.32
Shekel’s Foxholes - 5 T -1
F: =—>" X—0a;) (X —a; i 0, 10 -10.1532
Shekels 21(5) = =~ T2 [(X — 0i) (X~ a) T+ 4 10,10
Foa(2) = =30 [(X —ai)(X —ai)T +¢;] 4 [0, 10] -10.4028
Foz(2) = =1 0[(X —ag)(X —ai)T +¢] 7! 4 [0, 10] -10.536
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A.4 IEEE CEC 2015 benchmark test functions

The detail description of fifteen well-known composite benchmark test functions

(CEC —1—CEC15) is mentioned in Table A.4.

Table A.4: CEC 2015 benchmark test functions.

No. Functions Related basic functions Dim fmin
CEC -1 Rotated Bent Cigar Function Bent Cigar Function 30 100
CEC-2 Rotated Discus Function Discus Function 30 200
CEC—3  Shifted and Rotated Weierstrass Function Weierstrass Function 30 300
CEC—4 Shifted and Rotated Schwefel’s Function Schwefel’s Function 30 400
CEC -5 Shifted and Rotated Katsuura Function Katsuura Function 30 500
CEC—6  Shifted and Rotated HappyCat Function HappyCat Function 30 600
CEC-T7 Shifted and Rotated HGBat Function HGBat Function 30 700
CEC -8 Is)fﬁzt;iS:I?]fml:;tsa;iicﬁﬁﬁanded Griewank’s Griewank’s Function 30 800
Rosenbrock’s Function
CEC-9 igg:inand Rotated Expanded Scaffer's F6 Expanded Scaffer’s F6 Function 30 900
CEC —10 Hybrid Function 1 (N = 3) Schwefel’s Function 30 1000
Rastrigin’s Function
High Conditioned Elliptic Function
CEC —11 Hybrid Function 2 (N = 4) Griewank’s Function 30 1100
Weierstrass Function
Rosenbrock’s Function
Scaffer’s F6 Function
CEC —12 Hybrid Function 3 (IV =5) Katsuura Function 30 1200
HappyCat Function
Expanded Griewank’s plus
Rosenbrock’s Function
Schwefel’s Function
Ackley’s Function
CEC—13 Composition Function 1 (N = 5) Rosenbrock’s Function 30 1300
High Conditioned Elliptic Function
Bent Cigar Function
Discus Function
High Conditioned Elliptic Function
CEC—14 Composition Function 2 (N = 3) Schwefel’s Function 30 1400
Rastrigin’s Function
High Conditioned Elliptic Function
CEC—15 Composition Function 3 (N =5) HGBat Function 30 1500

Rastrigin’s Function
Schwefel’s Function
Weierstrass Function

High Conditioned Elliptic Function
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