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ABSTRACT

Improving a software system’s internal structure through regular refactoring is considered
vital for its long and healthy life. Refactoring is an endless process of quality
enhancement. It improves the readability, understandability, reusability, extensibility and
maintainability of the software system. However, despite its amenities, refactoring is not
readily adopted by software development teams in industry mainly due to the strict
project deadlines and limited resources. Hence, they look for optimal refactoring
recommendations that would incur minimal effort overhead while outputting decent
benefits in terms of enhanced software quality.
To this end, an approach is proposed in this study for identifying and prioritizing objectoriented software classes in need of refactoring. The proposed approach’s novelty is in
identifying the most change-prone as well as architecturally relevant classes and then
generating a class-wise rank based on the code smells information extracted from those
classes. The approach is evaluated on a sample of 1621 classes, 2358 code smell
instances distributed over 28 versions of four open source java systems. The results thus
obtained reveal that only 16% high priority classes contain up to 65% of code smells;
hence making such classes the prime refactoring targets. The proposed prioritization
scheme contributes through assisting developers in locating classes with the most
significant incremental refactoring opportunities.
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CHAPTER 1
INTRODUCTION
In modern day software development, maintenance and evolution are lifelines for the
success of software. As the software is modified, enhanced and adapted to the new
environment, the design of the software becomes more complex; hence lowering the
quality of the software. Moreover, these maintenance activities consume up to 90% of the
total cost of a typical software project [2]. The addition of new features, modifications in
the code for improving the overall quality, and correction of bugs are the major
contributors of those costs. Evolving software requires its design and code to be
optimized time to time in order to avoid any technical debt resulting from decaying of
such artifacts [29]. The decision over a given software change is critical and requires
expertise on the part of software developers. Software refactoring is a simple yet
effective approach that enables developers improve the design structure of software while
preserving its perceived external behavior [4]. So, in order to limit the maintenance cost
and improve the quality of the software system, ideally software companies try to
incorporate refactoring practices as an integral part of their development and
maintenance processes [29].

1.1 Refactoring
Refactoring is a widely recognized phenomenon that improves the internal design
structure of the object oriented software while maintaining its external behavior. The
term was initially introduced by William Opdyke in his PhD dissertation [52]. However,
it became more popular and practical with the publication of the book Refactoring:
Improve the Design of Existing Code by Martin Fowler in 1999 [4]. Refactoring follows
the basic principle of reorganizing and restructuring the classes, methods and variables in
order to allow future extensions and adaptations, so that the software can have better
reusability, understandability and extensibility.
William Opdyke [52] stated that it is easier to modify an object oriented program than
any other program. An object oriented program allows reusability and extensibility that
can be easily achieved by adding new classes or subclasses to the original classes. This
involves some design structural changes such as moving methods and variable between
the classes, extracting methods from the classes, etc. Such changes require a greater level
of abstraction among the classes present in the system. Hence, many structural changes
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are required to exploit the reusability benefits of the object oriented programs.
Refactoring facilitates such structural changes to the object oriented programs without
altering the external behavior. It, therefore, enhances the reusability, readability,
understandability, extensibility and maintainability of the system.

1.2 Refactoring Activities
Mens et al. [19] gave an elaborative overview of the existing work in the field of
software refactoring such as: refactoring activities, types of artifacts and much more.
They provided that the refactoring process includes a number of distinct activities. The
following activities are performed by the software team while applying the refactoring
process on a system.


Determine the code fragment where refactoring should be applied: This
includes the detection of code smells in the software. Code smells are the
symptoms which indicate the structural defects in the software. The term was first
given by Fowler [4]. Code smells are also known as code defects, design defects,
design anomalies or bad smells. In some cases, such design defects are introduced
by developers when they perform some activities in a hurry, for instance, when a
developer implements new features or corrects some errors during the
maintenance or development phase. The detection of code smells is the primary
activity of the refactoring process, thus it must be carefully detected and
monitored as the rest of the activities are planned and performed according to it.
Each code smell affects various software components like packages, classes or
methods. It is important to detect the corresponding software component that
needs to be refactored. Fowler has proposed a catalog of code smells that contains
the introduction to 22 code smells that are useful to identify the refactoring targets
in the software. It covers a wide range of software defects. For instance, the
Switch Statement code smell highlights a software coding defect where switch
statements indicate duplication in the source code; Shotgun Surgery code smell
indicates a deeper defect in software structure which shows that a slight change in
software component involves changing a sequence of various software code
modules.



Determine the appropriate refactoring(s) to remove the identified code smell:
This activity includes the identification of different solutions to correct the code
smell in the software. Restructuring of the software component(s) is performed to
Page 2
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remove the code smells. Fowler has proposed the corresponding refactorings to
resolve the identified code smells. He proposed 72 refactoring methods for
correcting the code smells.


Assure that the applied refactoring preserves software behavior: According
to the definition of refactoring, it is essential to ensure that performing refactoring
over software does not alter the external behavior of the system. The system must
provide same results for the input values given before and after applying
refactoring. This can be achieved by specifying the refactoring preconditions. For
example, to pull up a method ‘m’ to a superclass, it must be ensured first that it
does not conflict with the signature of other methods in that superclass.
The definition of behavior preservation sometimes depends on the domainspecific or user-specific concerns. The preservation of input-output pattern is not
sufficient to ensure the behavior preservation of the system. Thus, other aspects
of behavior must also be considered, such as:
For real time software, the most important factor concerned with behavior is the
execution time of the operations. Hence, it is essential that applying refactorings
should preserve all types of temporal constraints of the system.
1) For embedded software systems, essential aspects of behavior are memory
constraints and power consumption. Hence, refactoring must preserve such
aspects.
2) For safety-critical software, refactoring must ensure the preservation of safety
notions of the system.
The behavior preservation by refactoring can also be guaranteed with the help of
rigorous testing discipline. For instance, if one has a huge set of test cases for the
software and these entire test cases pass after applying the refactoring treatments
then this may be treated as good evidence towards behavior preservation by
refactoring. But sometimes some refactorings might invalidate the tests even if
the refactoring does not change the behavior of the system, since some tests may
rely on the structural design of the software which is modified on applying
refactoring.
The aspect of call preservation can also be used to guarantee the behavior
preservation. Call preservation ensures that all the method calls are preserved by
refactoring. Additionally, the semantic preservation can also be considered as a
Page 3
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behavior preserving notion which guarantees that refactoring preserves the
program semantics.


Apply the refactoring: After detecting the potential code defects in the software
and identifying the corresponding appropriate refactoring solutions, refactoring
treatments are applied to the software. Various automated and semi-automated
tools have been proposed for performing the refactoring solutions. Sometimes,
the developers make the final decision regarding the applied refactoring by
manually analyzing the software.



Determine the impact of refactoring on quality attributes of software:
Refactoring affects the internal and external quality attributes of the software.
External quality attributes such as reusability, extensibility, performance, etc.
Refactorings can be categorized in accordance of the quality attributes they affect.
By assessing the impact of refactoring on quality attributes, appropriate
refactorings can be applied to enhance the quality of software. To attain this, it is
essential to determine the impact of each refactoring on the software quality.
Some refactoring treatments raise the level of abstraction, some increase the
cohesion among classes, some remove the code redundancy, etc. Such an affect
can be assessed by determining the affect of refactorings on the internal quality
attributes such as size, complexity, cohesion and coupling.



Maintain the consistency among refactored source code and various software
artifacts: A wide range of software artifacts like requirements specifications,
architectural designs, UML models, design documentation, source code, test
suites, etc. are included in a software development. It becomes essential to
maintain the consistency among all the software artifacts, while refactoring any of
these artifacts. Consistency is also maintained within the same level of
abstraction. For instance, on applying the refactoring to the source code, the
corresponding unit test suites must be kept consistent. The consistency between
the source code and design models can be made by expressing refactoring as
graph transformations schemes. Such schemes are made as soon as the specific
code fragment modifies and are then applied to the design models. The
phenomenon of change propagation can also be applied to maintain the
consistency between several software artifacts. This phenomenon is described as
a sequence of snapshots where each snapshot exhibit a specific moment, with a
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few software dependencies being consistent and others as inconsistent. Then the
snapshot is transformed to another snapshot by a single change in a software
component and its related dependencies.

1.3 Code smell detection techniques
Code smell detection is the primary step in the refactoring process. Code smells indicate
design problems in the source code. Research on code smell detection techniques has
started in 1999. It was Fowler [4] who introduced the concept of code smells along with
the corresponding refactoring techniques for their removal. Generally the code smell
detection techniques perform static code analysis practices to detect the code smell
instances in the source code. These techniques utilize source code metrics to detect the
code smells in the source code and calculate the metrics values from the source code
using some third party tools. They apply thresholds to these calculated metrics values.
But the same set of metrics cannot detect all the code smells as code smells have
different implementation variations. Hence, these techniques are unable to identify all 22
Fowler’s code smells.

Figure 1: Code smell detection process
Different strategies apply different techniques for code smells detections. For instance,
Duplicated Code can be detected by using diff techniques, or by using a set of metrics
that detects the exact code duplication. For Feature Envy, several metrics are used for its
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detection: Access to Foreign Data (ATFD), Locality of Attribute Access (LAA) and
Foreign Data Providers (FDP). These metrics and their thresholds are proposed by Lanza
and Marinescu [16] for its detection.
Despite of the strategies that identify code smells based on static code analysis
techniques, there are other methods that exploit historical information of the software to
detect the code smells [49]. They assume that many code smells are identified by how the
code components are changed over with time. For example, Feature Envy code smell
discloses itself when a class method frequently changes with methods of other classes
than those of its own class. Similarly, Parallel Inheritance code smell manifests itself
when more than two class hierarchies are evolved by adding code to all such classes at
the same time. Therefore, historical information also helps in detecting many code smells
by obtaining additional useful properties of the code components.

1.4 Need for prioritization
Software maintenance is the most tedious and expensive phase of a typical software
project [2]. So, in order to limit the maintenance cost and improve the software quality,
refactoring practices are considered as an integral part of the software development and
maintenance phase. Refactoring is the most widely accepted phenomenon when it comes
to the software quality enhancement.
However the ground reality is somewhat different. Not only are the developers expected
to regularly enhance the quality of software, they are also under a constant pressure to
spend most of their man hours adding new features rather than refactoring the source
code [12]. Sharma et al. [29] list some of the major hurdles in refactoring adoption in
industrial projects. These are fear of breaking code, getting management buy-in, deadline
pressure, lack of awareness and inadequate refactoring tool support. Also, the entire
process of refactoring comprises of multiple distinct activities that make it a tedious and
expensive phenomenon [19]. Consequently, various automated and semi-automated tools
have been proposed that support different refactoring activities which help in reducing
manual effort, time consumption and avoid errors; thus bringing down the overall
evolution cost and complexity. However, this said, automated tools such as those for
code smell detection yield numerous results which are quite hard to examine.
This scenario demands a balanced approach from the refactoring research community to
help developers introduce refactoring to the rest of the stakeholders as a significant tool
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for continuous quality [12] without adversely affecting project deadlines and cost.
Therefore, it becomes essential for the developer to follow the principle of prioritization
which states that one must know the difference between what is important and what is
urgent and must do what’s important first.
1.4.1 Prioritization of code smells
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 has
introduced 22 code smells, but there is a lack of guidance from him; thus it is challenging
for developers to decide which code smell should be refactored first. 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 prioritizing 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.
1.4.2 Prioritization of refactorings
Refactorings are applied to remove code smells in the software. For resolving a single
type of code smell, multiple refactoring activities may be applied. Generally, numerous
code smells are identified in software; hence developers apply multiple refactorings
frequently. This results in a refactoring sequence, that must be monitored to reduce the
improvement time and cost. Different refactoring selection leads to variations in number
of modified code components and different levels of software quality. The sequence of
refactoring is monitored manually by the software developers [25, 39, 18]. The
developers narrow the number of refactoring sequences by discarding such refactorings
that do not make any sense semantically as well as those that lead to similar results. To
achieve optimal software quality, greedy algorithm can be applied for determining the
most appropriate sequences of refactoring techniques from all possible sequences of
refactorings.
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1.4.3 Prioritization of classes
Refactoring techniques are applied to smelly classes to enhance to software quality. But,
it is not possible to refactor each and every class smelly class in the software with limited
resources and budget. Prioritizing the critically affected classes assists developers in
locating the software portions that need urgent refactoring treatments. This gives
developer an entry/starting point for refactoring. For prioritizing the classes for
refactoring, the criticality of the class is measured according to various factors. Some
researchers utilize static metrics like size, complexity and maintainability of the class to
categorize the critical classes as candidates for urgent refactorings. Some exploited the
object oriented design metrics of the class to indicate its fault-proneness, which makes it
a suitable refactoring opportunity. The number of code smells is also used to identify the
critical classes in the system. Some exploit the code complexity and historical data to
identify the prioritized order of classes for refactoring.

1.5 Motivations
Software maintenance task is very expensive and tedious. Hence, it is required to reduce
the effort spent on software maintenance so that the overall cost of the software project
can be reduced. This forms the main reason for the recent interest in refactoring
activities. Refactoring enhances the code quality which makes it more readable and
understandable; thus it becomes easier to implement new functionalities and correct the
code.
During literature survey, it was found that refactoring itself is a time-consuming and
expensive phenomenon. It is a challenging task for the developer to judge which classes
to refactor first, and what type of refactoring solutions to apply without measureable
evidence on the impact of refactoring. The following points constituted the motivations
for this work:


When only the source code of the software is available, the historical information
of the system can be used to predict the optimal candidates for refactoring.



The code elements (classes) that were frequently refactored in the past are more
likely to undergo refactoring in the future [6]. Conversely, if some code elements
remain unmodified over the previous versions, it would not be a top priority for
the developer to perform refactoring for their removal. Hence, such code elements
can be neglected while identifying top priority code elements for immediate
refactoring treatments.
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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 relevant strategies for
code refactoring.



Each code smell instance has its own severity score that facilitates developers to
immediately correct the most critical code smell [23]. Thus, relying solely on the
presence of code smells in a class, when identifying the critical classes is not
considered as a good practice. Classes should be ranked by determining the
severity of each code smell instance present in the class.

These points motivated us for this work so that we could exploit the information from
past versions, identify the architecturally relevant classes in the system, exploit the code
smell information and generate a list of high priority classes that need urgent refactoring
treatments.

1.6 Research Objectives
As a part of this dissertation work, following objectives are framed:
Objective 1:
To propose a class prioritization approach for finding optimal refactoring targets.
Objective 2:
To analyze the effectiveness of our proposed class prioritization approach in terms of
refactoring effort reduction and code smell correction.

1.7 Thesis Outline
A comprehensive discussion of refactoring, code smell detection techniques and need for
prioritization has been done in this chapter.
The rest of this thesis is structured as follows:


Chapter 2 provides the literature surveyed on code smell detection and
prioritization approaches. It also provides the summary of work done till now in
the related area.



Chapter 3 presents an in-depth explanation of the proposed class prioritization
approach.
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Chapter 4 discusses the research methodology and tools used for the
implementation of the proposed approach.



Chapter 5 presents the experimental results and analysis with a brief description
of the findings.



Chapter 6 concludes this study and highlights some possible future directions.
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CHAPTER 2
LITERATURE REVIEW
This chapter reviews various code smell detection techniques and tools. It also discusses
the prior work in prioritization of code smells, refactorings and classes. Section 2.1
presents the literature surveyed on code smell detection techniques. Various automated
and semi-automated tools for code smell detection are explained in Section 2.2. Section
2.3 discusses the literature related to code smell prioritization. Section 2.4 reviews
various refactoring sequencing approaches. Finally, the chapter ends with a discussion in
Section 2.5 on the work done in the area of class prioritization.

2.1 Code smell detection techniques
Many techniques and tools have been proposed in the related literature that support code
smell detection and suggest refactoring techniques for their removal.
Rasool et al. [28] presented a systematic literature review on state-of-the-art code smell
detection techniques and tools. They classified and compared various code smell
detection techniques and tools. They summarized different works of researchers utilizing
different strategies to locate the candidates for refactoring. These detection strategies
have been classified into seven categories.


Manual approach: These techniques provide several reading guidelines that are
used by the developers to detect the code smells in the software. These techniques
are error prone and time consuming as these are human centric. Travassos et al.
[31] formalized a set of manual inspection rules, termed as reading techniques,
which help in identifying defects in object-oriented systems. The proposed
reading techniques concentrate the developer on some aspect of the code design
with the aim that analyzers should achieve a high degree of coverage of code
smells. Such techniques are considered more reliable due to human involvement,
but they are time-consuming, developer-centric and also ineffective for analyzing
large systems.



Metrics based approach: Several code smell detection techniques apply metrics
based approach. All such techniques are similar in principle as they depend on the
source code metrics values to detect the design defects. But, they differ in the
type of code smells detected by such approach and how they apply the metric
values. Such techniques are applied for the identification of code smells that are
Page 11
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easy to detect. Such techniques provide more accurate results with proper
threshold values.
Dexun et al. [50] proposed an approach for the detection of Large Class in the
software based on cohesion metrics of the classes. Salehie et al. [58] generated a
metric based heuristic platform for the detection of code smells in object oriented
software. The metrics values are used to indicate the complexity in the code
components.


Symptoms based approach: To apply such techniques various symptoms or
notations are converted into code smell detection algorithms. The translation of
notations into code smell detection rules requires proper diagnoses of the source
code. A huge amount of interpretation effort is required to select the appropriate
threshold values. Tourwe et al. [70] proposed an approach for detection of code
smells utilizing the method of logic meta programming.
Munro [59] suggested that detecting the code smells is more a human intuition
process than the actual identification. He utilized predefined interpretation rules
to define the software metrics and obtained results that are applied to the source
code for the detection of code smells. The interpretation rules exploit the
characteristics of the code smells. Moha et al. [60] introduced an approach that
automates the generation of code smell detection algorithm from several
specifications that are written with the help of domain specific languages. A
thorough domain analysis is performed to define the specifications and language.
It also provides the specification of different code smells using high level
abstractions.



Probabilistic approach: Mathur [61] and Rao et al. [55] proposed an approach
for detecting code smells by applying fuzzy logic inference rules. These rules
comprise relationships among classes and their quantitative properties. Mathur
[61] introduced statistical analysis based approach for the detection of five code
smells. He provided support for refactoring Data Class and Long Method code
smells. Khomh et al. [8] converted the existing detection rules into a probabilistic
model using bayesian belief networks to locate the instances of Blob classes in
the software. Rao et al. [55] applied a quantitative technique based on the concept
of design change propagation for the detection of Divergent Change and Switch
Statements instances.
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Visualization based approach: Some researchers utilized the semi-automated
approaches for detecting code smells in the software. Murphy et al. [21]
introduced Stench Blossom, a code smell detection tool that represents the
presence of code smell through an interactive visualization. The tool facilitates an
ambient view that is displayed all the time whenever the developer is coding. It
shows the strength of the code smells in the developer’s current code. The
developer can get the details about the code smells and smelly code components
by clicking over the petals. A static analysis engine always runs in the
background to facilitate the ambient view to the developer. Simon et al. [46]
proposed a metrics based visualization approach for code smell detection.
Carneiro et al. [47] introduced an approach for the detection of God Class and
Divergent Change code smells by using source miner visualization tool.



Search based approach: In search based detection techniques, machine learning
algorithms are applied. Such techniques learn from standard code designs and
analyze how source code deviates from the standard designs. Kessentini et al.
[63] proposed an automated approach for the detection and removal of various
code smells. They defined rules for code smell detection. These rules are
generated as a combination of metrics and thresholds. They utilized the
information of previously inspected projects related to code smell detection and
generated new detection rules with the information. Hence, the detection rules are
generated by an optimization technique that utilizes the available defects
examples. They applied genetic programming for the extraction of rules.

Figure 2.1: Diagram showing generic search based approach
Sahin et al. [62] introduced a novel approach that treats the generation of code
smell detection algorithm as a bilevel optimization problem. The upper level
problem is used to generate the detection rules by using the software metrics
values that ensures the maximum coverage of the code smell base. The lower
Page 13

Literature Review
level expands the number of artificial design defects that are not detected by the
rules generated by the upper level. The main target of the bilevel approach is that
formalization of the code smells detection rules is not restricted to only the code
smell examples that are detected manually by the developers, but it supports the
identification of new code smell behavior too that is different from those of the
previous examples.


Co-operative based approach: This forms a new technique for code smell
detection. It improves the accuracy and efficiency of the other detection
techniques. Abdelmoez et al. [51] used such a technique that applies two code
smell detection algorithms in parallel to fasten the identification process and
reduce the search space for refactoring opportunities. Both algorithms follow
genetic programming principle.

Other than these, there is analysis approaches for code smell detection. It includes the
analysis of the source code that needs to be refactored. Static analysis methods are used
in most of the code smell detection tools. It does not facilitate the detection of all of the
Fowlers’ code smells. Ligu et al. [74], Fard et al. [75] and Liu et al. [73] used the
combination of static and dynamic analysis techniques for the detection of code smells.
Semantic analysis method also support the structural analysis for the detection of code
smells with improved accuracy.
2.1.1 Historical analysis method
Alongwith the source code analysis, historical information is also exploited for code
smell detection.


Raitu et al. [27] proposed an approach that involves examination of different
versions of software’s source code over its lifetime to identify the code smells in
the current version. It enhances the accuracy and efficiency of detection
mechanism.



Palomba et al. [49] applied historical analysis approach on the information
extracted from the software versioning system. They assumed that many code
smells are identified by how the code components are changed with time. They
identified five code smells: Divergent Change, Shotgun Surgery, Parallel
Inheritance, Feature Envy and Blob. They observed that some code smells are
intrinsically identified by the source code change pattern over the past versions.
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2.1.2 Identification of architecturally relevant code smells
In 2009, Garcia et al. [5] proposed a new aspect for code smell detection. They discussed
the limitations of the conventional code smell detection tools and techniques as these
detection strategies aim to identify the occurrences of a specific code smells only.
However, this hinders their support for the detection of architecturally relevant code
smells.


Arcoverde et al. [64] presented four different heuristics that utilize different
characteristics of the source code such as error density, anomaly density, change
density, and architecture role of the code smells to locate the architecturally
relevant code smells. The change density heuristics follows the assumption that
the code smells present in the unstable code components are more probable to be
architecturally relevant. The error density heuristic is based on the principle that
code components with high error density are considered to be highly critical from
the architectural point of view. The anomaly density heuristic assumes that if a
high number of code smells are associated with a single code element then it
indicates a deeper maintainability issue. The architecture role heuristic utilizes the
architecture information to identify the role each class plays in the system. It is
used to rank the classes according to their architecture role. The significance of
the architecture role represents the rank of the class.



Macia et al. [14] proposed architecture sensitive strategies for the detection of
architecturally relevant code smells. It focuses on how different code component
realizes the architectural concerns entirely modularized in architectural elements.
This information facilitates the identification of code components that have high
coupling with the architectural elements. The proposed strategies also consider
how different code elements realize the widely scoped architectural concerns.
This information enables to examine which code elements realize several
architectural concerns. These strategies are used to define different architecture
sensitive metrics such as Number of External Elements (NEE), External Fan-Out
(EFO), etc. These metrics values with proper thresholds are used to detect the
architecturally relevant code smells in the software system.



Guimaraes et al. [65] introduced two sets of blueprint based detection heuristics
for identification of critical code smells. The heuristics exploits the architectural
information available in the software blueprint to detect the architecturally
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relevant code smells. A software’s architecture blueprint is an informal model
that is designed to avail the high level abstraction view of the system.


Oizumi et al. [22] proposed a novel approach for the identification of
architecturally relevant code smells. They found that each architecture code smell
is realized by more than one code smell. Thus it is essential to analyze different
code smells agglomerations and the relationship between these agglomerations
and architectural problems to detect the architecturally relevant code smells. They
classified the code smell agglomerations into four different topologies based on
their characteristics: intra boundary, cross boundary, hierarchical and concern
based. A detection strategy is used by a single topology to consider various code
elements and their corresponding relationships. The relationships among the code
elements can be dependencies, common concerns or hierarchies.
Intra boundary agglomeration: This agglomeration is consisted of smelly code
elements that are associated with the same architecture component. The smelly
code elements that are syntactically related or those which contain similar code
smells are considered as architecturally relevant code elements under this
topology.
Cross boundary agglomeration: This agglomeration is composed of smelly
code elements that are syntactically related but are associated with the
implementation of different architectural components.
Hierarchical agglomeration: This agglomeration is consisted of smelly code
elements that lie in the same inheritance tree. Here the code elements have same
type of code smells. It follows the assumption that the occurrence of similar code
smells in different code elements indicates a deeper problem in the hierarchy.
Concern based agglomeration: This agglomeration is consisted of smelly code
elements that are interrelated through the aspect of architectural concerns.
The results of this study concluded that code anomaly agglomerations indicate
most of the architecture problems. The results confirmed that the agglomerations
detection technique gives better results than single code anomaly to represent the
presence of architectural problem.
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2.2 Code smell detection tools
Manual detection of code smells instances was very tedious and error prone task. To
overcome his problem, various automated and semi-automated code smell detection tools
have been proposed in the literature. Comparing these code smell detection tools based
on the produced results is a challenging job, since they detect different kinds of code
smells and are built for different languages and environments. The main aim of code
smell detection techniques is to perform refactoring treatments to the identified code
smells, but most of these tools are only restricted to code smell detection. Mostly, these
tools exploit different object oriented software design metrics to identify the code smells
in the software. But these metrics were used to measure the software quality attributes;
hence researchers presented new code metrics for code smell detection [53, 54]. A brief
introduction of some of the automated code smell detection tool is as follows:


Checkstyle: It is a static source code analysis tool that detects the presence of
Large Class, Long Method, Duplicated Code and Long Parameter List code smell
instances in the software [40]. It assists the software developers to write Java
programs that follow the coding standards.



DÉCOR: Moha et al. [20] presented this tool that utilizes a Domain-Specific
Language (DSL) for identifying code smells using high-level abstractions. They
implemented their approach in the DÉCOR platform for software analysis.



JDeodorant: Tsantalis et al. [34] introduced this tool that identifies five code
smells, namely Feature Envy, Type Checking, God Class, Duplicated Code and
Long Method, and resolves them by applying appropriate refactorings. Extract
Class refactorings are applied to correct God Classes. JDeodorant identifies these
refactoring opportunities by using clustering techniques and supports the
automatic correction of code smells. It removes the Feature Envy code smell
instances by applying Move Method refactoring solutions [68]. For Type
Checking code smell, it applies Replace Conditional with Polymorphism or
Replace Type Code with State/Strategy refactorings [34]. JDeodorant is one of
those limited tools that supports the identification of Type Checking bad smells
and resolves them too.



PMD: It analyzes the source code of the Java programs and detects the potential
bugs in the software like dead code, switch statements, empty try/catch and
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duplicated code. It supports the identification of Large Class, Long Method, Long
Parameter List and Duplicated Code code smells.


iPLASMA: It is an integrated platform for software quality evaluation. It detects
the presence of several code disharmonies that are classified into collaboration
disharmony, classification disharmony and collaboration disharmony. The
detailed description about these disharmonies is given in []. Several code smells
can be expressed as disharmonies such as God Class, Feature Envy, Duplicated
Code and Refused Parent Bequest.



inFusion: The aforementioned tools do not acquaint the developer with any kind
of information regarding severity of code smells or impact of the code smells on
quality attributes. inFusion [67] is a widely accepted code smell detection tool
that facilitates the calculation of more than 60 software metrics. It supports the
identification of more than 20 design flaws and classifies them according to a
severity score. These scores are used to indicate the negative impact of the code
smell on the overall quality of the software. On combining these scores, an
overall deficit index is measured for the entire software. The index exploits the
encapsulation, coupling, cohesion and complexity metrics values of the software.
It is the commercial evolution of iPLASMA.



Stench Blossom: Murphy-Hill et al. [21] announced Stench Blossom, another
code smell detection tool that presents the code smell severity as a visual effect
on a petal corresponding to a code smell. The length of the petal defines the
strength of the code smell instance. Its highly interactive visualization
environment provides the developer a high level overview of the design defects in
their source code. It is an Eclipse plug-in and is able to detect eight code smells.



Hist-Inspect: It is a standalone tool that utilizes the history-sensitive strategies to
detect code smells in the software [66]. It provides three functionalities that help
in code smell detection:
1) History sensitive metrics
2) Realization of evolution graph
3) Definition of detection strategies
The evolution graph helps in better understanding the variations in the source
code property, like lines of code, over the different versions. It also facilitates the
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visualization of the behavior of multiple software metrics over the software
versions.
Various history sensitive metrics have been created in this tool, which are used in
defining the code smell detection strategies. Such metrics are used to measure the
evolution of various static features such as cyclomatic complexity, cohesion
metrics, coupling metrics, etc.
It uses a domain specific language to facilitate the declarative classification of
several strategy configurations. The domain specific language is also used to
easily define and tune the detection strategies. Thus, it assists the developers and
researchers to easily assess the history sensitive detection strategies.


SCOOP: It is an Eclipse plug-in that detects architecturally relevant code smells
in the software [13]. As compared to the traditional detection tools that aim to
identify the occurrences of an individual code smell, it identifies the multiple
occurrences of code smells and analyzes their relationship to detect
architecturally relevant code smells. It utilizes the properties of architecture-code
blueprints (traces) to detect the code smells. It exploits the real mappings between
code components and architectural concerns. The architectural concern is the
system’s property that is attained by the architecture element. It uses a domainspecific language, facilitating the definition of detection strategies and their
thresholds according to the developers.

Figure 2.2: Methodology used in SCOOP tool
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The language also supports different architecture sensitive metrics. SCOOP takes
as input the measures the files of the software. This file must be named as
metrics.csv and must be placed in the root directory of the software project. The
file contains the different metrics values as well as the architecture code traces.
The metrics values are generated by the widely used source code analyzers such
as Together [78] whereas architecture code traces are generated by modeling tools
such as Concern Mapper [77].
To define the new detection strategies changes can be made in the file named
strategies.rule that is placed in the plug-in folder of the tool. The user can define
new strategies as well as threshold values.

2.3 Code smell prioritization
The literature proposed several approaches to prioritize code smells in software
applications.


Boogerd et al. [80] proposed an approach for prioritizing the results generated by
automatic code review tools. They determined the execution likelihood of the
code fragments using a static profiler and used it to prioritize the results.



Steidl and Eder [30] introduced a prioritization scheme for the code smells, Code
Clones and Long Method, which are easy to refactor, based on expected low costs
for removal. For both of the code smell types, they utilized different heuristics to
identify where refactoring should be applied. Each heuristic provided different
criteria to sort the recommended refactoring targets.



Vidal et al. [36] presented a semi-automated approach for prioritizing the code
smells. They developed a tool, JSpIRIT that provides a ranking of code smells
based on three different criteria: previous component modifications, relevance of
the code smells according to the developer and modifiability scenarios of the
system.

2.4 Sequencing of refactoring opportunities
Many researchers have focused on the interrelationship and dependencies among
refactoring solutions to produce an optimal refactoring sequence that consumes minimal
resources while performing refactoring operations on the software.


Piveta et al. [25] proposed an approach to generate a sequence of the refactoring
techniques in order to enhance the quality of the software. They described that the
relative significance of quality attributes over the others, and significance of
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refactoring patterns in regard to the quality attributes can be expressed by
utilizing the Analytical Hierarchy Process (AHP). AHP is a method that finds
optimal solution by evaluating different alternative solutions of a given problem.


Harman et al. [69] applied the concept of Pareto optimality to search based
refactoring. Multiple runs of such search based refactoring technique yielded a
pareto front that represented an optimal sequence of refactorings.



Wongpiang et al. [39] applied greedy algorithm to identify the optimal sequence
of refactoring techniques from all the possible refactoring techniques. They
assumed that identifying the optimal sequencing refactoring techniques usage
could

enhance

the

software’s

maintainability.

To

measure

software

maintainability for each refactoring technique usage paths, they targeted three
metrics: Weighted Method per Class (WMC), Lack of Cohesion in Method
(LCOM) and Coupling Between Objects (CBO). For CBO, they considered
Afferent Coupling (AC) and Efferent Coupling (EC).


Meananeatra [18] proposed an approach that presents an optimal refactoring
sequence for improving software maintenance. They considered four criteria to
determine the optimal refactoring sequence: the number of corrected code smells,
maintainability of the software, the length of the refactoring sequence and the
number of changed code elements. She proposed a refactoring sequence with six
refactorings for removing the Long Method code smells in the software.

2.5 Prioritization of classes for refactoring
There is limited research work in the field of prioritization of classes that are in need of
refactoring.


Zhao and Hayes [37, 38] made the first attempt towards it. They prioritized
classes based on a weighted maintainability rank for each class containing bad
smells utilizing different class characteristics such as size, complexity, etc. They
calculated several metrics such as Halstead metrics, Weighted Methods per Class
(WMC), maintainability index, etc. to generate a weighted rank for classes or
packages of the system that need urgent refactoring. They assumed that the
primary task of identifying refactoring opportunities is to locate code fragments
that demand more maintenance effort than others. Estimated maintenance effort
can be determined by calculating the size and complexity of the source code.
Additionally, coupling of a class is also considered as an important factor that
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determines the maintenance effort of the software. Hence, direct and indirect
coupling of the software classes and packages are also used to measure the
interdependency. Moreover, size measures are also very useful in estimating the
maintenance effort. Thus, metrics such as Weighted Method per Class (WMC),
Number of Classes (NC), Lines of Code (LOC) and Number of Public Methods
(NPM) are used.


Kosker et al. [11] treated the prediction of candidate classes for refactoring as a
data mining problem. They applied weighted naïve bayes algorithm to predict the
classes in urgent need of refactoring. Since refactoring reduces the software
complexity by enhancing the internal software quality, they deduced a class
prioritization approach based on the software code complexity. They analyzed the
historical information of the classes with an assumption that if the complexity of
the classes decreases from the start of the project, then such classes are treated as
refactored classes. They applied weighted naïve bayes algorithm on those
refactored classes for automatic prediction of prime classes for refactoring.



Malhotra et al. [15] introduced a metric Quality Depreciation Index Rule (QDIR),
for each class, which measures the quality of a class based on the number of bad
smells contained in the class and object oriented metrics value of the class itself.
QDIR = 1/2 (Base of Bad Smell) + 1/2 (Base of Metric)
Both of the factors are given equal weightage to determine the quality of the
software system. The QDIR prioritizes the software classes as Critical, High,
Mild and Low. The classes with critical and high severity levels are treated first.
Four code smells, Feature Envy, Type Checking, Long Method and God Class are
identified using JDeodorant tool and widely known Chidamber and Kemerer
metric suite is used to determine the object oriented metrics values for each class.
C&K metrics suite includes six metrics: Weighted Methods per Class (WMC),
Response For a Class (RFC), Coupling Between Objects (CBO), Lack of
Cohesion of Method (LCOM), Depth of Inheritance Tree (DIT) and Number Of
Children (NOC). These metrics are calculated with the help of CKJM tool [76].
For calculating the metrics values for each class, each metric is calculated and
compared with a predefined threshold value for the class.
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2.6 Chapter Summary
This chapter presented the literature surveyed regarding different code smell detection
techniques and tools. It discussed the different prioritization approaches proposed in the
literature, for code smells, refactoring techniques and classes.

Page 23

CHAPTER 3
PROPOSED APPROACH
This chapter outlines the proposed class prioritization approach. Section 3.1 presents an
analogy for the approach. Section 3.2 describes the major steps involved in the proposed
approach. Finally, the chapter concludes with an introductory example to the approach in
Section 3.3.
This chapter explains the proposed approach for determining and prioritizing the classes
of the system that are in urgent need of refactoring treatments. The proposed class
prioritization approach follows a three step process:
1) Analyzing the history of refactorings performed on previous software versions
2) Analyzing the architecture relevance of the classes of the current software version
3) Generating a class-wise rank based on the intensity and frequency of code smells
present in the selected classes.
Steps 1) and 2) are executed in parallel; the former works on all software versions, and
the latter works only on the current software version. The proposed approach aims at
finding the significant (architecturally) classes that contain most of the design defects,
from an exhaustive list of software classes. Additionally, it also generates the prioritized
order of the classes that should be considered while applying refactoring treatments.

3.1 An Analogy
Let us assume that there is a city with a large population wherein people are infected with
several diseases. The city administration is responsible to cure the people with limited
medical facilities given a limited time frame. Such a situation requires a careful
prioritization of the patients in need of medical treatment with the ultimate aim to keep
the city healthy and progressing.
The first step toward achieving this goal is to analyze the medical history of the entire
city population alongwith the past overall growth of the city. This enables filtering out
those citizens who did not suffer from frequent illness. This makes it easier to now
concentrate on patients who not only are more susceptible to infections, but have also
been treated frequently in past for various medical ailments. Further, the preference for
the treatment should be given to those citizens who are crucial to the rebuilding of
society. Hence, all the citizens who have a history of frequent medical treatments as well
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as are crucial to the growth of the city make the final cut. These patients are then ordered
depending on the severity and types of diseases. Figure 3.1 demonstrates this
motivational ‘city analogy’ used in this work.
A possible mapping between various constructs used in our approach and the city
scenario presented above is given below:
City – Software application
Citizen – An application class
Disease/infection – Code smell in a class
City administration – Software developers/maintainers
Medical records – Versioning records
Medical Treatment – Refactoring
Cruciality of people – Architectural-relevance of the class

Figure 3.1: The motivational city analogy
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3.2 Proposed Approach
This section explains the proposed approach for determining and prioritizing the crucial
classes of the system. There are three major steps involved in the proposed class
prioritization approach.
3.2.1 Analysis of Versions (AV)
Examining the previous versions of a software familiarizes the developers with the
classes that have been refactored frequently. These classes can be categorized as changeprone classes [10]. The remaining classes that did not experience refactoring in any of the
previous versions are considered to be least harmful to the system; so we filter out such
classes at this step. The information about such classes can be retrieved from the software
version control system that records the changes made to the code. But, sometimes this
refactoring history may not be available or up to date. Hence, such information can be
collected using automated software tools such as RefactoringCrawler [71], Ref-Finder
[72], etc. that detect the refactorings occurred between two subsequent software versions.
3.2.2 Analysis of Architecturally relevant Classes (AC)
Another major factor that should be considered while identifying the candidates for
refactoring is the extent to which they are harmful to the system’s architectural design.
Architectural problems have more prominent/detrimental impact on the quality and
lifecycle of the system than other traditional code smells [5]. Therefore, those classes that
contain code smells having a direct relationship with such architectural problems [22] are
selected. The current version of the software is analyzed to locate the architecturalrelevant classes as they are considered to be the pillar classes of the software design, and
a delay in their improvement can cause deteriorating effects on the system’s quality.
The data from the above two steps are assembled and the common set of classes that are
architecturally relevant as well as frequently refactored, are given as input to the third
step. Rest of the classes are discarded.
3.2.3 Generation of Rank (GR)
Next, these crucial and fault-prone classes of the system are ordered according to their
impact on the system’s quality. Class Scores are generated for the shortlisted classes on
the basis of following parameters/metrics:
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Severity score of class, Sc: It measures the negative impact of a class ‘c’ on the
quality attributes of the system. It is measured by exploiting several software
metrics like size, cohesion, coupling, complexity, etc [1].



Number of code smells instances present in a class, Ic(xi): It gives the number of
occurrences of a specific code smell in a class, where code smell is denoted by
‘x’. Here, ‘i’ denotes the number of different types of code smells. For example,
if we consider only God Class, Shotgun Surgery and Feature Envy code smells in
a class, then value of ‘i’ ranges from 1 to 3.



Severity score of a particular code smell for a particular class, S c(xi): Each code
smell instance has a different effect on the system design [23]. This score
represents the relative negative impact of the code smell instances.



Frequency score of the class, Fc: Everytime a class is found to be refactored
atleast once when going from one software version to the subsequent software
version, its frequency score is incremented by 1. This score is calculated during
the AV phase.

The score of a class is given by Equation (1).
Class Score = Fc * Sc *∑ (Sc(xi) * Ic(xi))

(1)

Once class scores are generated, all these classes are sorted in decreasing order of their
scores. The larger value of the Class Score provides a lower rank to the class signifying
that among all the crucial classes, this class is the most severe so it must be refactored
first. We assigned a threshold to the ranks to cut out the undermost classes of the sorted
list to further reduce the priority list for refactoring.

3.3 An Introductory Example
In this section, a hypothetical example is illustrated with assumed data values for better
understanding of the proposed approach.
Consider a software application S that contains ten classes and has four previous
versions, namely S1, S2, S3, and S4. The current version of the application is S5 that
needs to be refactored. The constituent classes in each of the five versions are as follows:
S1 – C1, C2, C3, C4, C5, C6
S2 – C1, C2, C3, C5, C6, C7, C8
S3 – C1, C2, C3, C5, C6, C7, C8
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S4 – C1, C3, C5, C6, C7, C8, C9, C10, C11
S5 – C1, C3, C5, C6, C8, C9, C11, C12, C13, C14
All the steps of the proposed approach for this example are shown in Figure 3.2. Here,
diamond (

) represent various software versions. The dotted arrows represent the

execution of refactoring activities between two subsequent software versions. The classes
denoted along solid arrows (

) are the ones that are refactored while versioning of the

software. Rectangle ( ) symbolizes the actual steps of the proposed approach.
During the analysis of software versions, the refactoring history of each class present in
S5 is analyzed. A matrix is generated containing all 10 classes of S5 which examines
each subsequent version change for calculating the class frequency score. It is found that
classes C1, C3, C5, C6, C8 and C11 are refactored atleast once so these classes are stored
in a database and the rest can be discarded at this step. Then, after analyzing the classes
of S5 classes C1, C3, C6, C9 and C11 are found to be faulty as well as relevant from
architecture point of view. Hence, these need to be considered for further examination.
As an intermediate step, a common set of classes between previously refactored and
architecturally relevant classes is derived, leaving only four classes. Finally, ranks are
generated for these classes based on the four parameters as defined in Section 3.2.3.

Figure 3.2 : Structural representation of introductory example for approach
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3.4 Chapter Summary
This chapter presented the proposed approach for prioritizing the classes that are in need
of urgent refactoring solutions. An analogy and an introductory example for the proposed
approach is also sketched to make a better understanding of the proposed class
prioritization approach.

Page 29

CHAPTER 4
METHODOLOGY AND IMPLEMENTATION
This chapter explains the procedure that was followed to implement and evaluate the
proposed prioritization approach. It describes the sample applications and the
experimental methodology followed by the evaluation metrics of the proposed class
prioritization approach.

4.1 Sample Applications
An intensive search was carried out for the selection of the sample applications. The
selection criteria included the following parameters:


Availability of Stable Versions: The foremost criteria followed for selecting the
applications was the availability of different stable versions. The approach
performs an elaborative study on the refactorings that an application underwent
over a period of time. Hence, availability of appropriate number of software
versions was required. Sourceforge and Github repositories were searched for
assuring the availability of distinct versions.



Open Source: The open source nature of the software applications was the
second criteria. Open source refers to the software whose source code is freely
available to the general public. By using open source systems, replication of study
result becomes easier. It is better than proprietary software as they does not
provide the source code and involves cost too.



Variable Size: For the selection of sample applications for this study software
applications of different sizes in terms of KLOC, and number of classes were
searched. Software applications with different number of classes ensure the
generalization of the results for the proposed class prioritization approach.



Java Applications: Java is widely used software platform nowadays. It exhibits
several inherent features like object-oriented, robustness, ease of use, crossplatform capability, etc. that makes it popular among the software developers.
Java applications have become ubiquitous which makes it easy to find java based
real world applications.
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Sample applications chosen on the basis of the above discussed selection criteria are
described as follows:


HealthWatcher: HealthWatcher is an information system that allows the citizens
of a region to register their health related issues and complaints in public
institutions. 10 versions of Healthwatcher are available at [42]. All of these
versions to perform an elaborative analysis during the approach implementation
are selected.



orDrumbox: orDrumbox [43] is a software drum machine and audio sequencer
that contains several features for sound generation and was recently used in a
similar work (regarding prioritization of classes) [15]. It is a free multiplatform
application that creates songs and provides automatic song composition features.
Three stable versions (0.9.08, 0.9.22 and 0.9.23) of orDrumbox are considerd.
These versions are available at Sourceforge repository. Two unstable versions of
orDrumbox are also available but they are discarded according to the selection
criteria.



GanttProject: GanttProject [44] is a cross-platform desktop application for
project management and scheduling. It is mature application that has been
developed in 2003 by Alexander Thomas. It is written in Java and it runs on any
machine that has Java runtime version 7 or higher. GanttProject versions are
available at Github repository. We selected a total of 9 versions for GanttProject.
All of these versions are stable.



JHotDraw: JHotDraw [45] is a GUI framework for structured and technical
graphics. It is a medium sized application that has been widely considered in the
previous works. It has been actively developed over the past ten years. Hundreds
of versions are available for JHotDraw but only six versions are selected for the
approach analysis in this study since these versions are recently developed.

Table 4.1 provides the general characteristics of the selected sample applications such as
total number of classes present in the software and Kilo Lines Of Code (KLOC) of the
source code. The table also reports the total number of code smell instances associated
with 7 code smells (given in Section 4.2.3) present in the different software versions. In
all, 28 versions for 4 software systems with multiple KLOC are analyzed.
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Table 4.1: Characteristics of Sample Applications
Application/ Versions

#Classes

# KLOC

# Code smell instances

V1

88

8

37

V2

92

8.5

37

V3

104

9.1

41

V4

107

9.3

41

V5

108

9.6

40

V6

112

9.7

42

V7

116

9.8

44

V8

120

9.9

43

V9

132

10.5

53

V10

135

11.5

60

V 0.9.08

195

32

404

V 0.9.22

206

34

422

V 0.9.23

217

35

458

V 2.6.1

499

64

541

V 2.6.2

500

65

596

V 2.6.3

504

65.5

584

V 2.6.4

507

66.7

601

V 2.6.5

510

67.3

623

V 2.6.6

511

68

599

V 2.7.0

517

69

641

V 2.7.1

518

69.4

653

V 2.7.2

521

69

668

V 7.1

528

93

1003

V 7.2

699

123

855

V 7.3

717

125

947

V 7.4

718

126

986

V 7.5

753

133

1172

V 7.6

753

135

1172

HealthWatcher

orDrumbox

GanttProject

JHotDraw
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4.2 Tools Used
We used several tools for carrying out the implementation of the proposed approach.
Ref-Finder, Organic, JSpirit and inFusion tools were used in different steps of the
approach.


Ref-Finder: Ref-Finder [9] is an Eclipse [79] plug-in that identifies complex
refactorings between two versions of software using a template-based refactoring
reconstruction approach. It utilizes a logic-meta programming approach to locate
complex refactorings between two subsequent software versions. It supports sixty
three types of refactoring activities stated in Fowler’s catalog [57]. It has an
overall precision of 79%. It takes two subsequent software versions as input and
automatically detects the refactoring instances occurred in the base version by
utilizing the catalog of template refactoring rules. It provides the refactoring type
and the place where refactoring has been done. We collected the classes that
undergone refactoring(s) from this tool.

Figure 4.1: Ref-finder showing refactoring occured between two subsequent
software versions


Organic: Organic [56] is an Eclipse [79] plug-in, which is basically a prototype
tool which was implemented to provide support for identifying the architecturally
relevant design defects in the source code of the system. It is used to study the
relationship among code anomaly agglomerations. It provides the agglomerations
as well as an anomaly view for the software system. In the agglomeration view, it
presents the code anomalies based on different topologies such as ConcernOverload, Hierarchical, Inter-class, Intra-component and Intra-method. In the
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detail section of the tool, some relevant information is also provided, such as a
brief description of agglomeration, information about different the number and
types of code anomalies, a graph representing the relation among the code
anomalies using a dependency graph and references to the actual code
components that are affected by the agglomeration.

Figure 4.2: GUI of Organic tool showing agglomerations view

Figure 4.3: GUI of Organic tool showing expanded tree into the agglomerations
view
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JSpIRIT (Java Smart Identification of refactoring opportunITies): It is an
Eclipse [79] plug-in that helps in detecting and prioritizing the code smells
present in a software application [35]. It follows the detection strategy given by
Lanza and Marinescu where each code smell is expressed as a rule that merges
different software metrics such as Tight Class Cohesion (TCC) [16]. This rule
when reaches a predefined threshold, then the presence of code smells is
indicated. A set of predetermined thresholds were also proposed by Lanza and
Marinescu [16]. It supports the detection of ten code smells: Brain Class, Brain
Method, Data Class, Disperse Coupling, Feature Envy, God Class, Intensive
Coupling, Refused Parent Bequest, Shotgun Surgery and Tradition Breaker.
Alongwith the detection of code smells, it also supports the prioritization of code
smells based on three criteria: history of the software application, the relevance of
different kind of code smell, and the modifiability scenarios of the application.

After downloading the plug-in, it automatically detects the code smell instances
present in the software project without any user intervention. To provide the ranking
to the code smell, it requires the user to provide the information regarding the three
criteria.

Figure 4.4: GUI of JSpIRIT tool showing the detected code smells
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Figure 4.5: Rank calculator in JSpIRIT tool
inFusion: inFusion [67] is a standalone tool that supports the identification of code
smells in software projects written in Java, C and C++. It provides a severity index for
flawed classed and code smells based on different design properties like cohesion,
coupling, complexity, etc. It categorizes the code smells in five different types based on
their complexity, encapsulation, coupling, inheritance and cohesion deficit values. It also
provides the overall quality deficit index for the software project. It presents the result in
hierarchical as well as visualized form. The visualization of the code smells assists
developers in analyzing the code fragments that require refactoring treatments at its
earliest.

Figure 4.6: GUI of inFusion tool
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Table 4.2 provides the general characteristics of the tools used in implementation process
and summarizes their role.
Table 4.2: Summary of tools used in methodology
Tool

Type

Major Features

RefFinder

Eclipse
Plug-in

Determines the
applied refactoring
between two
software versions
Identifies
relationship of code
anomaly
agglomerations and
architectural
problems
Detects code smells

Organic

Eclipse
Plug-in

JSpIRIT

Eclpise
Plug-in

inFusion

Standalone Detects code smells
Application and calculates
severity scores

Used
in Step
AV

Input

Output

Subsequent pairs of
versions

A set of
frequently
refactored
classes
A set of
architecturally
-relevant
classes

AC

Current version of
system to be
refactored

GR

Common set of
frequently refactored
and architecturally
relevant classes
Common set of
frequently refactored
and architecturally
relevant classes

GR

List of code
smell
instances
Severity score
of classes and
code smells
instances

4.3 Methodology
This section explains the procedure that is followed to implement and evaluate the
proposed approach. The overall methodology is sketched in Figure 4.1. The approach
consists of three steps. First two steps are concerned with analyzing the important classes
and discarding the architecturally irrelevant classes and the final step includes calculation
of a class wise rank for all the remaining classes. The approach evaluation mechanism
used by Malhotra et al. [15] and Ouni et al. [24] is followed. Two metrics are utilized to
evaluate the proposed approach: Code smell Correction Ratio (CCR) and Estimated
Effort (EE). With the help of these metrics, the accuracy of the proposed approach is
ensured.
4.3.1 Analysis of Versions
The first step of approach requires an analysis of different stable versions of the system.
Therefore, different versions of sample applications are downloaded from Sourceforge
and Github repositories. The classes of the current version which have been refactored
atleast once are stored in MS-Excel database, alongwith their respective frequency
scores. For collecting the number of frequently refactored classes in a software system,
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Ref-Finder tool [9] is used. For each class of the current version of the software a
frequency score is calculated by analyzing the number of times it was refactored in the
previous versions. The classes that have never undergone any kind of refactoring are
filtered out at this step and the remaining classes are stored in the MS-Excel database.
While analyzing the versions, we considered all those classes that have been refactored
more than once. It would also include such classes that underwent a change just once in
its evolution across various software versions. To mitigate this limitation, we manually
analyzed the classes and decided whether they should be included or not. Moreover, it
may also happen that the classes that are discarded at this step contain code smells but we
follow the assumption that the code smells that have not been refactored in the past are
less harmful to the system [6]. As sometimes, code smells are intentionally added to the
system’s source code to maintain its functionality.

Figure 4.7: An overview of the methodology
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4.3.2 Analysis of Architecturally relevant classes
At the next step, the current version of the software system is analyzed with the help of
Organic tool [56]. Organic tool supports the identification of code anomaly
agglomerations that represent architectural problems. It is an Eclipse plug-in that reveals
four different topologies for code anomaly agglomerations. For our analysis, we
considered those classes as architecturally-relevant that are identified by intra-boundary
and cross boundary topologies, as they expose the highest number of architecturally
relevant instances. Such classes are updated in the database. An intersection of classes
from the aforementioned analysis steps are taken as input for the final step.
4.3.3 Generation of Rank
In the final step, instances of code smells in these classes are detected. JSpIRIT [35],
another Eclipse plug-in is used for detecting code smells in the current versions of the
sample applications. Though, this tool is mainly considered for prioritizing code smells,
but we exploited its detection features only. JSpIRIT is used as it supports the
identification of a total of 10 code smells, following the detection strategy that exploits
software metric values [17]. The software metric oriented detection strategy dissolves our
need to calculate the object-oriented metrics value to predict the faulty classes as the
classes will be automatically categorized as faulty with the presence of code smells.
Thereafter, inFusion tool is used to calculate the severity index of classes and code smell
instances. inFusion [67] is a commercial standalone tool that determines code smells and
provides a severity score for flawed classes as well as code smell instances based on
some design properties. It supports the identification of 7 of the 10 code smells detected
by JSpirit. Hence, we used these 7 code smells for our experiment. A brief description of
the code smells is presented in Table 4.3.
Values of all the four scores are collected. The frequency score is calculated at the first
step and the rest are calculated at this step. A class wise rank is then generated by using
these scores that defines the priority order of the classes.
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Table 4.3: Brief description of code smells
Code smell

Description

Feature Envy

A method uses the data of other objects more than its own data.

Shotgun Surgery
God Class

When change in a method propagates to multiple classes
simultaneously.
The class that controls everything.

Data Class

Class that contains data used by other classes.

Refused Parent Bequest

Subclass that uses only some methods of its superclass.

Tradition Breaker

When a subclass does not specialize its parent class.

Dispersed Coupling

Method calling methods of other classes

4.4 Evaluation Metrics
For evaluation of the proposed prioritization approach, two metrics are calculated after
each step of the approach. Two metrics are: Code smell Correction Ratio [24] and
Estimated Effort [15].
CCR calculates the total number of code smell instances removed by refactoring the
prioritized classes over the total number of code smell instances present in the software.
It is given by Equation (2).
CCR =

#code smell instances removed
#total code smell instances in system

(2)

EE calculates the estimated effort required for refactoring in terms of classes. It
calculates the total number of classes that needs to be refactored according to the
proposed approach over the total number of classes present in the software. After
calculating the total estimated effort for refactoring, a total reduction in effort for
refactoring can also be deduced. It is given by Equation 3.
�� =

#classes refactored
#total classes in system

(3)
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4.5 Chapter Summary
This chapter provided a detailed description of the sample applications and tools used for
experimentation. It presented steps of the proposed approach, which were followed to
carry out the experiment and ends with a discussion on the evaluation metrics that were
used to validate the approach.
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CHAPTER 5
EXPERIMENTAL RESULTS AND ANALYSIS
This chapter outlines the results that were obtained by implementing the proposed class
prioritization approach on the four sample applications. Section 5.1 discusses the results
obtained after analyzing the software versions. Section 5.2 presents the findings after
collecting the architecturally relevant classes for each sample application. Section 5.3
describes the results after generating a class wise rank for each sample application.
Section 5.4 presents the results observed after calculating the values of evaluation
metrics. Finally, the chapter concludes with a brief result summary.

5.1 Analysis of Versions (AV)
The evolution of the four sample applications is quite clear from the three version
specific characteristics mentioned in Table 4.1. Except a few exceptions, the sizes of
applications (in terms of number of classes and number of KLOC) and the number of
code smells (anomalies) are growing with each new version in the case of all four sample
applications.
From Figure 5.1-5.4, it is evident that the percentage of refactored classes between any
two subsequent versions is always greater than zero across all the applications, which is
quite normal for any real world software system. For HealthWatcher, the percentage of
refactored classes ranges from 1% to maximum 18%. The evolution trend is inconsistent
for HealthWatcher whereas for the rest of the applications it is quite consistent. For
orDrumbox V0.9.08, the percentage of refactored classes is 46% that is greatest of all the
applications. Similarly, for GanttProject, the overall percentage of refactored classes is
35%. It is observed, on average, 40% of the total classes are frequently refactored in the
previous versions for the sample applications.
Also, for atleast three out of four applications (except HealthWatcher), the percentage of
refactored classes is showing a declining trend as we move toward the current software
version. One of the possible reasons for this declining trend is that software developers
are spending less and less effort on applying refactoring techniques as they are
constrained by strict deadlines and limited budget.
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Figure 5.1: Graph showing percentage of refactored classes v/s subsequent version
pairs of HealthWatcher

Figure 5.2: Graph showing percentage of refactored classes v/s subsequent version
pairs of orDrumbox
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V7.2 - V7.3

0
V7.1 - V7.2
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Figure 5.3: Graph showing percentage of refactored classes v/s subsequent version
pairs of GanttProject

Figure 5.4: Graph showing percentage of refactored classes v/s subsequent version
pairs of JHotDraw
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5.2 Analysis of Architectural relevant classes
By examining the current versions of software applications, the classes that pose a threat
to architectural degradation of system are categorized. Figure 5.5 shows that on average
30% of the classes are architecturally relevant in all the applications. This showed that
30% of the classes are critical in the current version of the application and hence need
immediate refactoring treatments. When the results of this step are compared with the
results from the above step, more favorable results were obtained. It was recognized that,
on average, out of those 30% classes, 21% classes are refactored more than once in the
previous versions. For HealthWatcher, 19% classes out of 24% architecturally relevant
classes are frequently refactored in the previous versions. On the other hand, for
JHotDraw a total of 21% classes (out of 32% architecturally relevant classes) are
frequently refactored in the past.
Thus, on an average, 21% classes of all the applications are chosen as the most
significant and change prone classes. Note that the classes that are discarded at this step
are also critical to the system’s architecture and need refactoring treatments. However,
our approach follows the philosophy that the classes that changed often in previous
versions are more likely to cause problems in future and hence must be refactored first.

40

Percentage of Classes

35
30
25
20

AR classes

15
AR classes that have been
previously refactored

10
5
JHotDraw

Gantt

orDrumbox

HW

0

Figure 5.5: Results on analyzing architecturally relevant classes for the four systems
studied
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5.3 Generation of Rank
After selecting the most crucial and critical classes from the applications, class-wise
ranks are generated. Table 5.1–5.4 highlights five top ranked classes for each application
respectively. Note that in these tables, the last two columns are devoted to total number
of code smell instances and average of code smells severity, whereas for actual
calculations the instances and severity of individual code smells were considered.
It is clearly shown in Table 5.2 that the four different parameters contribute uniformly in
generating a balanced rank for the classes. For instance in orDrumbox (Table 5.2), class
ControlerProduct has higher severity score than class OrTrack, Song and Command; but
due to low average number of code smell instances and frequency score, it gains a lower
rank. Moreover, it is found that the classes having high frequency score have higher code
smell instances too. For instance, as shown in Table 5.1, the class with frequency score 5
has more number of code smell instances and hence gain a higher rank. Thus, it is
revealed that despite of being refactored in the earlier versions such classes are still
smelly and need more attention. Similarly other applications also follow the same pattern
except for GanttProject (shown in Table 5.3).
Table 5.1: High priority classes for HealthWatcher
Rank

Class name

FC

SC

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

FoodComplaintStateClosed
Situation
ComplaintRepositoryRDB
ComplaintStateClosed
DiseasetypeRepositoryRDB
RMIFacadeAdapter
UpdateComplaintSearch
CommandRequest
HealthWatcherFacade
IPersistenceMechanism
SearchComplaintData
HealthUnitRepositoryRDB
SymptomRepositoryRDB
AnimalComplaint
CommandResponse

5
4
3
3
2
3
3
2
3
2
4
4
3
1
3

32.4
28.0
30.0
31.2
21.0
16.0
14.2
9.9
8.5
7.6
4.9
6.7
4.8
4.8
2.4

Total
IC (xi)
7
4
2
2
3
1
3
2
2
2
1
1
1
1
2

Average
SC(xi)
7.1
4.4
4.0
3.1
4.5
5.0
4.1
5.1
6.1
3.0
4.0
2.0
1.0
4.0
2.1
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Table 5.2: High priority classes for orDrumbox
Rank

Class name

FC

SC

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Command
Ortrack
Song
ControlerProduct
PI2Song
ArpeggiatorEditorView
MelodicPolyView
OrJPNotesView
DrumkitView
Drumkit
Playnote
MarksManager
ScaleListView
SDIThread
OrMidiMessage

2
2
2
1
1
1
2
1
1
2
2
2
1
1
1

70.0
49.6
49.4
71.0
58.0
49.6
24.8
31.6
25.8
15.3
14.9
21.3
19.6
15.2
12.6

Total
IC (xi)
18
16
10
7
7
7
9
5
7
6
5
3
9
8
7

Average
SC(xi)
6.8
5.6
4.2
5.0
6.1
5.6
4.6
6.0
4.3
6.3
6.0
3.0
5.6
4.2
4.3

Table 5.3: High priority classes for GanttProject
Rank

Class name

FC

SC

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Taskmanagerimpl
GanttProject
GanttOptions
GPTreeTablebase
UIUtil
GanttLanguage
PrintPreview
UIFacade
TaskImpl
IGanttProject
OptionPageBuilder
ResourceAssignment
GanttTree2
GanttCVSExport
Taskrendererimpl2

5
3
4
5
3
4
3
2
2
4
3
1
2
1
1

57.4
50.8
35.2
24.0
16.0
14.6
21.3
12.3
19.3
15.2
12.6
11.1
8.6
5.6
4.3

Total
IC (xi)
17
12
12
15
13
12
12
9
9
14
11
8
12
9
8

Average
SC (xi)
7.0
5.7
7.1
5.6
4.9
6.3
4.9
5.6
4.1
6.3
4.9
6.8
7.1
8.0
8.1
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Table 5.4: High priority classes for JHotDraw
Rank

Class name

FC

SC

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

SVGInputFormat
DefaultDrawingView
Bezier
DrawView
AttributedFigure
Figure
BeizerPath
SVGOutputFormat
JSheet
SVGTextFigure
AbstractApplication
AbstractTool
MDIApplication
BeizerTool
JMixer

5
4
2
2
1
1
3
2
3
2
4
3
2
1
2

18.0
14.0
11.2
8.4
22.6
16.5
14.7
9.4
4.8
12.7
5.9
4.8
6.9
2.8
2.4

Total
IC (xi)
33
28
24
22
20
20
17
11
12
16
10
9
10
7
8

Average
SC(xi)
9.0
8.2
7.6
5.5
4.1
4.9
6.3
7.1
8.0
5.6
4.1
8.0
7.6
8.5
7.0

5.4 Results for evaluation metrics
This subsection presents the results observed after calculating the values of two
evaluation metrics: CCR and EE that validates the proposed class prioritization approach.
Examining the metrics at each step further ensures the effectiveness of our approach.
The results are summarized in Table 5.5. It is observed that, on average nearly 40%
classes of the software systems fall under the category of the classes that need frequent
refactoring treatments. At the same time, the CCR score highlights that more than 70% of
the code defects lie within these 40% classes. On applying refactoring treatments to such
classes, a significant improvement in software quality is ensured with the high CCR
scores.
For orDrumbox, 349 of total 458 code smell instances (76%) are eliminated by
refactoring 97 of 217 classes (44%). For GanttProject, the EE score is more favorable as
it demands refactoring of only 182 classes of total 521 classes (35%) while improving
79% of software quality. Similar results were obtained for HealthWatcher and JHotDraw.
The results, thus obtained after the first step suggest that, on average, 60% of total effort
is saved (as only 40% classes are refactored) and more than 70% of code smells are
resolved on refactoring these classes.
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At the next step, more interesting results were obtained. It is observed that almost half of
the previously refactored classes do not pose any threat to the architectural degradation of
the systems. For instance, for JHotdraw, 158 of 278 classes (56%) are architecturally
relevant. Consequently, the EE score for JHotDraw lowered down to 20%, and the CCR
score lowered to 70%. Similar results are obtained for orDrumbox, a refactoring effort of
26% is required with a CCR score of 73%. At the final step, after generating class-wise
rank, the results are verified manually and it is observed that the prioritized order
produced by the proposed approach is a good recommendation. The results for the
classes having ranks above 20 are collected.
It is analyzed that the refactoring effort required to remove 65% of the code smells comes
out to be 16%; hence saving an estimated refactoring effort of 84%. For HealthWatcher,
EE value shows a similar trend whereas its CCR value is slightly less as compared to that
of other applications, but still acceptable.
However, the CCR score is, on average, 65% for all the applications. This showed that a
major chunk of code defects could be targeted with a significant reduction in refactoring
effort.
Table 5.5: Results obtained for CCR and EE metrics at each step for the four
sample applications
System

Step

EE

CCR

HealthWatcher

AV

42% (58|135)

70% (42|60)

AC

19% (26|135)

65% (39|60)

GR

16% (22|135)

60% (36|60)

AV

44% (97|217)

76% (349|458)

AC

26% (58|217)

73% (336|458)

GR

18% (39|217)

63% (289|458)

AV

35%(182|521)

79%(528|668)

AC

17%(99|521)

75%(501|668)

GR

15%(79|521)

70%(470|668)

AV

37% (278|753)

75% (885|1172)

AC

20% (158|753)

70% (827|1172)

GR

17% (132|753)

67% (789|1172)

OrDrumbox

GanttProject

JHotDraw
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Figure 5.6 and 5.7 present the reduction in refactoring effort and number of corrected
code smells respectively, after each step of the proposed approach for each sample
application.
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Figure 5.6: Estimated Effort reduction results for the four studied systems at each
step of the proposed approach
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Figure 5.7: Code smell correction results for the four studied systems at each step of
the proposed approach
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5.5 Result Summary
The results revealed that by identifying the classes in such a fashion lead us closer to the
optimal refactoring candidates. The results have shown that the search space for
refactoring opportunities (number of classes) is constantly shrinking with each step. For
instance, for JHotDraw the percentage of classes that must be refactored has declined to
17% from 37%. Similarly for orDrumbox, the percentage of refactoring candidates
(classes) was 44% which lowered to 18%, by applying the proposed approach.
Additionally, the high priority classes resulting from the application of the proposed class
priorittization approach accumulate a significant volume of errors, which highlights that
these are the most critical classes that must be addressed. On an average, the prioritized
classes contain 65% of the code smells.
The result demonstrated that the proposed prioritization approach saves refactoring effort
up to 84%. Although, such a result was expected for effort reduction, but to our surprise
the approach presented a good performance in code smell removal too (nearly 65%).
Hence, the proposed approach is capable of providing good recommendations for
software developer teams.

5.6 Chapter Summary
This chapter presented the results that were observed by implementing the proposed
approach for each sample application. A detailed explanation of the results obtained after
each step of the approach is discussed in Section 5.1-5.3. The results that were obtained
by calculating the evaluation metrics for the proposed approach are stated in Section 5.4.
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CHAPTER 6
CONCLUSIONS AND FUTURE WORK
Refactoring is an indispensable activity when it comes to software quality enhancement.
In the past few years, various refactoring tools and techniques have been proposed and
have gained considerable attention from developers and maintainers. But, these
automated tools, such as tools for code smell detection yield numerous results that
overwhelm the software developers. Moreover, limited budget and resources restrict the
developers to perform refactoring activities during software development and
maintenance phase.
To this end, a novel approach is presented for prioritization of classes that need
immediate refactoring treatment. The proposed approach methodology starts with
identifying the most crucial and fault-prone classes and then prioritizes these classes
according to the number and severity of code smell instances, alongwith the severity and
frequency of the classes under study.
In contrast to previous studies, where classes are prioritized considering their complexity,
object oriented metrics, number of bad smells, etc., the proposed scheme approaches
through three different perspectives, that is, historical data, architectural design and
severity of the class and generates a prioritized list of classes.

6.1 Conclusions
Based on the results drawn in the previous chapter, we conclude the following:


An average of 40% of the total classes in each application is frequently refactored
in the previous versions.



Out of those frequently refactored classes, almost half of the classes are
architecturally relevant.



An average of 21% of the total classes in the current version for each sample
application is architecturally relevant.



Nearly 84% of 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, which suffices Objective 2.
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6.2 Future Work
This research work achieves promising results with the proposed class prioritization
approach. However, some challenges were identified while carrying out this research
work which could be considered for the future work. These challenges are:


This experimental study includes small and medium sized projects hence it is
required to replicate the experiments on large sized systems in future.



The accuracy/performance of the proposed approach has been carried out only on
a limited set of sample applications. Thus, a large set of applications must be
considered for further ensuring the accuracy of the results.



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



A comparative performance analysis of the proposed approach must be done with
other class prioritization approaches like the one proposed in [37] [15] [11].
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