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Abstract

The rapid growth of software systems demands meticulous planning and maintenance to

accommodate the evolution of the code base over extended periods. Without maintenance,

software systems will become more complex, low in quality, and hence unsustainable. Soft-

ware engineers who perform maintenance often strive to optimize code quality or minimize

code smells in a timely manner. Several techniques have been used to detect code qual-

ity or code smells as a part of software maintenance. Most of these techniques are based

on heuristics, which create detection rules using a few metrics. These approaches have

reasonable accuracy but do not work in cross-project evaluation. The recent efforts in de-

vising automatic Machine Learning (ML) based quality or code smell detection techniques

have achieved unsatisfactory results so far. Reasons include the use of a smaller dataset,

fewer input features, within-project classification, or a lack of user-friendly tools for data

collection.

This dissertation explores the use of modern techniques in Mining Software Reposito-

ries (MSR), identifying code smells, code quality, and issue labels using machine learning

approaches. The mining process is optimized through the use of phase-by-phase caching

and efficient data retrieval from open-source platforms. To identify code quality attributes,

traditional machine-learning approaches were applied to a large set of metrics. For the

identification of code smells, traditional ML, and neural network-based ML techniques were

utilized. A deep learning-based ML technique is proposed to classify the issue labeling of

reported issues.

The first contribution of this dissertation is the development of a novel mining tool

for extracting software artifacts. The proposed tool, ModelMine, is capable of mining

software repositories, issues, and files from open-source platforms. A synthesized dataset

containing code quality, issue, and code smell data is created. The second contribution is

the application of ML approaches to classify code quality attributes and the comparison of

vi



their performance. The evaluation results indicate that Random Forest (RF) significantly

improves accuracy without generating false negatives or false positives, which can result

in false alarms in code quality classification. The third contribution is the investigation

of unexpected side effects (code smells and technical debt) of software repositories. The

analysis revealed that handwritten code quality is impacted by a higher level of technical

debt and code smells. The results also show that the performance of neural network-based

ML approaches is better than traditional ML approaches in classifying code smells. The

fourth contribution of this research is the development of a deep learning approach for issue

label classification. The result shows that the proposed approach outperforms classifying

issue labels compared to existing research.

In conclusion, this dissertation presents a comprehensive study of the use of modern

techniques in the MSR field and machine learning approaches to identify code quality, code

smells, and issue labels. The results of this research have practical implications for software

quality assurance and issue management. Also, it will provide a foundation for machine

learning approaches in software maintenance activities. To further improve the performance

of ML, I will incorporate a larger dataset into the ML models through the enhancement

of the ModelMine tool. The future research plan includes developing a methodology using

NLP techniques to extract insights from textual data associated with software code and

investigating the use of VR-based data visualizations for software maintenance.
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Chapter 1

Introduction

This dissertation explores the intersection of mining software repositories and machine-

learning approaches in software engineering. In recent years, there has been a significant

increase in research using machine learning methods in software engineering. By leveraging

software repositories, their versions, and commit histories, researchers can extract valuable

information about software development activities to support studies in areas like cost

estimation, testing, quality assurance, and more. This information has driven advancements

in software engineering research, including code smell detection, code review automation,

and software issue management. In this chapter, we introduce the research background,

problems, motivation, contributions, and overview of the dissertation.

1.1 Background of the Research Problem

The rise of distributed software development has led to the need for effective management

of technical artifacts such as code, commits, issues, and milestones. This has resulted in

the development of source code management software like BitBucket, GitHub, and GitLab,

which combine the development, security, and operation of the software in a single applica-

tion. As software repositories contain critical information regarding software development

processes, leveraging this information has become an essential area of research in advanc-

ing the field of software engineering. The implications of such research are far-reaching,

spanning beyond code quality estimation, bug identification, code smell detection, and

re-engineering activity prediction.
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1.1.1 Mining Software Artifacts from Open Source Repositories

In recent years, the field of mining software repositories has experienced significant growth

due to the valuable information that software repositories, their version and commit histo-

ries can provide regarding software development processes. However, existing mining tools

have primarily focused on extracting data from code or commit history, leaving a gap in

support for extracting non-textual artifacts, which limits the scope of extractable data.

Moreover, source code management systems are becoming popular and diversified devel-

opers contribute to community-based software development, the number of issues reported

related to bugs, errors, and missing documentation continues to increase. Addressing these

issues in a timely and effective manner is crucial to enhancing software quality, features,

and documentation. Failure to do so can lead to software quality degradation and even

render the software unusable. Therefore, there is a need to mine the software issue-related

artifacts to understand the behavior of the software and improve the management of these

issues. However, existing tools lack the ability to efficiently and accurately mine issues,

identify issues’ labeling, and assign them to the correct developer. It is therefore impor-

tant to develop a more effective and efficient tool for mining software data, which is a key

motivation for my research in this area.

1.1.2 Machine Learning Approaches in Code Quality Classifica-

tion

Maintainability is an essential part of software development. Studies have shown that code

quality attributes such as complexity, coupling, and cohesion are critical to maintainability

[1, 2]. The use of source code metrics to improve software quality factors has been proven to

lead to better software maintenance [3, 4, 5]. Ignoring software maintenance in the current

version of a project can lead to the accumulation of technical debt, which can be costly

and time-consuming to repay [6, 7]. Traditional tools used to analyze software quality can

be time-consuming. Therefore, it is essential to apply modern techniques such as machine
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learning to classify software quality and undertake preventive maintenance. This issue

motivates me to research machine learning techniques to improve software quality and

undertake preventive maintenance.

1.1.3 Machine Learning Approaches in Code Smell Detection

Code smell, as an indicator of poor software design, is a major issue that can lead to

higher software maintenance costs and jeopardize the sustainability of software. While

several detection rules, heuristics, and traditional machine learning-based approaches have

been proposed to identify code smells, recent advances in machine learning have led to an

increasing trend in using neural network-based approaches. However, there is still a need for

a comprehensive study to compare the accuracy of neural network-based approaches with

traditional machine learning approaches. This gap in the research is what motivates me to

investigate the effectiveness of applying machine learning, especially neural network-based

approaches, to code smell detection.

1.1.4 Machine Learning Approaches in Issue Label Identification

Machine learning approaches have revolutionized the way we approach various tasks, and

Source Code Management (SCM) issue label identification is no exception. With the sheer

volume of issues that repositories receive, it can be challenging to label them automatically

and correctly, and this is where machine learning comes in. By leveraging algorithms and

data analysis, machine learning can accurately classify and assign appropriate labels to

SCM issues, thus saving developers time and effort.

Furthermore, SCM’s issue label identification through machine learning allows for con-

sistent and standardized labeling, reducing errors and improving overall efficiency. Very

few studies have been done on machine learning in SCM issue label identification. And

that is what makes me motivated towards such research.
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1.2 Motivation

The motivation for this research stems from the increasing importance of software mainte-

nance in the context of distributed software development. The rise of source code manage-

ment software has created a need to extract valuable information from software repositories,

which can be used to improve software quality, identify bugs and code smells, and predict

re-engineering activities. However, current tools are limited in their ability to extract

repositories, codes, and non-textual artifacts and efficiently mine issue-related artifacts.

Moreover, machine learning techniques are becoming popular in research related to soft-

ware development, maintenance towards code quality classification, code smell detection,

and issue label identification. However, due to a lack of a huge dataset of software arti-

facts, and the low performance of existing ML approaches, software researchers are unable

to use developed ML approaches for practical purposes. And that’s why I am motivated to

develop a more efficient tool for mining software data and investigate whether more data

can improve machine learning performance in software maintenance research.

Overall, the research is motivated by the need to fill gaps in the current understanding

and implementation of mining software data and the process of performance improvement

of ML approaches in software maintenance.

1.3 Research Objective and Questions

My research involves investigating tools and techniques in software engineering research to

improve code quality and identify code smells for better software maintenance. I want to

understand what makes a better tool to mine software artifacts and which machine learning

approaches are providing better performance in classifying code quality, code smells, and

issue labeling. The objective of this research is to explore and evaluate the machine learning

approaches for identifying code quality, code smells, and issue labels and to develop a tool

that can extract software artifacts for ML training purposes.
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In this dissertation, the following research questions drive this investigation:

RQ1. How does the proposed mining tool compare with existing state-of-

the-art tools in terms of performance & usability metrics?

The question reveals the importance of the proposed tool in terms of performance

and usability. The performance dimension gives valuable information on the estimated

time, maximum memory consumption, and cyclomatic complexity. The usability dimension

is motivated to look at the user interface, learning curve, data visualization, and error

reporting to the targeted audience. The finding reveals the comparison with existing state-

of-the-art tools. I describe the research methodology and results in Chapter 3.

RQ2. Which code metrics are correlated most with code quality attributes

and How accurately can machine learning approaches classify code quality?

This question reveals the relationships between code quality attributes and source code

metrics. To answer this question, we apply statistical correlation on source code metrics

and code quality attributes collected from open-source source code repositories to find

out the relationship. Also, this question is targeted to find out the accuracy of machine

learning approaches in class-level code quality detection. We apply several machine learning

techniques and evaluate the performance. This question reveals the best technique for

detecting code quality from source code metrics. I describe the research methodology and

results for this RQ in Chapter 4.

RQ3: What are the predominant code smells in software repositories, and

how accurately can machine learning techniques identify code smells?

The question is targeted at identifying the code smells in open-source repositories.

It explores the current state of the art of code smell detection using machine learning

approaches. I identified code smells that are being investigated in recent studies, and

prevalent code smells are listed. The question is also targeted at finding the accuracy of

several ML classifiers for detecting code smells. I describe the research methodology and

results related to the performance comparison of all the machine learning approaches in

Chapter 5.
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RQ4: How accurately can machine learning techniques classify software issue

labels?

This question finds out the automatic issue labeling by using modern machine-learning

techniques. To answer this research question, I use the G-Issue mining tool to mine issues

from open-source repositories and convert issue words to vectors for the creation of an

issue dataset. Finally, I applied the deep learning technique to detect the issue’s labels. I

describe the research methodology and results in Chapter 6.

1.4 Contributions

The contributions of the dissertation lie in two main areas: (1) mining software repositories;

and (2) machine learning approaches in software maintenance. Under ML approaches in

software maintenance, there are three contributions to the development of ML approaches

in code quality, code smells, and issue label classification.

The first contribution of the dissertation is the development of a groundbreaking mining

tool, ModelMine, that can extract repositories, model-based artifacts, and designs from

open-source repositories and compare the performance of the ModelMine tool with a state-

of-the-art tool [8]. The details of the contributions can be found in Chapter 3. The second

contribution is the investigation and comparison of the performance of traditional Machine

Learning approaches for code quality attribute classification from source code metrics and

report the best ML technique towards code quality classification [9]. The details of the

second contribution can be found in Chapter 4.

In the third contribution, I investigate the generation of unexpected code smells in

software repositories, and compare the performance of the traditional and neural network-

based ML approaches in code smell detection [7]. The details of the contribution are

discussed in Chapter 5. The fourth contribution is the development of a deep-learning

approach to issue label identification. The details of this contribution are discussed in

Chapter 6.
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In preparation for this dissertation, I have authored a collection of scholarly works,

consisting of four conference papers (three of which have been published [8, 9, 7] and one

currently under review), as well as two journal papers (one of which has been published [5]

and the other one is under review).

In addition, there are ongoing research projects, including a systematic literature review

of machine learning algorithms for code smell detection, which is currently under review by

the Wiley Journal of Software Practice and Experience. Another area of research focuses on

evaluating the performance of “G-Issue,” a proposed mining tool for issue-related artifacts,

against other state-of-the-art tools while also examining the issue lifetime and evolution of

well-known and well-maintained repositories over time.

1.5 Significance of the Research

The significance of this research can be summarized as follows:

• Practical ML approaches in software maintenance: The research has practical

implications for software quality assurance, maintenance, and issue management.

The proposed ML approaches can help software engineers to identify code smells,

code quality, and issue labels in a timely and accurate manner, leading to improved

software quality and sustainability.

• Development of usable tools & ML techniques: The research makes several

contributions to the fields of mining software repositories and machine learning for

software maintenance. The development of a novel mining tool, ModelMine, and the

use of ML approaches to classify code quality attributes, code smells, and issue labels

are significant contributions of this research.

• Improvement of existing approaches: The research demonstrates the limitations

of existing approaches that are based on heuristics and proposes modern ML tech-
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niques that are more accurate and efficient. For instance, the proposed deep learning-

based ML technique for issue-label classification outperforms existing research.

• Research extensibility: The research opens up paths for future research, such as

incorporating a larger dataset into the ML models by collecting more data using

the ModelMine tool and developing a methodology using NLP techniques instead

of traditional ML approaches to extract insights from textual data associated with

software code for software maintenance.

In summary, this research has important implications for improving software quality

and sustainability and makes significant contributions to the field of software maintenance.

The proposed tools and techniques have great significance for future software engineering

research.

1.6 Dissertation Overview

The dissertation showcases my contributions to the field of software engineering, specifically

in the areas of mining software repositories and utilizing machine learning for code quality

analysis, code smell detection, and issue label identification. Chapter 2 provides an in-

depth literature review of the current state of research in these domains, highlighting the

existing approaches and their limitations. Subsequently, Chapters 3-6 present my original

contributions, which bring forth innovative solutions to address some of the challenges

faced in the field. Finally, Chapter 7 concludes the dissertation by summarizing the key

takeaways from my work and discussing its implications for future research. Overall, this

dissertation aims to provide a comprehensive overview of my contributions to the field and

offer a valuable resource for researchers and practitioners alike.
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1.6.1 Chapter 2: Literature Overview

This chapter provides an overview of the existing literature on the topics of mining software

repositories and machine learning in code quality and code smell research. The review is

structured into four main sections, each focusing on a distinct area of research:

1. Studies that aim to mine, analyze, and visualize software artifacts,

2. Studies that apply machine learning techniques to code quality classification,

3. Studies that apply machine learning for code smell detection, and

4. Studies that apply machine learning for issue label identification.

Each section provides a comprehensive examination of the current state of research in

the respective area, with a focus on identifying the major challenges and limitations, as well

as the proposed solutions. The literature review highlights the mixed results reported in the

field, with some studies demonstrating the capabilities of certain tools for software artifact

mining, while others report on the performance of machine learning models. Ultimately,

this chapter provides a solid foundation for the subsequent chapters of the dissertation.

1.6.2 Chapter 3: ModelMine: A Tool to Facilitate Mining Soft-

ware Artifacts from Open Source Repositories

In this chapter, I introduce a proposed cutting-edge mining tool designed to extract model-

based artifacts and designs from open-source repositories. By leveraging this tool, we can

uncover valuable insights into software designs and practices within open-source commu-

nities. Additionally, I explore ways to simplify the process of mining software repositories

and discuss research methods that can be employed to improve the performance of mining

efforts. Also, I present a synthesized dataset of software data that includes code quality

attributes, code smells, and issues extracted from various open-source repositories using
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this tool. I provide insights into the research process that can be employed to obtain sim-

ilar data. By leveraging this dataset, researchers can gain valuable insights into software

quality, and code smell and identify potential software issues that need to be addressed.

1.6.3 Chapter 4: Performance Analysis of Machine Learning Ap-

proaches in Software Code Quality Classification

In this chapter, I present a study that explores the classification of software code quality

components in software design using machine learning approaches. The study includes

an examination of the relationship between source code metrics and code quality, with

a particular focus on class complexity, coupling, and lack of cohesion. Additionally, we

compare the performance of various ML techniques for code quality classification to identify

the most effective approaches. Through this chapter, I hope to provide valuable insights

into the use of ML for improving software quality.

1.6.4 Chapter 5: Evaluating the Accuracy of Machine Learning

Algorithms for Code Smells Detection

In this chapter, I present a case study focused on evaluating the quality and identifying

code smells in software repositories. I examine the quality of handwritten code developed

within the context of Model-Driven Engineering (MDE). The study reveals key code smells

that are more prevalent in handwritten code within MDE projects. By highlighting these

issues, I hope to provide insights into the areas that require attention to improve software

quality and maintainability. Also, I discuss the machine learning algorithms for code smell

detection in recent studies on code smell detection, with a particular focus on research

articles published between 2015 and 2021. This chapter reveals the predominant code smells

and machine learning techniques in recent studies. Finally, I compare the performance of

neural network-based ML approaches with traditional ML approaches in classifying code

smells. Through this study, I aim to provide a comprehensive overview of the current state
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of research in code smell detection and identify research areas for future investigation.

1.6.5 Chapter 6: Issue Label Identification: Towards A Machine

Learning-based Approach

In this chapter, I present research focused on software issues reported during community-

based software development. I examine software issue-related artifacts to gain a deeper

understanding of software behavior through software issues. I investigate the performance

of a proposed issue-related artifacts mining tool, ”G-Issue”, and compare it with other

state-of-the-art tools. Through analysis, I also explore the issue lifetime and evolution of

issues over time within well-known and maintained repositories. Also, I propose a deep

learning approach to identify software issue labels automatically. By providing insights,

I hope to contribute to the development of more effective machine learning models for

software issue label classification.
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Chapter 2

Literature Review

This chapter provides an overview of the existing literature supporting research areas in

this dissertation. It begins by presenting the background and scope of the research field

and then proceeds to examine key research areas, identify gaps in the current literature,

and outline the proposed theoretical framework.

2.1 Overview of the Research Field

The Mining Software Repository (MSR) and Machine Learning research in the software

engineering field has gained significant attention in recent years due to the abundance

of rich software data that are readily available. The data stored in these repositories

provide valuable insights into software development activities and have become increasingly

important in software maintenance and re-engineering research. However, access to these

repositories and data extraction has been challenging in the past, due to limited access and

the complexity of understanding the APIs of open-source systems.

The MSR community was established with the first International Workshop on Min-

ing Software Repositories held at the International Conference on Software Engineering

(ICSE) in 2003. Since then, MSR has grown into a prominent conference in its own right,

attracting a large amount of interest within the software engineering community. MSR-

related publications in top research venues continue to grow in size and quality, and many

MSR-related papers have won awards at prestigious venues.

Machine learning has been increasingly applied to software maintenance, particularly

in the areas of code quality and code smell research. Code quality refers to the overall
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characteristics of software code, including its readability, maintainability, and efficiency.

Code smells, on the other hand, are specific patterns or structures within code that may

indicate potential problems or areas for improvement.

Machine learning techniques have been applied to automatically detect and classify code

smells, as well as to predict the impact of code changes on code quality. These approaches

can help developers prioritize their efforts, focus on the most critical issues, and ultimately

improve the overall quality of their software code. However, there are still challenges in

applying machine learning to code quality and code smell research, including the need for

high-quality training data and the difficulty of interpreting the results of complex machine

learning models.

2.2 Software Artifacts

The general idea of retrieving software-related data on demand is not new and can be

related to Data as a Service (DaaS). These data are collected from source code, metadata

information, structured data, graphics files, etc. [10]. Some tools provide static and dy-

namic processes to collect metadata information as well as file structure. However, the

process is not trivial to collect, analyze and visualize specific types of software artifacts

from open-source repositories.

2.2.1 Tools in Mining Software Repositories

Tools in Mining Software Repositories (MSR) research field involve the application of data

mining, machine learning, and statistical techniques to software repositories such as source

code, bug reports, and version control systems. These tools are used to extract useful in-

sights and knowledge about software development practices, including software evolution,

bug fixing, and code quality. Several research has been done on the development of tools to

mine software artifacts. In one research, GHTorrent was developed to provide repositories

of GitHub in a static way that was archived each year since 2013 [11]. As a public reposi-
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tory of software repositories, it provides cross-domain analysis on metadata information of

repositories [10, 11]. A study by Goes [12] in 2014 showed that Big Data concepts in soft-

ware repositories such as GHTorrent are characterized by 5-Vs (Volume, Variety, Velocity,

Value, and Veracity). However, it limits research on current data files and commits history

[13, 14]. This issue was also mentioned by Gousios et al [11]. The author mentioned that

the advantage of GHtorrent in terms of repository information that are mostly static helps

to analyze software structure and basic metadata information, not dynamic attributes such

as recent commits, comments, or issues [11].

Another example, PyDriller, a Python framework for mining software repositories can

extract recent information from open-source repositories such as commits, developer infor-

mation, modifications, differences, and source codes [15]. MetricMiner is another cloud-

based application suitable for mining software repositories for metrics calculation, data

extraction, and statistical inference [16]. These tools focus on extracting data primarily

from either code or commit history, with limited support for mining non-textual artifacts.

Software textual or non-textual artifacts mining from public repositories can be con-

nected to software quality, and maintainability research to analyze when files are created,

and how those files are maintained and sustained throughout the project life cycle. A

study conducted by Gregorio et al. [17] reported that creating a model-based dataset helps

to study the impact of specific extension models on the code structure and how software

quality and productivity are changing throughout the project life cycle. A study by Noten

et. al. [14] showed that such dynamic model files allow one to analyze recent data on

repositories, artifacts, or commit information to maintain software quality. Overall, the

field has contributed to software maintenance research and has led to the development of

many useful software tools.

2.2.2 Software Artifacts Mining

Software Artifacts Mining is a research field that focuses on analyzing and understanding

software artifacts, such as source code, documentation, and bug reports. The field involves
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the use of data mining, machine learning, and other techniques to extract valuable insights

from these artifacts, with the aim of improving software quality, maintenance, and devel-

opment processes. Several studies have been conducted research on such artifacts from

different perspectives such as sentiment analysis [18], label prediction[19], issue manage-

ment [20] & mining [21].

Software artifact mining has improved software quality, bug identification, and network

analysis. Several studies have uncovered interesting and actionable artifacts from software

data. Several mining tools have emerged to enable such research, and discovery [15, 8, 22].

For example, PyDriller, a Python framework for mining software repositories, can extract

recent information from open-source repositories such as commits, developer information,

modifications, differences, and source codes [15]. However, the tool has no feature to

extract issues. MetricMiner is another application suitable for mining software repositories

for metrics calculation, data extraction, and statistical inference [16]. These tools focus

on extracting data primarily from either code or commit history, with limited support for

mining issue-related artifacts. The insights generated from this research field can help

developers understand how software is built and maintained, leading to better software

design and more effective software development practices.

2.2.3 Software Artifacts Analysis

Software Artifacts Analysis is a research field that involves the systematic analysis of soft-

ware artifacts, such as source code, documentation, and requirements. This field aims to

identify and understand the characteristics and properties of these artifacts, and how they

relate to software quality, maintainability, and evolution. Issue-related artifact analysis has

gained popularity last few years. Several studies have researched on issue lifetime [19, 23],

how long it will take to close an issue, and empirical studies on the life expectancy of issues

based on labels. Kikas et al. conducted research on 4000 repositories to find temporal dy-

namics of issues in GitHub [19]. The study found that projects with a shorter observation

time tend to have higher volumes of open issues. In addition, Kikas proposed a prediction
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model trained from static, dynamic, and contextual features to predict the lifetime of an

issue. The results showed that the average issue lifetime for community-created issues is

39 days, but the team-created issues are 5.9 days. Techniques used in this field include

static and dynamic analysis, and testing, with the goal of improving software quality and

reducing the risk of failures.

2.2.4 Software Artifacts Visualization

Software Artifacts Visualization is a research field that focuses on developing visual rep-

resentations of software artifacts, such as source code, dependencies, and software archi-

tectures. The goal of this field is to provide developers and stakeholders with a better

understanding of complex software systems, making it easier to comprehend and maintain

them. Visualization techniques have been popular in textual, camera control & network

data [24]. However, this research is becoming popular in software engineering too. As an

example, an issue-related artifact has textual(issue title, body) and network (issue assignee,

label) data. Very few research has been conducted on issue-related artifact visualization

[25, 20]. Liao et al. applied the visualization technique on issue-related behavior by an-

alyzing seven projects with 98,074 issues in total [25] and proposed an SRF to measure

the importance of user behaviors. The results found that issue-related user behaviors are

critical, and not all issues that are assigned labels could be closed rapidly. Another em-

pirical research by Bissyand et al. investigated the adoption of an issue tracker based on

the projects, developers, and type of issues [20]. The results found that small-sized team

projects are less likely to have issues and visualized the top 10 labels in GitHub, where

bug and feature requests are at the top with 18.36% and 10.29%, respectively. Techniques

used in this paper include 2D, interactive visualizations but are planned to show software

artifacts visualization in 3D.
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2.2.5 Other Research on Software Artifacts

There is other research on software artifacts conducted in aspects of sentiment [26, 18, 27],

bug and issue tracking [28]. Jurado et al. conducted a study on 10,829 issues from 9

well-known & open-source repositories to do sentiment analysis [18]. The study proposed

a new technique to identify the underlying sentiments in the text found in issues and their

comments. Results showed that issues’ titles and text leave underlying sentiments, which

can be used to analyze the development process. Another set of research on issues-related

artifacts is automatic labeling of Issues [29, 30, 31]. Kallis et al. introduced a tool called

Ticket Tagger, which is developed using Node.js, de-facto server-side JavaScript, and uses

machine learning approaches on issue artifacts to label an issue automatically [30].

2.3 Machine Learning in Code Quality Research

Machine Learning in Code Quality is a research field that aims to apply machine learning

techniques to improve the quality of software code. This field involves developing models

that can detect code quality, and recommend improvements to code. The goal of this field

is to help developers write better code, reduce the risk of defects and failures, and improve

the maintainability of software systems. The earlier techniques to measure the code quality

depended on low-level metrics. Estimating quality characteristics has been a well-known

problem for many years. The reason behind this, quality has a direct impact on software

maintenance and software development [1, 2]. Many researchers and practitioners proposed

different methodologies to improve code quality for software maintenance. In this section,

we discuss the existing research on those areas with mentioning advantages and limitations.

2.3.1 Code Quality Features

Code Quality Features are the characteristics of software code that determine its quality,

maintainability, and reliability. These features include readability, consistency, modular-
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ity, testability, and efficiency. Several research on code quality from source code metrics

includes fault-prone modules detection [32], early detection of vulnerabilities [2], improve-

ment of network software security [33, 34, 35], software redesign [36], etc. All of these

researches are targeted to reduce the maintenance effort and cost during software devel-

opment. Chowdhury et al. investigate the efficacy of applying cohesion, complexity, and

coupling to automatically predict vulnerability and complexity entities [2]. This study

used machine learning and statistical approaches to predict vulnerability that learn from

the cohesion, complexity, and coupling metrics. The results indicate that structural infor-

mation from the non-security realm such as cohesion, complexity, and coupling is useful in

vulnerability prediction which minimizes the maintenance effort.

Another study proposed by Briand et al. [37] analyzed the correspondence between

object-oriented metrics and fault proneness. This research result is created based on a

few classes analysis. Gegick et al. [38] developed a heuristic model to predict vulnerable

components and complexity. The model was successful on a large commercial telecommu-

nications software and predicted vulnerable components with an 8% false positive rate and

0% false negative rate.

In another research, Varela et al. conducted a systematic study to collect code quality

features and perform an analysis of over five years of data [39]. They found almost 300

different source code features used by different organizations, practitioners, and researchers.

Among all analyzed attributes, complexity, coupling, and lack of cohesion were the most

prevalent quality features for software maintenance [1, 2]. They also reported the machine

learning techniques’ performance in the detection of code quality. Another study by Janes

et al. demonstrated that source code metrics could predict the fault-prone modules with

the help of the following quality features: Response Set for a Class (RFC) and Coupling

Between Object class (CBO) [40]. Dallal et al. utilized similar object-oriented features to

improve predictions using ML techniques [41]. Recently, Shin and William demonstrated

an approach to predict vulnerabilities using object-oriented code quality features, such

as complexity, coupling, and cohesion [42, 43]. All these efforts can reduce the risk of
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generating bugs and failures, make code easier to maintain, and improve the overall quality

of software systems.

2.3.2 Machine Learning Approaches

Machine learning approaches are becoming increasingly popular in improving code quality

by automating code analysis and identifying code quality. These approaches can be used

to classify the impact of code changes on quality. Machine learning approaches are par-

ticularly useful in dealing with large and complex codebases, where manual analysis can

be time-consuming and error-prone. Several research on machine learning approaches has

been done. In a few research, Code quality was identified through a threshold or fuzzy-

based approaches. But machine learning techniques open a new arena for code quality

detection. One key challenge in using ML to classify software quality features is identifying

the most influential source code metrics to be fed into the ML algorithms. Chang et al.

identified some of the influential code metrics that impact software usability using fuzzy

logic [44]. Another study by Watanabe et al. was conducted to collect a software defect

dataset with 8-object-oriented code metrics from two projects and proposed a method to

do Cross Project Defect Prediction (CPDP) [45]. As an extension of this research, Rahman

et al. collected nine datasets with the same process but got different influential source code

metrics to improve the performance of CPDP in terms of costs [46]. However, collecting a

small number of object-oriented metrics limit any prediction accuracy [47, 48]. Wang et al.

discussed the importance of a significant number of software quality parameters in detect-

ing software defects. In a study, the author showed the dynamic version of AdaBoost.NC

with object-oriented code metrics improves the overall performance of software quality pre-

dictions [49]. Not only Wang but also Kehan et al. discussed what code metrics are needed

to choose for defect predictions and how such metric selection impacts the predictions [50].
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2.3.3 Code Quality Analysis Techniques

Correlation analysis among features in software engineering is a technique used to identify

relationships between different code quality features. By examining the correlation between

these features, developers can gain insights into how changes in one feature might affect

others, and prioritize efforts to improve code quality accordingly. This analysis is useful in

understanding the overall quality of software code and identifying areas for improvement.

Many prior studies have used correlation in their software quality research [2, 51, 52].

Chowdhury et al. experimented with a hypothesis that complexity is positively correlated

to vulnerabilities. He also experimented with his other correlation hypothesis related to

coupling and cohesion [51]. The results showed empirical evidence that using correlation

in software engineering research is providing a better outcome. Another study by Marco

et al. found a correlation between object-oriented metrics and bugs [53]. The author

experimented with correlation with major, minor, and high-priority bugs. The results

showed a correlation between change coupling and defects higher than the one observed

with complexity metrics. Another recent work on software quality research experimented

with and evaluated the correlation between quality features and source code metrics [52].

The experimental results showed that unit complexity metrics correlate with vulnerability

and make stronger vulnerability predictors than coupling metrics.

2.3.4 Other Code Quality Research

There is very limited literature on code quality aspects in a specific environment such

as Model Driven Engineering (MDE), Unified Modeling Language (UML), etc. In one re-

search, Hutchinson et al. [54] conducted an empirical study of MDE projects in the context

of the industry by questionnaire and interviews. They reported on the understanding of

social and organizational factors on MDE usages and investigated factors of failure and

success aspects of MDE such as benefits of code generation.

In another research, Fernandez-Saez et al. [55] conducted interviews and questionnaires
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on UML and software modeling with employees of a software company that works on

software maintenance projects. The results of this survey suggest that UML modeling is

beneficial, however, there are concerns about integrating modeling into the overall software

engineering approach. Nurgoho and Chaudron [56] analyzed the impacts of UML modeling

(class diagram and sequence diagram) in terms of defects density with software modules

that are not modeled and found that UML modeling reduces the defect density in code than

not modeled modules. However, there is a research gap in investigating the characteristics

of handwritten code (HC) in MDE and Non-MDE software sub-systems from open-source

platforms.

2.4 Machine Learning in Code Smell Research

Code smells indicate a violation of software design principles. Detecting code smells using

machine learning is comparably better technology to minimize violations of design and

improve software quality. Many prior studies used such concepts to find design flaws and

enable software redesign.

Over the last two decades, several research has been conducted to understand the reason

and the impact of code smells in code quality and technical debt management [57, 58]. In

code smell research, researchers used current or historical source code metrics information

or textual properties to exploit code smell [59, 60]. In terms of approaches, there are two

ways of approaches used by researchers. In one way, researchers used heuristic approaches

[60, 61, 62] and in other ways, researchers used machine learning approaches [60, 63, 64, 65].

In the machine learning approach, researchers apply traditional approaches and neural

network-based approaches [66, 67, 68]. In one study, Fabiano et al. focus on the comparison

of traditional heuristic approaches and supervised machine learning approaches for metric-

based code smell detection [60]. Kreimer [69] proposed a decision tree-based approach to

identify specific code smells (long method and large class) to visualize design flaws. The

technique is applied based on a few source code metrics and quality features which minimize
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the power of the adaptive learning approach. Vaucher et al. [70, 71, 72] applied Bayesian

belief networks to detect God’s class (Blob class). The author used the box plot to perform

the discretization of God Class. The weak point of the research lies in the approach with

few numbers of classes analyzed. A similar approach was proposed by Amorim et al.

[73] to detect the Blob class, long parameter list, long method, and feature envy. The

author applied the decision tree technique rather than trying different machine learning

to prove that the decision tree works better than others. However, a detailed study was

done by Fontana et al. using different machine learning techniques including J48, JRip,

Random Forest, Naive Bayes, SMO, and LibSVM in predicting the severity of code smells

[74, 75, 76]. The paper reported each technique’s performance, but a weak point exists in

balancing different severity levels that were missing and might create bias in the results.

Several other systematic literature reviews showed the machine learning techniques for

identifying essential code smells that hurt the maintenance of software systems [77, 78, 60].

A systematic literature review on machine learning techniques for code smell detection by

Azeem et al. [79] considered 2456 papers published between 2000 and 2017. The paper

revealed a promising way to identify the search keywords and organize the research perspec-

tives. The results uncovered the predominant code smells, machine learning approaches,

and evaluation strategies. Another similar systematic literature review conducted on 319

papers by Zhang et al.[80] reported code smells. The study findings indicate that dupli-

cated code is the most identified code smell. This literature review reveals that all the

data used to detect code smells are objective rather than subjective. Similarly, Gupta et

al. [81] identified that code clone receives the most attention among all code smells. They

performed a literature review on sixty research papers. They found that most of the liter-

ature in the area of research is focused on code smell detection tools and techniques rather

than the actual impact of code smells.

Some studies report on code smell detection at the class and method levels. Pritom et

al. [65] reported on a study that detects class-level code smells using different machine-

learning techniques. Firstly, 4120 classes were selected for this study after pre-processing.
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Six machine learning algorithms (Naive Bayes Classifier, Multilayer Perceptron, Logit-

Boost, Bagging, Random Forest, and Decision Tree) were used to predict change proneness

in the classes. The study results show that code smell is indeed a powerful predictor of

class change proneness. The models perform with 70% accuracy except for a few excep-

tions. Additionally, many researchers conducted similar studies to measure the attributes

of software systems’ good and bad aspects [82].

Lafi et al. [83] presented research that discussed the importance of detecting code

smells and different code smell detection machine learning algorithms. They discuss the

significance of maintenance issues related to code smell and finding optimal code smell

detection techniques. Further, a group of researchers investigated which code smells should

be considered while identifying code smells using machine learning approaches [84]. They

reported one class level and two method level code smell for software systems. They found

very high accuracy in the prediction model. Such as 98.57% accuracy for the data class,

97.86% accuracy for the God class, 99.67 % feature envy, and 99.76% accuracy for the long

method.

Rasool et al.[85] conducted a study on code smell detection techniques and tools for

mining code smells. They observed that most of the subject systems used for code smell

detection are open-source or local. They also reported a lack of evidence of which code smell

detection technique is appropriate. They conclude that code smell detection techniques

should be flexible on the subject systems. Additionally, code smell detection techniques

are classified into seven categories [86]. Many code smell detection techniques are based on

source code metrics. Further, the code smell threshold is determined from the source code

under analysis.

2.4.1 Traditional ML Approaches

In the past decade, traditional machine-learning approaches have been widely used for

code smell detection. These approaches involve extracting features from source code and

using classification algorithms to identify code smells. Techniques such as support vector
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machines, decision trees, and random forests have been commonly applied. However, the

effectiveness of these approaches heavily relies on the quality of extracted features and the

choice of classification algorithms. The most common machine learning approaches used

to detect code smells are supervised methods [60, 87]. In such an approach, independent

variables (source code metrics as predictors) are used to detect dependent variables (code

smell of classes). The setup of those machine learning approaches varied based on the

dataset size, training-testing size, within-project testing, cross-project testing, etc. Besides

that, there are variations in ML approaches in terms of probabilistic approach or tree-based

approach.

Amorim et al. [73] evaluated the Decision Tree machine learning approach to detect code

smells (Blob, Long Parameter List, Long Method, Feature Envy). The results showed that

performance metrics F1 measure are above 67%. Similar results were reported by Fontana et

al. [63]. In his proposal for four different code smells (God Class, Data Class, Long Method,

and Feature Envy) and more than four different machine learning approaches, Naive Bayes,

Random Forest, Support Vector Machine, and Decision Tree are used. According to the

results, Decision Tree performs well in detecting code smells. A recent study by Dewangan

et al. [88] showed a different set of results where Random Forest becomes the best algorithm

to detect code smells. As there are differences in results, I will verify that with the collection

of code smells from popular and well-maintained repositories in this dissertation.

2.4.2 Neural Network-based ML Approaches

Recent research has explored the use of neural network-based machine learning approaches

for code smell detection. These approaches involve using deep learning techniques to au-

tomatically learn features from source code, such as through the use of convolutional or

recurrent neural networks. These approaches have shown promise in achieving high de-

tection accuracy and overcoming the limitations of traditional feature-based approaches.

However, they require large amounts of labeled data and extensive computational resources

for training. Several research used neural network-based ML approaches for code smell
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Figure 6.5: Box Plot of Days it Takes to Solve Issues among Repositories

software evolution. This number increases and becomes higher when the close-state issue

rate declines. spring-framework, junit-5, checkstyle and signal-android show a recent decline

in the rate of closed-state issues and an upward trend of new issues. The KDE density value

represents an increasing number of issues reported by developers or contributors.
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Figure 6.6: Evolution of Issue-related Artifacts Over Time among Repositories
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Also, we have seen a pattern of the zigzag move of issues over the years among the

repositories. It implies that when new issues are introduced within that year, it tries

to be solved and closed the issue. Hence, continuous maintenance through issue-related

artifact analysis prepares software for subsequent releases with improved software quality

and minimized bugs in reporting.

6.3.4 Performance of Proposed Deep Learning Approach

In this section, we present the performance results of our proposed deep learning approach

and compare it with existing research. We provide a detailed performance comparison

between the two approaches in Table 6.4 and highlight the superior accuracy achieved by

our proposed method.

Our proposed deep learning approach outperforms the existing approach in terms of

accuracy. Specifically, it achieves an accuracy of 81.29% in classifying issue labels, while

the existing approach achieves an accuracy of 76.8%. It’s worth noting that our proposed

approach can classify multi-labels with a higher level of accuracy (266 unique labels), while

the existing approach can only classify bug-related labels only.

Table 6.4: Performance of Proposed Approach Compared with Existing Research

Serial Evaluation Metrics Proposed Approach Random Forest Algorithm*

1 Accuracy 81.29% 76.8%(Average)

2 F-measure 79.11% 70.7%(Average)

* Pandey, N., Sanyal, D.K., Hudait, A. and Sen, A., 2017. Automated classification of software

issue reports using machine learning techniques: an empirical study. Innovations in Systems

and Software Engineering, 13, pp.279-297.
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6.4 Conclusion

Software issue maintenance is crucial during software development and source code management in GIT.

To do software maintenance, developers need feedback in the form of issues. If the issue maintenance is

not handled properly, the issues will not be solved and in the long run, the code repository will generate

more issues. Most source code management software nowadays provides issues to report bugs and share

ideas for new features.

In this study, we investigated the process of mining, analyzing, and visualizing issue-related artifacts

through a tool called G-Issue and developed a deep-learning approach to classify the issue labels. The

study primarily compares the performance of the G-Issue tool with state-of-the-art tools. Moreover, we

investigate the lifetime and evolution of issues in well-known open-source projects. Finally, we compare

the performance of the proposed approach with existing research.

The results show that the G-Issue tool performs a minimum of 33% faster than other state-of-the-art

tools. However, in memory management, G-Issue is higher than the Python API but lower than other tools.

Besides, the results show that highly popular & forked repositories have more issues; on average, it takes

more days to solve an issue. In terms of evolution, if the rate of the closed issue is declining, there is a high

chance of introducing new issues. And finally, the performance results demonstrate the effectiveness of our

proposed deep learning approach and its potential to improve the accuracy of issue label classification. Our

proposed approach provides a more comprehensive and accurate classification of multi-label issues, which

is critical for effective issue management and resolution. Such results may provide new knowledge about

issues-related artifacts and help team leaders with issue assignments for better software development.

In future research, we plan to analyze the issue text and apply more sophisticated natural language

processing approaches to identify issue labels, improving the automatic issue label tracking system.
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Chapter 7

Conclusion

Software systems continue to become more complex and have large code bases. Maintaining code qual-

ity and ensuring long-term functionality has become increasingly critical for large software companies.

Refactoring and redesign activities should consider both short-term and long-term implications and aim to

predict the future evolution of the code base. However, the process of software maintenance or evaluating

code quality often involves managing the repository through code quality tools, which can take time and be

challenging when dealing with large code bases and making changes are done so frequently. Current tools

lack modern techniques like machine learning-based classification capabilities for maintaining software.

One of the obstacles to the process is data related to software artifacts due to the lack of user-friendly

tools and manual data organization, which is time-consuming. Also, limited machine learning techniques

are applied toward code quality classification, code smell detection, and issue label classification.

To address this gap, this dissertation presents a comprehensive study of the use of sophisticated tech-

niques in software mining repositories and applied machine learning approaches to code quality classification

and code smell detection to enable software maintenance activities. Additionally, natural language pro-

cessing techniques are implemented to classify the issue’s label. For data collection for machine learning

approaches, I investigate what makes a mining tool that can extract software artifacts from open-source

repositories faster and compare the performance with a state-of-the-art tool.

7.1 Contributions

The first contribution of this dissertation is the development of ModelMine, a novel mining tool designed

to extract repositories, codes, model-based artifacts, and designs from open-source repositories. The tool

supports phase-by-phase caching of intermediate results to speed up the processing and enable efficient

data mining. I compare ModelMine with a state-of-the-art tool in terms of performance and usability,

and our results demonstrate that ModelMine has the potential to become an instrumental tool for mining

software repositories. Using the ModelMine tool, I create a synthesized dataset from open-source reposito-

ries, containing code quality characteristics, code smell information, and issues from selected open-source
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repositories. The collected dataset is created from several popular and quality-maintained repositories

and a significant number of source code metrics. The dataset provides a valuable resource for data-driven

approaches to the early detection of software quality degradation and code smell detection. The second

contribution of this dissertation is the application of machine learning approaches to classify code quality

attributes using source code metrics and the comparison of their performance. The results showed that

the Random Forest ML technique significantly improves accuracy without generating false negatives or

false positives. The third contribution is the investigation of unexpected code smell generation in software

repositories, where I analyzed the unique characteristics of handwritten code developed in the context of

model-driven engineering and discovered that MDE handwritten code quality is impacted by a higher level

of technical debt and code smells. Also, I investigated the recent development in ML techniques for code

smell detection and compared the traditional and neural network-based machine learning approaches in

code smell detection. The final contribution is the development of a deep learning approach for issue label

classification. The results indicate that the proposed deep learning technique can classify the issue label

with an accuracy of 81% which outperforms the existing approaches in issue label classification.

7.2 Future Research Plan

Overall, the results of this dissertation have practical implications for software quality assurance, main-

tenance, and issue management, and provide a foundation for continuous software maintenance and re-

engineering. In the future, I want to continue my dissertation research with an extensive study of software

maintenance activities. My future research plan is as follows:

1. Apply Natural Language Processing (NLP) techniques on code to understand the qual-

ity aspects of a repository.

This research plan proposes to investigate the application of NLP techniques to software code anal-

ysis, with a particular focus on understanding the quality, bugs, and defects of a code repository.

The goal of this research is to develop a methodology for using NLP techniques to extract mean-

ingful insights from the vast amount of textual data associated with software code, including code

comments, documentation, and issue reports. The research will involve designing and implementing

a prototype NLP-based tool and conducting experiments to evaluate its effectiveness in identifying

and addressing software bugs and defects. The results of this research could have significant impli-

cations for the field of software engineering, particularly in the areas of software quality assurance

and testing.
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2. Do research on reinforcement learning in software maintenance activities. Another future

plan is to conduct research on the use of reinforcement learning techniques in software maintenance

activities, specifically focusing on using Abstract Syntax Tree (AST) paths generated from code.

AST paths are a way of representing the structure of code, which can be used to analyze and

understand its behavior.

The goal of this research is to investigate how reinforcement learning can be applied to AST paths in

order to automate and improve software maintenance tasks. By training an agent to learn from AST

paths, it may be possible to automatically identify and fix bugs, optimize code, and perform other

maintenance tasks. This approach has the potential to make software maintenance more efficient

and effective, as well as reduce the need for human intervention.

3. Do research on virtual reality-based software data visualizations for software mainte-

nance.

Virtual reality (VR) has the potential to transform the way we visualize and analyze complex

software systems. This research plan proposes to investigate the use of VR-based data visualizations

for software maintenance. The goal of this research is to develop a novel approach to software

maintenance that leverages the immersive nature of VR to provide developers with a more intuitive

and efficient way to analyze and understand software systems. The research will involve designing

and implementing a prototype VR-based data visualization tool and conducting user studies to

evaluate its effectiveness. The results of this research could have significant implications for the field

of software engineering, particularly in the areas of software maintenance and debugging.

4. Do research on transfer learning applied to software code with and without adding

pre-trained models.

Transfer learning is a popular technique in machine learning that has the potential to improve

the effectiveness of software code analysis [170, 171]. This research plan proposes to investigate

the application of transfer learning to software code analysis, both with and without pre-trained

models. The goal of this research is to explore the effectiveness of transfer learning for tasks such

as code classification, code similarity, and code clustering. The research will involve designing and

implementing a prototype transfer-learning-based tool and conducting experiments to evaluate its

effectiveness. The results of this research could have significant implications for the field of software

engineering, particularly in the areas of code analysis and optimization.

All of my contributions and future plans will improve the accuracy of automated software maintenance

activities.
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[160] J. C. C. Ŕıos, K. Kopec-Harding, S. Eraslan, C. Page, R. Haines, C. Jay, and S. M. Embury,

“A methodology for using gitlab for software engineering learning analytics,” in 2019 IEEE/ACM

12th International Workshop on Cooperative and Human Aspects of Software Engineering (CHASE).

IEEE, 2019, pp. 3–6.

[161] L. Hatton, D. Spinellis, and M. van Genuchten, “The long-term growth rate of evolving software:

Empirical results and implications,” Journal of Software: Evolution and Process, vol. 29, no. 5, p.

e1847, 2017.
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Appendix A

CSIQ: A Synthesized Dataset of

Software Artifacts

This appendix presents CSIQ, a synthesized dataset of software data including code quality attributes,

code smells, and issues extracted from open-source repositories. The dataset is developed through the

use of ModelMine [8], CodeMR [4], PMD [172] tools, and python programming language. This chapter

is related to a dataset that was published in Mendeley Dataset [173] and planned to publish an extended

version in the Data in Brief journal.

A.1 Dataset Overview

The dataset contains synthesized code smells, issues, quality, and source code metrics information of 60

versions under 10 different repositories. The dataset is extracted into 3 levels: (1) Class (2) Method

(3) Package. The dataset is created upon analyzing 9,420,246 lines of code and 173,237 classes. The

provided dataset contains the following folders: code smells, issues, quality attributes, synthesized, and

four associated Comma Separated Values (CSV) files: repositories.csv, versions.csv, codesmells.csv, and

attribute-details.csv.

The first file (repositories.csv) contains general information (repository name, URL, number of commits,

stars, forks, etc.) to understand the size, popularity, and maintainability.

File versions.csv contains general information (version unique ID, number of classes, packages, external

classes, external packages, version repository link) to provide an overview of versions and how over time

the repository continues to grow.

File attribute-details.csv contains detailed information (attribute name, attribute short form, category,

and description) about extracted static analysis metrics and code quality attributes. The short form is

used in the real dataset as a unique identifier to show value for packages, classes, and methods.

File codesmells.csv provides the information (Rule, Code Smell, Rule Description) of code smells ana-

lyzed from each version.
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Table A.1: Dataset Specifications

Subject Software

Specific subject

area

The provided dataset lies in the area of software engineering, specifically in the code

smell, software quality, maintenance, and evolution.

Type of data Table

How data were

acquired

Repositories were searched using the ModelMine tool [8] and were downloaded based

on the conditions of popularity (minimum of 3,000 stars and 500 forks) and well-

maintained (minimum of 5,000 commits). After repository collection, code quality

and source code metrics data were extracted using the CODEMR tool [4], and code

smell data were extracted using the PMD tool [172]. We use Python scripts to

create a combined dataset by synthesizing both the source code metrics and the

code smell dataset.

Data format 1) Raw

2) Analyzed

3) Synthesized

Parameters for

data collection

Upon selecting the most popular & well-maintained repositories using the Mod-

elMine tool, we filtered and selected the repositories with the following criteria; a

repository with primary language Java, a minimum of 5,000 commits, at least 100

active contributors, a minimum of 3,000 stars, and 500 forks. We consider the high

number of stars and forks as a proxy for the popularity of repositories and the high

number of commits as a proxy for maintenance. On the other hand, code smells

information was extracted using the PMD tool [174] and filtered using rules of code

smells.

Description of

data collection

The source code of the repositories were retrieved using the ModelMine tool [8]. The

selected repositories are downloaded from their source location with the versions

between 2016-2021. We have conducted the static analysis for each version at the

class, package, and method level using the CODEMR static analysis tool [4] and

collected code smell data using the PMD code analyzer tool [172]. Both code smell

and quality metrics are then analyzed, synthesized, and reported in this paper.

Data source loca-

tion

Software Engineering Laboratory, Department of Computer Science University of

Texas at El Paso, Texas, USA.
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Data accessibility Repository name: CSQ - Code smells and quality dataset [173]

DOI: http://dx.doi.org/10.17632/77p6rzb73n

Related research

article

Sayed Moshin Reza, Md. Mahfujur Rahman, Hasnat Parvez, Omar Badreddin,

and Shamim Al Mamun. Performance Analysis of Machine Learning Approaches

in Software Complexity Prediction. In 2020 International Conference on Trends in

Computational and Cognitive Engineering (TCCE), Springer, 2020 [9].

DOI: https://doi.org/10.1007/978-981-33-4673-4_3

A.2 Significance of the Data

• The data primarily benefit software engineering researchers interested in various source code analysis

or code smell tasks over versions and predict future software quality using a data-driven or machine

learning approach.

• The provided dataset contains forty-seven unique static analysis metrics that can be used to detect

code smell and thus can be used as the information basis for the software maintainability.

• The provided dataset contains code quality metrics that are directly related to various open research

questions in the areas of software quality, maintainability, and sustainability. The data is capable of

constituting a valuable ground truth for researchers and practitioners in the field of software quality

estimation.

• The data contains information at different software component levels (package, class, and method)

of sixty versions of ten repositories varying both in terms of size and functionality and thus covers

a wide range of data variations.

A.3 Data Description

The provided dataset contains three folders: codesmells, quality attributes, synthesized and four associ-

ated Comma Separated Values (CSV) files: repositories.csv, versions.csv, codesmells.csv and attribute−

details.csv. The first file (repositories.csv) contains general information (repository name, URL, number

of commits, stars, forks, etc.) to understand the size, popularity, and maintainability. Table A.2 presents

the information included in repositories.csv.
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Table A.2: Selected Repositories with Metadata Information

Serial Repository name Commits Contributors Stars Forks

1 Spring framework 22,208 531 41,400 28,800

2 Junit-5 6,621 161 4,400 991

3 Apache kafka 8,590 762 18,000 9,600

4 Apache lucene-solr 34,789 232 4,100 2,700

5 Dropwizard 5,702 361 7,900 3,300

6 Checkstyle 9,922 254 5,800 7,700

7 Hadoop 24,612 339 11,300 7,000

8 Selenium 26,532 558 19,800 6,200

9 Skywalking 6,242 315 16,100 4,700

10 Signal android 7,015 223 19,800 4,700

File versions.csv contains general information (unique version identification, number of classes, pack-

ages, external classes, external packages, version repository link, etc.) to provide an overview of versions

and how the repository continues to grow over time. Table A.3 shows the metadata information related to

each version of the repositories provided in versions.csv.

Table A.3: Version & Metadata Information of Selected Repositories

No Repository name Version Commits Lines of code Classes Packages

1

Spring framework

2021-1 22,029 237,160 5,743 442

2 2020-1 20,155 225,059 5,450 433

3 2019-1 17,649 205,268 5,025 394

4 2018-1 15,800 194,646 4,864 388

5 2017-1 13,862 178,744 4,658 383

6 2016-1 11,454 175,826 4,440 368

7

Junit-5

2021-1 6,529 17,372 688 70

8 2020-1 6,025 15,676 569 64

9 2019-1 5,244 13,540 500 61

10 2018-1 3,987 8,636 318 40

11 2017-1 2,821 6,575 243 33

12 2016-1 871 2,843 137 19
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No Repository name Version Commits Lines of code Classes Packages

13

Apache kafka

2021-1 8,348 130,620 2,674 137

14 2020-1 6,943 111,332 2,375 124

15 2019-1 5,728 88,166 1,993 114

16 2018-1 4,514 71,958 1,682 89

17 2017-1 3,014 38,961 942 62

18 2016-1 1,857 26,423 661 56

19

Apache lucene-solr

2021-1 34,550 600,393 8,746 421

20 2020-1 32,842 588,425 8,713 394

21 2019-1 31,221 527,217 7,891 355

22 2018-1 29,186 497,523 7,420 343

23 2017-1 26,390 432,647 6,393 333

24 2016-1 23,932 389,276 5,786 308

25

Dropwizard

2021-1 5,643 14,460 514 88

26 2020-1 5,220 14,059 506 88

27 2019-1 4,681 14,057 554 93

28 2018-1 4,356 13,002 521 87

29 2017-1 4,044 11,463 477 81

30 2016-1 3,484 10,208 407 69

31

Checkstyle

2021-1 9,832 27,751 483 35

32 2020-1 8,936 25,791 445 26

33 2019-1 8,162 25,315 430 26

34 2018-1 7,469 24,992 416 26

35 2017-1 6,248 22,770 389 24

36 2016-1 5,507 20,416 366 23

37

Hadoop

2021-1 24,479 709,632 10,676 677

38 2020-1 23,378 687,561 10,462 687

39 2019-1 20,879 686,289 10,592 743

40 2018-1 17,547 594,562 9,066 573

41 2017-1 15,188 489,835 7,711 460

42 2016-1 12,619 431,280 6,978 431
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No Repository name Version Commits Lines of code Classes Packages

43

Selenium

2021-1 26,202 41,483 1,290 138

44 2020-1 24,579 32,347 1,079 105

45 2019-1 23,328 32,416 1,045 100

46 2018-1 21,649 27,274 910 72

47 2017-1 19,817 24,648 835 67

48 2016-1 18,306 33,234 929 71

49

Skywalking

2021-1 6,145 72,800 3,001 765

50 2020-1 5,393 50,974 2,224 540

51 2019-1 4,503 29,773 1,238 269

52 2018-1 3,152 23,363 1,113 247

53 2017-1 1,287 8,544 379 98

54 2016-1 282 7,194 253 80

55

Signal android

2021-1 6,654 136,947 3,338 209

56 2020-1 4,849 91,578 2,239 141

57 2019-1 3,930 63,589 1,357 85

58 2018-1 3,339 46,727 1,075 67

59 2017-1 2,601 47,528 1,078 71

60 2016-1 2,299 42,098 950 56

Total 60 version of repositories 700,938 9,420,246 173,237 12,849

File attribute− details.csv contains detailed information (attribute name, attribute short form, cate-

gory, and description) about extracted static analysis metrics and code quality attributes. The short form

is used in the real dataset as a unique identifier to show value for packages, classes, and methods. Table

A.4 lists the source code metrics and code quality attributes used in our dataset.

Table A.4: List of Source Code Metrics and Code Quality Attributes

No Category Code Full name Description

1 Package,

Class,

Method

Coupling Coupling Measures coupling value between two

classes A and B.
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No Category Code Full name Description

2 Package,

Class,

Method

Lack of Cohe-

sion

Lack of Cohesion Measure how well the methods of a class

are related to each other.

3 Package,

Class,

Method

Complexity Complexity Implies being difficult to understand and

describe the interactions between a number

of entities.

4 Package,

Class,

Method

Size Size Measured by the number of lines or meth-

ods in the code.

5 Package,

Class

LOC Lines of Code The number of all nonempty, non-

commented lines of the body of the class.

6 Package,

Class

WMC Weighted Method

Count

The weighted sum of all class methods.

7 Class DIT Depth of Inheritance

Tree

The position of the class in the inheritance

tree.

8 Class NOC Number of Children The number of direct subclasses of a class.

9 Class CBO Coupling Between

Object Classes

The number of classes that a class is cou-

pled to.

10 Class CBO LIB CBO Lib The number of dependent library classes.

11 Project CBO APP CBO App The number of dependent classes in the ap-

plication.

12 Class RFC Response For a Class The number of the methods that can be

potentially invoked in response to a public

message received by an object of a partic-

ular class.

13 Class SRFC Simple Response For

a Class

The number of the methods that can be

potentially invoked in simple response to a

public message received by an object of a

particular class.

14 Class LCOM Lack of Cohesion of

Methods

Measure how methods of a class are related

to each other.
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No Category Code Full name Description

15 Class LCAM Lack of Cohesion

Among Methods

CAM metric is the measure of cohesion

based on parameter types of methods.

LCAM = 1-CAM.

16 Class NOF Number of Fields The number of fields (attributes) in a class.

17 Class NOM Number of Methods The number of methods in a class.

18 Class NOSF Number of Static

Fields

The number of static fields in a class.

19 Class NOSM Number of Static

Methods

The number of static methods in a class.

20 Class SI Specialization Index Measures the extent to which subclasses

override their ancestors’ classes.

21 Class CMLOC Class-Methods Lines

of Code

The total number of all nonempty, non-

commented lines of methods inside a class.

22 Package EC Efferent Coupling Outgoing Coupling. The number of classes

in other packages that the classes in the

package depend upon is an indicator of the

package’s dependence on externalities.

23 Package AC Afferent Coupling Incoming Coupling. The number of classes

in other packages that depend upon classes

within the package is an indicator of the

package’s responsibility.

24 Package #(C&I) Number of Classes &

Interfaces / Entities

Total number of Classes & Interfaces.

25 Package #I Number of Interfaces Total number of Interfaces.

26 Package #C Number of Classes Total number of classes.

27 Class NORM Number of Overrid-

den Methods

The number of Overridden Methods.

28 Class C3 C3 The max value of Coupling, Cohesion,

Complexity metrics.

29 Project nofP Number of Packages Number of Packages in the project.

30 Project nofPa Number of External

Packages

Number of External Packages referenced

by the project.
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No Category Code Full name Description

31 Project nofEE Number of External

Entities

Number of External classes and interfaces

referenced by the project.

32 Project NoPC Number of Problem-

atic Classes

Number of classes with high coupling, high

complexity or low cohesion in the project.

33 Project NoHPC Number of Highly

Problematic Classes

Number of classes with high coupling,

high complexity, and low cohesion in the

project.

34 Class LTCC Lack of Tight Class

Cohesion

Measures the lack of cohesion between the

public methods of a class.

35 Class ATFD Access to Foreign

Data

The number of classes whose attributes are

directly or indirectly reachable from the in-

vestigated class.

36 Package Ins Instability Measure the relative susceptibility of class

to changes.

37 Package Abs Abstractness Measure the degree of abstraction of the

package.

38 Package ND Normalized Distance Normalized Distance metric is used to mea-

sure the balance between stability.

39 Class InDegree InDegree In-degree of corresponding graph vertex of

the class.

40 Class OutDegree OutDegree Out-degree of corresponding graph vertex

of the class.

41 Class Degree Degree Degree of corresponding graph vertex of

the class.

42 Method MCC McCabe Cyclomatic

Complexity

McCabe Cyclomatic Complexity

43 Method NBD Nested Block Depth Number of statement blocks that are

nested due to the use of control structures

(branches, loops).

44 Method LOC.2 Method Lines of

Code

Number of Lines of Code under a method.
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No Category Code Full name Description

45 Method #Pa Number of Parame-

ters

Number of Parameters.

46 Method #MC Number of Methods

Called

Number of Methods Called.

47 Method #AF Number of Accessed

Fields

Number of Accessed Fields.

File codesmells.csv provides the information (Rule, Code Smell, Rule Description) of code smells

analyzed from each version. Table A.5 lists the code smells and their associated rules.

In addition to these files, the dataset contains a folder having ten sub-folders named against each

repository name. Each sub-folder has six CSV files named according to the version. The CSV files contain

analyzed static analysis metrics and code smell information.

A.4 Experimental Design, Materials, and Methods

The dataset construction process involves the following distinct steps:

The first step involves the selection of the repositories to be analyzed. Towards this direction, we

retrieved information regarding the most popular repositories using the ModelMine tool [8] with the fol-

lowing criteria; a repository with primary language Java, a minimum of 5, 000 commits, at least 100 active

contributors, a minimum of 3, 000 stars and 500 forks. We have selected ten diverse repositories out of 47

searched and filtered repositories. The selected repositories are open-source and can be downloaded from

the GitHub link provided in A.5.

To validate the variations of the repositories, we consider a high number of stars and forks as a proxy

for the popularity of repositories and a high number of commits as a proxy for maintenance. Also, we

consider repository size as follows: low (1–1,000 classes), medium (1001–5,000 classes), and high (more

than 5,000 classes) in the latest version of each repository.

After selecting repositories to be analyzed, the next step involves acquiring their version and source

code. We use the ModelMine tool again to find the version link of the repositories each year between

2016-2021. The selected versions are open-source and can be downloaded from GitHub by visiting the

GitHub tree link provided in A.6.

After collecting the source code of each version of the selected repositories, the next step involves

analyzing the source code and extracting source code metrics and code quality attributes from each version.
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Table A.5: List of Code Smells and Their Associated PMD Rule Names

No Code Smell Description Rule

1 God Class A class does too many things, is very big,

and is overly complex.

GodClass

2 Long Method A method does more than its

name/signature suggests.

ExcessiveMethodLength

3 Data Class A class holds simple data, which reveal

most of their state without complex func-

tionality.

DataClass

4 Long Parameter

List

A method with numerous parameters

challenged to maintain.

ExcessiveParameterlist

5 Large Class A class may be burdened with many re-

sponsibilities provided by external classes

or functions.

ExcessiveClassLength

6 Complex Class A class that concentrates too much deci-

sional logic in methods makes its behav-

ior hard to read and change.

CyclomaticComplexity

7 Switch Statement A switch statement implies a method

with a switch statement is overloaded.

SwitchDensity

8 Class Data

Should Be Private

A class with large numbers of public

methods and attributes.

ExcessivePublicCount

We perform static analysis using the CODEMR, static analysis tool [4], which enables the computation

of a series of metrics that quantify forty-seven different source code metrics and code quality attributes.

The analysis was performed at package, class, and method levels. A list of source code metrics and code

quality attributes, along with the description and acronyms, are shown in Table A.4.

Besides collecting the code quality attributes, we extracted design-related code smells information using

the PMD tool [172] from the repositories. The code smell information for each repository is stored as CSV

files in the codesmells folder. To extract the design-related code smells, we used a PMD command shown

in Table A.6 and applied the parameters: (1) directory (-d), (2) rule (-R), and (3) output format (-f).
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Table A.6: PMD Command & Parameters to Extract Code Smells

Command pmd.bat -d “path to repository” -R category/java/design.xml -f csv >>

“output file name.csv”

Parameters -d <path>: Root directory for the analyzed sources.

-R <refs>: Comma-separated list of ruleset or rule references.

-f <format>: Output format of the analysis report.

Finally, we created a synthesized version of source code metrics, code quality, and code smell informa-

tion by class and method name of each repository version. This process is done using a Python script and

takes longer as we merge the data over a non-indexed column: Class/method name. Generally, By simply

merging using the index column, the speed increases from 10 to 15% over a non-indexed column [175].

A.5 Repository Links

The table A.7 shows the repository link information that we mine from the GitHub repositories of interest.

Table A.7: Selected Repository Links

Serial Repository name Repository link

1 Spring framework https://github.com/spring-projects/spring-framework

2 Junit-5 https://github.com/junit-team/junit5

3 Apache kafka https://github.com/apache/kafka

4 Apache lucene-solr https://github.com/apache/lucene-solr

5 Dropwizard https://github.com/dropwizard/dropwizard

6 Checkstyle https://github.com/checkstyle/checkstyle

7 Hadoop https://github.com/apache/hadoop

8 Selenium https://github.com/SeleniumHQ/selenium

9 Skywalking https://github.com/apache/skywalking

10 Signal android https://github.com/signalapp/Signal-Android
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A.6 Version links

The following table shows the version link information we mine repositories of interest from GitHub. We

download a total of sixty versions of ten repositories.

Table A.8: Version Link of Selected Repositories

No Repository name Version Version link

1

Spring framework

2021-1 https://github.com/spring-projects/spring-framework/tree/44b29b6ecfdf77aec59409601301ca8e21452f0e

2 2020-1 https://github.com/spring-projects/spring-framework/tree/d5f0bb23aed29578cb45653f14d291d1bfe291e7

3 2019-1 https://github.com/spring-projects/spring-framework/tree/72fbbb24035c79f0c95e698aa26f913497b26323

4 2018-1 https://github.com/spring-projects/spring-framework/tree/0f1f95e0909c5d32bbc9305ae85c57312a491058

5 2017-1 https://github.com/spring-projects/spring-framework/tree/badde3a479a53e1dd0777dd1bd5b55cb1021cf9e

6 2016-1 https://github.com/spring-projects/spring-framework/tree/d681f77d625d4815563511e6abb96827c8aec2a5

7

Junit-5

2021-1 https://github.com/junit-team/junit5/tree/03a79c13f612099a8fc328aa2bcff23e4f8dcc2c

8 2020-1 https://github.com/junit-team/junit5/tree/20a9fe00e795b9234b6e9abb2e9a172d347625ff

9 2019-1 https://github.com/junit-team/junit5/tree/56ac9fde793903fe6fd36ec2d3b09e3fbed91f7d

10 2018-1 https://github.com/junit-team/junit5/tree/4b3b36e1b2b2069600f2fcf8fcf5385b0278b2c1

11 2017-1 https://github.com/junit-team/junit5/tree/73f3eeb436e78226f19554f2c2b5dab63e103670

12 2016-1 https://github.com/junit-team/junit5/tree/13d39cfbd9a42d3e6d6679e869caf98b5e3386de

13

Apache kafka

2021-1 https://github.com/apache/kafka/tree/2515bf236864c04cc75d8fd136b048625663e16c

14 2020-1 https://github.com/apache/kafka/tree/f610f9ff1f59f90434c3614f00c95001f50100e4

15 2019-1 https://github.com/apache/kafka/tree/b16afbb77bc1a497096815e64ed9e97df1edf92d

16 2018-1 https://github.com/apache/kafka/tree/96df93522f84173ff47f47ec78ec408991140b65

17 2017-1 https://github.com/apache/kafka/tree/ce1cb329d5aa788968e47d7dfe307128f2ddc2ff

18 2016-1 https://github.com/apache/kafka/tree/b905d489188768ba1c55226857db9713b9272918

19

Apache lucene-solr

2021-1 https://github.com/apache/lucene-solr/tree/beb163c9160bf983ac94c33eeee9659dc061ff6a

20 2020-1 https://github.com/apache/lucene-solr/tree/1e0471a2476d66ff64e866b354253b8e76bcd7c7

21 2019-1 https://github.com/apache/lucene-solr/tree/5016959ce8c1eed9d354822f01edc4b509e4aa9d

22 2018-1 https://github.com/apache/lucene-solr/tree/2da4ed17bae07593233f4e5610ce40a6a07f7c10

23 2017-1 https://github.com/apache/lucene-solr/tree/93562da610bf8756351be7720c69872bc1cea727

24 2016-1 https://github.com/apache/lucene-solr/tree/c9b7af045085bb44fada61cfa877f0238769ff72

25

Dropwizard

2021-1 https://github.com/dropwizard/dropwizard/tree/dda5bb6990607f6b2e9ca00e8156c3bf2cf480d6

26 2020-1 https://github.com/dropwizard/dropwizard/tree/1ae6ea6a62329d3715fa62d3f85b620178f8da9b

27 2019-1 https://github.com/dropwizard/dropwizard/tree/f000627a307d12280e39875da99caf685d1950d3

28 2018-1 https://github.com/dropwizard/dropwizard/tree/6e5c9c5aef82fe7d25097d837854c6d0778f86c7

29 2017-1 https://github.com/dropwizard/dropwizard/tree/a43e4b96df5b36a8cfd795bd5fd382e40a6733b3

30 2016-1 https://github.com/dropwizard/dropwizard/tree/3d78e02c3daef8d4acd78c570a4363db07eedeea

31

Checkstyle

2021-1 https://github.com/checkstyle/checkstyle/tree/c3e5dfff8ea8ec8ef5ed1ea12f86c1110445707a

32 2020-1 https://github.com/checkstyle/checkstyle/tree/5e7809c096db317143f38cf7fbe4d2a535836b85

33 2019-1 https://github.com/checkstyle/checkstyle/tree/a262bad94bb4aa5786a2c47582021dc1189208ec

34 2018-1 https://github.com/checkstyle/checkstyle/tree/327c0bc843612486ab4ded32a2f01038e1271fd0

35 2017-1 https://github.com/checkstyle/checkstyle/tree/16aadebeee91937b3fadaa6f911e6ce0a97863b1

36 2016-1 https://github.com/checkstyle/checkstyle/tree/af047afee8216a4b0db9027dd013a1aad2be9494

37

Hadoop

2021-1 https://github.com/apache/hadoop/tree/1448add08fcd4a23e59eab5f75ef46fca6b1c3d1

38 2020-1 https://github.com/apache/hadoop/tree/b6dc00f481189821e5d982083eba6d01f108b3de

39 2019-1 https://github.com/apache/hadoop/tree/cb26f154289ed065a967886b8eac04794907d643

40 2018-1 https://github.com/apache/hadoop/tree/dfe0cd86553bd2688603ea382ea593171d520471

41 2017-1 https://github.com/apache/hadoop/tree/b31e1951e044b2c6f6e88a007a8c175941ddd674

42 2016-1 https://github.com/apache/hadoop/tree/f9e36dea96f592d09f159e521379e426e7f07ec9
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No Repository name Version Version link

43

Selenium

2021-1 https://github.com/SeleniumHQ/selenium/tree/4af354bb99abf3191473fa32f636063311a378d5

44 2020-1 https://github.com/SeleniumHQ/selenium/tree/58249b7943198e92ce083f42052380fa2dbcfd61

45 2019-1 https://github.com/SeleniumHQ/selenium/tree/d25b01eca78ae9982e3c1fed7f2294a91c186f54

46 2018-1 https://github.com/SeleniumHQ/selenium/tree/f3eafa022fe42e3aa200821f3175350b611209c8

47 2017-1 https://github.com/SeleniumHQ/selenium/tree/9a39af7619b7165af80bd6d7b688369479baeeed

48 2016-1 https://github.com/SeleniumHQ/selenium/tree/4c35228399ed9b0610d41e5b8c758563c129efbc

49

Skywalking

2021-1 https://github.com/apache/skywalking/tree/61011635135cfe777370db59f0988d5a3c546dd2

50 2020-1 https://github.com/apache/skywalking/tree/568c2e53f09855199884f65f38a9e4771a5a6467

51 2019-1 https://github.com/apache/skywalking/tree/8506f8f3c5afb1af762bcd7b3d221121bf242ea7

52 2018-1 https://github.com/apache/skywalking/tree/e5ea6cf33154f4319a82029038ca533e4e593384

53 2017-1 https://github.com/apache/skywalking/tree/a944427df8f85f9881169ed3f342e36091f4d3e8

54 2016-1 https://github.com/apache/skywalking/tree/c1a90c9b7f26cce27e6fa13ecf055dd78eff1163

55

Signal android

2021-1 https://github.com/signalapp/Signal-Android/tree/ccd405fdce5f3d0a3f934e9ac02a4f0e33c9ed10

56 2020-1 https://github.com/signalapp/Signal-Android/tree/fe5fca8eaf3f73ab5b350d7d6b3c17b27729d92a

57 2019-1 https://github.com/signalapp/Signal-Android/tree/1c3052a580f8d40f235f0e3d2da9c4cda2f3860e

58 2018-1 https://github.com/signalapp/Signal-Android/tree/b307980d8ca0da588213d2cd448474ffa925d1c2

59 2017-1 https://github.com/signalapp/Signal-Android/tree/57cdbaedd646529ede41749fce0f16e1fe0b5ea3

60 2016-1 https://github.com/signalapp/Signal-Android/tree/df27fa47ed92f941e887e40974ae5f217f999294
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Appendix B

Machine Learning in Code Smell

Detection

This appendix presents different results regarding recent studies on machine learning algorithms for code

smell detection considering the research articles published between 2015 and 2021.

B.1 Data Sources Links

Table B.1: Data Sources and Links

Serial Data source Data source URL

1 ACM Digital Library https://dl.acm.org/

2 IEEE Xplore Digital Libray https://ieeexplore.ieee.org/

3 ScienceDirect https://www.sciencedirect.com/

4 SpringerLink Digital Library https://link.springer.com/

5 Engineering Village Digital Library https://www.engineeringvillage.com/

6 Wiley Online Library https://onlinelibrary.wiley.com/
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B.2 List of Questions for Data Collection

Table B.2: List of Questions & Metadata for Data Collection

Serial Metadata Description Rationale

1 Code smells

studied

What code smells are reported in the papers?

To answer re-

search ques-

tions

2 Datasets

used to train

models

What datasets are used in the papers to train ma-

chine learning models?

3 Independent

variables

The classifier used to measure the proneness of

code smell?

4 Machine

Learning

algorithms

applied

Which machine learning algorithms are considered

in the research articles?

5 Evaluation

metrics used

What evaluation metrics have been used to assess

the accuracy of the model?

6 Demographic

informa-

tion of the

authors

Which regions are employing machine learning in

code smell-related research?

To conduct

exploratory

data analysis

7 Publication

venues

In which conferences or journals are the papers

published?

8 Publication

year

In which year were the articles published?
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B.3 Dataset Used in the Primary Studies

This section shows the results related to the reported dataset in recent studies.

Table B.3: Datasets Reported in the Primary Studies

Serial Dataset Primary Studies Dataset Type

1 Qualitas Corpus [S01], [S06], [S11], [S13], [S17],

[20] [S22], [S25]

Open Source

2 Code Smell 13 repository

dataset

[S04], [S07], [S14], [S18] Open Source

3 Self generated dataset [S15], [S23], [24] Industrial

4 Two open source java

projects [GanttProject,

Apache Xerces]

[S05], [S21] Open Source

5 Landfill [S02] Open Source

6 Android Smell Dataset

(Created Manually)

[S03] Industrial

7 Code Smell Github Dataset [S08] Open Source

8 Seven open source projects [S09] Open Source

9 Fourteen Industrial Soft-

ware Systems

[S10] Industrial

10 Two projects [ArgoUML,

Apache Xerces]

[S12] Open Source

11 Eight Open Source

Projects

[S19] Open Source

12 BrainCode Dataset [S26] Industrial
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B.4 Independent Variables Considered in the Primary

Studies

Table B.4: Independent Variables Considered in the Primary Studies

Article

ID

Metrics Number of

Metrics

S01 CBO, CYC, DAC, DIT, ILCOM, LCOM, LD, LEN, LOC, LOD, MPC,

NAM, NOC, NOM, RFC, TCC, WMC, MNB, uniqueWordsQty, assign-

mentsQty, comparisonsQty, loopQty, parenExpsQty, variables, parameters,

startLine

26

S02 CLOC, LOC, WMC 3

S03 NoM, DoI, NoII, NoA, CLC, LoC, isAbstract, isStatic, isInnerClass, isIn-

terface, isActivity, isBroadcastReceiver, isAsyncTask, ownOnLowMemory,

NoP, NoI, NoDC, NoC, CC, NatureOfClass, callExternalMethod, call-

Method, useVariable, callInit

24

S04 ELOC, LCOM, LOC METHOD, NOA, NOM, NOPA, NP,

NMNOPARAM, WMC

9

S05 LOC, CC 2

S06 LOC, LOCNAMM, NOPK, NOCS, NOM, NOMNAMM, NoA, WMC,

WMCNAMM, AMW, AMWNAMM, CLNAMM, NOP, NOAV, ATLD,

NOLV, FANOUT, ATFD, FDP, RFC, CBO, CFNAMM, NMCS, CC, CM,

NOAM, DIT, NOC, NoII

29

S07 ELOC, LCOM, LOC METHOD, NOA, NOM, NOPA, NP,

NMNOPARAM, WMC

9

S08 NOC, IPM, WMC, CC, NOCH, NBI, NOM, DIT, PPIV, LCOM, LOCL,

APD, XML, BSMC, NTO, WKL, GPS, BMAP, SQL, NET, I/O

22

S09 LOC, CBO, DIT 3

S10 LCOM, DIT, IFANIN, CBO, NOC, RFC, NIM, NIV, WMC, Cyclo 10

S11 RFC, PM, AFD, LOC, LOCNA, TCC, WMC,WMCNA, NPA, parameters,

CC

11

S12 NSM, TLOC, CA, RMD, NOC, SIX, RMI, NOF, NOP, MLOC, WMC,

NORM, NSF, NBD, NOM, LCOM, VG, PAR, RMA, NOI, CE, NSC, DIT

23
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Article

ID

Metrics Number of

Metrics

S13 LOC, LOCNAMM, NOPK, NOCS, NOM, NOMNAMM, NoA, CC, WMC,

WMCNAMM, AMW, AMWNAMM, CLNAMM, NOP, NOAV, ATLD,

NOLV, FANOUT, ATFD, FDP, RFC, CBO, CFNAMM, NMCS, CC, CM,

NOAM, DIT, NOC, NoII

30

S14 ELOC, LCOM, LOC METHOD, NOA, NOM, NOPA, NP,

NMNOPARAM, WMC

9

S15 WMC, NOV 2

S16 CBO, CYC, DAC, DIT, ILCOM, LCOM, LD, LEN, LOC, LOD, MPC,

NAM, NOC, NOM, RFC, TCC, WMC, maxNestedBlocks, uniqueWord-

sQty, assignmentsQty, comparisonsQty, loopQty, parenExpsQty, variables,

parameters, startLine

27

S17 LOC, LOCNAMM, NOPK, NOCS, NOM, NOMNAMM, NoA, CC, WMC,

WMCNAMM, AMW, AMWNAMM, CLNAMM, NOP, NOAV, ATLD,

NOLV, FANOUT, ATFD, FDP, RFC, CBO, CFNAMM, NMCS, CC, CM,

NOAM, DIT, NOC, NoII

30

S18 ATFD, ELOC, FanIn, FanOut, LCOM, LOC METHOD, McCabe, MC,

NOA, NOC, NOM, NOPA, NP, NMNOPARAM, PDM, PRM, WMC, LOC

18

S19 ATFD, LAA, FDP 3

S20 LOC, LOCNAMM, NOPK, NOCS, NOM, NOMNAMM, NoA, CC, WMC,

WMCNAMM, AMW, AMWNAMM, CLNAMM, NOP, NOAV, ATLD,

NOLV, FANOUT, ATFD, FDP, RFC, CBO, CFNAMM, NMCS, CC, CM,

NOAM, DIT, NOC, NoII

30

S21 LOC, CC 2

S22 WMC, CFNAMM, NOAM, NIM, ATFD, LAA, Cyclo 7

S23 LOC, CC 2

S24 LOC, CBO, NOM, CC, FO, FI, LCOM 7
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Article

ID

Metrics Number of

Metrics

S25 LOC, LOCNAMM, NOPK, NOCS, NOM, NOMNAMM, NOA, CYCLO,

WMC, WMCNAMM, AMW, AMWNAMM, MNB, CLNAMM, NOP,

NOAV, Fanout, ATFD, FDP, RFC, CBO, CFNAMM, CINT, MaMCL,

MeMCL, NMCS, CC, CM, CDISP, NOAM, NOPA, LAA, DIT, NoII, NOC,

NMO, NIM, NoII, NOCS, WOC Tyoe, NODA, NOPVA, NOPRA, NOFA,

NOFSA, NOFNSA, NONFNSA, NOSA, NONFSA, NOABM, NOCM,

NONCM, NOFM, NOFNSM, NONSM

55

S26 WMC, NOC, NOM, NONM, NOIM, TLOC, MLOC, CIS, NOPM 28
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B.5 List of Source Code Metrics and Definitions

Table B.5: Source code metric names along with their definitions

Name Definition Name Definition

AMW Average Method Weight NMCS Number of Message Chain Statements

APD Access to Private Data NOA Number of Anchestors

ATFD Access to Foreign Data NOABM Number of Abstract Methods

ATLD Access to Local Data NOAV Number of Accessed Variable

CBO Coupling Between Objects NOC Number of Children

CC Class Complexity NOCM Number of Construction Methods

CFNAMM Called Foreign Not Accessor or Mutator Methods NOCS Number of Classes

CINT Coupling Intensity NODA Number of Default Attributes

CIS Class Interface Size NOF/NOA Number of Fields/Attributes

CLOC Class Lines of Code NOFA Number of Fields Accessed

CM Changing Methods NOFM Number of Final Methods

CYC / CLC Cyclomatic complexity NOII Number of Implemented Interfaces

DAC Data Abstraction Coupling NOIM Number of Inherited Methods

DIT Depth Inheritance Tree NOLV Number of Local Variables

DOI Depth of Inheritance NOM Number of Methods

ELOC Estimated Lines of Code NONM Number of Normal Methods

FANIN/FI Max number of references to the subject class to another class NOPA Number of Public Attributes

FANOUT/FO Number of methods and fields used by one entity NOPVA Number of Private Attributes

FDP Foreign Data Provider NOPM Number of Polymorphic Methods

LAA Locality of Attribute Accesses NOSA/NOSF Number of static attributes

LCOM Lack of Cohesion in Methods NOV Number of Variable

LD Locality of Data NOPK, NP Number of Packages

LEN Length of Class Names NPA Number of Protected Attributes

LOC Lines of Code NSC Number of static Classes

LOD Lack of Documentation NSM Number of Static Methods

MC/MCC Mccabe Cyclomatic Complexity PDM Percentage of Delegate Methods

MLOC/LOCM Method Lines of Code PM Number of Private Methods

MN Max Nesting Level PRM Percentage of Refused Methods

MNB Max Nested Block RFC Responses for a Class

MPC Message Passing Coupling TCC Tight Class Cohesion

NOAM Number of Accessor Methods TLOC Total Lines of Code

NIM Number of Inherited Methods WMC Weighted Method Call
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