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Abstract

Refactoring, which aims to improve the internal structure of the software systems

preserving their behavior, is the most common payment strategy for technical debt

(TD) by removing the code smells. There exist many studies presenting code smell

detection approaches/tools or investigating their impact on quality attributes. There

are also studies that focus on refactoring techniques, their relation with quality attri-

butes, tool supports, and opportunities for them. Although there are several studies

addressing the gap between refactoring and TD indicators, the empirical evidence

provided is still limited. In this study, we examine the distribution of 29 refactoring

types among the different projects and their relation with code smells or faults. We

explore the refactoring types that are most commonly performed together and other

activities performed with refactorings. We conduct a large exploratory study with

automatically detected 57,528 refactorings, 37,553 smells, 27,340 faults, and

134,812 commits of 33 Java projects. Results show that some refactoring types are

more commonly applied by developers. Our analysis indicates that refactorings usu-

ally remove or do not affect the code smells, and this contradicts with the previous

studies. Also, the commits in which refactoring(s) is performed are three times more

fault inducing than those without refactoring.
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1 | INTRODUCTION

Software change management and maintenance are crucial activities of the development life cycle that gets more complex over time. Project

teams, constrained by schedule, resources, and budget, get into debt to meet customer expectations, while they face additional costs later along

the maintenance process.1 Technical debt (TD) metaphor was first coined by Cunningham2 in 1993 to explain the need for refactoring to non-

technical stakeholders. He states that TD is “not quite right code” which we postpone making right, and working on not-quite-right code counts

as the interest on the debt. Moreover, Tom et al3 explored the TD metaphor and outlined the first framework to provide a consolidated under-

standing of the TD phenomenon and to discuss its positive and negative consequences. Although TD increases productivity and speed in the

short term, its long-term impact on software artifacts at different stages of the life cycle, such as additional cost during maintenance, has been

observed as more crucial.4–6

Debt is quite inevitable in software development,7 and it is even deliberately incurred under some conditions.4,8 It is usually incurred when

the effort to build the software in the shortest possible time using the least amount of resources is preferred over the effort to maintaining the

quality attributes of the system.6 In companies whose main goal is to deliver business value, there is a need to choose between activities such as

adding new features and fixing defects and repaying accumulated TD.7,9 Due to the growing complexity and size of software systems over time,
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the negative impact of TD on systems becomes more critical, and refactoring as the most common strategy for TD repayment becomes more sig-

nificant. Therefore, conceptually knowing the accumulated TD that damages business value through software systems is not enough to prevent

and repay it. According to Brown et al,10 it is essential that the long-term management of the debt should be taken into consideration to obtain

short-term benefits in increasingly complex software systems. Moreover, not only the interest of the debt but also the principal have to be paid

by managing both intentional and unintentional TD, that is, knowing how to deal with it. In recent years, research studies on TD management has

been prominent on enhancing flexibility, increasing productivity, and reducing the negative impact of debt, that is, keeping a balance between the

cost and value of software systems.11–13

A recent systematic literature review11 presents a set of activities for TD management that prevent potential TD from being incurred or that

keep it at a reasonable level. Authors report that TD identification and TD repayment are among the most mentioned and investigated TD man-

agement activities. TD identification detects accumulated various debt types due to intentional or unintentional technical decisions in a software

system through certain approaches such as static code analysis. TD repayment mitigates or removes the principal and/or interest of the identified

debt by solving its detected causes through various techniques, for example, refactoring, rewriting, and re-engineering, without changing the

behavior of the system. Also, the authors state that code debt and its management have received the highest attention from the software engi-

neering community.11

Code smells and software faults are considered and studied as the most common indicators of code debt. Moreover, the most popular repay-

ment strategy for them is refactoring, because it is supported by a large number of tools,14 and it is able to mitigate the most common types of

debt in systems such as code debt and design debt.15 In recent years, code debt, the indicators identifying it, and refactoring as its repayment

strategy are increasingly discussed. There are several studies presenting code smell detection approaches, code smell detection tools, and/or

investigating the impact of code smells on quality attributes, specially maintenance and evolution.16–20 Also, various studies have been published

on refactoring techniques, their impact on quality attributes, tool support, and opportunities for them.21–26

A recent tertiary literature review15 highlights that there is still a gap in identifying the relationship between refactoring and code debt indicators,

and to the best of our knowledge, only a few studies address this gap.27–31 Although these studies discuss the relationship between refactoring and

code debt indicators, they are limited in terms of the analyzed code debt indicator; the size of the studied projects; use of tools for detecting

refactoring actions, code smells, and/or faults; the granularity of the observed phenomenon; and other issues related to introduction of code smells.

We listed those studies in Table 1 with respect to the mentioned issues. Three of these studies27–29 focus on the correlation of refactoring

activities with faults, while two of these studies30,31 focus on the relation between refactorings and code smells. However, no study investigates

the refactoring activities, and their relationships with the other coding activities, and debt indicators such as code smells and faults altogether.

Furthermore, the size of the investigated projects is limited, and this imposes a threat on the generalizability of the findings. While the studies by

Weißgerber and Diehl27 and Bavota et al28,30 were performed on three open-source Java projects, the study of Gatrell and Counsell29 was con-

ducted on a subset of an industrial C# project only. Moreover, although Cedrim et al31 analyzed the change history of 23 open-source Java pro-

jects, they identified 16,566 refactoring activities only.

The analysis made with the support of tools are often able to achieve a better level of accuracy and are more valid in terms of replication and

comparison with other studies.14 Nevertheless, the refactoring activities were identified without using any tools by Weißgerber and Diehl,27 and

identified with a custom made, bespoke tool by Gatrel et al.29 Also, Bavota et al28,30 detected refactorings with a release-based tool, namely,

TABLE 1 Relevant studies with similar goals to ours

Weißgerber and
Diehl27 Bavota et al.28 Gatrell and Counsell29 Bavota et al.30 Cedrim et al.31 Our study

Analyzed

relation

Refactoring—faults Refactoring—
faults

Refactoring—faults Refactoring—
code smells

Refactoring—
code smells

Refactoring—code

smells and

Refactoring—faults

Dataset 3 open-source Java

projects

3 open-source

Java projects

1 industrial C project 3 open-source

Java projects

23 open-

source Java

projects

33 open-source Java

projects

Refactoring

detection

Class-level method

by introduced

RefFinder

(12,922

refactorings)

A bespoke tool by

(1791 refactorings)

RefFinder

(12,922

refactorings)

RMiner

(16,566

refactorings)

RMiner (57,528

refactorings)

Number of

refactoring

types

6 refactoring types 52 refactoring

types

15 refactoring types 52 refactoring

types

10 refactoring

types

29 refactoring types

Code smell/

fault

detection

Faults: bug databases

and bug report

mails

Faults: SZZ Faults: the fault

history in the

control system

Code smells:

rule based

Code smells:

rule based

Code smells: Ptidej;

Faults: Open SZZ
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RefFinder.32 Thus, there is a possibility that some refactoring activities cannot be detected when many changes occur between these versions as

the tool detects refactoring activities between consecutive releases. Also, it is not possible to know if the refactoring, detected between two

releases, is actually implemented on the commits that induced the fault(s). Similarly, in four of the studies, faults and code smells affecting the

code components were identified either without tool support (Weißgerber and Diehl27 and Gatrell and Counsell29) or by rule-based approaches

(Bavota et al28 and Cedrim et al.31).

Previous works also indicate that some refactoring activities can be neutral and some can be more harmful than others when analyzing its

impact on the density of code smells or faults.28,30,31 However, most of those works did not consider that even if a refactoring type introduces

new code smells or faults, it may not be relevant in software projects where the occurrence of that refactoring activity is limited. In other words,

all of the studies except Cedrim et al31 do not investigate the distribution of refactoring activities in projects. Also, in the study,31 the empirical

results are not supported by statistical tests to verify the differences between distributions in projects for each refactoring type. Moreover,

according to Tufano et al,20 code smells are generally introduced by developers when adding new features or implementing enhancing existing

ones because of maintenance activities. Therefore, in the commits where the refactoring activities are considered harmful, there is a possibility

that developers dealt with other issues. For such cases, it is crucial to investigate whether the other activities are performed with refactoring

activities, in order to better understand the cause of introducing code smells. Yet no studies have investigated this aspect.

In the scope of this paper, we aim to cope with the limitations of previous studies, and investigate the refactoring activities, and their relation-

ship with code debt indicators in a larger context, at a coarser granularity, and with a more detailed analysis on the software changes. To accom-

plish this, we explore so far the largest and the most comprehensive Technical Debt Dataset33 that consists of analysis of 134,812 commits from

33 projects. The data includes commit and file-based information about code smells, refactorings, all the Jira issues, and the fault-inducing com-

mits extracted with the SZZ algorithm. The research on TD identification has also gained momentum with the introduction of this new

dataset.34–37 Using Technical Debt Dataset,33 we conducted an exploratory study on 33 open-source Java projects in which 57,528 refactoring

activities including 29 different refactoring types were detected at commit level by RMiner tool, 669 fault-inducing commits, and 8538 fault-fixing

commits were identified by SZZ, and 37,553 code smells were extracted from the commits by Ptidej. Using the links between all these measures,

commits, and files of the software projects, we address the following main research question: “To what extent is refactoring related to code debt

indicators (code smells and faults) in the software projects?” We refined the main research question with a set of subquestions38 and formulated

the following complementary research questions:

• RQ1: What kind of refactoring activities are commonly observed across software projects?

– RQ1.1: Which refactoring activities are commonly co-occurred?

• RQ2: Does refactoring activities reduce the density of code smells?

– RQ2.1: What are the other activities performed with refactoring activities that touch smelly commits?

• RQ3: How often do refactoring activities relate to fault-inducing/fault-fixing activities?

We define RQ1 to observe which type of refactoring activities developers frequently perform in software projects. We also would like to see if

some refactoring activities are performed together during software changes. Moreover, we define RQ2 to analyze whether refactoring activities

reduce the density of code smells, as prior studies show conflicting results regarding the effect of refactoring on the removal of code smells.30,31 We

also check if the effect of refactoring on a software change can be individually mapped to a code smell. Finally with RQ3, we would like to under-

stand the distribution of fault-fixing and fault-inducing activities among the refactoring activities. Our results show that some some refactoring types

(e.g., Move Class, Extract Method, Rename Method/Variable, and Pull Up Method) are more frequently applied, while some specific types

(e.g., Replace Attribute, Parameterize Variable, Move And Rename Attribute, and Rename Package) are hardly ever applied. Furthermore, our findings

show that refactorings usually remove or do not affect the code smells, and this mostly contradicts with the previous studies. Another observation of

our study is that other activities were also implemented by developers in commits where refactoring actions were implemented. Also, some of those

(e.g., new task development) might be associated with the introducing of new code smells. Moreover, fault-inducing activities together with

refactoring activities are rarely observed. However, we find that the commits in which refactoring activities are performed are three times more fault

inducing than no refactoring activities are performed. Finally, while refactoring and fault-fixing activities are performed in the same commits in only

10% to 12% of the cases, in the rest of the cases, refactorings are performed separately from the fault-fixing changes.

1.1 | Structure of the paper

Section 2 summarizes previous works on refactoring, code debt indicators, and their relationships. In Section 3, we present the investigated

research questions. Section 4 describes our empirical study design in which we present data preprocessing and data analysis phases to answer

each RQ. The obtained results of the study over the considered projects are reported and discussed in Section 5, while in Section 6, we analyzed

and discussed the threats that could affect the validity of our study. Finally, Section 7 concludes the paper.
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2 | RELATED WORK

The research community has widely studied refactoring and code debt indicators such as code smells, faults from different perspectives. In this

section, we discuss previous studies related to code smells, faults, and refactoring.

2.1 | Evolution of code smells

Code smells are violations of coding design principles and indicates that something is wrong deeper into the software system rather than the visi-

ble problem itself.39 Different from other defects, a code smell is quick to spot and gives a hint that the code has to be examined deeply to see

whether there is an underlying problem, rather than a certainty.20,40

Fowler made an important contribution to the literature by organizing and categorizing 28 types of smells.39,40 Lacerda et al15 report that

Duplicated Code/Code Clone, God/Large Class, Feature Envy, Long Method, and Long Parameter List are the most studied smells presented by

Fowler for several reasons, such as tools available for their detection, the frequency of smell occurrence, and popularity among practitioners.

Code smells, one of the symptoms of TD, have negative consequences during the system evolution and can negatively affect the overall

maintainability of the system. In addition to suggesting tools and approaches to detect code smells, over the recent years, the research community

has extensively investigated the evolution of code smells,16,41–43 their impact on change and/or fault proneness of source code elements,18,19,44–

46 and why/when/how code smells are introduced.20

Olbrich et al16 analyzed the evolution of God Class and Shotgun Surgery code smells detected by the application of an automated approach,

on two large-scale open-source projects and investigated their impact on the frequency and size changes. According to their results, there are dif-

ferent phases of software evolution during which the number of smells could be increasing or decreasing, and those phases do not depend on the

size of the systems. Furthermore, the authors observe that the classes with the examined smells have a higher frequency of change than classes

without smells, and hence, those classes may need more maintenance.

Chatzigeorgiou and Manakos43 also analyzed the presence and evolution of code smells, namely, Long Method, Feature Envy, God Class, and

State Checking, identified by a tool on two open-source software systems. The results of their study show that (i) the total number of instances of

code smells increases during the evolution of software systems; (ii) in most cases, when code smells appear in a version, they persist in the latest

version of the systems as well; (iii) code smells not only appear during software evolution but also appear in a module right from its initial con-

struction as a direct consequence of inefficient initial analysis and design activities; and (iv) developers rarely perform appropriate refactoring

operations to remove code smells.

Khomh et al18 investigated whether classes with code smells are more change prone and fault prone than classes without smells. They

provide empirical evidence that the classes infected by smells are more change and fault prone with respect to the classes not infected by

any smell. Similarly, Palomba et al19 empirically investigated the relations between the occurrence of code smells in software systems and

change proneness and fault proneness. They confirm the results provided by Khomh et al18 on a larger set of code smells and software sys-

tems. However, they observe that applying refactoring to remove code smells does not always reduce the change proneness and fault prone-

ness of classes.

Tufano et al20 argue when code smells are introduced into the projects and discuss the factors that led to the introduction of smells over the

version histories of 200 open-source projects. The authors analyzed over half a million commits to identify issues associated with commits that

introduced smells on software projects. They report that about 65% of code smells are introduced during enhancement activities such as

implementing new features or extending the functionality of the existing ones, not as a result of its evolution. Moreover, their results indicate that

80% of smells were not removed afterwards, and only 9% were removed as a consequence of refactoring activities.

2.2 | Refactoring activities on code changes

In order to remove a detected code smell, compatible refactoring activity is applied for that smell.39 The term refactoring was first defined in

1990 by Opdyke47 as reorganization strategies that support changes in the software components. Fowler provides a good overview of the

refactoring and proposes different refactoring activities to improve code design and remove code smells.39 According to Fowler,40 refactoring is a

change made in the internal structure of the software without changing the observable behavior to improve external quality.

Several researchers studied the detection of changes and refactoring activities occurred in multiple versions of software projects. Demeyer

et al21 present four heuristics based on source code metrics to identify three refactoring activities. Each heuristics is represented as combination

of change metrics, which are on method size, class size, and inheritance, of two subsequent system snapshots. According to their preliminary

results on three case studies, the approach can be applied in practice to focus on which parts of a system have changed and how they have

changed.
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Xing and Stroulia22 propose UMLDiff algorithm based on design-level changes and developed a tool, namely, JDEvAn,23 that automatically

detects different kinds of refactoring activities by implementing the algorithm. The authors also reported a detailed case study on three pairs of

subsequent major Eclipse releases and studied what fraction of code modifications are refactorings and which types are the most frequent ones.24

Their state that about 70% of structural changes may be due to refactorings that involve a variety of restructuring types, ranging from simple ele-

ment renamings to substantial reorganizations of the containment and inheritance hierarchies.

Murphy-Hill et al26 performed an extensive study of refactoring application on a variety of datasets spanning a large number of developers.

Among the various observations of the study, one shows that the developers often perform refactoring activities. Specifically, the authors state

that the usage of floss refactoring tactic is more common than the usage of root-channel refactoring tactic among developers. In previous work,

Murphy-Hill and Black25 present the terms floss refactoring and root-channel refactoring. Floss refactoring utilizes daily refactoring techniques

occurs before the changes such as adding new features or bug fixing without much change in the structure of the code. Root-canal refactoring

consists of a costly and planned pure refactoring to improve the structure of the source code.25 Another significant finding of the study is that

many refactoring activities are performed manually without the help of tools, which is both time consuming and error prone.26

2.3 | Relation between refactoring and code debt indicators

As common wisdom, refactoring has been adopted to eliminate code smells identified through different detection approaches and to prevent the

occurrence of faults. However, in the last two decades, while the body of research on both refactoring and fault or smells has been growing rap-

idly, there are a limited number of studies empirically analyzing the relation between refactoring and code smells or faults.15,30,31

Weißgerber and Diehl27 studied the correlation between refactoring activities and bug reports opened in the following 5 days and whether

transactions with a high refactoring ratio are less error prone than others. For detection of class-level refactorings48 in the commit history of CVS

repositories, they mined the version histories of three open-source Java projects. Then, they computed the ratio of refactoring changes over other

changes and relate those to bug data. The paper reports that in all three projects, there are no days that only contain refactorings, that is,

refactorings often occur together with other types of changes. Moreover, they found no strong correlation: While it is more common to observe

that bug ratios do not increase after high ratios of refactoring changes, there has also been cases where bug ratios increased after refactorings.

Bavota et al28 analyzed three different datasets trying to understand to what extent refactoring activities induce faults. They used an open-

source tool to automatically detect 15,008 refactoring operations and used the SZZ algorithm to determine whether it is likely that refactorings

induced a fault. According to their results, refactorings involving hierarchies such as pull-down method induce faults very frequently, whereas

other kinds of refactorings are likely to be harmless in practice.

Gatrell and Counsell29 investigate and report whether refactoring is beneficial in terms of maintenance of software systems and in turn leads

to less change-prone and fault-prone classes. For this aim, they studied a subset of a commercial C# system for a 12-month period consisting of

7489 classes. They identified 1791 refactorings detected during the middle 4 months of the subset that is decomposed into three 4-month inter-

vals and then examined the same classes in three 4-month periods in order to investigate the impact of the detected refactoring activities on

change proneness or fault proneness. The authors also compared those classes with the remaining classes of the system in which no refactoring

operations were performed in the same period. They found that classes in which refactoring was applied are less change prone and fault prone

during and after the period of refactoring, compared with before the period of refactoring. Also, the study states that simpler refactoring types

are common, and more complex structural refactoring types are rare.

Bavota et al30 analyzed whether refactorings occur on code elements that certain indicators (e.g., structural quality metrics, the code smells

detected by tools) suggest a need for refactoring, along with the change history of three Java open-source projects. They collected refactorings

using the projects' major versions and discussed that refactoring processes generally do not focus on code components for which software quality

metrics suggest that they may need refactoring. They report that 42% of the refactoring actions are applied in elements with a code smell, in

which only 7% of refactorings remove smells.

Cedrim et al31 mined the evolution history of 23 open-source projects to investigate how often refactoring activities affect the density of

code smells. The study based on the analysis of 10 different refactoring types collected between commits and their effects on 13 different types

of code smells. According to their results, although 79.4% of the refactoring operations are performed in elements with code smells, 9.7% of the

operations removed code smells and 33.3% induced new smells. Moreover, they characterize refactoring-smell patterns and observe those typical

refactoring activities such as Move Method and Pull Up Method induce the surfacing the God Class smell.

3 | RESEARCH QUESTIONS

The main objective of this study is to empirically explore refactoring activities and types, and investigate the relationship between refactoring

activities and code debt indicators. In this paper, we refer to code refactoring activities performed on source files as refactoring activities, such as
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renaming, extracting, and pulling up methods/classes. In this context, we define a primary research question: “To what extent is refactoring

related to code debt indicators (code smells and faults) in the software projects?” To clarify the research question and provide the

scientific underpinning, we combine a set of different subquestions each of which focuses on a different research strategy/methodology

and classify them according to the guidelines provided by Easterbrook et al.49 To this end, the following research questions are formulated

and studied:

• RQ1: What kind of refactoring activities are commonly observed across software projects? (Frequency and distribution)

– RQ1.1: Which refactoring activities are commonly co-occurred? (Frequency and distribution)

With RQ1, we aim to provide an insight about the refactoring types that developers frequently perform over software changes on software

systems. This preliminary research question is motivated by the need to observe whether frequently performed refactoring types differ among

software projects. This provides the context on which the results of other research questions can be interpreted. Moreover, although

refactoring activities are generally applied to improve the maintainability, understandability, and readability of code, different types of

refactoring have different effects. In this context, reporting the most commonly occurred refactoring types may explain the reasons and moti-

vation behind the developers' decision to implement specific refactoring activities. Therefore, we believe that the findings for RQ1 may help

researchers to investigate why some refactoring types are performed more than the others(e.g., to remove code smells, to ensure maintainabil-

ity, to improve software quality, etc.), and whether it is related to the tool support that developers have during refactoring through future stud-

ies. Also, by answering RQ1.1, we would like to identify which refactoring types are usually co-occurred in the analyzed software projects. This

would also show if refactoring types are more likely applied in combination with each other or individually.

• RQ2: Does refactoring activities reduce the density of code smells? (Relationship)

– RQ2.1: What are the other activities performed with refactoring activities that touch smelly commits? (Description and classification

questions)

The goal of the RQ2 is to analyze refactoring operations occurring over the history of a software project with the aim of investigating whether

refactoring activities are related to the density of code smells. The question examines the statistical relationship between refactoring and code

smells and hence does not target a causality. Previous work31 found that refactoring activities often do not remove code smells and even intro-

duce new code smells into the software systems. Authors identified the consecutive commits according to the order of they were merged into

the main branch to generate the commit history of software projects. In other words, they analyzed the refactoring activities–code smells rela-

tionship between a commit (ci + 1) merged into the main branch and its parent commit (ci) merged into the main branch before that commit (ci).

However, in such an analysis, we observed that the components, that is, modified files, in consecutive commits are often different. This poses

a threat on the previous findings, as the code smells in some components which were refactored in ci + 1 are compared with the smells in other

components modified in ci. In this paper, we would like to investigate the effect of refactoring on code smell density with a different methodol-

ogy explained in Section 4.2.2. Our methodology ensures that the refactorings and code smells applied to the same files are compared through

descriptive statistics.

Furthermore, with RQ2.1, we aim to empirically investigate whether developers address other tasks while they are performing refactoring

activities that touch smelly commits. In other words, it is interesting for us to observe if developers implement other tasks such as a new fea-

ture or improvement on commits while they are performing refactoring activities. If there are several tasks addressed in a single commit, then

the code smells introduced in that commit should not be directly matched to the refactoring, because code changes cannot be specifically dis-

tinguished for the refactoring only. Thus, we also interpret the results of RQ2 by looking at this perspective.

• RQ3: How often do refactoring activities relate to fault-inducing/fault-fixing activities? (Frequency and distribution)

Refactoring activities are applied to prevent the occurrence of faults by eliminating code smells without changing the behavior of software sys-

tems. However, in some cases, while developers perform refactoring, they unintentionally may induce faults into the system.27,28 Moreover, in

some cases, while the developers fix the faults, they may intentinally perform refactoring on the code fragment that is too bad to be fixed.50

This research question investigates the relation between commits on which refactoring activities are performed and fault-fixing and/or fault-

inducing commits.

4 | STUDY DESIGN

4.1 | Dataset

The dataset used in this study is the Technical Debt Dataset originally created by Lenarduzzi et al.33 It consists of 33 projects belonging to a well-

known ecosystem, namely, Apache Software Foundation (ASF) repository* that are older than three years and developed in Java. Each of these

projects contains at least 500 commits, more than 100 classes, and has a minimum of 100 issues. The dataset consists of measurement data
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extracted through four tools, namely, PyDriller,51 Ptidej,52 RMiner,53 and SonarQube,† executed on the commits performed between March

1, 2000, and July 1, 2019. Moreover, the SZZ algorithm54 has been used to identify the fault-inducing and fault-fixing commits from the version

history for each of the projects. The dataset contains various important information about projects on nine SQL tables: Projects, Git Commits, Git

Commits Changes, Refactoring Miner, SZZ Fault-Inducing Commits, Jira Issues, Sonar Issues, Sonar Measures, and Sonar Rules.

Because we focus on the analysis of the relationship between refactoring activities and code debt indicators, namely, code smells and faults,

we selected only the tables related to faults, issues, and refactoring and listed them in Table 2. In Section 4.2, we explain the corresponding tables

and the units of the analysis in detail for each RQ.

4.1.1 | Additional dataset package

When performing our analysis specifically for RQ2, we had to crawl additional data from the projects' repositories. These data consist of the following:

• All files modified in the commits, their modified dates and commit hash values, and an indication of whether each file at the specified date and

commit includes code smells. This is new information, because in the Sonar Issues table, code smells are reported on the commits over all the

files regardless of whether these files were modified in those commits or not. So we may encounter that a file has a code smell in a commit

although that file is not modified in that commit. To solve this, we matched the files with the corresponding commits in which they were

affected by the code smells.

• Commit hash values and the issue IDs, issue types associated with these commits. This link was also not available in the existing Jira and Git

Commits tables, but we need this information to understand the type of issues related to the changes in the commits if an issue ID is provided

in the commit messages.

In Section 4.2.2, particularly in Code Smells and Other Issues subtitles, we present our methodology in more detail. The additional dataset we

extracted is also publicly available through CSV in Halepmollasi and Tosun.55

4.2 | Data preprocessing and data analysis

To answer all RQs, we need the refactoring activities detected over the change histories of all the software projects. On the other hand, the rest

of the data tables and associated columns in those differ depending on the RQ. Thus, this section reports our methodology for each RQ in two

phases: (i) data preprocessing in terms of picking the required tables, filtering the associated units of analysis, and if necessary, collecting new data,

and (ii) data analysis methods.

4.2.1 | What kind of refactoring activities are commonly observed across software projects? (RQ1)

Preprocessing

To address RQ1 and RQ1.1, we use the Refactoring Miner table that includes 57,528 refactoring activities on 11,723 unique commits over 33 pro-

jects. In this table, there are 29 refactoring types, and some examples of them are Extract Method, Extract Superclass, Move And Rename Attribute,

Move Class, Move Method, Pull Up Attribute, Pull Up Method, Rename Class, Change Package, and so on.

TABLE 2 SQL tables of Technical Debt Dataset used in this study

SQL table name Descriptions

Git Commits The commit information retrieved from the git log.

Git Commits Changes The changes performed in each commit, including the old path of the file, the new path of the file,

and the type of changes reported in the git log.

Refactoring Miner List of refactoring activities applied in the commits.

SZZ Fault-Inducing Commits The results from the execution of the SZZ algorithm.

Jira Issues Jira issues for the analyzed projects.

Sonar Issues All of the SonarQube issues, the antipatterns, and code smells detected by Ptidej.

HALEPMOLLASI AND TOSUN 7 of 22
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Refactoring activities

The table Refactoring Miner in TD dataset contains the list of refactoring activities applied in the repositories through an open-source tool,

namely, RMiner.53 The tool identifies different types of refactoring activities in the history of Java projects through the application of a two-

step approach. First, it extracts classes, methods, and fields that are added/removed/replaced between two successive commits based on a

lightweight version of the UMLDiff22 algorithm. Next, the tool extends and uses a set of rules defined by Biegel et al56 to discriminate the

different types of refactoring activities. Additional rules were able to detect refactoring activities with 98% and 87% of precision and recall,

respectively.53

Analysis

We first counted the number of each of the 29 refactoring types performed in all projects and divided them by the total number of refactoring

activities to get which types of refactoring activities are applied more by the developers over all 33 projects. This ratio gives us a general view

over all the projects about the distribution of different refactoring types. Moreover, we repeated this calculation for each of the projects individu-

ally to investigate whether the refactoring types are common and often performed across different software projects.

When comparing the distribution of refactoring activities across the projects, Scott–Knott ESD57 test is applied to verify the differences

between distributions. The test produces statistically distinct ranks at the significance level (default α¼0:05) using a hierarchical clustering algo-

rithm. The test ranks and clusters the refactoring types into significantly different groups such that the refactoring types in the same group have

no significant difference, whereas the refactoring types clustered in distinct groups have significant differences in terms of their occurrence ratio.

Therefore, the Scott–Knott test does not have an overlapping problem, that is, there is no possibility of one or more refactoring types to be classi-

fied in more than one group.

To answer RQ1.1, we extracted association rules to detect the co-occurred refactoring activities in the same commit. Association rule mining

that is a widely used data-mining method generates all significant association rules in a given database.58 Association rules generated are used to

discover correlations and co-occurrences between items in a given database. In this paper, when identifying the patterns highlighting co-occurring

refactoring types, the dataset is composed of a sequence of different types of refactoring activities performed together in the commits. An associ-

ation rule between two disjoint refactoring types is defined in the form of Rleft ! Rright, and it has two restrictions of Rleft, Rright � I and,

Rleft\Rright ≠ ;, where Rleft is antecedent; Rright is consequent; and I represents the set of items. The rule indicates that if a refactoring type ri�Rleft

is performed in a commit, then another refactoring type rj�Rright is also performed within the same commit. In our study, the relationship between

ri and rj is bidirectional, as opposed to the typical association rules in which the antecedent precedes the consequent. In other words, the relation

identified by the association rule only indicates that the two refactoring types occur in the same commit, as opposed to one precedes the other in

two consecutive commits. As expected, for a dataset with a lot of rule possibilities, the association rule mining also generates numerous rules, and

hence, confidence and support measures that filter invalid rules are required. The support of an association rule is the percentage of transactions

that contain Rleft[Rright, that is, an indication of how frequently the itemset appears in the dataset. Confidence is the ratio of the number of trans-

actions that contain Rleft[Rright to the number with Rleft. That are expressed as

SupðRleft !RrightÞ¼
Rleft[Rright

� �

T
,ConfðRleft !RrightÞ¼

Rleft [Rright

� �

Rleft
, ð1Þ

where T is the total number of refactoring activities detected from the repository.

In this study, we employ a well-known algorithm, namely, Apriori,59 for efficient association rule discovery. Apriori algorithm, in which the

validity of an association rule is determined by its support and confidence, adopts support-based pruning approach to reduce the impact of the

exponential growth of candidate itemsets. When obtaining the commonly co-occurred refactoring types, we determine the support value through

experiments we performed on all support values of the resulting association rules.

4.2.2 | Does refactoring activities reduce the density of code smells? (RQ2)

Preprocessing

To address RQ2 and RQ2.1, we used Git Commits, Git Commits Changes, Refactoring Miner, and Sonar Issues tables. We removed six projects in

total, that is, five projects (accumulo, ambari, atlas, aurora, and batik) for which there is no code smell analysis and one project (httpcomponents-

client) with incorrect project name information, from the dataset. To increase the validity of our results, when investigating the impact of

refactoring activities on the density of code smells, both refactoring and code smell analysis of a commit should be performed. Therefore, the

examined refactoring activities of the projects were limited to the date range during which code smell analysis was also performed. Moreover,

when answering RQ2.1, we used Jira Issues table to investigate the other activities performed together with the refactoring activities performed

on smelly commits.
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Commit–parent relation over files

The table Git Commits in the dataset contains a commit hash and its parent hash according to the order in which they were merged into the main

branch when generating the commit history of software projects. However, we considered this commit–parent relationship cannot be used in our

analysis. As seen in Figure 1, in two subsequent commit pairs based on the commit–parent relationship, there is a possibility that the files in the

commit and its parent may differ from each other. Therefore, in our method, when analyzing the code smells of a file before the application of a

refactoring, we do not consider this relationship. Instead, for each file f modified in a commit due to a refactoring, we have to find the latest com-

mit in which file f was modified before the application of refactoring. For instance, in Figure 1, let commit 123ee be a commit that a refactoring is

performed. The files modified on this commit are file1 and file4. Therefore, we must select commit 123bb for file1 and commit 123cc for file4 to

calculate their code smells before the application of refactoring. Please note that if we look at the consecutive pair of commits, we do not com-

pare the same files: from Figure 1, on commit 123ee, file1 and file4 were changed while on its parent, that is, commit 123dd, file5 and file6 were

changed.

Code smells

The table Sonar Issues contains both issues, that is, bugs, code smells, and vulnerabilities, detected with the SonarQube tool and code smells

detected with the Ptidej tool on the same projects for a predefined time periods. In this study, we investigated only the commits that contain code

smells and antipatterns detected with Ptidej, which is an open-source Java-based reverse engineering tool suite.33,52 Ptidej performs on any

object-oriented system through the use of the Pattern and Abstract-Level Description Language (PADL) metamodel, Primitives, Operations, Met-

rics (POM) framework, and SAD. PADL describes object-oriented systems and patterns with a unified language that includes all constructs found

in object-oriented programming languages. POM implements more than 60 metrics on PADL metamodels and SAD requires the POM module to

detect occurrences of code smells in the systems. Also, Ptidej has the module DEtection and CORrection (DECOR)60 to identify code smells and

antipatterns and employs a well-structured procedure by means of rule cards. In this study, we use only the code smells identified by Ptidej. The

tool reports a total of 18 distinct code smells and antipatterns in the projects, such as LongMethod, LargeClass, LazyClass, Blob, AntiSingleton,

and Speculative-Generality.

In the Sonar Issues table, we assume that the Ptidej tool has been executed in a periodical fashion, and all the code smells associated with all

the files are reported. We checked whether each file modified and recorded in the Git Commits Changes table includes code smell(s) based on the

information reported in Sonar Issues. Then, we matched the code smell(s) with the corresponding files' commit dates. This matching is done to

obtain an improved distribution of code smells in the analyzed files and to increase the matching precision by linking the smells to the commits in

which the corresponding file were last changed. An example of the matching is illustrated in Figure 2. Let us examine file1 which was modified in

commit 123bb on March 1, 2010, and check if any code smell was induced into this file during that commit. When analyzing the code smells

between March 1, 2010, and May 15, 2010, on file1, we observe that three code smells, namely, cs1, cs2, and cs3, were detected on April

9, 2010. This means that file1 was affected by code smells on the last commit before the Ptidej report on April 9. Therefore, those code smells

must be matched to the file version at the commit 123bb.

Other issues

When analyzing RQ2.1, we used Jira Issues table that contains an issue_key, a creation date, and a resolution date. To identify the link between a

commit and an issue, we first searched whether the commit message of each commit in the Git Commits table contains issue_key information.

For example, the issue_key “ACCUMULO-109” is searched in the commit message “ACCUMULO-109: fix off-by-one error reading the max

timestamp from the root tablet.” If such a pattern was found, then we matched the issue_type corresponding to that issue_key in the Jira Issues

F IGURE 1 A visual representation of the commit–parent relation defined over files in this study
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table as the issue_type of that commit. When it was possible to identify the link between a commit and an issue, such issue_key was linked to the

commit. We were able to automatically assign issue types to 42.4% (57,192 out of 134,812) of the commits. Next, we filtered out the commits in

which refactoring activities were not detected. Consequently, we have obtained a distribution of issue types over all commits on which

refactoring activities were performed.

Analysis

To answer RQ2, we analyze the impact of refactoring activities on code smell densities, using the data described in the data preprocessing.

Knowing the list of files affected by each code smell in each commit, we are able to identify if refactoring activities (i) are able to remove

code smells from a system, (ii) introduce code smells into a system, and (iii) do not affect the code smells. In other words, we can argue how

given refactoring activity can be classified according to its impact on the density of code smells in files. As explained above, it is achieved by

examining the presence of code smells before the application of refactoring (CSBR) and code smells after the application of refactoring

(CSAR) over the files.

Suppose that Ri is a refactoring activity performed on a commit cj in which a file fk was modified. To categorize Ri, we calculate CSARi[cj(fk)]

that is the number of code smells associated with fk on cj after the application of refactoring and CSBRi[cj � 1(fk)] that is the number of code smells

associated with fk on cj � 1 before the application of refactoring, where cj � 1 is the previous commit in which fk was modified. If

(i) CSBR � CSAR > 0, then Ri is classified as removing refactoring activity because it decreases the number of smells associated with fk;

(ii) CSBR � CSAR < 0, then Ri is classified as introducing because it increases the number of smells affecting fk; (iii) CSBR�CSAR¼0, then Ri is clas-

sified as neutral refactoring activity because performing Ri does not decrease or increase the number of smells in fk.

To give more insight on the analysis, we present an example that refers to the reduction of code smells based on the previously depicted

commit–parent relation in Figure 1. Suppose Ri is a refactoring activity (e.g., R1: Refactoring Type1) performed in commit 123ee in which file1 was

changed. Moreover, Figure 2 shows that file1 in commit 123ee was affected by the code smell cs3. In this way, the number of code smells

affecting the file1 in commit after the application of R1 is calculated as CSAR1½commit123eeðfile1Þ� ¼1. On the other hand, the previous commit

modified file1 is commit 123bb. As file1 was affected by three code smells at that commit, it is calculated as CSBR1½commit123bbðfile1Þ� ¼3.

Hence, R1 is categorized as a removing refactoring activity for this selected file.

To address RQ2.1, after categorizing refactorings according to their impact on the density of code smells, we identified other activities per-

formed together with these refactorings that touch smelly commits. Then, we computed the percentage of commits in which both refactoring

activities were detected and other activities according to Jira issue_key such as new feature, improvement or task/subtask.

4.2.3 | How often do refactoring activities relate to fault-inducing/fault-fixing activities? (RQ3)

Preprocessing

To answer RQ3, we used the Refactoring Miner table to identify refactoring operations on the projects' commit history and the SZZ Fault-

Inducing Commits table to determine whether refactorings were performed on fault-inducing or fault-fixing commits. The SZZ Fault-Inducing

Commits table lists the results of the Open SZZ execution.‡ The Open SZZ algorithm is an implementation of the SZZ algorithm61 that is widely

used to identify fault-inducing changes from a history of a software project.62

SZZ algorithm starts analyzing the fault-fixing commits, that is, commits known to fix a fault reported on an issue tracking system, to trace

back to their fault-introducing commits, that is, commits containing the code changes that induce a fault into the system. We matched the commit

hashes identified as fault inducing and fault fixing according to the SZZ table with the commit hashes in which refactoring activities were detected

according to the Refactoring Miner table.

F IGURE 2 File–commit–code smell matching
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Analysis

To answer RQ3, we analyze to what extent commits in which refactoring was performed could also include fault-fixing and fault-inducing

changes, and hence, for each commit, we calculate the following:

• PureR: only the number of commits a refactoring is performed, that is, these commits are not fault inducing or fault fixing.

PureR¼ ½Refactoring ∖ðFaultInducing[FaultFixingÞ�: ð2Þ

• PureFF: the number of fault-fixing commits only (not fault inducing and not refactoring).

PureFF¼ ½FaultFixing ∖ðRefactoring[FaultInducingÞ�: ð3Þ

• PureFI: the number of fault-inducing commits only (not fault fixing and not refactoring).

PureFI¼ ½FaultInducing ∖ðRefactoring[FaultFixingÞ�: ð4Þ

• R&FI: the number of commits in which refactoring was performed, and the commits were also fault inducing.

R&FI¼ ½ðRefactoring\FaultInducingÞ ∖

FaultFixing�: ð5Þ

• R&FF: the number of commits in which refactoring was performed, and the commits were also fault fixing.

R&FF¼ ½ðRefactoring\FaultFixingÞ ∖

FaultInducing�: ð6Þ

• FF&FI: the number of fault-inducing and fault-fixing commits in which no refactoring activity was performed.

FI&FF¼ ½ðFaultFixing\FaultInducingÞ ∖
Refactoring�: ð7Þ

• R&FF&FI: the number of fault-inducing and fault-fixing commits in which refactoring was also performed.

R&FF&FI¼ðRefactoring\FaultInducing\FaultFixingÞ: ð8Þ

Then, we report the counts and percentages of commits belonging to each of these groups to see the ratio of refactoring activities performed

on fault-inducing or fault-fixing commits over all the projects.

5 | ANALYSIS OF THE RESULTS

In this section, we report the analysis of the results achieved in our empirical study for each RQ, respectively, and highlight the major findings.

5.1 | What kind of refactoring activities are commonly observed across software projects? (RQ1)

For addressing RQ1, we present a bubble chart and list descriptive statistics on the refactoring activities occurring over the history of all software

projects in the dataset. The analysis of the refactoring types that developers perform commonly in the projects provides the context on which the

results of other research questions can be interpreted. We observe that the commits in which at least one refactoring activity was performed are

only a small part of all the commits, with a percentage of approximately 9%. This proportion supports the previous results on the limited adoption

of refactoring in practice.17,30,63

Examining in more depth, we present the distribution of refactoring types according to the number of the refactoring application over the

selected projects in Table 3. The first column lists each refactoring type, and it is followed by the absolute numbers and percentages of the

detected refactoring activity over all the commits across all the projects, respectively. Table 3 reports that the Move Class detected in 20.1% of

the refactoring activities in the commits is the most frequently applied type. Furthermore, Figure 4 shows how the distribution of refactoring
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types varies and which ones are more common among different software projects. In this figure, different colors represent different refactoring

types, and the number of refactoring activities detected are used as the bubble sizes. As seen in Figure 3, Move Class is also the most common

refactoring activity performed by developers in most projects (12 out of 33). According to Fowler,40 moving a class to a package that is more

related in form or functionality can help remove package-level dependencies and make classes easier to reuse. Our findings also show that devel-

opers aim to improve maintainability, understandability, and usability of source code while performing refactoring. This result is also in line with a

prior study investigating the relationship between refactoring activities and quality attributes.15 On the other hand, Move And Rename Attribute

is the least applied types with a rate of 1% only.

Moreover, Rename Method and Extract Method are the other refactoring activities that are most commonly occurred, with 14.3% and

11.7%, respectively. Also, we report that Rename refactoring activities account for 28.4% of all refactoring activities. This result confirms what

was previously reported by Murphy-Hill et al.26 They stated that the Rename refactoring activities are among the most frequently applied

refactoring activities, because they are mostly performed automatically with tools.26 Automating the refactoring process includes identifying

refactoring opportunities and performing refactoring activities.14 Furthermore, Extract Method that is applied by creating a new method and

copying the relevant code part into the new method is a step in many other refactoring actions, and this activity eliminates the rough edges in a

software code. It is recommended for decomposing a large and complex method or eliminating duplicated code as the fewer the number of lines

in a method, the easier it would be to understand. Extract Method that is associated with Duplicated Code, Long Method, Feature Envy, and so

on assures a motivation for removing those code smells.40 Du Bois and Mens quantitatively evaluate whether refactoring improves software

TABLE 3 Occurrence of different refactoring types

Refactoring type Number of ref. Percentage of ref.

Change Package 52 0.1%

Extract And Move Method 1796 3,1%

Extract Class 259 0.5%

Extract Interface 260 0.5%

Extract Method 6712 11.7%

Extract Subclass 37 0.1%

Extract Superclass 653 1.1%

Extract Variable 1328 2.3%

Inline Method 1152 2.0%

Inline Variable 194 0.3%

Move And Rename Attribute 4 0.01%

Move And Rename Class 184 0.3%

Move Attribute 4728 8.2%

Move Class 11,582 20.1%

Move Method 4772 8.3%

Move Source Folder 825 1.4%

Parameterize Variable 129 0.2%

Pull Up Attribute 1635 2.8%

Pull Up Method 3328 5.8%

Push Down Attribute 484 0.8%

Push Down Method 954 1.7%

Rename Attribute 1122 2.0%

Rename Class 2675 4.7%

Rename Method 8251 14.3%

Rename Package 154 0.3%

Rename Parameter 1903 3.3%

Rename Variable 2200 3.8%

Replace Attribute 10 0.02%

Replace Variable with Attribute 145 0.3%

Overall 57,528 100.0%
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quality by comparing postrefactoring and prerefactoring measurements and found that Extract Method affects software maintainability.64 Silva

et al. report that Extract Method is one of the most applied refactoring activities as it is a versatile refactoring activity that is applied for several

purposes such as improving maintainability, increasing software quality, and reducing code smells.65 The analysis results we presented in Table 3

and Figure 3 also report that Extract Method is commonly applied by developers and confirm the results of Silva et al. When a class contains most

of the data used by a method, it is moved to that class to reduce or eliminate the dependency on the other class the method is originally

in. Therefore, Move Method affects software quality improvement and maintainability enhancement66 and is a widely performed refactoring

activity.

To support our empirical results, we compare the refactoring types with the Scott–Knott test by ranking their percentage of occurrence, clus-

tering them in nonoverlapping groups, and identifying significant differences among the groups. Figure 4A shows the results for the Scott–Knott

test among all refactoring types. Different colors (black, red, green, and blue) of the plot indicate different Scott–Knott test ranks, and the coloring

of the lines represents distinct clusters of the refactoring types. When two refactoring types are not significantly different, they are illustrated

with the same color. In the figure, the refactoring activities are ranked starting from the most common to least applied in all considered projects,

that is, Rename Method, Move Class, and Extract Method shown in black are more commonly performed types. Although we see different occur-

rence ratios in Table 3 for Move Class (20%), Rename Method (14%), and Extract Method (11%) refactoring types, they are grouped in the same

cluster according to the Scott–Knott results. Also, Extract Method is the only refactoring type that is applied at least once in each project. On the

other hand, interestingly, we observe that 17 out of 29 refactoring types represented in blue including Push Down Method and Extract Super

Class are the least performed refactoring types in most projects. These results statistically confirm the results shown in Figure 3. Also, this finding

indicates that developers tend to implement refactoring activities that aim to remove common code smells15,67 such as code clone, god class, long

method, and which have tool support.14,15,25

Also, in Figure 4B, the projects considered are clustered into nonoverlapping groups in terms of the differences in the distribution of

refactoring activities. If projects are not significantly different, they are clustered into the same group. In this context, there are four

different groups on some of which various refactoring activities are applied and on some are hardly ever applied. In projects “Atlas” and

“Mina-Sshd” with similar refactoring distributions, all refactoring types were applied by developers, except Rename Package. Besides, we observe

that although “Beam” is the project with the most refactoring activity, 13 refactoring types were not performed at all, that is, 88% of the

refactoring activities performed were limited to six types, namely, Extract Method, Move Attribute, Move Class, Move Method, Rename Class,

and Rename Method.

To address RQ1.1, we identified five pairs of refactoring activities that are most commonly performed together by developers. Table 4 reports

the co-occurrences of refactoring activities detected across considered projects according to the association rules. A frequent pattern represents

F IGURE 3 Distribution of refactoring types
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a set of items whose support is greater than the predefined min_support threshold. Using a minimum threshold, we aim to identify meaningful

association rules. The support values reported by the Apriori algorithm were experimented from 0.002 to 0.02 by steps of 0.001, and the best

value is selected as 0.018. The co-occurrences are sorted based on the confidence values reported by the algorithm. Pull Up Method refactoring

activity is very often performed (88%) with Pull Up Attribute and Extract Superclass. However, the item sets have 0.018 support value, that is, the

item set appeared in the dataset with a frequency of 1.8%. This indicates that these three refactoring types are rarely implemented than the other

refactoring types. For example, the Extract Superclass refactoring was implemented only at a percent of 1.1% (Table 3). However, not surprisingly,

pairwise co-occurrence between this and Pull Up Attribute and Pull Up Method refactoring activities are commonly observed according to their

confidence. When two different classes perform similar tasks using the same method and attributes, a shared superclass is created for them and

all the identical attributes and methods are moved to this superclass to prevent duplicated code. Once a shared abstract superclass is created with

Extract Superclass refactoring, Pull Up Attribute and Pull Up Method are also used to move the common functionality to a superclass. Also, we

observed that Pull Up Attribute and Pull Up Method are performed together, even if Extract Superclass refactoring is not occurred. When two

subclasses are created and extended independently of one another, they may have methods and attributes that perform similar work. In this case,

similar methods are searched in superclasses and are regulated to match each other. When copying a method to the superclass, if the method has

attributes that exist in the subclasses but not in the superclass, Pull Up Attribute refactoring is performed to provide getters and setters in the

subclasses and to declarate the getters abstractly in the superclass.

According to the results in Table 4, although the highest number of co-occurrences based on the support value is between Move Attribute

and Move Method that are similar refactoring activities, the identified co-occurrences are less based on the level of confidence. The reason is that

those refactoring activities are frequently applied among the other refactoring activities, that is, Move Method and Move Attribute are reported

with 8.3% and 8.2% in Table 3, respectively. This co-occurrence pair is naturally observed together: When a method is more frequently used in

another class than the class in which it was created, this method can be moved into the class that uses it. In this case, the attributes used by the

method should also be moved. In general, if those attributes are used only by that method, they must be moved.

TABLE 4 Co-occurred refactoring activities: Result of the association rule mining

Item Set 1 Item Set 2 Supp Conf

Pull Up Attribute, Extract Superclass Pull Up Method 0.018 0.88

Pull Up Attribute Pull Up Method 0.025 0.76

Pull Up Attribute Extract Superclass 0.021 0.63

Pull Up Method Extract Superclass 0.027 0.62

Move Attribute Move Method 0.04 0.43

F IGURE 4 Scott–Knott test results for RQ1

14 of 22 HALEPMOLLASI AND TOSUN

 20477481, 2024, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sm

r.2447 by U
niversity O

f L
atvia, W

iley O
nline L

ibrary on [13/04/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



5.2 | Does refactoring activities reduce the density of code smells? (RQ2)

To answer RQ2, the number of detected refactoring activities were identified as 24,570 after filtering out the projects and selecting time periods

including code smell analysis on the projects. We observe that 47.3% of those refactoring activities touch the components (files) that were

affected by at least one code smell. The percentage simply indicates that refactoring activities could be performed by developers to remove code

smells. In Figure 5, we present the overall results over all considered projects to assess to what extent the refactoring activities affect the density

of code smells across the projects. Figure 5A shows that 30.3% of the refactorings removed the existing code smells, whereas 29.5% of the

refactorings introduced new code smells into the analyzed projects. The rest (40.2%) of the refactorings are categorized as neutral that does not

affect the number of smells in a commit, that is, neither introduce new smells nor remove existing ones. Please note that inconclusive refactorings,

which remove a code smell affecting a file in a commit and at the same time introduce another new code smell in that file, are categorized as neu-

tral because the overall activity in that commit is neutral. These results reveal that in most cases, the density of code smells does not change after

refactoring or it is higher than the code smell density before refactoring.

However, this is a quite surprising finding, considering the common wisdom that refactoring activities are generally performed to

reduce the density of code smells. In order to better understand such phenomenon, we analyzed the factors that introduce the code smells

and found that some of the files with refactoring detected were newly added to the system, and hence, those were usually categorized as

introduced if they affected by code smells. For instance, in commit 2035dc9, Move Method refactoring was detected in the UtfHelpper class,

belonging to org.apache.xml.security.c14n.implementations package of the Santuario project. As reported in Table 3, Move Method, one of the

most commonly occur refactoring activities, is performed when a method is used more in another class than in its current class, by moving it to

the class in which the method is used more frequently.39,68 However, examining the change of the commit, we identified that the class was a new

one added to the system. Certainly, in such cases, it is not possible to compare the effect of refactoring as there were no changes before

refactoring activity.

Therefore, to allow a fair comparison, we have to distinguish between the cases in which newly added files are included into the analysis

(Figure 5A) and they are not included (Figure 5B). As seen in Figure 5B, when newly added files are not included into the analysis, the percentage

of refactorings categorized as introduced decreases to 7.6%, while the percentage of refactorings categorized as removed increases to 40.1%. In

other words, although the effect of refactoring on code smell density is mostly inconclusive/neutral, the cases where refactoring activities

decrease the code smell density are much more than those where refactorings increase the smell density.

Figure 6 also illustrates the boxplots, depicted in semilog scale, of the distribution of the differences between the density of code

smells before and after refactoring. The results are shown for both cases, including files with no prior commit, that is, newly added files, and

removing files with no prior commit. The plots in Figure 6A clearly show that the median value of the difference in the number of code smells is

equal to or greater than zero for all the refactoring types. Moreover, 10 of the 29 refactoring types including Change Package, Extract Class,

Extract Subclass, Extract Superclass, Move and Rename Class, Move Source Folder, Pull Up Attribute, Pull Up Method, Push Down Attribute, and

Rename Package tend to introduce code smells. On the other hand, in Figure 6B, in all cases, the median value is equal to or less than zero, that is,

the box plots are also tilted down, except for Change Package, Rename Package, and Move Source Folder. Similar to the previous figure, we

observe that in Figure 6, when newly added files are removed from the analysis, all refactoring types usually contribute to mitigate the density of

code smells.

To address RQ2.1, we calculate the percentage of Jira issues assigned to commits where refactoring activities are performed on smelly files.

Please note that during data preprocessing, we only considered the commits which we could match with the issues in Jira. Figure 7 shows the

F IGURE 5 Categorization of the refactorings with respect to the change in the density of code smells (aggregated overall projects)
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percentage of commits on which other activities were performed together with the refactoring activities for two cases: (i) including the files with

no prior commit in Figure 7A and (ii) removing the files with no prior commit in Figure 7B. Moreover, Figure 8 illustrates the overall distribution of

other activities that are not limited to refactoring commits.

When 27 projects are overall analyzed, in Figure 7, we observe that the developers mostly implement improvement and bug-fixing activi-

ties, respectively, while performing refactoring actions. In the majority of the cases, commits also have other issues with refactoring activities.

This might be due to the fact that developers can be combining changes in a single commit. For instance, a developer might perform refactoring

activities to improve software maintenance and revise the architecture when improving the code69 or fixing a bug.70 Nevertheless, as seen in

Figure 7A,B, the other activities have no effect on the change in the density of code smells according to the classification of refactoring activi-

ties (as removing, introducing, or neutral). The ratios of improvement, new feature, bug, task, and other activities are the same among the three

groups in which refactorings introduce more smells, or remove existing smell, or do not affect the smells. However, as we can see in Figure 7B

when the files with no prior commit are not included, task/subtask activities are performed more in commits where refactoring activities

introduce new smells. In other words, when working on new tasks, performing refactoring activities causes new code smell introduction into the

systems. Also, the ratios of improvement activities are the highest in all three groups of refactorings, whereas bug-fixing activities come the

second.

On the other hand, when examining the overall distribution of “other activities” that are not limited to refactoring commits, Figure 8 shows

that developers mostly (56.6%) implement bug-fixing activities. In other words, although developers generally tag commits as bug fixing, when

they do refactoring activities, they also perform the improvements the most.

F IGURE 6 Categorization of the refactorings with respect to the density of code smells aggregated overall projects (omitting outliers)

F IGURE 7 Other activities performed with refactoring activities that touch smelly commits
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5.3 | How often do refactoring activities relate to fault-inducing/fault-fixing activities? (RQ3)

Figure 9 shows the number of commits belonging to seven categories defined to answer RQ3. Refactoring activities are usually desired across the

software systems as the refactored code components are easier to understand, evolve, and maintain. On the other hand, fault-inducing changes

in the software system are avoided as they may cause to produce an incorrect or unexpected result, and fixing them may cause maintenance costs

for the systems. Therefore, the number of commits in which refactoring is performed is expected to be higher than the number of commits involv-

ing fault-inducing changes. Accordingly, Figure 9 shows that refactoring activities are performed in approximately 23% (ratio of RFIþRFFFI¼157

to PureFIþFFFIþRFIþRFFFI¼669) of the commits that induced at least one fault into the system. When we compute the ratio over the

refactoring commits, only about 1.3% (ratio of RFIþRFIFF¼157 to PureRþRFFþRFIþRFFFI¼11,723) of the refactoring commits are also

labeled as fault-inducing commits. Thus, we cannot say that refactoring activities are prone to induce faults into the system. On the other hand, if

we look at the commits with no refactoring activity and the ratio of fault-inducing commits over those commits, we can see that 0.4% (ratio of

PureFIþFFFI¼512 to U�11,723¼123,089) of the commits in which no refactoring activity is performed are fault inducing. In other words, the

commits in which at least one refactoring is performed are approximately three times more related to fault-inducing changes than the commits in

which no refactoring is performed. Although refactoring activities aim to reduce the cost of software development and maintenance, those activi-

ties might increase when compared with the commits on which no refactoring performed.

F IGURE 8 Distribution of issue types on all Jira issues

F IGURE 9 Representation of refactoring, fault-inducing, and fault-fixing activities (RQ3)
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Refactoring, the principal goal of which is to improve the maintenance and evolution of the software systems by removing code smells, may

also have merits on fault-fixing changes. While it is much difficult to inspect complex, poorly structured code during fault fixing, it is easier to iden-

tify and fix faults during the inspection. Thus, to effectively perform bug-fixing activities,50 sometimes developers may need to refactor the code

before fixing a fault in a poorly written and complex code. To observe this, we also analyzed the relationship between commits in which there is

at least one fault-fixing change and commits in which refactoring activities occur. There are 1010 bug-fixing changes out of 11,763 (10%)

refactoring commits. On the contrary, in 1010 out of 8538 (12%) fault-fixing commits, developers also performed refactoring activities. Prior stud-

ies indicate that refactoring changes should precede fault-fixing changes, that is, prior to a fault-fixing activity, necessary refactorings should be

performed.50,71 Our findings also show that these two actions are performed in the same commits in only 10% to 12% of the cases. In the rest of

the cases, refactorings are performed separately from the fixing changes.

6 | THREATS TO VALIDITY

In this section, we discuss possible threats to the validity of our study including threats to external, construct, internal, and conclusion validity.

6.1 | External validity

Threats to external validity relate to the applicability of the findings in other environments such as other software projects and other programming

languages. This study is limited to open-source Java projects belonging to the Apache ecosystem. Hence, we cannot prove the generalization of

our study results to industrial projects or to projects implemented in other languages or other ecosystems. Nevertheless, the public dataset used

in this study consist of 57,528 refactoring actions in thousands of commits on 33 projects with a diversity of age, size, and domain. Thus, we can

safely argue that our research questions have so far been addressed on the largest and most diverse dataset in this field. Furthermore, to mitigate

threats related to reliability, the study protocol is extensively described in Section 4 which explicitly reports the analysis steps and methods for

each research question. Although the dataset was extensively created including many projects with various tool support, it still has some data

inconsistencies or lack accurate links between certain software artifacts. For example, we noticed that Ptidej tool periodically performs code smell

analysis on all files in a project, but there is no link between these files and the commits on which code smell(s) are matched. For this reason, the

files on which code smell(s) are detected in a commit may not match the changed files in a commit. We assume that Ptidej might have been exe-

cuted on a periodical fashion for all files, not just on the changed files. This requires certain preprocessing on the tool results to identify only the

changed files and newly emerged code smells during those commits. As we use a publicly available dataset, provide the additional data package

that we generated, and report our data processing methods in detail, other studies can also replicate or refute our findings on the relationships

between refactoring activities and code debt indicators.

6.2 | Construct validity

Threats in this category regard to the relationship between the theory and the observation, the constructs defined in research questions for

refactoring and code debt indicators. The dataset used in this study contains refactoring actions collected by RMiner tool, and hence, refactoring

types that the tool does not identify are excluded. Nevertheless, it is worth noting that RMiner is able to support the majority of the most popular

refactoring types25 applied by developers. Moreover, we are aware that calculating precision and recall in a reliable manner is essential to correct

and complete detection of refactorings. In this context, RMiner tool shows about 98% and 87% of precision and recall, respectively. However, it

is worth noting that there is no golden set reporting the actual refactoring operations over all the history of the considered projects. Also, RMiner

that is one of the most widely used tools for detecting refactoring activities is a state-of-the-art tool.53,72 Furthermore, the code debt indicators

are defined as code smells and faults, as the prior research and literature reviews on TD identify those two as the most commonly observed indi-

cators. Code smells extracted with SonarQube are excluded in our study as its code smell calculation is not clearly defined and validated against

the other tools in the literature. Also the amount of code smells identified by every SonarQube execution is quite higher than those by every

Ptidej run, which might indicate high false positive rates. So we used the code smells identified by Ptidej in the public dataset, and hence, the

study context is limited to the code smell rules and types identified by this tool only as discussed in Section 4.2.2. There are many code smells,

most of which are described by Fowler,40 and new ones have also been proposed in the literature. Also, different smell detection tools have been

proposed, each of which is characterized by unique properties and rules73,74 such as JDeodorant,75 PMD,76 and iPlasma.77 The detection tools

utilize various detection techniques that often rely on calculating standard object-oriented metrics or a set of combined metrics and determining

threshold values. Setting a threshold for each metric value would require considering the software system size and the expertise of software engi-

neers and developers.15,74 The selected threshold values also have a potential impact on the number and type of code smells, that is, it may cause
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detection of redundant code smells or missing many code smells. Therefore, the choice of detection tool definitely affects our experiments when

identifying code smells. Note that Ptidej has a well-structured procedure through rule cards and imports related rule cards when each time detec-

tion of a specific code smell is requested. Also, the tool can detect several code smell types, and the rules it uses have extensive validation. A simi-

lar limitation exists regarding the software faults identified in the public dataset, but the authors of the Technical Debt Dataset utilized the state-

of-the-art tools like SZZ and issue repositories to identify faults and link them to commits for fixing and inducing changes. The dataset gives all

the details and can be analyzed to confirm the statistics provided in our study. We need to clarify that we did not use any of the SZZ, Ptidej,

RMiner, and SonarQube tools as the dataset provides the extracted data through them. Therefore, this study's findings are limited in the context

of this dataset, and any threat at the data collection stage would, unfortunately, impact our findings. Therefore, analyzing and validating the

results with other datasets and other tools (e.g., JDeodorant and Designate) are among our future research directions.

6.3 | Internal validity

Threats in internal validity that might have influenced our observations are mainly related to the fact that constructs are measured in different

granularities or that different items are compared with each other. For example, in the study presented by Bavota et al,28 while the refactoring

actions were analyzed at the release level, the faults were examined at the commit level. However, such analysis could affect the observations

as it is not possible to know if the refactoring, detected between two releases, is implemented on the commits that induced at least one fault.

We conduct commit-level refactoring analysis to avoid that problem. Furthermore, as we mentioned in RQ2, Cedrim et al31 identified the con-

secutive commits according to the order of they were merged into the main branch while doing the code smell analysis. When analyzing the

relationships between refactoring activities and code smells, we made sure that we examined the consecutive commits where the same files

affected by refactoring were changed. Therefore, our study design ensures that the refactorings and code smells are analyzed on the same files.

Moreover, in a software project, we examined other factors such as new feature, improvement, or task development that can affect the rela-

tionship between refactoring and code smells and faults. It is also possible that the refactoring activities in a file are affected by the decisions

and experience of the developers. But it is beyond the scope of this post to investigate the causality between developers and the implementa-

tion of refactoring.

6.4 | Conclusion validity

Threats to conclusion validity relate the relationship between treatment and outcome. Analysis for each research question on the same commits

is quite significant for us because we need to form a different subset of commits in each question for linking refactorings to projects, refactorings

to smelly commits, and to fault-inducing and fault-fixing commits. Thus, we applied a different preprocessing and analysis method to address each

RQ. We also applied statistical tests that support our conclusions, such as Scott–Knott to evaluate the differences between various refactoring

types or projects. Moreover, we present appropriate visualizations such as pie charts, box plots, and bubble plot to show our findings in different

perspectives. One can think that our RQ2 findings do not consider code smells moving from one file to another. In other words, when a

refactoring activity creates a new file and moves code blocks to the file, existing code smells may be moved from one file to another. Then, we

might misinterpret that the refactoring activity actually reduces the code smells, although code smells are simply moved from one file to another.

Such cases might influence our results because we do not have the code blocks of every change in every file during a commit in the dataset, and

hence, we cannot prove whether a code smell is really removed with a refactoring activity or it is simply moved to a new file.

Nevertheless, we examined newly added files for refactoring activities as sometimes our analysis can be biased where newly added files can

bring existing code smells to new locations. According to our analysis, the number of newly added files is 69,381, and refactoring activities are

performed in 11,099 of them. The commonly performed refactoring activities such as Move Class, Extract Method, and Move Method are also com-

monly detected on newly added files. Moreover, code smell(s) was detected in 1095 of the newly added files that were refactored. In more detail,

when we compare all newly added files with new smelly files, new files can be more smelly for only Extract Superclass. It occurred in 6.2% of newly

added files while occurred in 8.13% of new smelly and refactored files. Therefore, more detailed code analysis of newly added files can be an

interesting and important topic as future research work.

7 | FINAL REMARKS AND FUTURE WORK

The TD metaphor is widely used as it explains to both technical and nontechnical stakeholders that managing the long-term effects of short-term

remedies is critical. The major indicators of TD are represented by code smells and fault hazards due to poor design and implementation choices.

On the other hand, refactoring, which aims to improve the internal structure of the software systems preserving their behavior and is the primary
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factor of the introducing of the TD metaphor, is the most common strategy to the repayment of the TD by removing the code smells and

preventing the occurrence of faults.

This paper reports a large exploratory study conducted on publicly available TD dataset which includes 57,528 refactoring activities, 37,553

code smells, 27,340 faults, and 134,812 commits of 33 Java open-source projects. Our study aims at understanding the distribution of

29 refactoring types among the different projects and their relation with code debt indicators (code smells and faults) on considered projects. The

results of our study are highlighted as follows: (i) Although there are 29 refactoring types in the dataset, we observe that some refactoring types

are more frequently applied by developers such as Move Class, Extract Method, Rename Method/Variable, Pull Up Method on both project basis,

and over all projects. These refactoring types aim to remove code smells that are widely studied and have easy-to-use tool supports. (ii) Although

refactoring is mostly inconclusive/neutral, unlike previous studies, it has been observed that refactoring activities are usually not harmful. Further-

more, this finding does not differ depending on the selected refactoring types. Therefore, we observe that the factors affecting the conclusions

are data processing, proper matching between refactoring activities and code smells, and the inclusion of the files with a change history. We can

conclude that the results over different studies conflict to each other due to those factors. Thus, indeed, an exact matching should be applied at a

coarser granularity level when examining the relationship between refactoring and code smells. (iii) Various activities are performed in commits

where refactoring actions are applied, and some of them might be associated with code smells. For instance, when refactoring is applied with a

new task development, code smells are more likely to be introduced. (iv) When we analyzed the relationship between refactoring and faults,

another code debt indicator, we discover that the commits in which at least one refactoring is performed are approximately three times more fault

inducing than the commits in which no refactoring is performed.

As future work, we can examine the relationship between refactoring and faults at file level considering the evolution of files over change his-

tory, and support our results with statistical tests. Current analysis were conducted at commit level for the RQ3 as the refactorings and faults

were matched with the commits in the Technical Debt Dataset. If we could like at file level to see the microgranular refactoring actions in files

and their link to the locations where refactorings were also performed in files, the analysis results might be more interesting. Furthermore, we plan

to analyze the components on which refactoring actions are performed over time. This way we may observe whether code smells in files where

refactorings are classified as neutral or introducing later turn into faults or vice versa, that is, whether the elimination of code smells in files where

refactorings are classified as removing prevents the occurrence of faults in future. This kind of analysis requires observation of file changes indi-

vidually over change history and would give better insights on the relationship between TD management strategies and debt indicators.
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‡ Open SZZ: https://github.com/clowee/OpenSZZ.
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