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Abstract

Software systems undergo continuous maintenance to fix defects, enhance features, and

improve code quality to ensure that systems stay reliable and relevant in a competitive

market. Due to the escalating growth of the code base and the increasing complexity of

software systems, it is essential to adopt automated approaches that support and drive

software maintenance process. Despite existing research efforts using machine learning

(ML) techniques to improve software maintenance, developers continue to encounter chal-

lenges in managing code changes and clone evolution in code maintenance and enhancing

features.

To assist developers in maintaining software effectively, in this thesis, we introduce a

set of approaches that leverage software artifacts and ML to assist developers with two

key areas of software maintenance: managing code and enhancing features. Specifically,

we conduct four studies: (1) improving the accuracy of predicting change impact for

defect resolution by utilizing common characteristics of issue reports; (2) analyzing the

dynamics and impact of code clones in deep learning frameworks to ensure long-term

code quality and maintainability; (3) performing automatic, comprehensive competitor

feature analysis, and (4) generating suggestions for feature improvements based on com-

petitor user review analysis. The aim of this thesis is to empower developers with novel

methodologies for streamlined and effective software maintenance, thereby fostering a

high-quality maintained codebase and competitive, sustainable software systems. The

approaches proposed in the thesis can be adapted to software projects where mobile user

reviews, source code, and issue reports are available to demonstrate the applicability of

the research contributions.

i



Acknowledgments

To my family, I owe an immeasurable debt of gratitude. First and foremost, my deepest

gratitude extends to my brother, Amer—a father, brother, and role model. Thank you

for supporting my education from school till now. To my mother, who believed in the

power of education and sacrificed all her youth to provide my siblings and me with the

best opportunities—your love and dedication have been my foundation. Dana, my sister,

my best friend, and supporter, thank you for always being there for me.

I would like to extend my thanks to my academic mentors. To my supervisor, Dr.

Ying Zou, thank you for teaching me perseverance, to always strive for the best, and

never settle for anything average. To my collaborators, especially Dr. Safwat Hassan,

your practical approach to research has been eye-opening. Thank you for your flexibility,

availability, and unwavering support. I look up to you immensely. Drs. Hassanein and

Zulkernine, you made my time at Queen’s University unique, and it was my pleasure

working alongside leaders like you.

My journey to pursuing a PhD was inspired by exceptional mentors from my alma

mater. I am deeply grateful to my Master’s supervisor, Dr. Ramzi Haraty, and the

exemplary professor, Dr. Samer Habre, whose guidance and encouragement have been

instrumental in shaping my academic path.

‌‌To my friends, your support and belief in me have been beyond helpful. Thank

you to my Lebanese friends in Kingston—you made my PhD journey enjoyable. Lama,

George and Karim, your support has been a lifeline. My roommates, Marah and Alaa,

sharing this journey with you has been a pleasure. Thank you for being considerate and

understanding and for grounding me during hard times.

To my dear best friend, Mona, who is more than a sister to me—thank you for always

ii



being there, especially at the beginning of my PhD journey. I admire your ambition, and

you always inspire me to reach new heights.

I would like to dedicate this thesis to my home country, Lebanon, with the hope that

one day, it will be known for its science and culture.

Finally, I am deeply thankful to the Government of Canada for providing me with

the Vanier Scholarship. I will be forever honoured by this support.

iii



Statement of Originality

With this statement I, Maram Assi, hereby declare that the described research in this

thesis is my own work. Any publications, ideas, and inventions from others have been

properly referenced.

The publications related to this thesis are listed as follows:

• FeatCompare: Feature comparison for competing mobile apps leveraging

user reviews (Chapter 5). Maram Assi, Safwat Hassan, Yuan Tian, and Ying

Zou. 2021. Empirical Softw. Engg. 26, 5 (Sep 2021).

• Predicting the Change Impact of Resolving Defects by Leveraging the

Topics of Issue Reports in Open Source Software Systems (Chapter 3).

Maram Assi, Safwat Hassan, Stefanos Georgio, and Ying Zou. 2023. P ACM Trans.

Softw. Eng. Methodol. 32, 6, Article 141 (November 2023), 34 pages.

I am the primary author of all the above publications. The research papers are

coauthored with Dr. Ying Zou, Dr. Yuan Tian, Dr. Safwat Hassan, Dr. Stefanos

Georgio. Dr. Ying Zou supervised all of the related research. The co-authors participated

in meetings and provided me with feedback and suggestions to improve my work.

iv



Contents

Abstract i

Acknowledgments ii

Statement of Originality iv

Contents v

List of Tables viii

List of Figures xi

Chapter 1: Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.1.1 Mining Issue Reports . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.1.2 Code Clone Management . . . . . . . . . . . . . . . . . . . . . . . 4
1.1.3 User Reviews Analysis . . . . . . . . . . . . . . . . . . . . . . . . 4
1.1.4 Machine Learning for Software Maintenance . . . . . . . . . . . . 5

1.2 Research Problems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.3 Thesis Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
1.4 Thesis Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
1.5 Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

Chapter 2: Literature Review 14
2.1 Change Impact Prediction . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.1 Classifying software defects. . . . . . . . . . . . . . . . . . . . . . 14
2.1.2 Defect �xing e�ort . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.1.3 Defect localization . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.1.4 Change impact analysis . . . . . . . . . . . . . . . . . . . . . . . 19

2.2 Code Clone Dynamics in DL Frameworks . . . . . . . . . . . . . . . . . . 20
2.2.1 Deep Learning framework-related empirical studies . . . . . . . . 21
2.2.2 Code Clones Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.3 Mobile App Review Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.4 Feature Enhancement Suggestions . . . . . . . . . . . . . . . . . . . . . . 31

Chapter 3: Change Impact Prediction for Defect Resolution 33
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.2 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.2.1 Data collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.2.2 Issue report labels inconsistency . . . . . . . . . . . . . . . . . . . 38

v



3.2.3 Metrics collection . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.2.4 Data preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.2.5 Embedded Topic Model (ETM) . . . . . . . . . . . . . . . . . . . 42

3.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.3.1 RQ3.1: Can we accurately assign topics to issue reports of software

systems using ETM? . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.3.2 RQ3.2: Can we predict the change impact of resolving defects in

terms of code churn size? What are the most in
uential metrics for
predicting the change impact in terms of code churn? . . . . . . . 50

3.3.3 RQ3.3: Can we predict the change impact of resolving defects in
terms of the number of �les changed? . . . . . . . . . . . . . . . . 61

3.4 Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.5 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64
3.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

Chapter 4: Unraveling Code Clone Dynamics in Deep Learning Frame-
works 68

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
4.2 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

4.2.1 Data collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
4.2.2 Within-framework code clone extraction . . . . . . . . . . . . . . 73
4.2.3 Cross-framework �le-level code clone extraction . . . . . . . . . . 75
4.2.4 Metrics collection . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
4.2.5 Lifelong code cloning trends identi�cation from DL frameworks . 78
4.2.6 Within-release development patterns identi�cation . . . . . . . . . 82

4.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83
4.3.1 RQ4.1: What are the characteristics of the long-term trends ob-

served in the evolution of code clones within DL frameworks over
releases? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.3.2 RQ4.2: What are the characteristics of within-release code cloning
patterns and do these patterns contribute to the overarching long-
term trends in code cloning? . . . . . . . . . . . . . . . . . . . . . 94

4.3.3 RQ4.3: How do code clones manifest and evolve across di�erent
DL frameworks? . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

4.4 Implications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
4.5 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

Chapter 5: Feature Comparison for Competing Mobile Apps 111
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
5.2 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.2.1 Attention-Based Aspect Extraction (ABAE) . . . . . . . . . . . . 115
5.2.2 Data preprocessor . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
5.2.3 Global-Local sensitive feature extractor . . . . . . . . . . . . . . . 119
5.2.4 Rating Aggregator . . . . . . . . . . . . . . . . . . . . . . . . . . 122
5.2.5 Data collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

5.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

vi



5.3.1 RQ5.1: How e�ective is our global-local sensitive feature extraction
approach GLFE? . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

5.3.2 RQ5.2: Is FeatCompare able to �nd and compare meaningful high-
level features among competing apps? Is FeatCompare useful for
mobile app developers? . . . . . . . . . . . . . . . . . . . . . . . . 130

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143
5.5 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144
5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

Chapter 6: Competitor User Review Analysis for Feature Enhancement148
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
6.2 Study Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

6.2.1 Large Language Models . . . . . . . . . . . . . . . . . . . . . . . 151
6.2.2 Scalable Feature Extraction and Assignment . . . . . . . . . . . . 153
6.2.3 Suggestion Generation with Competitor Reviews . . . . . . . . . . 155
6.2.4 Implementation of LLM-Cure . . . . . . . . . . . . . . . . . . . . 158
6.2.5 Data collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

6.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
6.3.1 RQ6.1: How e�ective can LLMs be to extract features from user

reviews? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160
6.3.2 RQ6.2: Can LLMs leverage categorized user reviews to generate

suggestions for feature improvements? . . . . . . . . . . . . . . . 165
6.4 Threats to Validity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
6.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

Chapter 7: Conclusions and Future Work 172
7.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172
7.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176

Bibliography 179

vii



List of Tables

3.1 Dataset Statistics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.2 Three-level severity schema mapping. . . . . . . . . . . . . . . . . . . . . 47

3.3 Epsilon square e�ect size interpretation reference. . . . . . . . . . . . . . 47

3.4 Inferred �fteen issue report topics with their representative keywords and

an example of issue report . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.5 The extracted topics of issue reports percentages distribution across the

three ecosystems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.6 Accuracy of ETM calculated on 288 manual labelled issue reports. . . . . 49

3.7 Kruskal-Wallis p-value and Epsilon squared e�ect size . . . . . . . . . . . 50

3.8 The severity group ranking obtained by SK-ESD. . . . . . . . . . . . . . 52

3.9 The performance of our prediction models for the considered datasets. The

values shown represent the prediction of the issue reports that require a

large change impact in terms of code churn size. Prec. represents the

precision. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.10 AUC performance of the three ecosystems with three di�erent thresholds

for the code churn size. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.11 The top 6 most in
uential metrics in the XGBoost-10% model for Mozilla,

Apache and Eclipse ranked by their importance. Imp. represents the im-

portance score obtained by the feature permutation approach. The Rank

column represents the clusters raking obtained by SK-ESD. . . . . . . . . 59

3.12 The performance measures of our XGBoost-10 prediction models per soft-

ware project. The values shown represent the prediction of the issue reports

that require a large change impact. . . . . . . . . . . . . . . . . . . . . . 60

viii



3.13 The performance of our prediction models for the considered datasets.

The values shown represent the prediction of the issue reports that require

a larger change impact in terms of the number of �les changed. Prec.

represents the precision. . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

3.14 AUC performance of the three ecosystems with three di�erent thresholds

for the number of �les changed. . . . . . . . . . . . . . . . . . . . . . . . 62

4.1 The Descriptive Statistics of the Dataset. . . . . . . . . . . . . . . . . . . 73

4.2 Collected code clone metrics. . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.3 The distribution of release-level time series across the three within-release

code cloning patterns. TF represents TensorFlow. . . . . . . . . . . . . . 84

4.4 Cloned code size analysis of the DL frameworks exhibiting \Decreasing"

and \Rise and Fall" trends from �rst to last Release. . . . . . . . . . . . 88

4.5 Within-release patterns.Pa, Pd and Ps denote an\Ascending", \Descend-

ing" , and \Steady" pattern respectively. . . . . . . . . . . . . . . . . . . 96

4.6 A summary of the analysis of the constructed three regression models. . . 97

4.7 The distribution of clone pairs across framework functional code clones. . 105

5.1 User reviews of the\AccuWeather" app and the\Weather Live" app. . . 112

5.2 Statistics of 20 competing apps groups. . . . . . . . . . . . . . . . . . . . 124

5.3 Dataset Statistics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

5.4 Accuracy of GLFE for di�erent local global hyper-parameter threshold on

two validation app groups. Prec. represents the precision. . . . . . . . . . 128

5.5 Accuracy of GLFE and ABAE on �ve testing app groups. Prec. represents

the precision. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

5.6 List of de�ned questions in the conducted survey. . . . . . . . . . . . . . 132

5.7 Continuation of the survey questions. . . . . . . . . . . . . . . . . . . . . 133

5.8 Inferred top ten features with their representative words and an example

review. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

5.9 Number of coherent aspects. K (number of aspects) = 10 for all approaches.144

ix



6.1 Descriptive Statistics of 7 Competing Apps Categories . . . . . . . . . . 160

6.2 Top fourteen features extracted from the user reviews of three sample app

categories. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163

6.3 The number of batches and percentage of user reviews required to extract

the features using LLM-Cure . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.4 Performance comparison ofLLM-Cure and baselines on �ve testing app

groups in features assignment. `P' denotes Precision, and `R' denotes Re-

call and `F1' denotes F1-score. . . . . . . . . . . . . . . . . . . . . . . . . 164

6.6 Sample ofLLM-Cure's Suggestions and Matching Release Notes . . . . . 166

6.5 Suggestions Implementation Rate (SIR) ofLLM-Cure Feature Improve-

ment Suggestions on the selected three apps. . . . . . . . . . . . . . . . . 166

x



List of Figures

1.1 Sample issue report from the Apache software repository. . . . . . . . . . 3

1.2 Sample user review from the Skype mobile app. . . . . . . . . . . . . . . 5

1.3 Overview of our proposed approaches in this thesis . . . . . . . . . . . . 9

1.4 Overview of our proposed approaches in this thesis . . . . . . . . . . . . 13

3.1 Overview of our experiment. . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.2 The distribution of severity levels for Mozilla issue reports. . . . . . . . . 50

3.3 The distribution of severity levels for Apache issue reports. . . . . . . . . 51

3.4 The distribution of severity levels for Eclipse issue reports. . . . . . . . . 51

3.5 The hierarchical clustering of independent variables for Apache. The dot-

ted red line represents the threshold value of 0.7. . . . . . . . . . . . . . 54

4.1 An overview of our approach for analyzing code cloning in DL frameworks. 71

4.2 The four code clones trends exhibited by DL frameworks. . . . . . . . . . 80

4.3 Subset of the within-release time series\Steady", \Descending" and \As-

cending patterns". Every time series represents the evolution of clone size

within a particular release of a DL framework. . . . . . . . . . . . . . . . 83

4.4 The bug-proneness evolution in cloned code over releases. . . . . . . . . . 90

4.5 Bug-�xing commits distribution by \thin clones" and \thick clones". . . 91

4.6 The evolution of code clone community size over releases. . . . . . . . . . 93

4.7 Example of a functional code clone instance from TensorFlow to Ray. . . 102

5.1 FeatCompare three main components. . . . . . . . . . . . . . . . . . . . . 114

5.2 An example of ABAE architecture. In the above sample, the size of word

embedding is 5, the number of high-level features is 3. . . . . . . . . . . 116

xi



5.3 Comparison of the top ten features of the three most popular apps of the

\ Weather" group. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

5.4 The distribution of the job roles of the surveyed participants. . . . . . . . 138

5.5 The distribution of the years of experience of the surveyed participants. . 138

5.6 Participants' answers about competitor analysis. . . . . . . . . . . . . . . 138

5.7 Participants' answers about the source used for competitor analysis. . . . 139

5.8 Participants' answers about the number of competing apps. . . . . . . . . 139

5.9 Participants' opinion about overall app rating. . . . . . . . . . . . . . . . 139

5.10 Source of competitor analysis for participants having a neutral opinion

about the overall general rating of an app being enough to compare similar

apps. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

5.11 Participants' opinion about our research work. . . . . . . . . . . . . . . . 140

5.12 Years of mobile experience of the participants who agree on the bene�t of

our work. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

5.13 The frequency of analyzing the competing apps of the participants who

agree on the bene�t of our work. . . . . . . . . . . . . . . . . . . . . . . . 141

5.14 The number of competing apps of the participants who agree on the bene�t

of our work. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

6.1 Overall approach ofLLM-Cure . . . . . . . . . . . . . . . . . . . . . . . 151

6.2 Template ofLLM-Cure prompt for extracting features. . . . . . . . . . . 155

xii



1

Chapter 1

Introduction

Software systems have become an integral part of our daily lives, underpinning aspects

from communication to business operations and personal productivity. The success and

longevity of these systems hinge on e�ective and continuous maintenance. According

to the IEEE [2], software maintenance is `the process of modifying a software system

or component after delivery to correct faults, improve performance or other attributes,

or adapt to a changed environment'. This ongoing maintenance process ensures that

systems remain reliable and relevant in a competitive market, which is essential for user

satisfaction and business success.

In this thesis, we focus on two main areas of software maintenance: code maintenance

and feature enhancement for mobile applications. Code maintenance, including defect

�xing and managing code clones, leads to enhanced software quality and facilitates fu-

ture development. Feature enhancement for mobile applications is essential for meeting

evolving user needs and maintaining a competitive edge in the market.

Defect �xing is an inevitable aspect of code maintenance, and it involves identifying,

analyzing, and resolving defects in the software. Bug �xing is often a time-consuming

and resource-intensive task, consuming a considerable portion of the project budget. For

instance, it is estimated that 113 billion dollars are budgeted yearly in the United States

to identify and �x software defects [1]. Consequently, developers need to e�ciently iden-

tify, prioritize, and resolve bugs while minimizing disruptions to existing functionalities.

Therefore, maintaining code quality over time is crucial for long-term stability and reli-

ability.
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Another signi�cant challenge in software maintenance is the management of code clone

evolution. Code clones are identical or similar code fragments found in multiple locations

within the codebase. These clones can arise from copy-paste programming practices or the

need for similar functionality in di�erent parts of the system. While code clones can o�er

some initial development speed, they pose signi�cant maintenance challenges [152, 167].

For instance, if a bug is �xed in one instance of a clone, it needs to be applied to all other

clones to ensure complete resolution. Similarly, modifying functionality requires changes

across all cloned segments.

Software maintenance also involves enhancing existing features and introducing new

functionalities to adapt to evolving user needs and preferences [47]. Given the compet-

itive nature of the software market, developers must be acutely aware of user needs,

satisfy user requirements, and contend with similar software products (i.e., competing

software). Staying ahead of the competition is essential [146, 274]. For instance, user

complaints can lead to user churn, where users switch to competitors' products [74]. To

meet user expectations and outperform competitors, regular updates and enhancements

to the features are necessary.

To achieve e�ective software maintenance, developers leverage historical data from

various software artifacts. These artifacts, such as user reviews, issue reports, and source

code, provide a rich record of past experiences. By analyzing these artifacts, develop-

ers can identify areas for improvement and anticipate potential issues. However, the

complexity and volume of these artifacts necessitate advanced analytical methods such

as Machine Learning (ML) to automate the analysis of software artifacts and provide

valuable insights and predictions that support developers in making informed decisions

quickly and accurately. The following subsections provide background on the role of

software artifacts and the application of ML in enhancing maintenance e�orts.
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1.1 Background

1.1.1 Mining Issue Reports

Issue reports are the direct line of communication between users and developers. Issue

reports are employed to submit change requests, report software bugs, or inquire about the

functionality of the software product [33]. These reports typically include information

such as the title, description of the issue, steps to reproduce it, its priority level, and

assignee. Figure 1.1 shows a sample issue report from the Apache software repository1.

Issue reports serve as a critical source of information that empowers developers to conduct

e�ective maintenance. For instance, issue reports help developers understand reported

issues, facilitating the identi�cation of software defects [145], prioritizing maintenance

tasks [6] and allocating resources e�ectively [125]. Common issue tracking systems such

as Bugzilla2 and Jira3 play a vital role in managing these reports by providing platforms

for organizing, tracking, and resolving bugs or feature requests, thereby streamlining the

software maintenance process.

Figure 1.1: Sample issue report from the Apache software repository.

1https://issues.apache.org/jira/browse/KAFKA-17089
2https://www.bugzilla.org/
3https://jira.atlassian.com/
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1.1.2 Code Clone Management

Source code analysis involves examining the codebase of a software system to assess its

quality, identify potential issues, and ensure its long-term maintainability. This process

is crucial for maintaining code quality by detecting issues such as coding standards vi-

olations, security vulnerability and code clones (i.e., identical or highly similar source

code fragments) [229]. There exist four types of code clones: Type 1, Type 2, Type 3,

and Type 4. Type 1 clones are exact copies of code fragments with no modi�cations,

except for variations in whitespace and comments. Type 2 clones are syntactically iden-

tical fragments, with di�erences limited to variations in identi�ers, literals, types, layout,

and comments. Type 3 clones are copied fragments with more substantial modi�cations,

such as added, modi�ed, or deleted statements. Finally, Type 4 clones represent code

fragments that are functionally similar but implemented di�erently, meaning they achieve

the same functionality through distinct coding structures or algorithms. Code clone de-

tection tools, such as Nicad [230] and SourcererCC [234], are instrumental in this process,

helping developers locate these redundant fragments. Additionally, extracting code met-

rics of code clones, such as complexity, to gain deeper insights into the maintainability

of source code and pinpoint areas with potential maintainability problems.

Addressing the issues associated with code clones early helps prevent future prob-

lems and ensures the overall quality and stability of the software system. For instance,

developers can detect code clones and take appropriate actions, such as refactoring or con-

solidating duplicate code segments, thereby improving code quality in the long run [127].

1.1.3 User Reviews Analysis

User reviews typically consist of textual feedback and a star rating, representing the user's

sentiment or satisfaction level. The textual feedback contains rich information, such as

opinions, experiences and suggestions regarding the user experience, providing valuable

insights for developers. Additionally, the star rating system|often ranging from a single

star (very dissatis�ed) to �ve stars (highly satis�ed)|indicates overall user satisfaction.

By analyzing both the textual content and the star rating sentiment, developers can gain a
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deeper understanding of user needs and identify areas for improvement and opportunities

for feature enhancements in a software system [10, 213, 236, 255, 288]. Figure 1.2 shows

an example of a user review from the Skype4 mobile application.

Analyzing user reviews can be used to conduct competitive analysis. By comparing

reviews of similar or competing software products, developers can understand what fea-

tures users �nd valuable which can inform strategic decisions, driving the development

of new features or improvement of existing ones.

Figure 1.2: Sample user review from the Skype mobile app.

1.1.4 Machine Learning for Software Maintenance

While software artifacts are a valuable data source for developers in facilitating the main-

tenance of their software products, manually analyzing them is time-consuming and

labour-intensive [93]. Therefore, automating software maintenance tasks by leverag-

ing software artifacts has drawn research attention. Researchers have developed vari-

ous techniques and tools aimed at enhancing the e�ciency and productivity of develop-

ers [114,133,246,280,309]. These automated techniques replace manual e�ort with mined

or learned information, streamlining the maintenance process and allowing developers to

focus on more critical tasks [302].

4https://play.google.com/store/apps/details?id=com.skype.raider&hl=en CA
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Natural Language Processing for Software Maintenance. Natural Language

Processing (NLP) techniques are a powerful branch of ML speci�cally designed to ana-

lyze textual information [132]. In the context of software maintenance, NLP techniques

are increasingly being used to automatically analyze textual information extracted from

software artifacts such as issue reports and user reviews. By automating the analysis of

textual information in software artifacts, NLP empowers developers to gain insights from

user feedback and reported problems, leading to more e�ective maintenance. For instance,

NLP can automatically analyze user reviews to extract sentiment (positive, negative,

neutral [92,94]), summarize reviews [80,276] or extract features [131,245]. Additionally,

NLP can analyze the textual descriptions in issue reports to classify bug types [6, 44]

and facilitate defect assignment [296]. NLP approaches encompass statistical methods

such as Latent Dirichlet Allocation (LDA) [34], ML techniques (e.g., Support Vector Ma-

chines (SVMs) [258]), Deep Learning (DL) techniques (e.g., Recurrent Neural Networks

(RNNs) [237]), and generative AI techniques (e.g., Large Language Models (LLMs) [323]).

Applying ML for Code Evolution. Software code constantly evolves as a system

undergoes maintenance and feature additions. Code evolution analysis involves analyz-

ing the historical changes in the codebase to identify trends and potential issues. ML

techniques can be applied to predict code evolution-related tasks such as the likelihood of

bugs or the e�ort required to implement a particular change [248]. For instance, predic-

tive models can leverage historical data to predict bug occurrence [322], or estimate the

e�ort associated with an issue [308]. Additionally, ML can be used to analyze trends and

patterns in code evolution [310], and identify areas with frequent changes or potential

code smells. This allows developers to focus maintenance e�orts on sections with high

churn or potential maintainability issues.

1.2 Research Problems

Despite existing research e�orts that apply ML techniques to maintain software systems

e�ectively, we envision that developers continue to encounter challenges in two key areas

of the software maintenance process:
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Area 1: Managing code changes and clone evolution in code maintenance

ˆ Challenge 1: Lack of approaches predicting change impact with high

accuracy for defect resolution. There are limited human resources,i.e., de-

velopers, available to work on a software project [135]. Therefore, estimating the

human labour and change impact, i.e., the amount of change needed to �x a defect,

is crucial for e�cient defect assignment and prioritization in software maintenance

[172,329]. Existing change impact analysis research [186,313] predicts the amount

of change needed to �x a defect in terms of code churn using the summary and

the description of the issue report only, and is unable to achieve a high accuracy

of prediction, i.e., Area Under the Curve (AUC) of 0.61 [266]. The AUC mea-

sures a model's predictive power, with 1.0 being perfect and 0.5 indicating random

guessing. The low AUC reveals the need for improved change impact analysis

methods. Issue reports contain valuable information and share common character-

istics [205,296,297,305]. Hence, it is important to provide approaches that predict

the change impact by leveraging the common characteristics of the issue report to

predict the change impact with high accuracy.

ˆ Challenge 2: Lack of approaches to understanding code clone dynam-

ics in DL frameworks. DL frameworks, like other systems, are prone to code

clones [123,188]. Code cloning can have positive and negative implications for soft-

ware development in
uencing maintenance [134, 152, 167]. DL frameworks play a

role in advancing arti�cial intelligence. Therefore, it is essential to develop ap-

proaches that understand the impact of code clones on the software quality and

maintainability of these critical systems. Traditional studies on code clones may

not be valid for DL problems because DL frameworks have unique characteristics,

such as complex dependencies and rapidly evolving libraries [13], which require fur-

ther analysis approaches. While a few existing studies [124,188] focus on studying

clones in DL-based applications, no work has been done investigating clones, their

evolution and their impact on the maintenance in the DL frameworks.
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Area 2: Feature Enhancement for Mobile Applications

ˆ Challenge 3: Lack of approaches conducting comprehensive competitor

feature analysis for mobile app improvement. The mobile application (app)

market is experiencing explosive growth, with global downloads reaching a stag-

gering 257 billion in 2023 [45]. In such a competitive landscape, developers must

continually understand and meet user needs while also di�erentiating their apps

from competitors'. Therefore, developers need to read reviews from all their com-

peting apps and summarize the advantages and disadvantages of each app. Such

a manual process can be tedious and even infeasible, with thousands of reviews

posted daily. Few prior studies [60, 151, 243, 246] have shed light on the poten-

tial of automatically extracting useful information, i.e., user opinions (sentiment

and rating) associated with speci�c appfeatures, for app comparisons. However,

these extracted app features are �ne-grained and explicitly mentioned in reviews

via word pairs such as \photo edition" and \ upload video". Comparing competing

apps on �ne-grained features can be challenging and time-consuming as the number

of extracted �ne-grained features can reach up to hundreds or even thousands per

competing group [60, 244]. Therefore, it is important to provide an approach that

conducts a comprehensive, non-�ne-grained comparison of the features of competing

apps.

ˆ Challenge 4: Lack of approaches generating feature enhancement sug-

gestions leveraging competitor analysis. Researchers have explored various

approaches to conduct competitor user review analysis [20, 60, 151, 160, 243, 247].

However, existing work presents some limitations. First, the existing approaches

often generate an overwhelming number of �ne-grained features [60,243,247] due to

comparing the apps' features based on word pairs, making it hard to conduct com-

petitor user review analysis with thousands of features [244]. Second, competitor

user review analysis is only conducted by identifying explicit expressions of compar-

ison (e.g.,\Zoom's screen sharing is way smoother than Skype's") [151] and fails to

take into consideration implicit insights derived from user reviews. Third, existing
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work on competitor user review analysis [20] o�ers only feature rating comparisons

lacking the ability to suggest concrete improvements for speci�c features based on

competitors' user feedback. Therefore, it is essential to develop approaches that au-

tomatically generate suggestions for mobile app feature improvements by leveraging

user feedback on similar features from competitors.

Figure 1.3: Overview of our proposed approaches in this thesis.

1.3 Thesis Statement

Software maintenance remains a complex challenge despite ongoing research e�orts. De-

velopers face constant pressure to maintain a robust codebase while continually enhancing

features to stay competitive. This thesis proposes novel approaches leveraging software

artifacts and ML to support developers in two critical areas within software maintenance:

code maintenance and feature enhancement. Figure 1.3 In the code maintenance part,

our research tackles two perspectives: (1) enhancing the accuracy of predicting change

impact for defect resolution by leveraging the common characteristics of issue reports and

(2) understanding the dynamics and impact of code clones in DL frameworks to ensure

long-term code quality and maintainability. For feature enhancement, our contributions

include (3) conducting automatic comprehensive competitor feature analysis and (4) gen-

erating suggestions for feature enhancement based on competitor user review analysis for

mobile applications. This thesis aims to empower developers with novel approaches for
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streamlined and e�ective software maintenance, thereby fostering a high-quality main-

tained codebase and competitive and sustainable software systems.

Summary of Thesis Statement

Developers continue to face signi�cant challenges in software maintenance despite

existing research. These challenges include: 1) the lack of approaches predicting ac-

curate change impact for defect resolution, 2) the lack of approaches to understand-

ing code clone dynamics in DL frameworks, 3) the lack of approaches to conduct-

ing comprehensive competitor feature analysis for mobile app improvement, and

4) lack of approaches generating feature enhancement suggestions leveraging com-

petitor analysis. To guide software developers in e�ective software maintenance,

we propose approaches that support developers through two main objectives: code

maintenance and feature enhancement.

1.4 Thesis Objectives

Figure 1.4 provides an overview of the proposed approaches in this thesis. These ap-

proaches target the challenges outlined in Section 1.2 by addressing defect resolution

through predicting change impact, conducting code clone analysis and enhancing soft-

ware features.

ˆ Objective 1: Predicting change impact for defect resolution leveraging

issue report information. Software systems are prone to defects. Predicting

the change impact needed to �x a defect is a crucial step in optimizing the defect

resolution process. However, accurate prediction of change impact for defect reso-

lution remains a signi�cant challenge in software maintenance (i.e., Challenge 1).

To address this challenge, we propose a predictive model capable of estimating the

change impact of resolving a defect by leveraging historical data and Natural Lan-

guage Processing (NLP), i.e., state-of-the-art topic modelling algorithm ETM [65].

Instead of relying on the individual textual description of each defect, our approach

leverages the collective information of semantically similar defects, i.e., defect topic,
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extracted through ETM. We construct several machine learning models to predict

the change impact using the identi�ed defect topics and other information extracted

from issue reports and identify the defects requiring small or large change impact

along two dimensions, i.e., the code churn size and the number of �les changed.

ˆ Objective 2: Understanding code clone dynamics in DL frameworks.

While code cloning saves time initially, it results in higher maintenance and lower

software quality over time, compromising system reliability. To address the chal-

lenge of limited understanding of code clone evolution in DL frameworks (i.e., chal-

lenge 2), we conduct a longitudinal empirical study on nine popular DL frameworks

code clone evolution and its implications for reliable systems. Our approach identi-

�es four trends, i.e., \Serpentine", \Rise and Fall", \Decreasing", and \Stable", in

the evolution of clones observed in DL frameworks. To better understand the de-

velopment practices that lead to these di�erent trends, we conduct a within-release

development investigation. Additionally, we explore the presence of cross-project

code clones within DL frameworks and how the collaborative community size evolves

across di�erent cloning trends.

ˆ Objective 3: Automating feature-level comparative user review analysis

for competing mobile applications. To address the challenge of lack of compre-

hensive competitor mobile apps feature analysis (i.e., Challenge 3), we propose Feat-

Compare, an approach to automatically mine and compare features of competing

mobile applications from user reviews without any manually annotated resources.

Our approach tool adapts Attention-based Aspect Extraction (ABAE) [98], the

state-of-the-art neural network-based model for feature extraction. FeatCompare is

capable of extracting and di�erentiating, through a Global-Local sensitivity ratio,

global common application features (i.e., performance issues) and local domain-

speci�c ones (i.e., accurate forecasts for weather applications) to provide software

engineers with full-spectrum features comparison. Then, FeatCompare creates a

comparative table that summarizes users' opinions for each identi�ed feature across
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competing apps. The comparative analysis guides developers toward making well-

informed decisions about their app's features and functionalities.

ˆ Objective 4: Proposing an automatic feature enhancement suggestions

approach through competitor user review analysis. The mobile application

(app) market is witnessing explosive app adoption, fostering a highly competitive

environment among competitors. To stay competitive, developers need to learn

from their competitors' behaviours to maintain a competitive edge. To address the

challenge of generating e�ective feature enhancement suggestions (i.e., Challenge 4),

we propose aLarge Language Model (LLM)-based Competitive User Review Analysis

for Feature Enhancement)(LLM-Cure ), an approach powered by LLMs to generate

suggestions for mobile app feature improvements automatically. More speci�cally,

LLM-Cure identi�es and categorizes features within reviews by applying LLMs.

When provided with a complaint in a user review,LLM-Cure curates highly rated

(4 and 5 stars) reviews in competing apps related to the complaint and proposes

potential improvements tailored to the target application. By analyzing user reviews

from competing apps, developers can uncover insights into features that address

unmet needs, potentially giving their app a signi�cant advantage.
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Figure 1.4: Overview of our proposed approaches in this thesis.

1.5 Thesis Overview

We present an overview of this thesis in the following.

Chapter 2 provides a comprehensive literature review of related work.

Chapter 3 details our predictive model, which estimates the change impact of re-

solving a defect by leveraging historical data and the state-of-the-art topic modelling

algorithm Embedded Topic Model (ETM).

Chapter 4 explores our approach to investigating code clone dynamics in DL frame-

works, presenting �ndings on long-term cloning trends and within-release clone evolution

characteristics. We discuss practical implications for practitioners and researchers.

Chapter 5 describes our approach for conducting comprehensive competitor feature

analysis aimed at mobile app improvement.

Chapter 6 outlines our automated approach to generating feature enhancement sug-

gestions based on competitor user review analysis.

Chapter 7 concludes the thesis and discusses potential future research directions.
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Chapter 2

Literature Review

2.1 Change Impact Prediction

In this section, we present the plethora of available literature closely related to our re-

search and summarize the contributions in each area: defect taxonomies and classi�ca-

tions, defect �xing e�ort prediction, defect localization, and change impact analysis.

2.1.1 Classifying software defects.

Generic defect taxonomies. To understand possible defect types, researchers suggest

taxonomies targeting general defects but focusing on one speci�c dimension or several di-

mensions,e.g., impact, category, root cause and life cycle phase. Several studies propose

�ne-grained taxonomies[103,154,209] that are de�ned based on code patterns that rep-

resent defects,e.g., conditional statements and initialization errors. Ni et al. [209] exploit

defect �xes from source code to an AST level and categorize defects into �ne-grained root

cause categories, such as conditional test errors and data veri�cation errors. Some re-

searchers propose to map code-related �ne-grained categories to coarse-level dimensions.

For example, Li et al. [154] manually mapped �ne-grained code-related root causes to

three coarse-level categories,i.e., memory, concurrency and semantic.

Other researchers introducecoarse-level defect taxonomies.Catolino et al. [44] per-

form an empirical study to �nd coarse-level defect categories. The authors manually

analyze 1,280 defects and build a taxonomy of 9 root cause categories: con�guration,

GUI, Performance, Program anomaly, Test-code, Database, Network, Permission and
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Security issues. Catolino et al. then model an automated supervised classi�er to label

defects. Although the classi�er achieves 64% as F-measure in general across all the de-

fect categories, it fails to predict the defects for the con�guration and network categories.

Ahmed et al. [6] also present a framework, CapBug, which classi�es defects according to

the coarse-level categories. CapBug is similar to Catolino et al.'s approach in two ways.

CapBug follows a supervised technique to categorize issue reports. It relies on manu-

ally prede�ned categories. Unlike Catolino's work, CapBug studies six defect categories,

i.e., Program anomaly, GUI, Network or Security, Con�guration, Performance, and Test

code. CapBug achieves 88% accuracy in predicting the category of the defects by using

the Random Forest model and SMOTE technique to deal with class imbalance.

Speci�c defect taxonomies. A rich collection of research work focuses on a speci�c

programming language [4,55,95] or defects discovered in a speci�c system [112,119,216,

218,219,240,267,278,318,321] or even a speci�c class of defects [5,71,261,268,282,312].

For example, Ciborowska et al. [55] shed light on the di�erences in the characteristics

and localization of the defect across COBOL and non-COBOL software. To achieve this,

Ciborowska et al. re�ne the taxonomy introduced by Catolino et al. [44] by considering

the opinion of surveyed developers.

Some researchers have examined the types of defects related to speci�c systems, such

as AI-based systems [112, 119, 267, 321]. Others amend existing taxonomies to classify

AI defects. For example, Thung et al. [267] study the characteristics of 500 defects be-

longing to three machine learning systems (Apache Mahout, Apache Lucene, and Apache

OpenNLP). Thung et al. manually categorize defects leveraging the taxonomy designed

by Carolyn et al. [240] and include an additional category, `con�guration'. Other re-

searchers design new taxonomies. For example, Zhang et al. [321] propose a new taxon-

omy for TensorFlow defects by analyzing 175 issue reports.

Researchers also investigate speci�c classes of defects. For instance, the research

community shed light on understanding the characteristics of performance defects [261,

312,322] since they lead to user dissatisfaction. For example, Sanchez et al. [261] propose
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a taxonomy of three dimensions,i.e., e�ects, causes and contexts of defects for real-

world performance defects. To support practitioners in building more secure software,

researchers propose taxonomies for security defects [5,268,312].

Summary

Prior research has proposed various approaches to classify software defects. How-

ever, these approaches have limitations: (1) they often present a�ne-grained tax-

onomy focused on code-related defects, which is out of the scope of our study, and

(2)their coarse-level matching for �ne-grained code-related root causes is restricted

to a few categories, such as memory, concurrency, and semantics. These taxonomies

represent only a subset of the potential software defects and require an expensive

amount of human e�ort to categorize the issue reports manually. Consequently,

they o�er limited support for developers in understanding other types of defects.

In contrast, our study (1) encompasses all types of defects without restricting itself

to any speci�c class, and (2) does not require any labelled data.

2.1.2 Defect �xing e�ort

Defect �xing e�ort refers to the amount of time and code modi�cations required to

identify, address, and resolve defects or bugs in a software system. It speci�cally involves

defect �xing time and code churn size.

Defect �xing time. Several studies leveraged the issue report information (i.e.,

component, priority and severity) to predict the defect �xing e�ort in terms of time

required for �xing defects [17,18,87,106].

Giger et al. [87] carry out an empirical study to investigate the possibility of predicting

the defect �xing time from the issue report attributes. In their study, Giger et al. aim

to classify the issue reports into two classes: requiringSlow or Fast �xing e�ort. The

authors build a decision tree model that achieves a precision of 0.654. Giger et al. �nd

that assignee, reporter and monthOpened are the top 3 issue report attributes in
uencing

the �xing e�ort time prediction. Similarly, Ardimento and Mele [18] also treat the �xing

time prediction as a binary classi�cation problem (i.e., Slow and Fast classes). The
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authors treat the problem as a supervised text categorization task but used Bidirectional

Encoder Representations from Transformers (BERT) [63] with a classi�er to predict

the �xing time. In their approach, the authors propose a new set of features, including

the description of the issue and developers' comments on which they perform transfer

learning.

In contrast to the above, some researchers treat the �xing e�ort prediction as a re-

gression problem. Yuan et al. [308] propose an approach to predict Bug Fixing Time

with Neural Networks, named BuFTNN. BuFTNN leverages several features (i.e., de-

velopers' activities, developers' sentiments, the semantics of bugs, and e�orts caused by

understanding and analyzing source code) to predict a defect's �xing time. The pro-

posed model is validated on four real-life projects, including Eclipse, and outperforms

the state-of-the-art deep learning-based model (called DeepLSTMPred) [242], e�ort pre-

diction model by 7.3% in F1-score, on average.

Another line of work handles the �xing e�ort prediction problem as information re-

trieval. For instance, the time required to �x a defect is anticipated by querying textually

similar issue reports marked as �xed. The �xing time of the new issue report is then esti-

mated by relying on the �xing time of similar retrieved reports. Weiss et al. [291] rely on

the k-Nearest Neighbors algorithm combined with textual similarity to identify similar

defects. Zhang et al. [315] follow a similar approach to Weiss et al.; however, they focus

on commercial projects.

In the above studies, the �xing time is calculated as the time elapsed between the issue

being reported/assigned and resolved. However, the estimated time might not indicate

the actual �xing time. In some cases, developers might be working on several tasks or

working part-time. In other instances, the issue report status might not be updated on

time. Di�erent from the above studies that predict the �xing e�ort in terms of time, we

measure the change impact, i.e., code churn size and the number of �les changed, as a

proxy for the �xing e�ort.

Code churn size. Measuring lines of code has been considered a standard way of

estimating the developer e�ort [36]. Nevertheless, the possibility of predicting the defect
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�xing e�ort in terms of code churn ( i.e., number of lines of code modi�ed) remains scarcely

explored. To the best of our knowledge, Thung's study [266] is the only existing work that

predicts defect �xing e�ort by considering the code churn size. Thung designs a supervised

machine learning approach to classify issue reports intolow and high categories. The

author fed the summary and description of the issue report as input to a Support Vector

Machine model. Thung evaluates the model on 1,029 bugs fromhadoop-commonand

struts2 and achieves an AUC of 0.61.

Summary

Prior research estimates the �xing e�ort in terms of �xing time, i.e., the time

elapsed between the issue being reported/assigned and resolved. However, the

estimated time might not indicate the actual �xing time. In some cases, developers

might be working on several tasks or working part-time and in other instances, the

issue report status might not be updated on time. Alternatively, Thung's work

predicts �xing e�ort in terms of code churn size. Our work aligns with Thung's

approach but introduces several key di�erences. First, we use di�erent features to

predict the change impact size. Second, we implement multiple ML models and

utilize a larger dataset. Our study complements the existing approaches.

2.1.3 Defect localization

Defect localization is one of the crucial yet most costly and time-consuming steps of

software maintenance [66]. There are three widely used families of defect localization

techniques: spectrum-based (SBBL), mutation-based (MBBL), and information retrieval-

based (IRBL). SBBL techniques [41,292,317] employ a series of test cases to identify the

buggy code spectra. SBBL is considered a �ne-grained defect localization as it can point

to the buggy statement. MBBL techniques [46,105,298] employ test results after mutat-

ing the program to determine the buggy code. IRBL techniques employ information from

the issue report to localize the defect. IRBL techniques focus on the textual similarity

between the issue report description and the source code [295]. In IRBL techniques,

program entities of di�erent granularity might be identi�ed as faulty components. Some
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research work [306] points to the �les containing the defect. For instance, Chen et al.

[48] propose Pathidea, an information retrieval defect localization approach that relies

on both log snippets and stack traces in issue reports to localize the defect �le. Other

research work [30,202,293,295] focuses on identifying the commit that caused the defect.

One team at Facebook proposes Bug2Commit [202], an IRBL approach that leverages

unsupervised techniques to �nd commit-level defects. Both IRBL localization approaches

and our work leverage the issue reports information to support the developers with the

software maintenance task. Our research work complements the defect localization line

of work. The defect localization approaches seek to identify the elements of a program

causing the failure with di�erent granularity, i.e., statement, method and �le. However,

our work focuses on predicting the change impact, i.e., the amount of change, in terms

of lines of code and the number of �les changed.

Summary

Prior research has suggested information retrieval-based (IRBL) defect localization

approaches to localize a defect within a software system. Both IRBL approaches

and our work leverage information from issue reports to support the developers

in software maintenance tasks. Our research complements the defect localization

work. The defect localization approaches seek to identify the elements of a pro-

gram causing the failure with di�erent granularity, i.e., statement, method and �le.

However, our work focuses on predicting the change impact, i.e., the amount of

change, in terms of lines of code and the number of �les changed.

2.1.4 Change impact analysis

Software Change Impact Analysis (CIA) represents a collection of techniques that help

developers identify the e�ects of a change or to estimate the amount of change needed

[37] during the software maintenance and evolution phase. Depending on the technique

and its application, CIA can be helpful before implementing the change (e.g., predicting

the change impact) or after implementing it (e.g., performing change propagation) [148].

Researchers de�ne metrics and prediction methods to conduct CIA along four main CIA
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quanti�cation parameters: (1) instability ( i.e., likelihood that various software artifacts

change simultaneously), (2) amount of change (i.e., the size of changes a�ecting a software

artifact), (3) change proneness (i.e., likelihood that a software artifact will change due to

bug �xes or requirement changes), (4) and changeability (i.e., the level of ease related to

the a�ecting the changes to a software artifact) [142]. The existing research related to

the amount of change is the closest to our work. Existing work quanti�es the amount of

change in terms of code churn [102,187], the number of changed artifacts (i.e., modules,

operations, members, classes, or �les) [252] and incremental changes [12]. Similar to our

goal, some existing work estimates the change set,i.e., the amount of change, using static

analysis [238, 257], dynamic analysis [40, 110] or Mining Software Repositories (MSR)

[86, 313]. MSR techniques leverage historical information from the defect artifacts and

source code repository to predict the potential code change. Gethers et al. [86] leverage

the issue report textual information and the source code to estimate the amount of

change. The authors adopt information retrieval methods to couple the description of

the issue report to the potential software entity,e.g., method. Zanjani et al. [313]

couple information retrieval, machine learning and source code analysis to build a corpus

of source code entities queried when an issue report description is submitted.

Summary

Prior research has proposed various methods to predict the change impact of code

changes in software systems. However, these existing approaches estimate the

amount of change only after identifying the speci�c change set by examining the

source code. In contrast, our work adopts a simpler approach that predicts the

amount of change by only leveraging information from issue reports, without the

need to �rst identify the actual change set in the source code.

2.2 Code Clone Dynamics in DL Frameworks

In this section, we present a review of the existing literature on analyzing DL frameworks.

Additionally, we touch upon the studies relevant to code clone research.
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2.2.1 Deep Learning framework-related empirical studies

Deep learning, emerging as a prominent �eld in recent years, has attracted considerable

attention within the software engineering community. A growing number of researchers

are actively empirically investigating the characteristics of DL applications and frame-

works. While some researchers focused their interest on DL applications, such as identi-

fying the challenges of building DL-based systems [197,319] and exploring the taxonomies

of faults in DL applications [113, 123], others directed their attention toward the explo-

ration of the DL frameworks that are the building blocks of these applications.

Bug taxonomies and characteristics. Researchers contributed to understanding DL

framework bugs comprehensively in several ways. TensorFlow, one of the most popu-

lar DL frameworks, gained the attention of several researchers [126, 321]. For instance,

Zhang et al. [321] analyzed TensorFlow bugs sourced from StackOver
ow QA pages and

GitHub. The authors provide taxonomies along several dimensions, including root causes,

symptoms, and bug detection strategies. Other researchers expanded their work to inves-

tigate multiple DL frameworks. Chen et al. [49] conduct a comprehensive analysis of four

frameworks, i.e., TensorFlow, PyTorch, MXNet, and DL4J, to identify root causes and

symptoms and provide actionable guidelines for improved bug detection and debugging.

In addition, the authors developed a tool called TenFuzz to identify bugs in Tensor
ow.

Similarly, Islam et al. [119] analyzed the characteristics of bugs in �ve DL frameworks. In

addition, the authors identify the stages of the DL pipeline that are more bug-prone and

investigate antipatterns. Tambon et al. [262] shed light on silent bugs in DL frameworks.

The authors classi�ed the bugs according to their impact on users' programs and the

speci�c components where these issues originated, drawing upon information found in

the issue reports. et al. [70] provide a classi�cation of the fault-triggering conditions of

bugs. The authors manually investigated 3,555 bug reports collected from three Tensor-

Flow, MXNET and PaddlePaddle and analyzed the frequency distribution of di�erent

bug types and their evolution features. Long et al. [165] presented an exploratory study

on performance and accuracy bugs in ten popular DL frameworks, revealing insights such
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as the primary root cause for reporting performance bugs, and they o�ered actionable

implications for researchers, maintainers, and submitters to improve the bug management

process of performance bugs.

Bug �xing patterns. Jia et al. [126] explore TensorFlow, o�ering insights into the bugs

and their �xing process within the framework's components. Ho et al. [104] replicate the

study by Jia et al. to explore another popular DL framework, PyTorch. In addition to

identifying the bug-�xing patterns in PyTorch, the authors provide a detailed comparison

between TensorFlow and PyTorch, highlighting the similarities and di�erences between

the frameworks' bugs. Islam et al. [120] conducted a larger scope study encompassing

�ve DL frameworks. The authors investigated the challenges associated with 970 bug-�x

patterns from Stack Over
ow and GitHub and found that the most common patterns are

related to data dimension and neural network connectivity issues. Li et al. [153] follow a

di�erent direction by focusing on multi-language DL frameworks. Apart from exploring

the bug types and their impacts on DLF development, the authors discover that address-

ing bugs in multi-language frameworks involves signi�cantly greater complexity in code

changes compared to single-programming-language bug �xes.

Technical debt. Liu et al. [161] investigate the DL framework from a technical debt

perspective. The authors analyze the comments indicating technical debt (self-admitted

technical debt) of seven popular DL frameworks and identify seven types of technical debt

in DL frameworks, i.e., design, defect, documentation, requirement, test, compatibility,

and algorithm debt.
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Summary

Prior research has conducted empirical studies on DL frameworks to examine bug

taxonomies, bug-�xing patterns, and technical debt. These studies o�er valuable

context for understanding the maintenance challenges in DL frameworks. Our

work on code clones complements this by focusing on the identi�cation, evolution,

and impact of code clones, thus providing additional insights into maintaining and

improving the quality and sustainability of DL frameworks.

2.2.2 Code Clones Analysis

Code clones analysis in traditional systems Researchers have extensively explored

code clones in traditional systems [325]. These studies encompass a multifaceted explo-

ration of code clones, including their impact on software maintenance, bug-proneness,

change-proneness, and evolution.

Impact on software maintenance:Existing work demonstrated that code cloning could

result in increased maintenance challenges for software systems [22, 101, 121, 192]. Mon-

dal et al. [192] conduct a comparative empirical study to investigate the maintenance

e�orts required for cloned and non-cloned functions. The study found that cloned code

is associated with an increased maintenance cost, in particular with Type 2 and Type 3

clones. Higo et al. [101] demonstrated that among web-based systems developed from the

same speci�cations, those projects with a high prevalence of code clones present a greater

challenge for project testing. In particular, the study demonstrated an increased e�ort

in bug detection during unit testing and an increased number of clones during integra-

tion testing. Islam et al. [121] conducted a comparative analysis of code clones with and

without bugs, considering 29 code quality metrics across 2,077 revisions of three Java soft-

ware systems and o�ering insights for cost-e�ective clone management and clone-aware

software development.

Bug proneness:Several previous studies have examined the bug proneness of code

clones, revealing that clones make code more bug-prone and increase maintenance costs
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[117,118,127,220,277]. Islam et al. [118] compared the bug-proneness of clone and non-

clone code. This paper presents a comparative study on the bug proneness of code

clones and non-clones, �nding that clone code has a signi�cantly higher percentage of

�les changed due to bug-�x commits and a greater likelihood of severe bugs, suggesting

that bug-�xing changes in clone code require extra attention. In another study, Islam et

al. [117] delved into the bug-proneness of micro-clones, i.e., small code fragments of 1 to 4

lines of code and compared them with regular code clones in diverse open-source systems

written in C, C#, and Java. The study �ndings show that micro-clones are signi�cantly

more prone to bugs, exhibit more consistent changes due to bug-�x commits, a�ect a

higher percentage of �les, and contain a greater percentage of severe bugs than regular

clones, hence underscoring the importance of managing and maintaining micro-clones

in software development. Jiang et al. [127] study also validated that code clones had

a higher likelihood of containing bugs, primarily originating from inconsistencies within

cloned code segments.

Change proneness:The negative impacts of code clones on software maintenance have

led to extensive research on clone stability and change proneness. [167,168,190,193,194,

199]. For example, Mostafa [199] focused on analyzing clone evolution with respect to

clone location, i.e., Inter-File and Intra-File, and clone lifetime. The study reveals that

Intra-File clones are more prevalent, suggesting that developers tend to duplicate code

within the same �le, and these clones are also more dynamic, indicating a preference for

refactoring or altering clones within the same �le. Mondal et al. [190] found that cloned

code tends to be more change-prone and unstable during the maintenance phase than

non-cloned code. The study also identi�ed di�erences in stability among various types

of clones, programming languages, and programming paradigms. In a more recent study,

Mondal et al. [194] conducted a comprehensive study on 12 subject systems to compare

the stability of clone and non-clone codes. The authors demonstrated that code clones

generally exhibit higher change-proneness as compared to non-clones by referring to the

eight stability measuring metrics, implying increased maintenance e�ort and cost.

Clone evolution: Some researchers constructed clone genealogies by tracing the history
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of code clones [23,265,271]. Barbour et al . [23] derived six distinct evolutionary patterns

by building the clone genealogies of four open-source Java systems. In addition, the

authors leveraged the clone genealogy information to enhance the e�ectiveness of fault

prediction models. Similarly, Thongtanunam et al. [265] conducted an empirical study on

six open-source Java systems genealogies, revealing that a signi�cant proportion of clones

have short lifespans. In addition, the authors predicted, using random forest classi�ers,

whether a newly introduced clone would be short-lived based on factors extracted from

the genealogy. In a recent work, Bladel and Demeyer [271] conducted a study on eight

open-source systems genealogies and revealed that code clones are more prevalent in test

code compared to production code due to the recurring pattern of unit test code.

Summary

Prior research has studied the challenges of code cloning in traditional software.

However, due to the distinct nature of DL frameworks, these �ndings cannot be

directly applied. Our work aims to bridge this gap by speci�cally examining code

cloning issues in DL frameworks.

Code clones analysis in DL systems. Despite the increasing surge in the develop-

ment of DL software, only two studies have investigated code clones within this domain,

highlighting the need for more comprehensive investigations into code cloning practices

in DL software.

Jebnoun et al. [124] introduced the �rst study on clones in DL development. The

authors analyzed code clones in 59 Python, 14 C#, and 6 Java-based DL systems and an

equal number of traditional software, highlighting the frequency, distribution, and e�ects

of code clones. In addition, they provided a taxonomy to identify phases with a higher

risk of cloning-related faults. Their �ndings indicated that code cloning is prevalent in

DL systems, with developers often copying code from �les located in other directories,

and that code cloning is more common during DL model creation, training, and data

preprocessing phases. In addition, the authors �nd that code clones in DL code are likely

to be more defect-prone compared to non-cloned code.
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Similarly, Mo et al. [188] also found that code clones are prevalent in DL systems,

exhibiting nearly twice the rate in traditional projects. However, the authors conducted

their study on an optimized dataset of Python projects with only 45 DL and 45 traditional

projects. Di�erent from the work of Jebnoun et al., Mo et al. focused on co-changed clones

and investigated the distribution of Type 1, Type 2, and Type 3 co-changes and their

bug-proneness. The authors also conducted a comparative analysis of the DL applications

based on the underlying DL frameworks.

Summary

Prior research has studied code clones in DL systems. However, existing work

focuses on DL applications and considers only one system snapshot. Our work

diverges in two key aspects: �rst, we examine code clones within DL frameworks

instead of applications, and second, we emphasize the evolutionary and compara-

tive aspects of code clones rather than just their distribution at a single point in

time. Additionally, we analyze code clones across multiple DL projects, providing

a broader perspective beyond individual projects.

2.3 Mobile App Review Analysis

In this section, we �rst introduce the existing mobile app review analysis approaches for

competing apps. We then brie
y mention approaches for extracting �ne-grained features

from app reviews and other studies on mining mobile app reviews.

Mining User Reviews for Mobile App Comparison. While automated tools are

increasingly being proposed to analyze the reviews of a speci�c mobile app [92, 94, 114,

131, 245], few researchers have centered their focus on extracting useful knowledge from

reviews of competing apps [60,151,243,246]. For example, Shah et al. [246] propose the

task of mining mobile app reviews for competitor analysis as a tool named REVSUM [246].

REVSUM takes as input reviews from a set of competing apps and compares users'

sentiments on each �ne-grained feature among competing apps. First, REVSUM identi�es

reviews that contain feature evaluation, bug reports, or feature requests. Next, it extracts
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�ne-grained features from selected reviews using an approach named SAFE [131]. In the

end, REVSUM applies the sentiment score prediction function o�ered in the Stanford

CoreNLP library on sentences that mention �ne-grained feature(s) reviews and compares

the average sentiment score of each feature across competing apps. Shah et al. did not

evaluate the accuracy of the sentiment score prediction component and the �ne-grained

feature extraction component in REVSUM. Thus, it is unclear how REVSUM performs

in practice.

Dalpiaz and Parente design a similar tool named RE-SWOT that can extract �ne-

grained feature requirements from user reviews of competing apps and generate a Strength-

Weakness-Opportunity-Threat (SWOT) matrix supporting competitor analysis [60]. RE-

SWOT takes as input all reviews of competing apps and identi�es �ne-grained features

by �nding word pairs that co-occur frequently in reviews. Several hand-craft rules are

applied to �lter out meaningless co-occur word pairs. To further reduce the number of

�ne-grained features, RE-SWOT merges semantically similar features by invoking a closed

NLP service1. After grouping similar �ne-grained features, each review is then assigned

to identi�ed features based on words appearing in the review. Di�erent from REVSUM,

RE-SWOT does not apply any sentiment analysis tool to reviews. It aggregates ratings

of reviews associated with each feature and creates a SWOT table for each app based

on the average rating per feature compared to the average rating per competing group.

RE-SWOT su�ers from three main issues: 1) the identi�ed �ne-grained features have not

been evaluated; 2) only a small-scale interview was conducted to validate the usefulness

of the generated SWOT tables; 3) it does not �lter out non-informative reviews.

Di�erent from RE-SWOT and REVSUM, which �rst identify �ne-grained features

from user reviews and then summarize users' opinions on each feature among competing

apps, Li et al. [151] propose a tool that can compare features of competing apps via

identifying comparative reviews. Comparative reviews are reviews such as\Slower page

loading than chrome"for the Firefox mobile app, which directly compares Firefox with

Chrome. Their approach is good at identifying explicit app comparisons provided by

1https://www.cortical.io/
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users. However, it fails to compare other features that are not mentioned in user reviews

in a comparative fashion. Besides, there might be a limited number of comparative

reviews available among a target set of competing apps.

Shah et al. [243] introduce an approach that compares two apps' features pairwise

but fails to provide a comparison of more than two competing apps as FeatCompare is

capable of. First, the authors extract �ne-grained features from 25 collected apps by

relying on the two-word collocations in user reviews. Second, the authors choose a base

app and identify its features. Then, the authors identify the list of competing apps based

on the common low-level features shared among the set of 25 apps and the selected base

app. The competitor analysis is conducted by comparing the sentiments of the features

of the base app and the selected competitor.

Summary

Prior research has explored various approaches to conducting competitor user re-

view analysis. However, existing methods present some limitations. They often

generate an overwhelming number of �ne-grained features based on word pairs,

making it hard to conduct competitor user review analysis. Additionally, they fo-

cus on explicit expressions of comparison and overlook implicit insights from user

reviews. To address these limitations, we propose an approach that facilitates the

analysis by focusing on high-level features across multiple competing apps.

Extracting Features from Mobile App Reviews. Extracting features from user

reviews for a speci�c app is a trending and fundamental task in app store mining re-

search [92,94,115,131,245]. Identi�ed features could be used to summarize user opinions

on app features and thus provide actionable insights for developers to improve their apps.

Depending on how to identify words describing app features in reviews, these approaches

can be categorized into two groups: rule-based approaches and collocation-based ap-

proaches.

Rule-based approaches such as MARA [114, 115] and SAFE [131] mine �ne-grained

features based on manual de�ned linguistic rules. However, these linguistic rules are often
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created by investigating a limited number of reviews. Thus, they su�er from a potential

loss of features due to the bias in sampled reviews. A recent study [243] shows that the

most advanced rule-based feature extraction approach, SAFE, is sensitive to the density

of the annotated app reviews in a review dataset and may lead to poor performance in

practice.

To catch more �ne-grained features and reduce manual work in rule-based approaches,

researchers have proposed another line of tools that can automatically identify �ne-

grained features from reviews without linguistic patterns [92, 94]. These approaches are

collocation-based, i.e., mining word pairs such as\picture view" that co-occur unusu-

ally often in reviews. Guzman and Maalej propose the �rst collocation-based feature

extraction algorithm [94]. Their approach removes words that are not nouns, verbs, or

adjectives from reviews. Next, they calculate the co-occurrence of all word pairs in the

preprocessed reviews and treat those that appear in at least three reviews and have less

than three words distance between them as �ne-grained features. A sentiment analysis

tool is then applied to each sentence that contains at least one �ne-grained feature, and

sentiment scores of sentences are aggregated to indicate user opinions on each feature.

Gu and Kim propose SUR-Mine, which aims to answer \what parts are loved by users"

for app developers [92]. Unlike previous work, SUR-Mine extracts feature and opinion

word pairs such as\prediction, accuracy" together and then uses co-occur frequency to

identify �ne-grained features and their associated sentiment.

Summary

Prior research has investigated methods for extracting features from user reviews.

However, these often rely on manually crafted linguistic patterns. To overcome this

limitation, we propose an approach that leverages an unsupervised neural model

to automatically identify the most semantically relevant features in each review,

eliminating the need for manual e�ort.

Other studies on mining mobile app reviews . Researchers have investigated

summarizing, categorizing, and prioritizing user reviews. Below, we outline the existing
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work.

Summarizing reviews: Fu et al. [80] assume that negative reviews (associated with

1-star or 2-star ratings) are most interesting to developers. They apply Latent Dirichlet

Allocation [35] (LDA) on negative reviews to identify the major reasons why users dislike

an app and learn how users' complaints change over time. Vu et al. [276] believe that a

set of keywords could capture developers' interest. Thus, they propose a framework that

takes input from a set of keywords from developers and then ranks all reviews based on

their relevance to the speci�ed interest and groups the most relevant reviews to summarize

user opinions.

Categorizing reviews:Plenty of taxonomy methods and corresponding classi�ers are

proposed to automatically categorize reviews based on user intent or software engineering

topics. Panichella et al. [214] use natural language processing (NLP) and sentiment

analysis techniques to automatically classify user reviews into four types: information

seeking, information giving, feature request, and problem discovery. Villarroel et al. [274]

propose a tool named CLAP that mines app reviews for the release planning of mobile

apps. CLAP features a supervised learning algorithm that can categorize reviews into

three categories: bug reports, suggestions for a new feature, and others. Consequently,

CLAP clusters similar reviews and provides the developers with suggestions for future

releases. Mcilroy et al. [178] introduce a �ne-grained categorization of reviews. They

identi�ed 14 types of issues in reviews and found that up to 30% of the reviews raise

various types of issues in a single review. SURF [64] considers a combined categorization

of user intent and SE topics. Man et al. [173] de�ne seven types of issues appearing in

reviews across multiple app stores and propose a corresponding review classi�er. Lu et

al. [169] propose a review classi�er that can categorize reviews into three main types:

non-functional requests (related to reliability, usability, portability, and performance),

functional feature requirements, and others.

Prioritizing and �ltering non-informative reviews: Keertipati et al. [137] rank feature

requests extracted from reviews based on four feature attributes, including frequency,

rating, negative emotions, and deontics. Recently, Gao et al. [83] propose a tool named
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IDEA to identify emerging issues from user reviews. They de�ne the emerging issue as

an issue in a time slice that rarely appears in the previous slice but is mentioned by a

signi�cant proportion of user reviews in the current slice.

Despite the potential usage of user reviews for improving mobile apps, many user re-

views contain less valuable information, such as pure user emotional expression, questions,

etc. To solve this issue, Chen et al. [50] proposed an app review analyzing framework

named AR-Miner. AR-Miner �rst identi�es non-informative reviews by training a semi-

supervised algorithm on a small scale of labeled reviews along with a mass of unlabeled

reviews. Next, it groups the informative reviews using LDA and further prioritizes them

with an e�ective review ranking scheme. FeatCompare adopts the review �ltering com-

ponent AR-Miner in the data preprocessing step to �lter non-informative sentences from

reviews.

Summary

Prior work has investigated mining information from user reviews, focusing on

aspects like summarization, categorization, and prioritization. Our research com-

plements and leverages this prior work by using the mined information to conduct

mobile app competitive analysis.

2.4 Feature Enhancement Suggestions

Feature Enhancement. Prior approaches have explored automatic feature extraction

from user reviews for feature enhancement [62, 85, 160, 284]. For example, Scalabrino

et al. [62] introduce CLAP, a web application facilitating mobile app release planning

by analyzing user reviews. CLAP categorizes reviews from the target app, prioritizing

user concerns to be addressed. Wang et al. [284] present UISMiner, which supports UI-

related feature enhancement by mining user review suggestions about UI. Gao et al. [85]

propose a method for analyzing user reviews to extract requirements and update app

goal models, including feature improvements and additions. Liu et al. [160] present an

approach considering market trends, guiding developers on feature update strategies by
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comparing features of similar apps. The proposed approach primarily suggests which

features to update rather than o�ering suggestions for improvement.

Summary

Prior research has explored methods for feature enhancement using user reviews.

However, these e�orts focus solely on individual target apps, lacking consideration

of competing apps. To address this limitation, we propose an approach that pro-

vides a competitive landscape for feature improvement by harnessing user reviews

from competitors.

LLMs for Mobile Apps. De Lima et al. [157] propose a method utilizing LLMs

to autonomously identify risk factors from app reviews and prioritize them to anticipate

and mitigate risks. Roumeliotis et al. [227] conduct an evaluation study comparing the

e�ectiveness of LLMs like Llama and GPT 3.5 in predicting sentiment analysis related

to e-commerce. Similarly, Zhang et al. [320] assess the performance of three open-source

LLMs in zero-shot and few-shot settings for predicting sentiment in user reviews. Xu

et al. [299] design a prompt instructing ChatGPT to extract aspect-category-opinion-

sentiment quadruples from text. Wei et al. [289] propose Mini-BAR, a tool integrating

LLMs for zero-shot mining of bilingual user reviews in English and French. Dos Santos

et al. [69] analyze accessibility reviews using LLMs. While the above work leverages user

reviews, Huang et al. [289] introduce CrashTranslator, which automatically reproduces

mobile app crashes from stack traces guided by LLMs to predict the exploration steps for

triggering the crash. Liu et al. [163] propose InputBlaster, leveraging LLMs to generate

unusual text inputs for mobile app crash detection.

Summary

Prior research has utilized state-of-the-art ML techniques, particularly LLMs, for

mobile app analysis, such as risk assessment and sentiment analysis. Our approach

employs LLMs to o�er suggestions for feature enhancement, thereby complementing

the existing contributions in supporting mobile app analysis.
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Chapter 3

Change Impact Prediction for Defect Resolution

In this chapter, we present our study on predicting change impact for defect resolution.

Section 3.1 provides an introduction and the motivation for our study. Section 3.2 details

the design of our work. Section 3.3 reports the results of our experiments. Section 3.4

discusses the implications of our �ndings. Section 3.5 examines the threats to validity.

Finally, Section 3.6 summarizes the chapter and suggests directions for future research.

3.1 Introduction

Software systems are prone to defects. Issue reports are usually employed to ensure an

e�cient defect reporting process. Upon receiving a new issue report, developers start

by investigating the nature of the software failure. In the literature, researchers support

developers in �xing defects by automating various defect-related processes including de-

fect assignment [125], duplicate defect detection [256], defect localization [145], change

impact analysis [142], defect prioritization [6], and defect �xing time prediction [291].

Estimating the human labour and the change impact,i.e., amount of change, needed

to �x a defect, plays a crucial factor in the e�ciency of the defect assignment and prior-

itization [172, 329] given that there are limited human resources,i.e., developers, avail-

able to work on a software project [135]. In the defect �xing e�ort prediction research,

the existing work leverages the status of the issue reports and the textual information

of an issue, e.g., the title and the description, to predict the �xing e�ort in terms of
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�xing time [87, 308, 315] and code churn [266]. Similarly, change impact analysis re-

search [186, 313] predicts the amount of change needed to �x a defect in terms of code

churn and the number of �les changed, leveraging the historical data of the application

source code and the textual information of issue reports.

Nevertheless, the predicted defect �xing time might not be accurate since the pre-

diction relies on the status of the issue reports, which might not be updated on time to

re
ect the real �xing time [122,314]. For example, developers might not start �xing the

defect right after the corresponding issue report was assigned to them. Moreover, the

calculated predicted time represents the calendar days or hours, not the working days

or hours that re
ect the real e�ort to �x a defect [17]. In addition, none of the exist-

ing change impact techniques focusing on predicting the amount of change leverages the

common characteristics of the issue reports to quantize the size of the change into small

and large change impact categories without relying on the source code.

In this study, we assess the change impact that predicts the amount of �xing needed

in terms of (1) the code churn size and (2) the number of �les changed. In existing

work, researchers leverage the collective knowledge of issue reports by identifying shared

topics among defects and use them in defect assignments [205,296,297,305]. In our work,

we consider the collection of defects belonging to the same topic, which can provide

common characteristics of the defects and leverage the topics of issue reports to estimate

the change impact rather than relying on the content of individual issue reports. By

leveraging the topics of issue reports, we could improve the accuracy of the change impact

prediction models. More speci�cally, we conduct our study in two steps. First, we

automatically assign a topic to each issue report leveraging the state-of-the-art topic

modelling technique,i.e., Embedded Topic Model (ETM) [65]. Second, we train eight

predictive models capable of distinguishing between defects requiring a small or large

change impact while leveraging the identi�ed topics.

We conduct an empirical study on 298,548 issue reports belonging to three known

ecosystems,i.e., Mozilla, Apache, and Eclipse. We predict the change impact along two

dimensions,i.e., the code churn size and the number of �les changed. In addition, we
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investigate the most in
uential features a�ecting the prediction. We structure our study

along by answering the following research questions (RQs):

RQ3.1: Can we accurately assign topics to issue reports of software systems

using ETM?

Developers spend time manually investigating an issue report to understand the nature

of a defect. Automatically identifying the topic of an issue report can save the developers'

e�ort and time. In this RQ, we demonstrate that it is feasible to leverage ETM [65] to

automatically assign topics to issue reports with a promising average accuracy of 79%

over the three ecosystems.

RQ3.2: Can we predict the change impact of resolving defects in terms

of code churn size? What are the most in
uential metrics for predicting the

change impact in terms of code churn?

Practitioners estimate the change impact of resolving a defect to prioritize the list of

defects e�ciently. The change impact can be measured by calculating the lines of code

changes. In this RQ, we demonstrate that it is feasible to leverage the topics of issue

reports to predict the change impact in terms of code churn with a high accuracy, achiev-

ing an AUC score of up to 0.84. We �nd that the number of attachments, the number

of issues blocked, and the number of comments per developer are the most in
uential

metrics for the change impact prediction.

RQ3.3: Can we predict the change impact of resolving defects in terms of

the number of �les changed?

Certain defects propagate to several source code locations and require a �x in several

�les. The number of modi�ed �les represents the change impact of resolving the defect.

In this RQ, we demonstrate that it is feasible to predict the change impact in terms of

the number of modi�ed �les with an AUC score up to 0.82.
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3.2 Study Design

In this section, we present the dataset and the steps to collect and prepare the metrics

from issue reports and source code repositories. We also discuss ETM, a state-of-the-

art topic modelling technique that we adopt to taxonomize the collected issue reports.

Figure 3.1 depicts the overview of our study.

Figure 3.1: Overview of our experiment.

3.2.1 Data collection

Our study focuses on three large open-source software ecosystems,i.e., Mozilla, Apache,

and Eclipse. We speci�cally select issue reports belonging to these three ecosystems as

they are widely used in the realm of software engineering [111,328], and they are rich in

issue reports.

Mozilla and Apache. For Mozilla and Apache, we utilize the 20-MAD dataset pro-

vided by Claes and M•antyl•a [56] that encompasses 20 years of issue tracking and commit

information existing between 1998 to January 2020. Issue reports for the Apache projects

are extracted from Jira, while those for Mozilla are obtained from Bugzilla. The dataset

includes meta-data information about commits (e.g., hash and commit date), issues (e.g.,

summary, description, and status), and comments (e.g., author and date created). In ad-

dition, several other comment-related metrics (e.g., emoticons, sentistrength) processed

with various NLP tools are included in the dataset. The data extracted is stored in

Parquet �le format. First, we convert the data to CSV format and �lter out metrics
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unrelated to our study. As we aim to map the issue reports to their respective commits,

we keep only a subset of the reports that represent defects and �lter out all the reports

whose �nal resolution is not \FIXED" and status not \CLOSED". Since the commit

information is needed to identify the code churn, we exclude the issue reports that are

not associated with any commit. Among the metrics used in our study and listed in

Section 3.2.3, the number of attachments, the number of CC and the number of issues

blocked do not exist in the 20-MAD dataset. Therefore, we parse issue report data found

on the bug tracking systems of Mozilla1 and Apache2 and collect the missing metrics from

the 20-MAD dataset. We end up with 151 Mozilla projects and 334 Apache projects.

Eclipse. For Eclipse, we download the issue reports belonging to �ve popular software

projects (e.g., Eclipse JDT and Eclipse Platform) from a web-based issue tracker, called

Bugzilla.3 The collected data spans 20 years, from October 2001 until February 2021.

Similar to Mozilla and Apache, we only keep the reports representing defects, and that

are \CLOSED" and \FIXED". Next, as shown at the bottom of Figure 3.1, we download

the GitHub Repositories of the projects and extract their corresponding commit logs.

Next, we download the source code repositories of the projects and their corresponding

commit logs. For all the downloaded issue reports, we extract the issue ids and map

the id value of each report to the commits, using the numerical id value in the commit

log message. To realize the mapping, we adopt a heuristic that matches patterns in the

commit messages that include the issue report number using regular expressions [72].

For example, we look for patterns such as\Bug #1346" or \Fix for #6742" . Then,

we use GitPython library4 to interact with the git repositories and extract the commit

information, i.e., number of modi�ed �les, number of lines of code added and removed,

and commit timestamp of the associated commit. Table 3.1 summarizes the statistics of

the collected issue reports of the three ecosystems.

1https://bugzilla.mozilla.org/home
2https://issues.apache.org/jira/
3https://bugs.eclipse.org/bugs/
4https://github.com/gitpython-developers/GitPython
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Table 3.1: Dataset Statistics.

Ecosystem Issue reports

Mozilla 164,190
Apache 115,571
Eclipse 18,787

Total 298,548

3.2.2 Issue report labels inconsistency

Issue tracking systems, such as, Bugzilla and Jira, have a �eld known as keyword and

label, respectively, dedicated to tagging issue reports with a meaningful keyword, includ-

ing the issue report topic. While this �eld could be helpful to practitioners to better

understand the defect, we �nd that only 13% out of 298,548 issue reports in our study

contain at least one keyword. We manually investigate a statistical random sample (i.e.,

288 reports in total, 96 from each ecosystem) from the 13% issue reports that have key-

words. We notice that: keywords represent various dimensions that do not represent

the defect type. For instance, for Eclipse issue reports, 64% of the keywords are irrele-

vant to the topics of issue reports and include keywords, such as \contributed", \note-

worthy", \helpwanted", \great�x", \bugday". For Apache, 90% are irrelevant: \pull-

request-available", \windows", \easy�x", \ready-to-commit", \iOS". For Mozilla, 84%

are irrelevant: \�xed1.9.1", \regression", \veri�ed1.9.2", \reproducible".

3.2.3 Metrics collection

As shown in Figure 3.1, after we associate the issue reports to their commits, we compute

the metrics. In total, we collect 11 metrics,i.e., the code churn size from the associated

commit and another 10 metrics from the issue reports. The 10 metrics from the issue

reports constitute textual factors (e.g., the title of issue reports) and characteristic factors

(e.g., the number of comments per developer).

Issue report textual metrics

ˆ The length of the issue report title:is the count of words encompassed in the title
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�eld of the issue report. A longer title might represent a more complex defect that

might have a larger change impact.

ˆ The length of the issue report description:is the count of words encompassed in

the description �eld of the issue report. Zhang et al. [314] explain that the length

of the issue report might indicate the complexity of understanding the issue report.

In addition, Huang et al. [111] explain that a more extended description of the

issue report provides more elaborate information about the issue. Therefore, we

assume that a complex defect that has a large change impact is more likely to have

a lengthy issue report description.

ˆ The number of comments per developer:is the ratio of the count of comments

posted prior to �xing the defect and the count of developers involved in posting the

comments on an issue report. Comments are an indication of increased commu-

nication [75]. Increased communication might indicate that the defect is complex

and hence has a larger change impact [273].

Issue report characteristics metrics

ˆ The number of CC:is the count of distinct developers added to the list of carbon

copy (CC). A developer added to the list of CC is a developer interested in the

progress of the defect. A large number of CC might indicate that the defect is a

bottleneck in the maintenance process [270], which can consequently suggest that

the defect might have a larger change impact.

ˆ The number of issues blocked:is the count of issue reports that can be �xed only

after the issue report in question is resolved. The larger the number of issue reports

blocked by an issue, the more likely it is that the issue has more change impact [270].

ˆ The number of votes:is the count of users who would like the issue report resolved.

Developers vote for an issue report if they favour �xing the defect and consider it

an important issue [281]. Also, the number of votes unveils the e�ort invested in

discussing an issue [75]. Since the number of votes can be perceived as an indication
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of the importance of the issue [164], an issue of high importance might a�ect a larger

scale of the software product,i.e., several modules, and hence have a higher change

impact [8]. Therefore, we assume that an issue report with a larger number of votes

might have a larger change impact.

ˆ The number of attachments:is the count of attachments added to the issue reports.

Attachments can include testing cases, stack traces and screenshots. A larger num-

ber of attachments might be an indicator that the report may have a large change

impact [31].

ˆ Has version: is a boolean variable that describes whether the issue report has a

version (i.e., the version of the software). The tracking information is likely to

a�ect the change impact. Related work [215] demonstrates that the version metric

can in
uence the defect �xing time.

ˆ Has milestone: is a boolean variable that describes whether the issue report has a

milestone target (i.e., target to �x). Similarly to has version, a report with more

tracking-related information might a�ect the change impact.

ˆ Is severe: is a boolean variable that describes whether the issue report is considered

severe or not. We consider the defect severe (i.e., value 1 is assigned) if the severity

level speci�ed in the issue report isblocker, critical , major, urgent. A more severe

defect might have more change impact [196].

Code churn. A code churn is the number of modi�ed lines of code, which is the sum

of the lines of code added and removed [147, 162, 203]. Every issue report is associated

with one or more commits. Thus, for every report, we extract the number of lines of code

modi�ed ( i.e., added or removed), which is the sum of the changed lines as the code churn.

The number of changed �les. The number of changed �les represents the spread

of the propagation of the code change [232, 314] in the �le level. We calculate the total

number of �les changed for every issue report as the sum of the added, deleted, and
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modi�ed �les. If an issue report is associated with several commits, the total number of

changed �les equals the sum of the number of �les changed in all the commits.

3.2.4 Data preprocessing

As depicted in Figure 3.1, we apply the same preprocessing steps to Mozilla, Apache, and

Eclipse issue reports, resulting in cleaned issue reports.

Removing the noise. A manual investigation of the issue reports shows that the

description �eld of an issue report could contain noise. For example, it is common for

developers to include code fragments and log traces in the description. Therefore, we

use regular expressions to identify the lines that contain noise. We exclude the code

fragments by identifying the lines embedded in theCode or noformat tags by using

the regular expression(Code:).*(Code) and (noformat):.*(noformat) . For the log

traces, some lines start with timestamps of the formshh:mm:ss and hhmmss. Hence,

we identify the log lines using two regular expressionŝ\d{2}[:]+\d{2}[:]+\d{2}.*

and ^\d{2}+\d{2}+\d{2}.* and remove them from the descriptions of the issue reports.

Some other log traces start with the expressionCaused by. Therefore, we use another

regular expression(^Caused by) to exclude them. In addition, we remove the hyperlinks

and the automatically generated code related to automated tests using the following

respective regular expressions:

(https jhttp).*?[\t\s\n] and ^(TEST-INFOjTEST-STARTjBuild ID: jUser Agent:) .

Normalizing the text. We apply the following text normalization steps on the title

and description of an issue report. We remove English non-description stop words (e.g.,

\the", \was" and \of") using the nltk package [32] that contains a de�ned corpus of

English stop words. We also apply text tokenization to exclude punctuation and special

symbols. Lastly, we bring the words to their ground forms by converting them to their

stemmed and lemmatized versions. This step is essential for Topic Modeling as it maps the

words \connections", \connecting" and \connected" to their basic form \connect" [174]

which reduces the vocabulary size.
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3.2.5 Embedded Topic Model (ETM)

In 2003, Bengio et al. [26] introduce the concept of word embeddings, a distributed learned

representation for the text that represents words with similar meanings in close proximity

in a vector space. Word embedding plays a vital role in the realm of natural language

processing. In particular, ETM adopts the continuous bag-of-words (CBOW) [183] word

embeddings. Given a corpus of documentsD with V unique words, let represent thenth

word in the dth document. The CBOW likelihood of the wordwdn is:

wdn � sof tmax (� T � dn) (3.1)

where� dn represents the transpose of the embedding matrix that contains the embedding

representations of the vocabulary.� dn represents the context embedding which is the sum

of the vectors of the words surroundingwdn .

In 2003, Latent Dirichlet Allocation (LDA) [34], a statistical model that generates

topics, is developed. LDA considers that each topic is characterized by a full distribution

over the vocabulary of a corpus. Each document is represented by a unique mixture of

topics. However, despite its popularity, LDA su�ers in learning interpretable topics when

the vocabulary size becomes immense. To overcome the limitation mentioned above for

large vocabulary and obtain good quality of topics, practitioners should omit words to

reduce the vocabulary size. However, pruning the vocabulary could also threaten the

quality of a model. To mitigate the limitations of LDA, Dieng et al. [65] propose ETM.

ETM has been shown to outperform LDA by being robust to even large vocabularies.

ETM is a technique that combines properties from both topic modelling and word

embedding. First, it relies on the topic model to identify interpretable latent semantics

of the corpus. Second, it leverages word embedding to e�ciently represent the meaning

of the words in the vector space. Similar to LDA, ETM is a generative probabilistic

model that represents each document as a probability of topics. Compared to LDA,

ETM represents not only the words using embedding vectors but also the topics. For

instance, in LDA, the kth topic is a distribution over all the words in a vocabulary. In
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contrast, ETM represents thekth topic as an embedding vector,i.e., � k , in the embedding

space. Also, ETM presents an improvement over LDA in the process of reconstructing

the words from an assigned topic. It relies on the topic embedding and the embeddings

of the vocabulary to assign words to each topic using the CBOW likelihood. However,

in ETM, the context embedding is selected from the document context instead of the

surrounding words, as in standard CBOW.

There are two parameters in ETM: the word embedding� and the topic embeddings

� . In the �tting process, ETM is trained to maximize the marginal likelihood of the

documents as follows:

L (�; � ) =
DX

d=1

logp(wdj�; � ) (3.2)

where for a given corpus of documentsf w1,...,wD g, wd is a collection ofNd words. Thus,

the word embedding and the topics are found concurrently by ETM. However, the word

embeddings can be pre�tted. In that case, the topics can be identi�ed in a speci�c

embedding space.

Similar to LDA, ETM represents each document as a probability of topics, and each

topic is a distribution over words. ETM will assign each document one topic.

3.3 Experimental Results

In this section, we evaluate the feasibility of clustering issue reports into topics and

the viability of leveraging the topics of issue reports in predicting the change impact.

Precisely, we discuss motivation, approach and �ndings for our research questions.

3.3.1 RQ3.1: Can we accurately assign topics to issue reports of software

systems using ETM?

Motivation. In practice, developers manually investigate the issue reports to complete

development activities such as defect assignment and prioritization [14, 224, 300]. Issue

reports contain rich information that can help developers understand the nature of the

defects and, therefore, save development e�ort and time. Lili et al. [155] demonstrate
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that defects of the same categories tend to have the same trend of �ne-grained change

operations, e.g., if statement, while statement, assignment statement and function call

statement, and the same frequency of �ne-grained change operation use. The collective

knowledge in issue reports,i.e., topics, can guide developers in the defect �xing activities

and in predicting the change impact of �xing a defect. As depicted in Section 3.2.2, most

issue reports do not contain keywords representing the topics of issue reports. Therefore,

in this RQ, we leverage the state-of-the-art topic model, ETM, to automatically discover

the hidden common topics across the issue reports. Having a high accuracy in identifying

the topics provides valuable data to the predictor models to estimate the change impact.

We also study the relationship between the identi�ed topics and their severity.

Approach. Since the e�ectiveness of our proposed issue report classi�cation approach

relies on the accuracy of the adopted embedding-based topic model, we additionally con-

duct a quantitative evaluation of the e�ectiveness of ETM in extracting topics associated

with every issue report in our dataset. We use ETM implementation5 provided by its

authors. Our approach consists of three steps.

Step 1: Non-textual data processing. To obtain optimal results, we use ETM

authors' script6 to �lter out words with a maximum document frequencyabove 70%

and remove low-frequency words appearing in only a few documents, referred to as the

minimum document frequency. Setting a minimum document frequencyto remove the

low-frequency words helps eliminate the rare words that are not important to the topic

model. It also reduces vocabulary size [65] and leads to better computing time. After

varying the value for the minimum document frequency by increasing starting and 1, we

set it to 15 as for the values higher than 15, only a small amount of improvement in

the vocabulary pruning and the computing time can be achieved. Hence, we exclude the

words that appear in less than 15 documents from the vocabulary. Then, we exclude the

reports that have a combined length for description and summary of fewer than three

words as previous studies �nd that short textual information rarely conveys meaningful

information [21,43,149].

5https://github.com/adjidieng/ETM
6https://github.com/adjidieng/ETM/tree/master/scripts



3.3. EXPERIMENTAL RESULTS 45

Step 2: Topic modeling hyperparameter tuning. Selecting the optimal number

of topics plays a pivotal role in the quality of the topic modelling results. We rely on the

topic coherence (i.e., the interpretability of a topic [184]) and topic diversity (i.e., unique

words in the top 25 words of all topics as de�ned by the ETM authors) to quantitatively

measure the quality of the model in respect to the selected topic number. Additionally,

we rely on the human judgement that aligns with the quantitative metrics [260]. We run

the model with di�erent numbers of topics by increasing and decreasing the value of the

topic number and �nally set it to 15 as it provides the best quality of topics. We also set

the number of epochs to 300.

Step 3: Classi�cation accuracy. After applying ETM on the issue reports of all

three ecosystems, we obtain 15 clusters of keywords, each representing an issue report

topic. The author of this thesis and another collaborator followed an open coding ap-

proach [235,241] to manually and independently assign labels to the clusters generated by

ETM. To evaluate if ETM can accurately assign topics to issue reports, we select for each

ecosystem a statistically representative random sample of issue reports with a con�dence

level of 95% and a con�dence interval of 10%. In total, we randomly select 288 issue

reports that belong to Mozilla, Apache and Eclipse. We perform the below three steps

to evaluate the performance of the approach:

1. The �rst and the third authors independently assign one topic from the 15 topics

obtained by ETM to each of the 288 sample reports.

2. The Cohen's kappa agreement score [176] is calculated on the annotated testing

issue reports using the \irr" package7 provided in R8. We achieve a score of 0.78,

which indicates a substantial level of agreement. Next, the annotators resolve the

disagreements after discussing the con
icts case by case. Finally, all the issue

reports were assigned to one issue report topic.

3. We calculate the �nal accuracy as the percentage of true positive (TP), where a

TP represents a topic assigned correctly by ETM that matches the topic assigned

7https://cran.r-project.org/web/packages/irr/index.html
8https://www.r-project.org/
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by an annotator.

The three ecosystems adopt di�erent severity level schemas,e.g., Apache adopts an

8-level severity schema, whereas Eclipse adopts a 5-level schema. Therefore, to conduct

the severity analysis across the di�erent topics, we map the various severity levels of the

three ecosystems to a three-level severity schema,i.e., low, medium and high, introduced

by Thung et al. [267]. Table 3.2 exhibits the three-level severity schema mapping. Then,

we conduct the following statistical tests.

1. To check if the severity is signi�cantly di�erent among the topics of issue reports,

we conduct a comparison using the Kruskal-Wallis test [143], a non-parametric

statistical test used to compare more than two samples of data. If we obtain a

p-value< = 0.05, we reject the null hypothesis and conclude that not all the topics

of issue reports have the same median severity.

2. If the null hypothesis is rejected, we investigate if the di�erences among the topics

are of strong signi�cance by calculating the epsilon squared e�ect size [307]. The

e�ect size represents the relationship of the variables, such as the topic of issue

reports and severity, on a numeric scale. A value close to zero indicates a negligible

e�ect, whereas a value close to 1 indicates a very strong e�ect. We refer to Table 3.3

to identify the e�ect size.

3. To further di�erentiate the topics of issue reports with di�erent severity levels with-

out ambiguity, we conduct the Scott-Knott E�ect Size Di�erence (SK-ESD) [263,

264]. The SK-ESD uses hierarchical clustering to compare the means in the dataset

to form statistically distinct groups. The SK-ESD clusters the topics of issue re-

ports in a way where the intra-group di�erence in severity level is negligible, and

the inter-group di�erence is non-negligible.

Results. Our approach identi�es 15 topics of issue reports commonly exist-

ing in the three ecosystems but with di�erent distributions . Table 3.4 provides

a closer look at the topics obtained by ETM along with the top 10 keywords. We observe
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Table 3.2: Three-level severity schema mapping.

Severity level Mapping

trivial, minor, low, and normal Low
major Medium

blocker, critical, and urgent High

Table 3.3: Epsilon square e�ect size interpretation reference.

Epsilon squared E�ect size

0.00 < 0.01 Negligible
0.01 < 0.04 Weak
0.04 < 0.16 Moderate
0.16 < 0.36 Relatively strong
0.36 < 0.64 Strong
0.64 < 1.00 Very Strong

that some of the topics are considered common topics equally present in the three ecosys-

tems. A few topics are system speci�c and are widely present in a speci�c ecosystem

compared to the others. For example, as we can see in Table 3.5,GUI and User experi-

enceare predominantly present in Mozilla and Eclipse and represent combined more than

30% of the topics of issue reports as opposed to 4% for Apache. This is intuitive since

the browser and IDE domains heavily rely on user interaction and navigation through a

graphical interface. On the other hand,Server issues, Security, and Databaseexceed 50%

of the topics of issue reports in Apache, which is common for web servers.Performance,

for instance, is uniquely dominant for Mozilla, which can be explained by the importance

of performance for web accessibility. Also, we observe thatPlatform compatibility, Test-

ing, Interprocess communication, and Release and updatehave similar distribution across

the three ecosystems. In fact, these topics are expected to be present in almost any kind

of software.

Our approach achieves an accuracy of 83%, 72% and 77% for Eclipse,

Mozilla and Apache. As shown in Table 3.6, our approach achieves high accuracy

across the three ecosystems with an average of 79%.

Defects of the di�erent topics have di�erent median severity levels for the

three ecosystems. Table 3.7 shows that the Kruskal-Wallis test's p-value< = 0.05
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Table 3.4: Inferred �fteen issue report topics with their representative keywords and an
example of issue report

Topic Keywords Sample report title

Platform compatibility `app', `devic', `sync',
`web', `android'

Remove usage of nsIDOMWindowUtils.goOnline()
in mobile's netError.xhtml

Testing `test', `fail', `run',
`unit', `expect'

Update .hgignore to ignore Loop unit test �les

User experience `open', `page', `step',
`tab', `window'

Dialog opens up o� the screen

File management `�le', `packag', `de-
pend', `instal', `path'

Export bundle should create the description �le

Build and deployment `build', `warn', `com-
pil', `make', `consol'

javaCompiler*.args generated just once per session

API related issues `instanc', `class',
`method', `interfac',
`context'

SWIG interface doesn't support CASException
thrown from some common APIs

Security `user', `password',
`client', `group', `per-
miss'

Password reset issues tokens w/ \&" in them,
URL not escaped

Release and Update `updat', `version', `re-
leas', `patch', `branch'

Add license header to RELEASE NOTES

Performance `cach', `memori', `size',
`bu�er', `alloc'

Portable spark: thread/memory leak in local mode

Database `tabl', `data', `queri',
`schema', `record'

Delete table does not remove the table directory
in the FS

Parallel event processing `event', `frame', `pro-
cess', `thread', `call'

Convert formSubmitListener.js to a process script
instead of a frame script

General program related anomaly `use', `implement',
`code', `want', `work'

Implement automatic bookmarks backup for 1.1

GUI `background', `imag',
`font', `style', `display'

Scrollbar handle is not colored correctly when selected
and dragged in gtk3

Server issues `thread', `run', `con-
nect', `session', `node'

Secondary socket of \tee" socket is not threadsafe

Interprocess communication (IPC) `url', `request', `input',
`header', `pars'

Olingo2's batch process generates the invalid request

for Mozilla, Apache and Eclipse. Moreover, we observe that for Mozilla, the Epsilon

squared e�ect size is moderate and weak for Apache and Eclipse. Table 3.8 shows the

di�erent severity groups obtained by the Scott-Knott test. We notice thatGUI and IPC

constantly belong to the groups representing the low severity across the three ecosystems.

Figures 3.2, 3.3 and 3.4 show the distribution of severity levels across the di�erent topics

of issue reports for Mozilla, Apache and Eclipse, respectively.

By observing these �gures, we come up with two �ndings:
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Table 3.5: The extracted topics of issue reports percentages distribution across the three
ecosystems

Topics Apache(%) Mozilla(%) Eclipse(%)

Platform compatibility 1 11 1
Testing 6 7 3
User experience 3 14 20
File management 12 2 21
Build and deployment 3 10 5
API related issues 12 2 14
Security 13 2 1
Release and Update 4 8 9
Performance 2 10 1
Database 15 2 2
Parallel event processing (PEP) 1 8 1
General program anomaly (GPA) 2 6 5
GUI 2 12 10
Server issues 16 2 3
Interprocess communication (IPC) 8 4 4

Table 3.6: Accuracy of ETM calculated on 288 manual labelled issue reports.

Ecosystem Manually labelled issue reports Accuracy

Mozilla 96 76%
Apache 96 77%
Eclipse 96 83%

Average 288 79%

1. We notice that di�erent topics of issue reports have di�erent severity levels within

the same ecosystem. In Mozilla and Eclipse, for example, the number of defects

with high severity belonging to theParallel eventtopic is at least double the number

of high-severity defects in other topics. For Apache, more than 20% of theSecurity

and Server defects are highly severe, whereas less than 10% are severe forAPI and

GUI topics.

2. The same topics of issue reports have di�erent severity levels distribution across

the studied ecosystems. When considering Apache, we notice thatSecurity and

Server topics have the highest proportion of highly severe defects. This could be

explained by the fact that Apache applications fall under the web server domain, in

which reliability is crucial. As for Eclipse and Mozilla being IDE and client/browser

applications respectively,Parallel eventdefects that represent processes and threads
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Figure 3.2: The distribution of severity levels for Mozilla issue reports.

are more severe than others.

Table 3.7: Kruskal-Wallis p-value and Epsilon squared e�ect size

Ecosystem p-value Epsilon squared E�ect size

Mozilla 0.000000e+00 0.088 Moderate
Apache 0.000000e+00 0.024 Weak
Eclipse 3.004759e-41 0.012 Weak

Summary of RQ3.1

ETM achieves a promising average accuracy of 79% on 288 manual annotated

reviews. The extracted topics of issue reports can support the developers in better

understanding the nature of the defect.

3.3.2 RQ3.2: Can we predict the change impact of resolving defects in terms

of code churn size? What are the most in
uential metrics for predicting

the change impact in terms of code churn?

Motivation. Given the time constraints and limited resources, during defects assign-

ment, practitioners, e.g., developers and project managers, estimate the defect �xing
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Figure 3.3: The distribution of severity levels for Apache issue reports.

Figure 3.4: The distribution of severity levels for Eclipse issue reports.
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Table 3.8: The severity group ranking obtained by SK-ESD.

Mozilla Apache Eclipse

Group Topic Group Topic Group Topic

G1 Parallel event G1 Security G1 Parallel event
G2 Performance G2 Server G2 User experience

API related G3 Testing Server
G3 User experience Parallel event G2 File management
G4 Database Performance Build and deployment

Security Database G3 Platform compatibility
Build and deployment G4 User experience Database
Server GPR GUI

G5 GUI File management Security
IPC G5 Platform compatibility GPR
Release and update Build and deployment API related
File management API related Performance
Platform compatibility Release and update Testing
Testing G6 IPC IPC
GPR GUI Release and update

e�ort before assigning the defect to a developer. When prioritizing defects, practitioners

take into consideration the e�ort level required to �x the defect [135]. The developer

e�ort can be measured by the size of the required change,i.e., lines of code modi�ed that

is the code churn [36]. In this RQ, we want to predict the change impact of defects in

terms of code churn size. We do not only use information extracted from issue reports

but also the topics of issue reports extracted in RQ3.1. In addition, we identify the most

in
uential metrics for predicting the change impact. This knowledge can help developers

better understand the prediction results and guide them on which metric they should

focus on to estimate the change impact.

Approach. Our goal is to predict the amount of change needed to �x the defect

in terms of code churn using only the issue report information. Thus, we formulate the

dependent variable of our prediction model (a.k.a., the prediction output Y) to be a

boolean variable representing whether the issue report requires a large or a small change

impact. If the report is classi�ed to require a large change impact the prediction output

Y = 1.

Dependent variable. In this RQ, we de�ne the dependent variable as the change

impact of �xing a defect measured in terms of code churn size (i.e., small and large).

We apply two di�erent steps to achieve the report classi�cation to change impact. First,

we apply the log transformation to the numerical code churn value collected from the

commit to correct the skewness in the data. Second, we sort the issue reports by the
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increasing order of its code churn size and select the lower 10% as issue reports requiring

small change impact and the upper 10% as the ones requiring alarge change impact. To

obtain the dependent variable, we assign the value of 1 for the reports withlarge change

impact and 0 otherwise.

Independent variables. In total, we have 25 independent variables. While 10 of

these metrics are directly extracted from issue reports as explained in Section 3.2.3, we

synthesize another 15 metrics that represent the topics of issue reports. In RQ3.1, we

extracted 15 di�erent topics. To leverage these extracted topics, we created 15 di�erent

boolean independent variables:Is platform, Is testing, Is user experience, Is �le manage-

ment, Is build & deployment, Is API , Is Security, Is Release, Is Performance, Is Database,

Is Parallel event, Is GPR, Is GUI, Is Server, Is IPC. Each of the aforementioned variables

represents an issue report topic for the collected report. As explained in Section 3.3.1,

each report belongs to only one of the 15 topics. Therefore, for every report, only one of

the 15 independent variables has the value 1 and the others is assigned 0.

Correlation and redundancy analysis. The presence of correlated metrics might

a�ect the performance of the model [128]. Therefore, we applyvarclus9 function in R to

detect the existence of highly correlated metrics in our dataset. We consider any pair of

metrics that achieves a coe�cient of 0.7 [179] and higher as highly correlated. Figure 3.5

illustrates the Spearman correlation of the metrics of Apache projects. We only present

the correlation of one ecosystem due to space limitations. Mozilla and Eclipse correlation

analyses give similar results,i.e., the absence of highly correlated features; therefore, we

keep all the metrics and exclude none.

Prediction models. We train eight di�erent machine learning models to automati-

cally classify the issue reports based on thesmall and large change impact they require.

We use the following models that are widely utilized in the binary prediction and in

the realm of Software Engineering [75,111,303]:Logistic regression, Naive Bayes, SVM,

Random Forest, XGboost, Catboost, LGBM and Multi-layer Perceptron. All the ML

models are implemented using the scikit-learn10 library in Python. We adopt the 10-fold

9https://search.r-project.org/CRAN/refmans/Hmisc/html/varclus.html
10https://scikit-learn.org/
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Figure 3.5: The hierarchical clustering of independent variables for Apache. The dotted
red line represents the threshold value of 0.7.

cross-validation approach to validate the models and ensure reliable performance. To

con�gure the machine learning models, we use two automated parameter optimization

techniques Random Search and Grid Search. Grid Search is a brute-force approach that

�nds the best hyperparameters for the machine learning model [28]. However, computing

all possible combinations of parameters is time-consuming. Therefore, to tune our ma-

chine learning models e�ciently, we �rst use RandomSearch, which is capable of testing

a random wide range of parameters very fast. After obtaining the best values for every

parameter through Random search, we adopt Grid search on a smaller search space of

parameters. Grid Search identi�es the best combination of the parameters after applying

the cross-validation score. To achieve the best performance for our models, we adopt the

RandomizedSearchCV and the GridSearchCV from sk-learn to tune the hyperparameters

of models.

To provide a robust model evaluation and to imitate the real-life settings, we adopt

a time-based train and test data splitting. Instead of randomly splitting the data into

80% training and 20% testing, we sort the issue report by their creation date, select the

most recent 20% of reports as testing, and leave the rest for training. The Grid Search is

performed on the training set with cross-validation. Once the optimal hyperparameters

are obtained, we evaluate the model on the test set. We use the 25 metrics described

above as dependent variables for all the models.
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Evaluation metrics. To quantify the performance of the predictive models, we

consider precision, recall, andF1-Score (i.e., the harmonic combination of precision and

recall) as the evaluation metrics. Equations 6.3, 6.4, and 6.5 show the computation for

precision, recall, andF1-Score.

P recision =
TP

TP + FP
(3.3)

Recall =
TP

TP + FN
(3.4)

F1-Score= 2 �
P recision � Recall
P recision + Recall

(3.5)

We also use Area Under the Receiver Operating Characteristic Curve (AUC) [158] to

evaluate the e�ectiveness of our machine learning models. The AUC values range from 0

to 1. The performance of a prediction model is considered promising if the AUC-ROC is

0.7 and above [90,206] and 1 denotes a perfect predictive power.

Sensitivity Analysis. Our prediction approach has one hyper-parameter, the small-

large code churn change impact threshold. In this section, we select the prediction model

that can achieve the best performance to conduct the sensitivity analysis. Then, we

experiment with three additional thresholds,i.e., 25%, 40%, and 50%. The lower 25%

reports are considered as defects withsmall change impact and the upper 25% aslarge.

A similar classi�cation applies to the 40%, and 50% thresholds.

Feature importance. To �nd the most in
uential metrics, �rst, we investigate if

the 15 metrics, i.e.,, topics of issue reports, synthesized from the results obtained in

RQ3.1 improve the prediction model. We construct a baseline model derived from the

best performing model and best small-large code churn threshold that considers only 10

metrics, i.e., 3 issue report textual metrics, 7 issue reports characteristic metrics. We

exclude the 15 issue report topics metrics. We also conduct a complementary study that

seeks to identify the most in
uential metrics among the 25 metrics for identifying the

change impact. Second, since every ecosystem is made of several software projects,e.g.,
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HIVE, Firefox and JDT are three popular software projects belonging to Apache, Mozilla

and Eclipse respectively, we create individual prediction models per software project. To

avoid working on toy software projects, we randomly select 4 software projects from each

ecosystem having at least 2,000 issue reports [250].

We employ the permutation feature importance11 from sk-learn to detect the in
uence,

a.k.a. importance, of every metric in our model. In the permutation feature technique,

the metric importance (i.e., feature importance) is calculated by considering the drop

in the model performance score when the values of the metric in question are randomly

shu�ed [222]. Shu�ing the values of the metric leads to breakage between the metric

and the dependent variable and, therefore, indicates to what extent the model depends

on this metric. As done in previous work [111], to attain a reliable result, we apply

the permutation test on all 25 metrics repeatedly 10 times. To statistically identify the

magnitude of the di�erence between the importance score of the metrics, we compute

the SK-ESD test. The SK-ESD clusters the 25 metrics into groups,i.e., ranks, based on

their importance score.

Results. It is feasible to predict the issue reports requiring large change

impact in terms of code churn based on the information of the issue reports

and the topics of issue reports. Table 3.9 shows the performance in terms of precision,

recall, F1-Score, and AUC of the eight constructed prediction models. As we can notice,

XGBoost achieves the best performance. For instance, the XGBoost model achieves AUC

values of 0.84 for Mozilla, 0.76 for Apache, and 0.74 for Eclipse ecosystems. There exists a

minuscule di�erence between the AUC values of the gradient boosting tree-based models

(i.e., XGboost, Catboost, LGBM) and Multi-layer Perceptron model AUCs. This can

be explained by the fact that all of these models are very e�cient in interpreting the

complex relationships in our issue reports tabular data [136].

Our approach is not sensitive to the threshold of the selection of the code

churn classes ( i.e., small and large ). We select XGBoost, the best performing model,

to conduct the sensitivity analysis. Table 3.10 show that for Mozilla, the AUC drops by

11https://scikit-learn.org/stable/modules/permutation importance.html
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Table 3.9: The performance of our prediction models for the considered datasets. The
values shown represent the prediction of the issue reports that require a large
change impact in terms of code churn size. Prec. represents the precision.

Ecosystem Prec. Recall F-score AUC

Logistic
Regression

Mozilla 0.93 0.64 0.76 0.80
Apache 0.74 0.65 0.69 0.71
Eclipse 0.77 0.72 0.74 0.70

Naive
Bayes

Mozilla 0.86 0.44 0.58 0.68
Apache 0.80 0.54 0.64 0.71
Eclipse 0.77 0.47 0.58 0.63

SVM
Mozilla 0.94 0.62 0.74 0.79
Apache 0.74 0.65 0.69 0.72
Eclipse 0.78 0.71 0.74 0.70

Random
Forest

Mozilla 0.93 0.73 0.81 0.83
Apache 0.75 0.68 0.71 0.74
Eclipse 0.74 0.74 0.74 0.68

XGboost
Mozilla 0.93 0.72 0.81 0.84
Apache 0.74 0.68 0.71 0.76
Eclipse 0.76 0.77 0.76 0.73

Catboost
Mozilla 0.93 0.73 0.82 0.83
Apache 0.74 0.68 0.71 0.74
Eclipse 0.75 0.75 0.75 0.71

LGBM
Mozilla 0.93 0.73 0.82 0.83
Apache 0.74 0.69 0.71 0.73
Eclipse 0.71 0.81 0.76 0.67

Multi-layer
Perceptron

Mozilla 0.92 0.74 0.82 0.83
Apache 0.72 0.69 0.71 0.72
Eclipse 0.71 0.81 0.76 0.66

Table 3.10: AUC performance of the three ecosystems with three di�erent thresholds for
the code churn size.

XGBoost-25% XGBoost-40% XGBoost-50%

Mozilla 0.78 0.73 0.70
Apache 0.67 0.64 0.61
Eclipse 0.67 0.63 0.60

8% to 16% when the threshold is 25% (i.e., XGBoost-25%) and 50% (i.e., XGBoost-50%)

respectively. Similarly, for Apache, a drop of 7% to 13% when the threshold is 25% and

50% respectively. As for Eclipse, the AUC drops by 6% to 13% when the threshold is

25% and 50%, respectively.

The model �t on the metrics, including the topics of issue reports, improves
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the base model's AUC by 5% . The model �t on all the metrics, including the topics

of issue reports metrics extracted in RQ3.1, achieves an AUC value of 0.78 on average

(AUC 0.84 for Mozilla, AUC 0.76 for Apache and AUC 0.73 for Eclipse) across the

three ecosystems for classifying the issue report change impact. This obtained AUC of

0.78 outperforms the AUC of the based modelXGBoost-10-base�t on the textual and

characteristic metrics only, present in the issue report, that achieves an average of 0.73

(AUC 0.80 for Mozilla, AUC 0.71 for Apache and AUC 0.67 for Eclipse). This result

suggests that the topics of issue reports can support developers in predicting the change

impact of �xing a defect. For instance, we observe in Table 3.11, thatIs GUI and Is

User experienceare among the top 5 in
uential metrics for Eclipse andIs databaseranks

6th for Apache.

The number of attachments and the number of comments per developer

are among the top 3 in
uential metrics across the three ecosystems. Table

3.11 depicts the top 6 in
uential metrics along their importance scores and ranks. The

importance score is the average importance score of the corresponding metrics.As we

can notice, the top 6 metrics are ranked di�erently across the systems. How-

ever, the number of attachments and the number of comments per developer

are among the top 3. This suggests that issue reports with more attachments and de-

velopers in their discussions have a larger change impact. The presence of attachments,

including test cases, may indicate the complexity of a defect, thus leading to a larger

change impact. Similarly, a higher number of comments per developer in an issue may

also be associated with a more complex defect that is harder to solve.

We observe that the number of issues blocked ranks in second place for

Mozilla. The association between the number of issues blocked and the change impact

can be attributed to the fact that a defect that blocks several other defects may be used

in several packages or in several modules, which may have a larger change impact. In fact,

Valdivia-Garcia et al. [270] quanti�ed the e�ect caused by blocking defects and found that

blocking defects require between 1.2{4.7 more lines of code changes than non-blocking

defects.
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The severity of the issue report, which represents the importance of the

issue report, is also an important metric for Apache projects. This result hints

that severe defects may be treated meticulously where additional coding practices are

implemented, thus leading to a larger change impact.

Table 3.11: The top 6 most in
uential metrics in the XGBoost-10% model for Mozilla,
Apache and Eclipse ranked by their importance. Imp. represents the impor-
tance score obtained by the feature permutation approach. The Rank column
represents the clusters raking obtained by SK-ESD.

Metric Imp. Rank

Mozilla

# of attachments 0.1424 1
# of issues blocked 0.0271 2
# of comments per developer 0.0269 3
Has milestone 0.0114 4
Title of issue report 0.0093 5
Has version 0.0089 6

Apache

# of comments per developer 0.0559 1
# of attachments 0.0323 2
Is severe 0.0195 3
Description of issue report 0.0193 4
# of CC 0.0092 5
Is database 0.0066 6

Eclipse

# of comments per developer 0.1086 1
# of issues blocked 0.0365 2
# of attachments 0.0107 3
Is GUI 0.0090 4
Is User experience 0.0072 5
Description of issue report 0.0063 5

Similar to the ecosystem-level prediction, the performance of the software

project-level change impact prediction model is improved when the issue re-

port topics metrics are included. We perform a per software project prediction for

the software projects of the sampled ecosystems shown in Table 3.12 using XGBoost-10%.

Table 3.12 shows that the per-software project prediction model performance is improved

by up to 5% in terms of AUC when the topics of issue reports are fed to the machine

learning model. Including the topics of issue reports metrics improves the recall by up to

11% (i.e., JDT and AMBARI). The results suggest that the topics of issue reports have

a positive impact on the prediction model.
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Table 3.12: The performance measures of our XGBoost-10 prediction models per software
project. The values shown represent the prediction of the issue reports that
require a large change impact.

Software project Precision Recall F-score AUC

M
oz

ill
a Core 0.91 0.77 0.84 0.86

Core (without defect types) 0.90 0.76 0.82 0.85
Firefox 0.87 0.51 0.65 0.72
Firefox (without defect types) 0.86 0.55 0.67 0.72
Firefox OS 0.98 0.79 0.88 0.87
Firefox OS (without defect types) 0.97 0.78 0.86 0.85
Toolkit 0.90 0.64 0.75 0.80
Toolkit (without defect types) 0.89 0.63 0.75 0.68

A
pa

ch
e Ambari 0.60 0.78 0.68 0.61

Ambari (without defect types) 0.71 0.33 0.45 0.60
Hbase 0.86 0.78 0.81 0.83
Hbase (without defect types) 0.85 0.78 0.81 0.82
Hive 0.75 0.90 0.82 0.82
Hive (without defect types) 0.69 0.94 0.79 0.78
Spark 0.67 0.86 0.75 0.78
Spark (without defect types) 0.58 0.76 0.65 0.69

E
cl

ip
se Platform 0.73 0.67 0.70 0.72

Platform (w/o defect types) 0.75 0.58 0.65 0.69
JDT 0.76 0.87 0.81 0.83
JDT (w/o defect types) 0.78 0.76 0.77 0.79
PDE OS 0.71 0.51 0.59 0.66
PDE OS (w/o defect types) 0.66 0.44 0.53 0.62
Equinox 0.65 0.61 0.63 0.69
Equinox (w/o defect types) 0.72 0.59 0.65 0.71

Summary of RQ3.2

Our results propose that machine learning models such as XGBoost have the po-

tential to predict the change impact in terms of code churn size with a high AUC

of 0.84, 0.76 and 0.73 for Mozilla, Apache and Eclipse. The topics of issue reports

could be leveraged to achieve higher accuracy for predicting the change impact for

the three ecosystems. To bene�t from the change impact prediction models, we

suggest to the reporters to attach relevant documents to the issue reports, list the

issues blocked by the defect in question and indicate the accurate severity of the

defect.
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3.3.3 RQ3.3: Can we predict the change impact of resolving defects in terms

of the number of �les changed?

Motivation. The number of �les changed represents the amount of e�ort required to

�x a defect [233]. Previous work demonstrates that the code churn size and the number

of �les changed in a defect �x are not highly correlated [100]. The amount of changed

�les is an indication of the propagation of a code change. Some commits impact many

�les and require a change in several locations, whereas others require a local change in

a single function of one �le. Furthermore, certain defect types might present fewer or

more dependencies between �les. Therefore, we predict the change impact in terms of

the number of �les changed in this RQ.

Approach. In this RQ, our goal is to predict the change impact in terms of the

number of �les changed. We follow the similar approach adopted in RQ3.2. We treat the

problem as a binary classi�cation. We assign 1 to the prediction output Y if the required

change impact is large and 0 if small.

Dependent variable. The amount of �les, i.e., small and large, needed to �x the

defect is considered the output of the prediction. To obtain the dependent variable, we

sort the issue reports by the number of changed �les in ascending order. We assign the

lower 10% issue reports a value of 0 to the change impact, meaning that it requires a

small change impact. We assign to the upper 10% a value of 1.

Independent variables and prediction models. We use the same 25 indepen-

dent variables (i.e., textual metrics, characteristic metrics and topics of issue reports

metrics) used in RQ3.2 as independent variables. We split the data into training and

testing following the time-based approach. We train the eight machine learning models

mentioned in the approach of RQ3.2, and we follow the same hyperparameter pipeline

(i.e., Random Search, Grid Search, and the 10-fold cross-validation) to attain the best

model performance. To evaluate the models, we refer to the precision, recall, F1Score

and AUC performance metrics.

Sensitivity Analysis. We run the best performant model, with di�erent thresholds

for the small-large binning of the number of �les changed. We predict the change impact
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using three thresholds25%, 40%, and 50%.

Results. It is possible to successfully predict the change impact in terms

of the number of changed �les by leveraging the issue reports information. In

Table 3.13, we report the precision, recall, F1-Score, and AUC of the most performant

model, XGboost. XGboost achieves an AUC of 0.71, 0.82, and 0.73 for Apache, Mozilla

and Eclipse respectively.

Our approach is not sensitive to the threshold of the selection of the small

and large the number of �les changed. We observe in Table 3.14 that the AUC

drops when the upper and lower threshold increases from 25% to 50% by 7%, 5% and 6%

for Mozilla, Apache and Eclipse, respectively.

Table 3.13: The performance of our prediction models for the considered datasets. The
values shown represent the prediction of the issue reports that require a larger
change impact in terms of the number of �les changed. Prec. represents the
precision.

Ecosystem Prec. Recall F-score AUC

XGboost
Mozilla 0.92 0.71 0.80 0.82
Apache 0.72 0.62 0.66 0.71
Eclipse 0.84 0.74 0.79 0.73

Table 3.14: AUC performance of the three ecosystems with three di�erent thresholds for
the number of �les changed.

Ecosystem XGBoost-25% XGBoost-40% XGBoost-50%

Mozilla 0.75 0.71 0.68
Apache 0.66 0.64 0.61
Eclipse 0.67 0.64 0.61

Summary of RQ3.3

It is feasible to predict the change impact of defects in terms of the number of

�les changed. XGboost achieves an AUC between 0.71, 0.73 and 0.82 for Apache,

Eclipse and Mozilla respectively.
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3.4 Implications

We discuss in this section the possible implications of our �ndings that could be useful

to practitioners and researchers.

Leveraging the topics of issue reports. Identifying the topic of an issue report

could help the researchers and practitioners in many ways:

ˆ Researchers could bene�t from the topics of issue reports to improve the defect �xing

process. Some topics are easier to be �xed, and some others introduce challenges

and require more developers' e�ort. For example, GUI defects might require manual

investigations and validations. As shown in Table 3.11, for Eclipse, theIs GUI and

Is User experienceare among the top 5 in
uential metrics predicting the change

impact. Thus, integrating the topics of issue reports in the process of the defect

�xing could lead to more satisfying results.

ˆ Practitioners could bene�t from the topics of issue reports to improve the software

project from a speci�c perspective (i.e., defect topic). As shown in Table 3.5, for

one speci�c system, certain topics might be more frequent than others. Identifying

the most frequent topics could guide developers in mitigating these frequent defects

in the system and put in place test cases to detect these defects and hence improve

the software.

ˆ Practitioners could bene�t from the topics of issue reports to improve the defect

prioritization process. The relationship between the topics of issue reports and the

severity level of the defect could help the developers recognize which topics should

be treated with higher importance. For instance, as we observe in RQ3.1,Server

or Security defects could possibly be given more priority than GUI defects in a

software project belonging to the Web Server domain such as Apache.

ˆ Practitioners could bene�t from the topics of issue reports to improve the defect

assignment process. Practitioners believe that defects belonging to the same topic
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tend to have similar solutions [329]. Therefore, practitioners could assign to de-

velopers defects that belong to the same topic which could consequently lead to a

more e�cient �xing process while avoiding the context switching overhead.

Leveraging the change impact. Predicting the change impact could help the

researchers and practitioners in many ways:

ˆ Researchers could bene�t from the estimatedsmall or large amount of change to

improve the existing automated triage tools. Practitioners expressed their need for

an automated triage tool that automatically assigns small defects,i.e., requiring

small amount of change, and require manual intervention when the defect requires

large amount of change [329]. Therefore, we encourage researchers to design an

automated bug triage tool that incorporates both change impact prediction models,

i.e., code churn and the number of changed �les, proposed in our work.

ˆ Practitioners could bene�t from the estimated change impact in terms of the number

of �les changed, to implement an e�cient manual defect triage process. Practition-

ers could assign the defects that require a change in a large number of �les (1) to

developers that have knowledge of a large part of the codebase and its modules'

dependency and (2) to developers that have access to the various codebases.

ˆ Practitioners could bene�t from the two change impact dimensions,i.e., code churn

and the number of �les changed proposed in our work to design an e�cient defect

triage process that adeptly manages the limited human resources.

3.5 Threats to Validity

Construct validity relates to a possible error in the data preparation. In RQ3.2, our

results depend on the metrics extracted from the issue reports and the source code of

the associated commits. First, we follow a widely used approach to map issue reports to

commits [72,141]. The used metrics have been extensively used in prior empirical software

engineering research. Second, we estimate the change impact of defects in terms of code
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churn and the number of �les changed. Although there are other ways of estimating the

change impact (e.g., the number of modules, operations, or classes changed), measuring

the lines of code and the number of �les has been considered a common way of estimating

the amount of change [102,187]. Therefore, we assert a strong construct validity.

To classify the issue reports as requiring small or large change impact, we select the

lower 10% and upper 10% of the issue reports as requiring small and large change impact,

respectively. While this hyperparameter might be dependent on the selected dataset, we

demonstrate that our approach is not sensitive to the selected threshold

To automatically assign topics to issue reports, we adopt ETM, the state-of-the-art

topic modelling. Dieng et al. [65] demonstrate that ETM, the state-of-the-art topic mod-

elling, outperforms LDA and its variants in extracting topics in terms of topic quality

and predictive performance. LDA is one of the most used unsupervised topic mod-

elling [51, 65, 98, 99]. Existing work in the realm of software engineering used LDA,

and other variations of LDA to tackle research questions related to defect categoriza-

tion [44, 52, 251], and bug report categorization [251, 327]. Therefore, we adopt ETM in

our study.

Internal validity relates to the concerns that might come from the internal methods

used in our study. The �rst concern comes from the manual assignment of topics to issue

reports. To calculate the accuracy of ETM, we manually assign topics to a statistically

representative sample of issue reports with a con�dence level of 95% and a con�dence

interval of 10%, i.e., 288 issue reports in total. To mitigate the possible human errors,

we calculate Cohen's kappa agreement score between the two annotators, indicating a

substantial agreement level. Although the annotators are not the owners of the issue

reports, we highlight that the annotators have �ve years of work experience as software

developers making them familiar with the reporting process and the topics of issue reports.

The second concern is related to the textual free-text �eld of the issue reports, particularly

the description. The description �eld might contain di�erent noise types (e.g., steps to

reproduce, log execution and code fragment). To alleviate the noise, we manually check

a sample of reports and ensure we exclude all unwanted patterns from the descriptions.
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Third, the performance of the predictive models might be in
uenced by the training and

testing datasets. To alleviate this risk, we adopt the 10-cross-validation technique in

addition to adopting a time-based splitting strategy."

External validity relates to the potential of generalizing our study results. To

maximize the ability to generalize our results, we include in our study more than 290,000

issue reports belonging to three popular open-source ecosystems,i.e., Mozilla, Apache

and Eclipse. Although our approach is evaluated on open source projects, it can be

easily applied to other projects as long as the issue report information can be scraped.

Similarly, the predictive model can be applied to other projects as long as the metrics are

extracted and preprocessed, and the identi�cation of in
uential metrics on a model can

be easily performed. In addition, our results are limited to the types of software projects

selected within each ecosystem. To minimize bias related to project characteristics, we

gathered issue reports from 490 distinct software projects spanning the Apache, Mozilla,

and Eclipse ecosystems. Speci�cally, our dataset includes 151 Mozilla projects, 5 Eclipse

projects, and 334 Apache projects. These projects cover a broad range of domains, such

as web servers, browsers, mail clients, integrated development environments (IDEs), and

databases. However, while these projects represent a variety of areas, the selection might

not fully capture the characteristics of the entire ecosystem. Furthermore, the selected

issue reports come from two widely used issue tracking systems: Bugzilla and Jira.

3.6 Summary

In this chapter, we present an approach that predicts the change impact of defect res-

olutions. We conduct an empirical study on 298,548 issue reports belonging to three

large-scale open-source systems,i.e., Mozilla, Apache and Eclipse, to estimate the change

impact in terms of code churn or the number of �les changed while leveraging the topics

of issue reports. First, we adopt the Embedded Topic Model (ETM), a state-of-the-art

topic modelling algorithm, to identify the topics. Second, we investigate the feasibility of

predicting the change impact using the identi�ed topics and other information extracted
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from the issue reports by building eight prediction models that classify issue reports re-

quiring small or large change impact along two dimensions,i.e., the code churn size and

the number of �les changed. Our results show that:

ˆ Our approach successfully identi�es 15 topics of issue reports and achieves an ac-

curacy of 79%, on average.

ˆ XGBoost is the best-performing algorithm for predicting the change impact, with

an AUC of 0.84, 0.76, and 0.73 for the code churn and 0.82, 0.71 and 0.73 for the

number of �les changed metric for Mozilla, Apache, and Eclipse, respectively.

ˆ The topics of issue reports improve the recall of the predictive model by up to 45%

per software project and the AUC by 5% on average across the ecosystems.

ˆ The number of attachments and comments per developer is among the top 3 in-


uential metrics across the three ecosystems in predicting the amount of change

size.

ˆ To make the most of the change impact predictive model, 1) the developers attach

relevant documents to the issue reports, 2) list the issues that are blocked by the

defect in question and 3) indicate the accurate severity of the defect.
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Chapter 4

Unraveling Code Clone Dynamics in Deep Learning

Frameworks

In this chapter, we present our empirical analysis of DL frameworks to reveal insights into

the long-term code clone trend over releases, and within-release clone patterns. Section

4.1 provides an introduction and the motivation for our study. Section 4.2 details the

design of our work. Section 4.3 reports the results of our experiments. Section 4.4

discusses the implications of our �ndings. Section 4.5 examines the threats to validity.

Finally, Section 4.6 summarizes the chapter and suggests directions for future research.

4.1 Introduction

DL frameworks play a pivotal role in the AI software development landscape. The Global

DL Market is anticipated to grow a Compound Annual Growth Rate (CAGR) of 51.1%

from 2022 to 20301. Empirical data highlights the substantial popularity of DL reposi-

tories on GitHub, providing further evidence of the signi�cance of DL frameworks. For

instance, theTensorFlow framework has attracted remarkable attention, accumulating

over 150,000 stars within an eight-year span [3]. Additionally,TensorFlow attains an

impressive count of over 88,000 forks, making it among the top 5 globally recognized

repositories on GitHub.

Code cloning might alleviate developers' workload [134], multiple studies have demon-

strated the potential negative impact of code clones on the development and maintenance

1https://www.acumenresearchandconsulting.com/deep-learning-market
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of software systems [152,167]. Therefore, developers should be aware of the costs of the

risk of code cloning. The evolution and impact of code clones are well studied in tradi-

tional systems [24,192,220,277].

Despite the rising popularity of DL software, only two prior studies have explored

code clones within the DL domain. Jebnoun et al. [124] study clones in Python, C#, and

Java-based DL applications, shedding light on the prevalence of code clones during model

creation, training, and data preprocessing. Mo et al. [188] emphasize co-changed clones

within DL applications. A recent study demonstrates that clone occurrences are higher

in DL systems as compared to traditional code [124]. DL code di�ers from traditional

system code in terms of the development paradigm and coding practices [13]. Hence, the

clone evolution analysis of traditional software could not be adapted to DL software.

We conduct experiments on nine popular DL frameworks, i.e.,TensorFlow2, Pad-

dle3, PyTorch4, Aesara5, Ray6, MXNet 7, Keras8, Jax9 and BentoML10 to gain a better

understanding of the evolutionary dimension of code clones in DL frameworks. More

speci�cally, we analyze long-term code cloning trends over releases and short-term code

cloning patterns within releases. Studying long-term and short-term patterns is crucial

as it enables developers to identify persistent cloning issues that could a�ect code main-

tainability and understand immediate impacts of development practices. By recognizing

these patterns, developers can implement more e�ective clone management strategies to

improve code quality.

Our empirical investigation yielded the following �ndings answering the studied re-

search questions:

RQ4.1: What are the characteristics of the long-term trends observed in

2https://github.com/tensor
ow/tensor
ow.git
3https://github.com/PaddlePaddle/Paddle.git
4https://github.com/pytorch/pytorch.git
5https://github.com/aesara-devs/aesara.git
6https://github.com/ray-project/ray.git
7https://github.com/apache/mxnet.git
8https://github.com/keras-team/keras.git
9https://github.com/google/jax.git

10https://github.com/bentoml/BentoML.git



4.1. INTRODUCTION 70

the evolution of code clones within DL frameworks over releases?

Our goal is to explore the characteristics of the long-term trends of the evolution of

code clones over releases within DL frameworks. We observe that the four cloning trends,

i.e., \Serpentine", \Rise and Fall" , \Decreasing" and \Stable" exhibit distinct and com-

mon characteristics. The reduction in cloned code size in the\Rise and Fall" and \De-

creasing" trends is attributed to factors, such as code refactoring, the reuse of third-party

libraries, and the removal of code clones linked to feature elimination. Furthermore, our

�ndings indicate that bug �xing is a consistent activity persisting throughout framework

lifespans among all the trends but has a higher presence in the frameworks of the\Ser-

pentine" trend.

RQ4.2: What are the characteristics of within-release code cloning patterns

and do these patterns contribute to the overarching long-term trends in code

cloning?

Our goal is to identify the characteristics of short-term code cloning patterns within-

release and explore their potential impact on the long-term trends in code cloning. Our

results demonstrate that within-release code cloning patterns, i.e.,\Ascending", \De-

scending", and \Steady" patterns, impact long-term code cloning trends. In addition,

we unravel the characteristics of the within-release patterns. For instance,\Ascending"

within-release code cloning pattern is associated with decreased committer involvement

in clone pairs, suggesting that fewer committers may lead to a higher likelihood of an

increase in code cloned size.

RQ4.3: How do code clones manifest and evolve across di�erent DL frame-

works?

We aim to conduct a cross-framework clone detection to identify and analyze simi-

larities in code across di�erent DL frameworks. We �nd that cross-framework �le-level

code clones exist within DL frameworks, and they fall into two categories:functional and
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Figure 4.1: An overview of our approach for analyzing code cloning in DL frameworks.

architectural adaptationcode clones. Cross-framework code clones undergo a gradual dis-

appearance, attributed to functionality evolution, code divergence, function deprecation

and framework restructuring.

4.2 Study Design

In this section, we present the study design. Figure 4.1 depicts the overview of our

approach for analyzing code cloning in DL frameworks. In the �rst step, we select the DL

frameworks. Then, we collect the commit and release data to construct the source code

version history for each framework. Next, we extract the code clones within individual

frameworks to build the clone genealogies and collect relevant metrics. In the �nal step,

we extract the code clones across all the DL frameworks to answer RQ4.3.

4.2.1 Data collection

Deep Learning frameworks selection. DL frameworks provide a robust foundation

for implementing DL applications, driving signi�cant technological advancements such as

imaging and autonomous vehicles. To identify the target DL frameworks for our study,

we follow Du et al. [70] approach and refer to the widely studied frameworks in the recent

existing work [49, 113, 119, 124, 139, 144, 249, 285, 286]. We investigate 14 candidates,

including TensorFlow, Chainer, and Keras. Python has emerged as the most widely

adopted programming language for DL applications [25]. Therefore, we tailor our data

collection approach to include only Python frameworks. To ensure the robustness of our
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dataset, we manually check the GitHub repositories of the DL frameworks and read the

framework readme �le to ensure it is DL-speci�c. We end up with the following nine

DL frameworks: TensorFlow, Paddle, PyTorch, Aesara, Ray, MXNet, Keras, Jax and

BentoML.

Commit and releases data collection. We extract the historical data of each

repository to study the evolution of code clones and identify the evolution trends. In

particular, we collect the commit history to extract the corresponding source code over

time and the release information to be able to observe the trends in code cloning across

di�erent releases.

ˆ Commit collection and source code extraction.For every framework, we obtain all

commits by utilizing the git log -- pretty=format:"%h,%ae, %ai, %s" com-

mand, which includes commit information, such as the commit log message, author

and committer details, and commit dates. For every commit, we compute the snap-

shot size in terms of Python source lines of code (SLOC) using the Cloc library11

versionv-1.96.

ˆ Release collection and pre-processing.We gather the framework releases through

the GitHub API, including their version numbers, release dates, and the associated

release notes. A version string is composed of three numerical components delimited

by periods, e.g., \1.7.2". We follow the existing work [304] and adopt semantic

versioning (i.e., version strings represented by three numbers separated by dots)

[39] to categorize the releases in our study into three main types:major, minor, and

patch. Major releases are associated with software's API changes,minor releases

to the addition of new features andpatch to backward-compatible bug �xing. A

major release corresponds to a modi�cation in the �rst number, a minor release to a

modi�cation in the second number, and a patch release occurs in the third number.

To determine the release type, we compare the version strings of the current release

Ri and the preceding releaseRi � 1. If there are changes in multiple numbers, the

precedence follows major over minor or patch, and minor over patch. In our study,
11https://github.com/AlDanial/cloc
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we excludepatch releases and include onlymajor, minor as they represent stable

releases. Table 4.1 summarizes the statistics of the collected DL frameworks.

Table 4.1: The Descriptive Statistics of the Dataset.

Framework First commit # of commits # releases

Aesara 2008-01-06 29,600 14

Keras 2015-03-27 7,787 9

MXNet 2015-04-30 11,865 20

Ray 2016-02-07 16,403 19

PyTorch 2016-05-02 48,561 18

Paddle 2016-08-29 36,531 22

TensorFlow 2018-03-04 131,854 46

Jax 2018-11-17 13,868 7

BentoML 2019-04-01 2,100 11

4.2.2 Within-framework code clone extraction

To identify code clones within one framework, we employ NiCad tool [230], a well-known

and most-used text-based clone detection tool [311], which exhibits strong capabilities to

detect both exact and near-miss clones (i.e., segments of code that are similar but not

identical) at the block and function level with high precision and recall [231]. We use

the latest available versionNiCad6.2 of NiCad 12. We follow the standard con�guration

of NiCad, i.e., dissimilarity threshold of 30% and minimum cloned code size of 5 lines,

used in recent related work [124,188] as with these settings, NiCad is reported to be very

accurate in clone detection. We detect three code clone types: Type 1, Type 2, or Type

3. Type 1 clones are exact copies of code fragments without any modi�cations except

for variations in whitespace and comments. Type 2 clones are syntactically identical

fragments except for variations in identi�ers, literals, types, layout, and comments. Type

3 clones have copied fragments with a few modi�cations (i.e., added, modi�ed, or deleted

statements). We choose clones at the functions level.

Snapshot code clone detection. We apply the following steps to every commit of

the studied DL framework to detect clones. Firstly, we use thegit checkout command
12https://www.txl.ca/txl-nicaddownload.html
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to extract the framework snapshot corresponding to a speci�c commit from GitHub.

Secondly, since in our study, we focus on code clones within production code, we follow

the existing work [23] to exclude test-related code by identifying �les and folders with the

\test" keyword. Lastly, we use NiCad to detect the code clones. The output of the clone

detection is pairs of functions, where two functions that are cloned, i.e., highly similar to

each other, constitute a clone pair.

Clone genealogy generation. Clone pairs can undergo code changes throughout

the development and maintenance stages of a framework. As a result of a change, a clone

pair can maintain aconsistentstate, i.e., cloned status, or diverge to aninconsistent state.

A genealogy represents the historical evolution of a pair of code clones. To generate the

clone genealogy of each clone pair, we track its modi�cation in every commit along the

framework commit list. Similar to the existing work [23,73], we conduct the below steps

to generate the genealogy of every clone pair:

1. For a given commitCi , we identify the �les changed. If a changed �le changes a

clone pair, we proceed by comparingCi to the previous commitCi � 1 to verify if the

change was made to the clone pair. We use thediff command and a python third

party library whatthepatch13 to map the lines corresponding to the beginning and

end of the function in both commitsCi and Ci � 1. To handle the case where a �le

name was modi�ed, we map the renamed �le to the original �le by performing the

following steps as introduced in the existing work [23, 73]. First, for each commit,

we extract the pairs of newly added and deleted �les between the current and

preceding commit. Second, we compare the code similarity and consider that a �le

was renamed if the content of the new �le is similar to the content of the old �le.

We use the below git command to construct the pairs of renamed �les between two

commits: git diff [old-commit] [new-commit] --name-status -M

2. We check if a code change, i.e., code lines addition or deletion, is made inCi within

the boundaries of the clone pair. If so, we verify if this clone pair exists in the clone

13https://pypi.org/project/whatthepatch/
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snapshot corresponding to commitCi +1 . If the clone pair exists inCi +1 , we attribute

the state consistent to it; otherwise, we consider the pair state asinconsistent.

3. We reiterate this process, i.e., steps 1 and 2, for every commit in the framework

repository or until at least one of the clones is deleted.

4.2.3 Cross-framework �le-level code clone extraction

To identify code clones across several DL frameworks, we employ SourcererCC [234], a

token-based clone detection tool capable of identifying both exact and near-miss clones

within extensive inter-framework repositories. We select SourcererCC as it outperforms

other clone detectors, e.g., Nicad, for large-scale cross-projects clone detection [88, 226]

and it was used by recent cross-project clone related work [88, 221, 310] for its high

performance. We use the publicly available version14 on GitHub. SourcererCC performs

clone detection in two steps. Firstly, it employs a tokenizer where the programming

language parameters, such as �le extension, are set. In our case, we set the �le extension

to \.py". Secondly, the actual clone detection is executed. For this step, the similarity

thresholds parameter is speci�ed. Existing work used di�erent values for the similarity

threshold. For example, Rahman et al. [221] used 70% whereas Chochlov et al. [54] used

50%. In our study, we vary the value between 60% and 80%. We adopt the 60% similarity

threshold as it detects meaningful code clones across frameworks.

4.2.4 Metrics collection

After we generate the code clone snapshots and genealogies, we collect cloned metrics for

every framework. The collected clone metrics capture information about the snapshot

and the genealogy of a clone pair to investigate the relationship between the collected

metrics and the cloned code size. In total, we collect 29 metrics, representing (1) clone

code, (2) process metrics, (3) clone genealogy metrics and (4) code metrics. These metrics

were used in existing work [23, 73, 265]. We describe below each of the categories and

present the collected metrics in Table 4.2.

14https://github.com/Mondego/SourcererCC
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Clone code metrics. Clone code metrics are the attributes related to the snapshot,

i.e., commit. The clone code metrics are collected from the snapshot of the framework

that contains the clone pair. Example metrics include the number of siblings a clone has

in the version where it is introduced, the size of the clone and the number of clone groups.

Process metrics. Process metrics include metrics representing the involvement of

contributors in the development of clone pairs. For example, the number of committers,

i.e., the person who applied the commit to the repository, and authors, i.e., the person

who originally wrote the changes introduced in the commit, associated with the genealogy

of clone pairs that provide insights into the collaborative e�orts, i.e., number of individ-

uals that have applied and integrated changes related to the clone pairs, and individual

contributions to the codebase over time.

Clone genealogy metrics . Clone genealogy metrics capture the state changes in

the history of clone pairs and the history of changes in a clone pair. An example of a

clone genealogy metric is the ratio of inconsistent changes in the whole framework code

clone genealogy.

Code metrics . Code metrics include metrics related to the code characteristics of the

method that contains a clone, such as cyclomatic complexity, the number of declaration

and execution statements and . To analyze code metrics, we use the Understand tool15, a

reverse engineering tool capable of analyzing clone code from the source code of software

systems. First, we run the Understand tool on all the snapshots of DL frameworks and

extract the metrics on the function level. We obtain metrics such as the number of

declarative statements in a function and the complexity of a function. Second, we map

the functions obtained by the Understand tool to the clone code to compute the metrics

for the cloned metrics.
15https://scitools.com/
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Table 4.2: Collected code clone metrics.

Metrics Description

Clone code metrics

NumCP The total number of clone pairs at any speci�c commit.

NumCPGroups The unique number of groups at any speci�c commit.

MedianCLOC The median number of cloned lines of code [23].

MaxCLOC The maximum number of cloned lines of code [23].

MedianCSib The median number of siblings of the clone pairs at any speci�c commit

[73].

MaxCSib The maximum number of siblings of the clone pairs at any speci�c

commit [73].

CPMedianAgeDays The median clone pair age in terms of the number of days [73].

CPMedianAgeCommits The median clone pair age in terms of the number of commits [73].

NumUniqueFiles The unique number of �les that contain clone pairs.

NumAbstClasses The number of abstract classes containing code clones.

MedCodeSim The median of code clone similarity.

RatioSync The ratio of clone pairs that have a �nal \consistent" change in the

genealogy [23].

RatioLatePropCons The ratio of clone pairs having late propagation, which end in a consis-

tent change [23].

RatioLatePropIncons The ratio of clone pairs having late propagation, which end in an in-

consistent change [23].

Process metrics

NumCommittorsGen The number of committers involved in the genealogy [73].

NumAuthorsGen The number of authors involved in the genealogy.

MedianNumComChanges The median number of commits in the genealogy by a speci�c committer

[73].

MedianNumAutChanges The median number of commits in the genealogy by a speci�c author.

Clone genealogy metrics

NumCPG The number of clone pairs in the genealogy.

NumChanges The total number of changes in the genealogy.

NumBursts The number of change bursts on a clone. A change burst is a consecutive

change with a maximum distance of one day between the changes [23].

NumInconsChanges The number of inconsistent changes within the genealogy [23].

NumDiverChanges The number of divergent changes (pattern \CI") in the genealogy [23].

NumResyncChanges The number of resynched changes (pattern \IC") in the genealogy [23].

Code metrics

MedianCompl The median cyclomatic complexity of the cloned code [265].

MedianNumDeclStmt The median number of declaration statements in a cloned code.

MedianNumExecStmt The median number of execution statements in a cloned code.

MedianRatioCommentCode The median ratio comment to code in cloned code [265].

MedianSumComplAbstMod The median sum of cyclomatic complexity of all the classes containing

cloned functions.
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4.2.5 Lifelong code cloning trends identi�cation from DL frameworks

Our goal is to discern the lifelong evolution, i.e., long-term, trends of code clones within

DL frameworks to gain insights into the historical and chronological changes in cloned

code over multiple releases. This analysis can provide valuable information about the sta-

bility, growth, or reduction of code clones over time, aiding in the assessment of software

evolution and maintenance practices within DL frameworks. For every DL framework, we

build a time series, i.e., a temporal representation, capturing the historical and chrono-

logical changes to the cloned code over the releases of a framework. Then, we group

similar time series patterns together and identify the code clone trends over the releases.

We elaborate on our approach in the following steps.

Step 1: Building time series data. To build the time series that represents

the historical evolution of code clones, we start by calculating the clone coverage. Clone

coverage represents the proportion of cloned code in relation to the overall codebase [116].

The clone coverage is calculated as follows:

clonecoveragei =
clonesizei

SLOCi
(4.1)

where clone coveragei represents the clone coverage corresponding forcommit i. The

clone sizei represents the total number of lines of code belonging to clones atcommit i.

The SLOCi represents the lines of source code of the overall repository atcommit i.

Our goal is to construct a release-level clone coverage time series for every framework.

We choose the release-level because it represents a stable granularity as opposed to the

commit-level granularity that would have been a �ne granularity, given the small and/or

temporary modi�cations that a commit can introduce [59]. We calculate the clone cov-

erage for every revision, i.e., commit, using the code clone data extracted through the

NiCad tool detailed in section 4.2.2 and the SLOC of the framework snapshot at the

commit. Therefore, for every release, we compute the median code clone coverage for all

the commits within the time interval between two consecutive releases. We refer to the

list of releases extracted from GitHub as described in section 4.2.1 and the associated



4.2. STUDY DESIGN 79

release dates to isolate the commits falling within the release date intervals. Then, we

calculate the median release clone coverage as follows:

clonecoverageR j
= median (clone coverage of all commits in the releaseRj ) (4.2)

where R j is a speci�c release of the project. By the end of this step, we obtain the

median value of code clone coverage for every release of every framework. For each DL

framework, we construct a time series representing the evolutionary trajectory of clone

coverage across multiple releases. By the end of this step, we obtain nine unique time

series, one for each framework.

Step 2: Clustering time series. We utilize time series clustering to group time

series presenting similar patterns in code cloning. This approach involves the selection

of (i) a method for measuring distances, (ii) a clustering algorithm, and (iii) an optimal

number of clusters, as we elaborate on below.

ˆ Dynamic Time Warping (DTW). DTW is used as a distance measurement method

[29] to align and measure the similarity between two time series that may have

di�erent temporal characteristics. In our context, it is used to compare and align

the time series representing code clone coverage across multiple releases of DL

frameworks. Di�erent DL frameworks may have a distinct number of software

releases, resulting in time series of varying lengths. To measure the similarity, i.e.,

distance, between time series data of di�erent lengths, we adopt the DTW.

ˆ TimeSeriesKMeans clustering algorithmis used for time series clustering [287] to

identify patterns in the evolution of the nine DL frameworks. K-means clustering is

a widely used unsupervised machine learning technique that is particularly e�ective

for partitioning data into distinct groups or clusters based on the similarity of the

data points. K-Means treats each time series as a point in a multidimensional

space, aiming to group similar time series together in clusters. In our analysis, we

employ tslearn 16 implementation of K-means for time series, TimeSeriesKMeans
16https://tslearn.readthedocs.io/en/stable/gen modules/tslearn.clustering.html#module-

tslearn.clustering
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Figure 4.2: The four code clones trends exhibited by DL frameworks.

17 to identify and categorize the trends present in the time series data representing

code clone coverage within DL frameworks.

ˆ Optimal number of clusters. Following prior work [211], we employ the silhouette

score [228] to identify the most suitable number of clusters. The silhouette score

assesses clustering quality by measuring how close data points are to their cluster

compared to other clusters. The silhouette score ranges from -1 to 1, where a score

close to 1 suggests well-de�ned clusters, and a score above 0.5 indicates a good

clustering con�guration. It leverages the output of the chosen clustering algorithm,

17https://tslearn.readthedocs.io/en/stable/gen modules/clustering/tslearn.clustering.TimeSeriesKMeans.html
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e.g., K-Means, to determine the optimal number of clusters, aiming for the highest

average silhouette score, which indicates well-separated and coherent clusters. We

employ the silhouette score function18 from tslearn. We use a range of numbers of

clusters, k, between 2 and 8. As a result, we obtain 4 optimal numbers of clusters

with a silhouette score of 0.63, suggesting a good quality of clusters. Additionally,

we rely on human judgement that aligns with the quantitative metrics.

Our approach identi�es four trends, i.e., \Serpentine" , \Rise and Fall" , \De-

creasing" , and \table" , in the evolution of clones observed in DL frameworks

as illustrated in Figure 4.2. We describe the features of every pattern below:

ˆ The \Serpentine" trend re
ects a cyclic, oscillatory pattern in code clones, where

coverage alternates between highs and lows, presenting 
uctuations in code clone

coverage over successive releases.

ˆ The \Rise and Fall" trend marks intermittent rises in clone coverage followed by

an overall prolonged decrease, resulting in a downward trajectory over time.

ˆ The \Decreasing" trend represents a consistent and continuous reduction in clone

coverage across successive releases.

ˆ The \Stable" trend exhibits a relatively constant and consistent clone coverage with

minimal 
uctuations over releases.

For example, whilePaddle and MXNet display a \Serpentine" trajectory, BentoML,

Keras, and Aesara follow a \Rise and Fall" trajectory that shows a prolonged decrease

despite intermittent rises. PyTorch exhibits a consistent decreasing clone coverage, i.e.,

starting at 27% at the �rst release and dropping to less than 3% after 20 releases.Tensor-

Flow, Jax, and Ray's clone coverage remain relatively stable, with minimal 
uctuations

observed across all releases remaining within a narrow range (less than 5%).

18https://tslearn.readthedocs.io/en/latest/gen modules/clustering/tslearn.clustering.silhouette score.html
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4.2.6 Within-release development patterns identi�cation

Our goal is to identify the within-release development patterns, i.e., the patterns of cloned

code size evolution from one commit to another within a framework release. This analysis

investigates how code clones evolve within each individual release and can help uncover

the impact of the within-release patterns on the long-term code cloning trends. Our

approach involves two key steps:

Step 1: Building within-release cloned code size time series. The evolution

of code cloned code size between the commits of a release can be interpreted as time series

data. To build the time series for every release of every framework, we select the commits

that belong to every release interval by referring to the release date. Then, we calculate

the cloned code size using the code clone data extracted through the NiCad tool detailed

in Section 4.2.2 for every commit. In total, we obtain 153 time series corresponding to

the nine DL frameworks' releases.

Step 2: Clustering within-release code clone time series. Similarly to the

clustering step in section 4.2.5, we leverage DTW and TimeSeriesKMeans to cluster the

obtained time series. We determine the number of clusters using the silhouette score, and

we obtain 3 as the optimal number of clusters, giving a silhouette score of 0.66, indicating

a high quality of clusters. Figure 4.3 shows a subset of the time series clustered into the

three \Ascending", \Descending", and \Steady" patterns.

The analysis of release-level time series reveals three distinct patterns,

i.e., \Ascending" , \Descending" , and \Steady" . As depicted in Figure 4.3, the

\Ascending" pattern signi�es a consistent increase within a release, the\Descending"

pattern re
ects a continuous decrease within a release, and the\Steady" pattern suggests

a relatively constant behaviour within a release. Table 4.3 shows the distribution of time

series among these patterns.
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Figure 4.3: Subset of the within-release time series\Steady", \Descending" and \Ascend-
ing patterns". Every time series represents the evolution of clone size within
a particular release of a DL framework.

4.3 Experimental Results

4.3.1 RQ4.1: What are the characteristics of the long-term trends observed

in the evolution of code clones within DL frameworks over releases?

Motivation. The �eld of DL is marked by rapid growth and continual advancements.

As DL frameworks rapidly evolve, they are prone to technical debt [123, 279]. Recent

work [123, 188] demonstrates that code clones are prevalent in DL applications. Mo et

al. [188] �nd that the choice of underlying DL frameworks in
uences the frequency of
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Table 4.3: The distribution of release-level time series across the three within-release code
cloning patterns. TF represents TensorFlow.

Pattern TF Paddle PyTorch Aesara Ray MXNet Keras Jax BentoMLTotal

Ascending 0 11 0 8 0 12 4 0 4 39
Descending 0 8 4 0 0 9 0 0 4 25
Steady 38 2 14 4 19 0 4 5 3 89

code clones within DL applications. Jebnoun et al. [123] discover that code clones within

DL systems exhibit a higher susceptibility to bugs compared to non-cloned code. In this

RQ, we aim to investigate the characteristics (e.g., bug-proneness and community size) of

the four identi�ed lifelong code clone evolution trends and uncover any implications that

they may have. We aim to enhance our understanding of code quality and maintenance

over time by studying these characteristics.

Approach. Our goal is to explore the characteristics associated with the identi�ed

code clone trends. We study the characteristics of the trends along three dimensions:

cloned code size trend, bug-proneness and community size.

Investigating the decrease of clone coverage. To better understand the ratio-

nale behind the decrease in clone coverage in the long-term descending trends, i.e., trends

that exhibit a lower long-term clone coverage, we conduct a manual analysis. First, we

investigate the evolution of the cloned code size, i.e., the number of lines of cloned code,

associated with the median data point of each release to check if the decrease in clone

coverage is associated with a decrease in the cloned code size. Then, for each release, we

manually read the release notes and the commit messages of the commits associated with

the release interval. Release notes typically summarize the major changes, new features,

and bug �xes introduced in a speci�c release, hence providing context about the reasons

for code changes that might a�ect clones. Commit messages o�er granular information

about speci�c code modi�cations, hence could explicitly mention clone removal, refac-

toring, or other actions that directly impact clone coverage. Analyzing release notes and

commit messages may help link changes in code clone to the corresponding modi�cations

in the software codebase thereby gaining insights into the rationale of the evolution of

clone coverage over time.
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Investigating bug-proneness within trends. We follow a two-step approach

to study the bug-proneness of code clones. First, we apply the keyword-based heuristic

introduced by Mockus et al. [189] and adopted in related work [24,124,188,191] to identify

bug-�xing commits. We consider a commit as a bug-�xing commit if the commit message

contains any of the keywordsbug, �x, wrong, error, fail, problem, and patch. Second,

we match the bug-�xing commits to the cloned code. Speci�cally, we employ thegit

diff command to retrieve the altered lines, i.e., added or deleted, within each bug-

�xing commit and compare them to the clones identi�ed by NiCad. If the modi�ed

lines for �xing a bug occurred within a clone code, we classify that clone as potentially

susceptible to bugs. This approach allows us to pinpoint the bug-�xing commits occurring

in clones. After identifying the bug-�xing commits belonging to the cloned code, we

plot the evolution of the bug-proneness of cloned code over releases. To quantify bug-

proneness, we compute bug-�x densityi , i.e., the ratio of bug-�xing commits in the cloned

code introduced within a release interval by the total number of all commits to code clones

introduced within a given releasei. This ratio is calculated as follows:

bug-�x density i =
� (clone bugs �x commitsi )

� (all clonecommitsi )
(4.3)

where � (clone bugs �x commitsi ) represents the commits introduced within releasei

interval and classi�ed as bug-�xing and� (all clone commitsi ) represents the total number

of commits that occurred in cloned code within the releasei . A bug-�x density ratio of

0 signi�es no bug-�xing commits in the cloned code during a release, while a ratio of 1

indicates that all commits within that release for the cloned code are bug-�xing commits.

By tracking the evolution of this ratio across releases, we obtain insights into the dynamic

relationship between code clone trends and bug-proneness, enhancing our understanding

of code quality and maintenance over time.

Investigating bug-proneness in \thin clones" vs. \thick clones" . We iden-

tify \thin clones" and \thick clones" based on the distribution of clones according to

the percentiles. Firstly, we gather all the clone snapshots from all the frameworks. For

each snapshot, the median cloned code size is computed, taking into account the diverse
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sizes of clone pairs within each snapshot of the codebase. Subsequently, the 25th and 75th

percentiles are calculated, establishing thresholds for\thin clone" and \thick clones",

respectively. More speci�cally, code clones falling below the 25th percentile are catego-

rized as \thin clone" , while those exceeding the 75th percentile are labelled as\thick

clone". Following the identi�cation of bug-�xing commits, we map each change to the

corresponding cloned code (as described in previous steps). Through this mapping, we

categorize each commit-�x as either �xing a\thin clone" or a \thick clone" . To assess

the statistical signi�cance of bug-proneness di�erences between \thin clones" and \thick

clones," we employ a Mann-Whitney U test on the percentage distribution of the number

of changes to cloned code in\thin" and \thick" clones. This non-parametric test is cho-

sen due to the potential non-normality of the data and its suitability for comparing two

independent samples. If we obtain a p-value <= 0.05, we reject the null hypothesis and

conclude that the distributions of bug-�xing percentages in the two code clone categories

are di�erent. Studying bug-proneness in \thin clones" versus \thick clones" provides

insights into whether bugs tend to concentrate more on one type of clone over the other,

which can help understand how code clones impact software quality and maintenance.

Investigating the bug propagation in clones. Di�erent trends of code clones

may exhibit diverse characteristics, such as cloned code size and distribution of thick

and thin clones, which could in
uence how bugs propagate within the codebase. We

formulated the following null hypothesis: H01: Di�erent trends of code clones exhibit

di�erent bug propagation trends.To investigate the bug propagation within code clones,

we examine the number of �le changes per bug-�xing commit, with the aim of discerning

potential di�erences in bug propagation across various trends. Speci�cally, we evaluate

whether the bug propagation varies signi�cantly among di�erent trends.

To assess signi�cance, we employ Welch's ANOVA test from scipy library19, a statis-

tical analysis method suited for comparisons of groups with unequal sizes. Additionally,

we also compare bug propagation, i.e., by examining the number of �le changes per bug-

�xing commit, in cloned and non-cloned code. This comprehensive approach allows us

19https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.f oneway.html
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to gain insights into the distinctive patterns of bug propagation within code clones and

explore potential variations in comparison to non-cloned code.

Investigating the community size evolution in clones. The community size

is used to measure the proportion of contributors, i.e., authors of the code, engaged in

clone-related activities within DL frameworks relative to the total contributors involved

in the entire codebase. The community size represents an indicator of the collaborative

involvement of contributors to clones. To derive the community size evolution, we employ

the following steps. First, for each release, we calculate the number of contributors

engaged in clone-related activities up to the release date. Subsequently, we determine

the community size by dividing the number of contributors involved in clones by the total

count of contributors to the entire codebase up to the respective release date. This metric

provides a measure of how the number of contributors in clone-related e�orts evolves over

the course of the framework.

Results. The decline in overall clone coverage observed in the \Decreasing"

and \Rise and Fall" trends can be attributed to 1) a decrease in the cloned

code size or a slow increase in the number of cloned code size compared to a

rapid expansion of the codebase. We conduct a comparison of cloned code size at

the initial and �nal releases of each framework. As shown in Table 4.4, we observe that

BentoML presents a reduction in cloned code size over time, resulting from a decrease

in clone groups and clone siblings within a clone group. For example, despite a more

than twofold increase in framework size between the �rst and last releases, BentoML's

cloned code size decreased from 982 to 174 lines of code. This decrease in cloned code size

corresponds to a decrease in the clone groups from 23 to 5. Hence, the decrease in clone

coverage of BentoML from 10% in the �rst release to less than 1% in the last release.

Aesara, Keras, and PyTorch also exhibit a decrease in clone coverage between the �rst

and last release. Speci�cally, the clone coverage for Aesara, Keras, and PyTorch drop

from 7% to 5%, 9% to 4% and 26% to 2%, respectively, between the �rst and last release.

However, the decrease for the three frameworks is attributed to the rapid expansion of

the codebase, outpacing the growth rate of the cloned code size. For example, while the



4.3. EXPERIMENTAL RESULTS 88

codebase for Pytorch increased by a factor of 30 between the �rst and last release, the

size of the clone code only increased by less than threefold.

Table 4.4: Cloned code size analysis of the DL frameworks exhibiting \Decreasing" and
\Rise and Fall" trends from �rst to last Release.

Metric First release Last release Trend

BentoML

SLOC 9,917 22,494 %
Code size (SLOC) 982 174 &
Clone coverage 0.1 0.008 &
# of siblings 58 18 &
# of groups 23 11 &

Aesara

SLOC 39,021 84,773 %
Code size (SLOC) 2,765 4,612 %
Clone coverage 0.07 0.05 &
Total number of clone siblings 307 396 %
Total number of clone groups 117 139 %

Keras

SLOC 19,382 139,816 %
Code size (SLOC) 1,680 5,947 %
Clone coverage 0.09 0.04 &
# of siblings 117 335 %
# of groups 43 98 %

PyTorch

SLOC 10,567 313,603 %
Code size (SLOC) 2,741 7,527 %
Clone coverage 0.26 0.02 &
# of siblings 275 583 %
# of groups 62 202 %

The decline in cloned code size can be attributed to code refactoring, third-

party library reuse, and code clone removal associated with feature elimina-

tion. To understand the factors contributing to the decrease in clone code density,

we conduct an inter-release manual analysis by reading the release notes and commit

messages for releases demonstrating a reduction in cloned code size compared to their

preceding release. We �nd that cloned code size reduction is due to 1) code refactoring, 2)

substitution of code fragments due to the use of third-party libraries, and 3) the removal

of clone code as a consequence of eliminating certain features. For instance, duplicate

code is moved to a shared utility code. For example, in release2.2.020, the Keras frame-

work underwent a large code refactoring21 that a�ected the clones. In another release

20https://github.com/keras-team/keras/releases/tag/2.2.0
21https://github.com/keras-team/keras/pull/10865/commits
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2.4.022 of the Keras framework, the cloned code size is reduced due to a redirect of all

APIs in the Keras package to tf.keras third party-library. In the release2.2.023 of the

Aesara framework, clones are eliminated as a result of the elimination of the function

local neg neg from the tensor module.

Bug �xing is a persistent activity consistently occurring throughout the

lifespan of frameworks, among all the code cloning trends. The \Serpen-

tine" trend is more susceptible to bugs. Figure 4.4 represents the evolution of

bug-proneness in clone code in DL frameworks over releases. When comparing bug-

proneness percentages across frameworks, we notice distinct variations. For instance,

frameworks belonging to the\Serpentine" trend, i.e., Paddle and MXNet, demonstrate

higher bug-proneness percentages across releases in comparison to the frameworks belong-

ing to the \Decreasing", \Rise and Fall" and \Stable trends. For example,Paddle and

MXNet frameworks have 50% and 75% of the releases having more than 50% bug-�xing

commits in clones respectively, whereas inTensorFlow all 100% of the framework releases

have less than 50% of the bug-�xing commits in clones as shown in 4.4. ANOVA-Welch

test indicates a signi�cant di�erence between the bug-proneness evolution ofPaddleand

MXNet frameworks and the frameworks belonging to the other three trends. These �nd-

ings suggest that the DL frameworks belonging to the\Serpentine" trend characterized

by a 
uctuating code clone trend could be more susceptible to bugs.

Moreover, theKeras and Aesara frameworks belonging to the\Rise and Fall" clone

trend exhibit a decreasing bug-proneness trend where the overall bug-proneness percent-

age decreases from approximately 40% in initial releases to almost zero in subsequent

releases. For the Aesara framework, we notice a spike to 100% in the bug-proneness at

release 12, meaning that all of the commits introduced were �xing bugs. Further investi-

gation demonstrates that the 100% rate is due to a short release cycle of 11 days, during

which only one commit to a clone occurs, and this solitary commit happens to be a bug

�x. Similarly, the abrupt decrease in bug-proneness to zero in theMXNet framework at

release 17 is linked to the absence of commits to code clones during a relatively short

22https://github.com/keras-team/keras/releases/tag/2.4.0
23https://github.com/aesara-devs/aesara/releases/tag/rel-2.2.0
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Figure 4.4: The bug-proneness evolution in cloned code over releases.

release cycle of 27 days. The observed descending trends in code clones, coupled with a

corresponding reduction in bug-proneness, suggest an enhancement in overall code qual-

ity and reliability. These �ndings underscore the importance of investigating the coding

practices followed within the release and their impacts on the code clone in DL frame-

works, which we address in the following research question.

Over 50% of the changes implemented in bug-�xing commits predomi-

nantly occur within \thick" cloned code as opposed to \thin" cloned code

across all the long-term code clone trends. Figure 4.5 shows the distribution of

changes across the frameworks. The Mann-Whitney U test reveals a signi�cant di�erence

in bug-proneness between\thin clones and\thick" clones with p-value< 0.05. In addi-

tion, we investigate if the di�erence among the clone categories is of strong signi�cance

by calculating the Common Rank (Z) score. We obtain a Z value of 3.57 that suggests a

substantial and statistically signi�cant di�erence between the two bug-�xing commits in
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Figure 4.5: Bug-�xing commits distribution by \thin clones" and \thick clones".

\thick" and \thin" code clones. A z-score24 of +/- 1.96 or greater is considered statisti-

cally signi�cant at the 5% level of signi�cance (i.e., p< 0.05). Additionally, we employ

the Cli�'s Delta as another measure of e�ect size. A value of 1 indicates a large e�ect

size. We obtain a Cli�'s Delta value of 1, which further reinforces the notion that the

bug-proneness di�erence between\thin" and \thick" . These results provide statistical

evidence supporting the assertion that bug-proneness varies signi�cantly between\thin

clones and\thick" clones in our study. This result highlights a substantial distinction in

bug-�xing tendencies between the two clone categories with\thick" clones being more

susceptible to bug-�xing commits. This �nding can be valuable for software development

practices by emphasizing the importance of identifying and managing thicker clones to

improve overall code quality and reduce bugs.

Our analysis reveals no signi�cant di�erence in the number of �les changed

per bug-�xing commit across long-term code clone trends, as validated by

Welch's ANOVA test, and we reject the null hypothesis. However, comparing

the bug propagation between cloned and non-cloned code across the frameworks indicates

a signi�cant di�erence in the number of �les changed per bug-�xing commit in clones

versus non-clones. Speci�cally, non-cloned �les exhibit a higher number of changes, with

24https://www.z-table.com/
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an average of 2.4 �les changed per commit, compared to 1.5 �les changed per commit in

cloned code. This could suggest that bug �xes in cloned sections are more localized and

targeted.

The community size in clone activities remains consistent throughout the

lifetime of the frameworks, with exceptions in BentoML and Ray , where orig-

inal authors dominate clone maintenance and the community size witnesses

a decrease over time. For instance, a relatively small portion of the community ac-

tively contributes to clones, consistently amounting to less than 50% for the majority

of releases. Figure 4.6 depicts the community size evolution, i.e., the percentage of con-

tributors to clones across various DL frameworks. As we can notice, the community size

involved in clone-related presents a stable and sustained level of contribution to clones

over time, among all the long-term cloning trends of the framework. However, there is

a distinct reduction in community size in code clones within the frameworksBentoML

and Ray. This decline in community participation can be attributed to the circumstance

where the contributors making changes to clones are predominantly the original authors

of those clones. To investigate this observation further, we manually check the clone pairs

within BentoML and Ray. We notice that for those frameworks, the original creators of

the clones are the ones maintaining them. This may imply that a signi�cant portion of

the code clones might have been created by one-time contributors who are less likely to

revisit later.
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Figure 4.6: The evolution of code clone community size over releases.

Summary of RQ4.1

Long-term code cloning trends exhibit some common and distinct characteristics.

The decline in the clone coverage in DL frameworks over time observed in the\De-

creasing" and \Rise and Fall" trends is attributed to 1) a decrease in the cloned

code size or 2) a slow increase in the cloned code size compared to a rapid expan-

sion of the codebase. All long-term trends are prone to bugs, and the bug-�xing

activities are consistent across the lifespan of the frameworks of all the trends. How-

ever, the framework belonging to the\Serpentine" trend, i.e., Paddleand MXNet,

could be more susceptible to bugs as they present a higher percentage of bug-

proneness across the releases indicated by a higher commit-�xing.\Thick" clones

present a higher bug-proneness as compared to\thin" clones across all the long-

term trends. Regarding the community size involved in clone activities, it remains

consistent through the lifetime of the frameworks, with exceptions inBentoML and

Ray, where original authors dominate clone maintenance and the community size

witnesses a decrease over time.
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4.3.2 RQ4.2: What are the characteristics of within-release code cloning

patterns and do these patterns contribute to the overarching long-term

trends in code cloning?

Motivation. In RQ4.1, we have investigated the characteristics of long-term clone trends

over releases and observed that every trend has distinct characteristics, such as high

susceptibility of the \Serpentine" trend to bug-proneness. In this RQ, we are interested

in investigating the short-term clone patterns within each individual release. Our goal

is to discern the impact of these patterns on long-term cloning trends and identify the

characteristics of the within-release code cloning patterns. More speci�cally, we want to

understand the factors in
uencing the evolution of cloned code size and provide insights

into the dynamics of development practices within individual releases. In addition, the

gained knowledge about within-release patterns, when aggregated over multiple releases,

could contribute to understanding how development practices within releases in
uence

clone evolution trends over time. By uncovering these relationships, we seek to formulate

insights to enhance the e�ciency and maintainability of DL frameworks within the code

clone context.

Approach. After we obtain the three within-release code cloning patterns\Ascend-

ing" , \Descending", and \Steady", we aim to obtain a chronological evolution of how the

within-release pattern contributed to the long-term trends. Therefore, we construct, for

every DL framework, the evolution sequence of within-release patterns over the frame-

work releases. Table 4.5 depicts the obtained chronological pattern sequences.Pa, Pd

and Ps denotes an\Ascending", \Descending", and \Steady" pattern respectively.

Our approach to building the regression models comprises the following three steps:

ˆ Step1: Correlation and redundancy analysis of the independent variables.we collect

37 metrics as detailed in section 4.2.4. The presence of correlated metrics might

a�ect the performance of the model [129], therefore, we apply varclus25 function

in R to detect the existence of collinearity and exclude one metric of any pair

of metrics that achieves a coe�cient of 0.7 [180]. Then, we calculate the Variance

25https://search.r-project.org/CRAN/refmans/Hmisc/html/varclus.html
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In
ation Factors (VIFs) using the VIF 26 function in R for each independent variable

to detect multicollinearity issues. We exclude all independent variables with VIF

values above 5 because it indicates the existence of multicollinearity [57,290].

ˆ Step 2: Constructing the models.We construct three di�erent regression mod-

els for each pattern shown in Figure 4.3:ModelAscending , ModelDescending , and

ModelSteady . For a Modeli , we assign to each snapshot revision, i.e., commit, the

value 1 if the associated within-release pattern isi and 0 otherwise. For example, for

ModelAscending , we assign 1 to the commits that are clustered in the release belong-

ing to the \Ascending" pattern. Since our dependent variable is binary, we follow

the existing work [138, 204, 304] and employ logistic regression models. In partic-

ular, we �t a binomial logistic regression model using the glm27 function provided

by the state R package.

ˆ Step 3: Evaluating the models and assessing the signi�cance of the independent

variables. After constructing the models, we use the Area Under the Receiver

Operating Characteristic Curve (AUC) [159] to assess the predictive power of the

created logistic models. A predictive model is deemed promising if the AUC-ROC

is 0.7 or higher, with 1 signifying perfect predictive power [91,96]. Next, we employ

the ANOVA test [217] to assess the signi�cance, measured in terms of (� 2) for each

independent variable in our model. The (� 2) values for each variable are calculated

as a percentage of the total (� 2) values for all variables. We use upward and

downward arrows to signify direct and inverse relationships between independent

and dependent variables, respectively.

Results. Long-term descending trends, i.e., \Decreasing" and \Rise and

Fall" , in addition to \Stable" trends consistently exhibit \Steady" within-

release patterns . As we notice in Table 4.5, the frameworks belonging to the long-term

descending trends, i.e.,Keras, Aesara, BentoML, PyTorch, JAX, Ray and TensorFlow

are characterized by a consistent and consecutive repetitive stable patternPS. These

26https://www.rdocumentation.org/packages/regclass/versions/1.6/topics/VIF
27https://www.rdocumentation.org/packages/stats/versions/3.6.2/topics/glm
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stable patterns constitute over 30% of the total within-release patterns of each frame-

work. This observation shows a connection between the two temporal scales and how

the patterns of code clones within releases, i.e., short-term, have long-term implications.

Hence, we proceed next with understanding the characteristics of the within-release code

clone development practices.

Table 4.5: Within-release patterns.Pa, Pd and Ps denote an\Ascending", \Descending",
and \Steady" pattern respectively.

DL framework Within-release chronological patterns

MXNet Pa; Pa; Pa; Pd; Pd; Pd; Pd; Pd; Pd; Pd; Pa; Pa; Pa; Pa; Pa; Pa; Pa; Pa; Pd; Pd

Paddle Ps; Pa; Pa; Pa; Pd; Pd; Pd; Pd; Pd; Pd; Pd; Pa; Pd; Pa; Ps; Pa; Pa; Pa; Pa; Pa; Pa

Keras Pa; Pa; Pa; Pa; Ps; Ps; Ps; Ps

Aesara Pa; Pa; Pa; Pa; Pa; Pa; Pa; Pa; Ps; Ps; Ps; Ps

BentoML Pa; Pa; Pd; Pd; Pd; Pd; Pa; Pa; Ps; Ps; Ps

PyTorch Pd; Pd; Pd; Pd; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps

JAX Ps; Ps; Ps; Ps; Ps

Ray Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps

TensforFlow Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps;

Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps; Ps

The Model Descending and Model Steady demonstrate the most robust explana-

tory capability among the three constructed models. Table 10 provides an

overview of our created models. The logistic regression models forModelDescending and

ModelSteady exhibit the highest AUC values at 0.92, whereasModelAscending achieved an

AUC of 0.89. Each model highlights a distinct attribute with the greatest explanatory

strength, as shown in Table 4.6 (due to the space constraint, the table shows only the

top �ve signi�cant features for all three constructed models). Further insights into the

analysis of these constructed models are detailed below.
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Table 4.6: A summary of the analysis of the constructed three regression models.

Metrics Coef. � 2(%) Pr(< � 2) Sign. Relationship

ModelAscending

# of committers to a clone pair -3.62 39.67 < 2:2e� 16 *** &

complexity of abstract class 7.74 23.90 < 2:2e� 16 *** %

size of cloned code (med) 4.98 21.56 < 2:2e� 16 *** %

# clones siblings (max) -5.30 16.99 < 2:2e� 16 *** &

clone life (# commits) 9.50 4.85 < 2:2e� 16 *** %

ModelDescending

# changes to clone pairs -9.08 24.86 < 2:2e� 16 *** &

complexity of abstract class -18.58 24.63 < 2:2e� 16 *** &

size of cloned code (med) 8.00 23.83 < 2:2e� 16 *** %

similarity -5.18 14.58 < 2:2e� 16 *** &

cyclomatic complexity 3.78 11.94 < 2:2e� 16 *** %

ModelSteady

# of declaration statement (med) -8.54 36.56 < 2:2e� 16 *** &

# abstract classes (med) 4.36 25.61 < 2:2e� 16 *** %

# changes to clone pairs 3.34 18.08 < 2:2e� 16 *** %

# of clones siblings (med) 45.89 6.85 < 2:2e� 16 *** %

# of unique �le -2.70 5.78 < 2:2e� 16 *** &

\Ascending" code cloning pattern analysis

ˆ The decreased involvement of committers in the clone pairs clone geneal-

ogy is associated with a larger cloned code size . As shown in Table 4.6, the

feature number of committers to a clone pairs accounts for the highest (� 2) in the

ModelAscending , suggesting that the fewer is the number of committers changing a

clone pair, the higher is the likelihood of cloned code size increase. This could be ex-

plained by the fact that fewer committers modifying the clone pairs know the code

well and are propagating the changes while maintaining the code clones. When new

committers make changes to existing clones, the probability of applying the changes

to all clones' copies decreases as they might not be aware of its presence, leading

to inconsistent copies, hence a decreased cloned code size. For example, in thePy-

Torch framework, the functionsacc ops max pool2d and acc ops avg pool2d were
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modi�ed consistently through the three commits239b38268b28,0d8a8a2e4129 and

e23827e6d630 by a single committer which resukted in stable clone sizes. In contrast,

the independently modi�ed AdagradOptimizer and AdamOptimizer cloned func-

tions exhibited inconsistent growth due to the involvement of multiple committers.

For instancee, a �rst commit 05542f622231 made by one committer made changes

to AdagradOptimizer only leading to an inconsistent state. Hence, a decrease in

the clone size. Then, another commit by another committer812bc1dde632 propa-

gated the change to the second optimizer, which led a consistent state again.In

addition, we highlight that the positive correlation (in the same model)

between clone pairs' longevity (i.e., clone life in terms of the number

of commits and the increased cloned code size) suggests that the clone

pairs are either changed consistently or not modi�ed .

ˆ Code clones size tends to increase when abstract classes exhibit higher

complexity . Cloned code size positively correlates to the complexity of the cloned

code in abstract classes. It is the second most explanatory factor inModelAscending .

The rationale is likely rooted in the observation that code cloning often occurs

under conditions of higher code complexity within a class. When a class is more

complex, it may contain a greater number of methods, variables, or functionalities.

In such intricate classes, developers might encounter challenges related to code

reuse or modularization. As a result, they may resort to code cloning as a quick

solution. This also aligned with the fact that the increased cloned code size is

positively correlated with a larger cloned code size as it is the third most signi�cant

explanatory factor, as shown in Table 4.6.

\Descending" code cloning pattern analysis

ˆ Code clones pairs in \Descending" cloned code size pattern exhibit fewer

28https://github.com/pytorch/pytorch/commit/239b38268b
29https://github.com/pytorch/pytorch/commit/0d8a8a2e41
30https://github.com/pytorch/pytorch/commit/e23827e6d6
31https://github.com/pytorch/pytorch/commit/05542f6222
32https://github.com/pytorch/pytorch/commit/812bc1dde6
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changes. The ModelDescending indicates a signi�cant association between the num-

ber of changes to clone pairs and the cloned code size. When fewer modi�cations

are made to existing pairs of code clones, it suggests that these segments of code re-

main relatively stable over time. This stability implies that developers are refrained

from making substantial alterations or additions to the existing code clones.

ˆ Reduced complexity in abstract classes is associated with less reliance on

code cloning . As depicted in Table 4.6, a reverse association exists between the

complexity of the abstract class where the code clone is originated and the cloned

code size. This �nding aligns with the results obtained inModelAscending where

an increased complexity is associated with the increased cloned code size. This

suggests developers probably need to engage in less copying and pasting of code

when dealing with simpli�ed code structures in abstract classes.

\Steady" code cloning pattern analysis

ˆ Code optimization strategies, such as reducing the number of declara-

tion statements and incorporating modular structures, are signi�cantly

linked to cloned code size in \Steady" cloned code patterns . Table 4.6

shows an inverse association between the number of declaration statements and the

stable cloned code size inModelSteady . A lower count of declaration statements

within code clones suggests a more concise and modular structure, indicating a po-

tential e�ective maintenance strategy where similar functionalities across the code

base share the same set of globally declared variables. This �nding aligns with

the relevance observed in the descending code clone pattern analysis, where an in-

creased number of abstract classes, i.e., the second most signi�cant factor, is also

associated with stable cloned code sizes. Smaller and modular code segments are

commonly linked to better maintainability and ease of understanding, highlighting

the signi�cance of cohesive code structuring practices.
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Summary of RQ4.2]

Within-release code cloning patterns impact the long-term code cloning trends.

For instance, long-term descending trends, i.e., \Decreasing" and \Rise and Fall,"

in addition to \Stable" trends, consistently exhibit \Steady" within-release pat-

terns. Within-release patterns also exhibit distinct characteristics. Our results

demonstrate that \Ascending" code cloning pattern is associated with decreased

committer involvement in clone pairs and increased cloned code size, suggesting

that fewer committers may lead to a higher likelihood of cloned code size increase.

In the \Descending" pattern, clone pairs with reduced cloned code size exhibit

fewer changes, indicating stability over time, and simpli�ed code structures in ab-

stract classes are associated with less reliance on code cloning. Lastly, the\Steady"

pattern links code optimization and smaller declaration statements count to sta-

ble cloned code sizes, emphasizing the signi�cance of cohesive code structuring

practices. Our work shows the characteristics of the within-release clone evolution,

which helps developers prioritize their actions based on their within-release pattern.

4.3.3 RQ4.3: How do code clones manifest and evolve across di�erent DL

frameworks?

Motivation. Di�erent DL frameworks support distinct features and adopt di�erent

design philosophies. For example, whileJax focuses on high-performance numerical com-

puting, PyTorch is known for its dynamic computation graph. However, some DL frame-

works share common functionalities. For example,TensorFlow, PyTorch, and MXNet

exhibit overlapping functionalities, such as in neural network de�nition and training.

The convergence of functionalities among these frameworks can result in comparable

code patterns for similar tasks, potentially leading to code clones, as developers may em-

ploy similar constructs and operations. In this RQ, we conduct a cross-framework clone

detection to identify and analyze similarities in code across di�erent DL frameworks, and

we track the evolution of the cloned functionalities. This is crucial for understanding

how common functionalities of code clones manifest in DL, aiding in the development of
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standardized practices and fostering collaborative initiatives within the DL community.

Approach . The investigation process of cross-framework code clones involves the

following steps:

Step 1: Building quarterly snapshots and detecting cross-framework code

clones. In this step, we organize the commits of each DL framework into quarterly groups

and select snapshots corresponding to the latest commit in each group for analysis. We

choose the quarterly interval as it provides a �ne-grained analysis of the cross-framework

clone evolution. Then, we run the clone detection on the snapshots of the frameworks

corresponding to the selected commits. As explained in section 4.2.2, we use SourcererCC

to detect the cross-framework clones every quarter, generating a comprehensive list of

cross-framework clone �le pairs for every quarter.

Step 2: Constructing the time series for the evolution of cross-framework

clones. Following the cross-framework clone detection, we construct a time series for the

quarterly evolution of cross-framework clones. This time series consists of data points rep-

resenting the count of cross-framework clone �les on speci�c dates. It spans 28 quarters,

o�ering a dynamic record of how cross-framework clones evolve across DL frameworks

over time.

Step 3: Investigating cross-framework �le-level clone pairs manually. To

provide deeper insights into the evolution of cross-framework clones in DL frameworks,

we conduct a manual analysis. In particular, we manually investigate the identi�ed cross-

framework �le-level clone pairs for each snapshot. First, we examine for each �le clone

the repository location, such as the path or module (i.e., logical unit of code within the

software framework), to identify the context in which the clones exist. Secondly, for every

�le pair, we check the source codeto identify the functionality of these �les. Lastly, we

track the code-changing activitiesrelated to these clone �les to better understand how

they evolve over time and the reason they cease to be clones.

Results. DL frameworks present two main categories of cross-framework

�le-level code clones: the functional code clones and the architectural adap-

tation clones . Functional code clonesinclude the clones where speci�c �les, pertaining
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Figure 4.7: Example of a functional code clone instance from TensorFlow to Ray.

to distinct functionalities, are replicated or adapted within a DL framework. Figure 4.7

illustrates an example33 of the clone belonging to this category where some code was

adapted from a TensorFlow tutorial for training CNNs on the MNIST dataset to be in-

cluded in the Ray framework. Architectural adaptation clonesrepresent the adaptation

and integration of an entire module from one DL framework into another resulting in an

architectural adaptation between frameworks. For example, we notice that the increase

in clones in March 2018 was due to the integration of theKeras module into TensorFlow.

In particular, the layer and applications modules of Keras were integrated into Tensor-

Flow as exact duplication. We also observe that even though both categories of clones

are present in DL frameworks, thearchitectural adaptation clonesrepresent the larger

category among all �le cross clones in DL frameworks.

Functional code clones in DL frameworks belong to seven main categories

33https://github.com/ray-project/ray/blob/6e06a9e338e1045fa0ba73b366bb78a2c7f0fef8
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Communication Interface, Distributed Training in TensorFlow, Python Ob-

ject Serialization, E�ciency in Python code, Version Control, Deep Learn-

ing Architectures, and Probability and Statistics . We describe below each of

the categories, and we include in Table 4.7 the distribution of the �le clone pairs across

the seven categories with the functionalities of the existing clones and the range of the

lifetime of the �le clone pairs.

ˆ Communication Interface: Clones related to how DL frameworks handle data

exchange or interaction, such as the protocol bu�ers (protobuf) messages and ser-

vices for communication with aBentoML repository34.

ˆ Distributed Training in TensorFlow: Clones associated with distributed train-

ing in the TensorFlow DL framework, such as the gradient reduction (all-reduce)

in distributed training using TensorFlow35.

ˆ Python Object Serialization: Clones related to the serialization of Python ob-

jects such as CloudPickle serialization36.

ˆ E�ciency in Python code: Clones related to enhancing e�ciency in Python

code, such as the LazyLoader class37.

ˆ Version Control: Clones pertaining to version control mechanisms, to manage

and track changes in code versions such as Versioneer38.

ˆ Deep Learning Architectures: Clones related to deep learning architectures,

suggesting shared design patterns and functionalities, such as Convolutional Neural

Networks (CNN)39.

ˆ Probability and Statistics: Clones related to probability and statistics, revealing

34https://github.com/bentoml/BentoML/blob/22f1e42084/bentoml/yatai/proto/repository pb2.py
35https://github.com/keras-team/keras/blob/967817c22/keras/distribute/collective all reduce strategy test.py
36https://github.com/bentoml/BentoML/blob/4d201c4cd9/bentoml/utils/cloudpickle.py
37https://github.com/tensor
ow/tensor
ow/blob/ab4762acba/tensor
ow/python/util/lazy loader.py
38https://github.com/aesara-devs/aesara/blob/e92e5e309a/versioneer.py
39https://github.com/keras-team/keras/blob/967817c226/keras/applications/resnet v2.py
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common approaches in implementing statistical concepts, such as normal distribu-

tion40.

As we notice,Probability and Statisticsand Deep Learning Architecturesrepresent the

top two common categories constituting approximately 70% of the �le clone pairs. This

insight suggests an overlap in speci�c functionalities and design patterns across di�erent

DL frameworks, emphasizing commonalities in the implementation of key features such as

Convolutional Neural Network (CNN) and Residual Network for theDeep Learning Ar-

chitectures category and Normal Distribution for the Probability and Statisticscategory.

We also notice that the identi�ed DL framework pairs associated with each category re-

veal cross-framework code cloning instances, and 8 out of the nine studied DL frameworks

present at least one cross-framework �le-level clone.

The computed lifetimes of cross-framework �le-level pairs vary across cate-

gories, ranging from 0 to 8 quarters, i.e., three-month period within a calendar

year. We compute the lifetimes of cross-framework �le-level clone pairs to re
ect how

long a particular clone pair persists within a speci�c functional category over time. As

shown in Table 4.7, some categories, such asCommunication Interface, experience short-

lived cloning instances lasting less than a quarter, while other categories, such asVersion

Control and Probability and Statisticspersist over a more extended period between 5 and

8 quarters. This variation suggests that code within di�erent functional categories evolves

at di�erent rates. Some categories, such asVersion Control and Probability and Statis-

tics, may involve functionalities with more stable and fundamental design patterns less

prone to frequent changes, resulting in longer lifetimes. On the other hand, categories

like Communication Interface may experience frequent updates or changes, leading to

shorter lifetimes. These insights highlight areas where stability or adaptability is crucial

when managing and maintaining code reuse.

40https://github.com/tensor
ow/tensor
ow/blob/38df5d8ef4/tensor
ow/python/ops/distributions/special math.py
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Table 4.7: The distribution of clone pairs across framework functional code clones.

Functional code clone

categories

# of

pairs

lifetime range

# of �le clone pairs

DL framework

pairs

Communication Interface 1 0 quarter ( BentoML , Paddle)

Distributed Training in TensorFlow 1 2 quarters ( Ray, TensorFlow )

Python Object Serialization 1 1 quarter ( Aesara, BentoML )

E�ciency in Python 2 3 to 4 quarters ( BentoML , TensorFlow ), ( Paddle, PyTorch )

Version Control 2 8 quarters ( Ray, BentoML )

Deep Learning Architectures 5 0 to 2 quarters ( Ray, TensorFlow ), ( Ray, PyTorch )

Probability and Statistics 8 5 quarters ( JAX , TensorFlow ), ( MXNet , PyTorch )

Total 20

Functional code clones across DL frameworks undergo a gradual disappear-

ance, attributed to functionality evolution, code divergence, function depreca-

tion and framework restructuring. Over time, code functionality evolves and leads

to a divergence from the initial commonality. For instance, an initial commonality, such

as a normal distribution, may undergo changes, as observed inJax, where the �le evolves

to encompass additional functionalities like special functions, such as the gamma func-

tion, leading to a disappearance of the code clone across frameworks. Code divergence is

another reason often resulting from adopting third-party libraries. For example, Tensor-

Flow's shift to a new third-party library for object serialization in Python diverges from

the code used inBentoML, which continues to use Cloudpickle. Additionally, function

deprecation also leads to the decline of functional clones as frameworks undergo updates

and discontinue speci�c functionalities. Furthermore, framework restructuring and the

creation of new separate modules lead to the removal of certain functionalities. For exam-

ple, the removal of Residual Network (ResNet) implementation to a standalone module

outside ofPyTorch led to the disappearance of clones betweenPyTorch and Ray.

Architectural adaptation clones between Keras and TensorFlow are per-

formed gradually over multiple releases. TensorFlow and Keras are the only two

DL frameworks among the studied ones that presentarchitectural adaptation clones.

The evolution of cloned �les between these two frameworks suggests a dynamic and

evolving integration process with periods of stability, optimization, and signi�cant up-

dates. For instance, between March 2018 and December 2019, we observe a relatively
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stable number of �le clone pairs, ranging from 73 to 42 pairs. This suggests an ongo-

ing integration process whereTensorFlow and Keras modules are aligning and adapt-

ing. For instance, in releaseTensorFlow v1.13.141, a new functionality analogous to

\tf.register tensor conversionfunction" was added. Then, through the module adapta-

tion process, these two frameworks present a decrease in the cloned �le that is due to

signi�cant refactoring e�orts within the Keras library, such as the exclusion of the two

modules \applications" and \preprocessing" from Keras as described in the releaseKeras

2.2.042 notes. At a later stage,TensorFlow and Keras present a very small number of

clones (i.e., between 0 and 5 pairs). The decrease in cloned code �le pairs is attributed

to optimization e�orts within TensorFlow focusing on re�ning and optimizing the pre-

viously integrated Keras code while the development is discontinued inKeras, marking

the full transition to the TensorFlow codebase.

Summary of RQ4.3

DL frameworks presentfunctional and architectural adaptation code clones.Func-

tional code clonesin DL frameworks span seven categories and gradually disappear

due to functionality evolution, code divergence, function deprecation, and frame-

work restructuring. The most frequent categories,Probability and Statistics and

DL Architectures, suggest commonalities in key features across di�erent DL frame-

works. This implies opportunities for collaboration, code reuse, and understanding

best practices in DL framework development. Architectural adaptation clones rep-

resent the integration of one framework module into another, such as the integration

of Keras into TensorFlow.

4.4 Implications

In this section, we discuss the possible implications of our �ndings that could be useful

to practitioners and researchers.

41https://github.com/tensor
ow/tensor
ow/releases/tag/v1.13.1
42https://github.com/keras-team/keras/releases/tag/2.2.0
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Fostering collaboration in clone maintenance. In RQ4.2, our results show that

the number of committers to a clone pair is a signi�cant factor in
uencing cloned code

size increase, as indicated by the highest� 2 in ModelAscending , implies that minimizing

the number of committers involved in modifying a clone pair may contribute to more con-

sistent and well-maintained code clones. This suggests that a smaller team with a better

understanding of the codebase and, more speci�cally, the cloned code is more e�ective

in propagating changes consistently, thus reducing the likelihood of inconsistent copies.

Researchers can leverage these insights to explore strategies for code clone management

and team collaboration. In fact, the observation in RQ4.3 that there exists a consistently

low community size involvement in code clones complements the �ndings of RQ4.2 and

underscores the need to encourage broader community engagement in clone-related activ-

ities. Project maintainers and open-source community leaders should proactively foster

collaboration, knowledge-sharing, and contribution initiatives in clone maintenance. For

example, enhancing the documentation can promote a wider understanding of clone-

related tasks and attract diverse contributors [294], mitigating the reliance on original

authors and enhancing the sustainability and robustness of DL framework development

communities.

Simplifying abstract class complexity . Addressing code complexity in abstract

classes is crucial to mitigating code clone proliferation, as complexity emerges as the

second most explanatory factor inModelAscending and ModelDescending . By emphasizing

code modularization and reuse strategies, developers can potentially reduce the need

for code cloning and enhance overall code maintainability. This insight underscores the

importance of e�cient coding practices and architectural design for DL frameworks to

minimize the challenges associated with class structures. For instance, previous studies

[195, 198] demonstrate that code clones can lead to a lack of good inheritance structure

or abstraction.

Optimizing code maintainability through e�ective maintenance strategies .

As demonstrated inModelStable, the stable cloned code size is associated with e�ective

maintenance strategy in code clones, such as the reduction of the count of declaration
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statements and the promotion of a more concise and modular structure by using ab-

stract classes. Hence, developers should prioritize the creation of smaller, modular code

segments to enhance maintainability and ease of understanding of clone code.

Addressing quality challenges in \thick clones" . In RQ4.1, we observe that

a signi�cant number of bugs, i.e., more than 50% of bugs for each DL framework, are

associated with\thick clones". This observation emphasizes the potential risks posed

by larger and more complex clones, which highlights the importance of thorough code

reviews, testing, and bug tracking in sections of code characterized by high clone thick-

ness. Prioritizing bug detection and resolution in\thick clones" is crucial for maintaining

software quality and reliability.

Standardizing code practices with DL frameworks. The results of RQ4.3

demonstrate that some cross-framework clones are prevalent in speci�c functional codes,

namely Probability and Statistics and Deep Learning Architectures. These results imply

a potential for standardized practices or shared code components in some DL common

functionalities, such as architectural design, o�ering opportunities for collaboration, code

reuse, and a deeper understanding of best practices in DL framework development.

4.5 Threats to Validity

Construct validity relates to a possible error in the data preparation. There is no es-

tablished tool available to identify all existing DL frameworks. In our study, we manually

curate DL frameworks from GitHub which could lead to errors. To address this poten-

tial concern, we conduct cross-validation on our selected frameworks with the most recent

studies [49,113,119,124,139,144,249,285,286] on DL frameworks. Our study stands as one

of the most extensive DL framework comparative investigations to date, encompassing

a substantial number of Python-based DL frameworks, i.e., nine frameworks, in a single

comprehensive analysis, which greatly enhances its contribution to the understanding of

this �eld. Therefore, we assert a strong construct validity.

Another potential threat could be related to the choice of the clone detector in our
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study. We employed NiCad to identify within project code clones within each DL frame-

work snapshot, as it has been a common choice in previous research [124,188]. The choice

of the detection tool might introduce certain biases or limitations. To address this, we

use a popular detection tool, named Nicad, which is evaluated to achieve higher precision

in near-miss clone (i.e., type 3) detection [234,259] when compared to other tools in the

evaluation and comparative study of current clone code detection methods. In addition,

Nicad supports Python language and has been used in recent studies for code detection

in Python [283] and DL related systems [79, 316]. For cross-project clone detection, we

adopt SourcererCC tool as it has been proven to outperform other state-of-the-art tools

in terms of scalability [234]. Additonally, we acknowledge that NiCad's con�guration

settings can in
uence the outcomes of our clone detection process. To address this con-

cern, we tailored the con�guration settings based on the methodologies outlined in prior

studies [124,188], which have demonstrated to achieve high precision and recall rates.

Lastly, we adopt the heuristic introduced by Barbour et al. [189] to investigate the code

clone bug proneness to identify bug-�x commits. This involves utilizing a prede�ned set of

keywords associated with bug �xes. If any of these keywords are found within a commit's

message, it is categorized as a bug-�x commit. This heuristic might lead to inaccurately

classi�ed commits. However, it has been successfully used in multiple previous studies

from the literature [24,124,188,191], and proven to achieve satisfyingly accurate results.

Internal validity relates to the concerns that might come from the internal methods

used in our study. In RQ4.2, we o�er explanations for these observed results related to

practitioner development practices. However, we refrain from asserting causation and

instead provide observations and correlations.

External validity relates to the potential of generalizing our study results. Given

that most DL frameworks are developed in Python, our study primarily concentrates on

frameworks implemented in Python. Consequently, we cannot ensure the broad applica-

bility of our �ndings to frameworks developed in di�erent programming languages, such

as C++ and Java. However, we have made an e�ort to encompass a wide range of DL

frameworks of di�erent sizes and functionalities.
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4.6 Summary

Given the pivotal role of DL frameworks in the rapidly growing �eld of arti�cial intelli-

gence and machine learning, its software quality is crucial for the development of DL-based

applications. Code clone is a common coding practice that can potentially adversely af-

fect software maintainability. We conduct an empirical analysis of nine popular DL

frameworks, including TensorFlow, Paddle, PyTorch, Aesara, Ray, MXNet, Keras, Jax,

and BentoML, to reveal insights into the long-term code clone trend over releases, and

within-release clone patterns, i.e., short-term, and their implications. In addition, we also

conduct a �le-level cross-framework clones analysis to identify the cross-functionalities of

cloned code within the frameworks.

Our results suggest that:

ˆ DL frameworks follow four distinct trends, i.e.,\Serpentine", \Rise and Fall" , \De-

creasing", and \Stable", in the evolution of clones.

ˆ DL frameworks adopt three distinct within-release patterns, i.e.,\Ascending", \De-

scending", and \Steady".

ˆ Short-term code cloning practices impact long-term cloning trends.

ˆ The cross-framework code clone investigation reveals the presence offunctional

and architectural adaptation �le-level cross-framework code clones across the nine

studied frameworks.

We provide a replication package43 for our approach, including the list of DL frame-

works, the genealogy results obtained, and the scripts necessary to reproduce our study.

43https://github.com/mia1q/code-clone-DL-frameworks/
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Chapter 5

Feature Comparison for Competing Mobile Apps

In this chapter, we propose an approach named FeatCompare to automatically mine

and compare high-level feature-based user opinions for competing mobile apps from user

reviews. Section 5.1 provides an introduction and the motivation for our study. Section

5.2 details the design of our work. Section 5.3 reports the results of our experiments.

Section 5.4 discusses the implications of our �ndings. Section 5.5 examines the threats to

validity. Finally, Section 5.6 summarizes the chapter and suggests directions for future

research.

5.1 Introduction

Mobile applications (apps) have become an integral part of our daily activities. To get

an app, users visit a mobile app store, such as the Google Play Store, and search for

an app that ful�lls their needs [156]. After downloading an app, users can post reviews

to express their opinions on the downloaded app. Table 5.1 shows three sample reviews

from two popular weather apps. In this example, two users of the\AccuWeather" app

complain about the low accuracy of the forecast given by the app. In contrast, one user

of the \Weather Live" app praises the accurate forecast of weather provided by the app.

User reviews are crucial for mobile app developers [92, 213] as it has been reported

that mobile users are not likely to download an app with an average rating that is less

than three stars [175]. To maintain a high average rating, developers need to rapidly

implement the requested features and �x the reported bugs mentioned in user reviews
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Table 5.1: User reviews of the\AccuWeather" app and the\Weather Live" app.

App User reviews Rating High-level feature

AccuWeather \ Terrible accuracy .
Keeps telling me it's
snowing. No snow.
Not a 
ake."

Forecast accuracy

AccuWeather \ Inaccurate weather
forecasts . Says its
partly sunny where it
is actually overcast"

Forecast accuracy

Weather Live \ Excellent accu-
racy in forecasting
the weather for my
area"

Forecast accuracy

[213]. The manual process of reading a large number of user reviews can be tedious,

expensive, and error-prone. Hence, in literature, researchers have proposed approaches

to help mobile app developers gain insights from their user reviews by automatically

extracting features mentioned in reviews [92, 94, 115, 131, 245], summarizing [80, 276],

categorizing [173,178,214,274], and prioritizing user reviews [50,83,137].

However, given the highly competitive nature of the mobile app market, analyzing

the reviews of a speci�c app is not enough for developers of the app to succeed. El

Zarif et al. [76] �nd that user complaints can lead to user churn, which means users can

switch to start using the competitors' products. Developers need to expand their focus

beyond their own apps and understand how users perceive their apps with respect to

their competitors' apps [10, 208, 236, 274] via a competitor analysis [246]. Conducting

user-based competitor analysis support developers in eliciting requirements requested by

users [236,274], planning the app releases [208] and performing apps enhancements [10].

Competitor analysis can be conducted in many ways and for di�erent purposes. In this

work, inspired by the existing user review analysis approaches, we speci�cally explore

the opportunity of supporting mobile app competitor analysis via automatically mining

useful information from reviews of closely related apps (i.e., a group ofcompeting apps).

Studies show that reading about app features in the app description section does not

provide any information about the quality of the features and how it is perceived by
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users [89,170]. Therefore, researchers show interest in techniques that provide developers

with suggestions (e.g., bug �xes and feature requests) extracted from user reviews for

future app releases [10,274].

Nayebi et al. [207] suggest that accommodating user opinions is crucial for planning

the future releases of the apps in the competitive market. Through the feature-level

comparison, developers can focus on either improving the most frequently mentioned low

rate features (i.e., requests and complaints) [207] or on enhancing features that are less

rated (i.e., most negative as compared to the same feature rating of competitor app. For

example, for the \Forecast accuracy" high-level features of the \Weather" app shown in

Table 5.1, the developer can know how many users report negative opinions about this

particular feature and compare it to the same feature rating across competitors along

with the number of satis�ed users.

Few prior studies [60,151,243,246] have shed light on the potential of extracting useful

information, i.e, user opinions (sentiment and rating) associated with speci�c appfea-

tures, for app comparisons. These app features are �ne-grained, and explicitly mentioned

in reviews via word pairs such as \photo edition" and \ upload video". However, com-

paring competing apps on �ne-grained features can be challenging and time-consuming

as the number of extracted �ne-grained features can reach up to hundreds or even thou-

sands per competing group [60, 244]. Instead of mining the �ne-grained features, which

describe the details of an app feature, we propose to mine and compare user opinions on

high-level featuresfrom reviews of competing apps. High-level features refer to the main

functionalities (e.g., video streaming or daily forecast) and the main characteristics (e.g.,

UI appearance and stability) of an app. One can regard high-level features as semantic

clusters of �ne-grained features. For instance, the reviews shown in Table 5.1 mention

multiple �ne-grained features speci�ed by phrases\Terrible accuracy" , \Inaccurate Fore-

cast", and \Excellent accuracy". The three �ne-grained features can be grouped into

one high-level feature, i.e,\Forecast accuracy", indicating the common concern from all

sample reviews. By identifying all high-level features from reviews of competing apps,

developers can summarize users' attitude on forecast accuracy among all competing apps.



5.2. STUDY DESIGN 114

We proposeFeatCompare , an approach that facilitates the analysis of high-level fea-

tures across competing apps. To evaluate the e�ectiveness of our approach, we collected

14,043,999 reviews from 196 popular Android apps. The studied 196 apps are distributed

across 20 functionality-similar groups, e.g., weather apps, music player apps, etc. Our

experimental results show that GLFE achieves an average precision of 81% and an aver-

age recall of 75%, and outperforms ABAE by 14.7%, on 480 randomly selected reviews

from �ve competing app groups. We then conduct a case study on opinions summarized

from the studied 196 competing apps. We observe that using FeatCompare to analyzing

the reviews of an app, within the context of its competitors, can help app developers

spot the potential opportunities for improving their app. A user study involving 107

developers is conducted, and the results show that our FeatCompare approach is useful

for app developers to perform competitor analysis.

5.2 Study Design

Figure 5.1: FeatCompare three main components.

In this section, we introduce the design of FeatCompare, a neural network-based

approach that can identify high-level features and summarize corresponding user opinions

for competing mobile apps from app reviews. Notably, FeatCompare is an unsupervised

machine learning approach, which means it does not require any manual labeled reviews in

training. The only human e�ort needed in FeatCompare is determining hyper-parameter

value and feature names.



5.2. STUDY DESIGN 115

As shown in Figure 5.1, FeatCompare contains three components: 1) adata preproces-

sor component that takes as input reviews from multiple competing groups and removes

non-informative reviews using AR-Miner [50], 2) an unsupervised neural network-based

feature extractor component, namedGlobal-Local sensitiveFeature Extractor (GLFE),

that extracts high-level features from preprocessed user reviews, and 3) areview aggrega-

tor component that aggregates ratings for each feature and generates a comparison table

summarizing feature-based user opinions for competing apps. GLFE extends a state-

of-the-art high-level feature extraction model named Attention-based Aspect Extraction

(ABAE) [98] by proposing a threshold mechanism that can identifyglobal features(e.g.,

general software engineering features shared across multiple app groups) andlocal features

(e.g., features shared among a speci�c group of competing apps) discussed in reviews. We

elaborate below on each component and on the data collection.

5.2.1 Attention-Based Aspect Extraction (ABAE)

Our work adopts and augments advanced neural network techniques. In this section, we

introduce ABAE, the neural network model that we adapt in our approach.

ABAE is one of the state-of-the-art unsupervised neural attention models proposed

by He et al. [98] for extracting high-level features (i.e., \aspect" in their paper) from

product/service reviews. Prior to ABAE, topic models such as Latent Dirichlet Allocation

(LDA) and its variants have been widely applied to user reviews such as Amazon product

reviews or Yelp restaurant reviews to extract high-level features [201, 324]. However,

researchers �nd that while LDA can describe high-level features in text corpus fairly well,

the mined individual features are of poor quality with unrelated or loosely-related words,

which often leads to low accuracy in identifying high-level feature of a speci�c review [98].

ABAE is then proposed and has been shown to outperform LDA-based approaches. The

main idea of ABAE is to learn the semantic meaning of high-level features, reviews, and

words as vectors (i.e., embeddings) so that �ne-grained features explicitly expressed in

reviews can be mapped to their corresponding high-level features.

Figure 5.2 shows an example of the ABAE architecture using a mobile app review.
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Figure 5.2 An example of ABAE architecture. In the above sample, the size of word embedding is 5,
the number of high-level features is 3.

At high-level, ABAE is an autoencoder [275] that can learn the embeddings of reviews

and high-level features automatically using only reviews (e.g., \excellent accuracy in

forecasting the weather for my area"). ABAE requires three input elements: 1) a matrix

representing pre-trained embeddings of words, 2) an integer representing the number

of high-level features expected to be learned, and 3) a set of reviews. The output of

ABAE includes embeddings of reviews and high-level features, probabilities of each review

belonging to each of the high-level features.

Given the list of words in a review as input, two steps are performed as shown in

Figure 5.2. ABAE �rst deemphasizes words that are not relevant to high-level features,

such as \the", \ for ", \ my" in the example review using an attention mechanism, and

constructs a word-based review embeddingzr . Next, ABAE reconstructs the review em-

bedding (t r ) as a linear combination of high-level feature embeddings. All the parameters

in ABAE are learned by minimizing the reconstruction loss of the word-based review em-

bedding zr and the feature-based review embeddingt r , aiming to preserve most of the

information of the feature-related words (e.g., \excellent" and \ accuracy") in the embed-

ded high-level features (e.g., \accurate forecast" 1). Next, we introduce the two steps of

1Note that all high-level features are hidden, meaning they are represented using embeddings. The
semantic meaning of a high-level feature can be identi�ed by searching the most representative words,
the embeddings of which are close to the embedding of the high-level feature.
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ABAE in detail.

The �rst step in ABAE computes the embeddingzr 2 Rd of a reviewr that contains

n words w1; w2; : : : ; wn :

zr =
nX

i =1

ai ewi (5.1)

whereewi refers to the word embeddinge of sized for word wi in review r . The word em-

beddings are initialized by applying word2vec [182] over a collection of reviews. word2vec

is an unsupervised algorithm that learns meaningful embeddings of words from a text

corpus. The weightai is conditioned on the embedding of the wordew i as well as the

global context of the review:

ai = sof tmax (eT
w i � M � yr ) (5.2)

yr =
nX

i =1

ew i (5.3)

whereyr is the uniformly-weighted bag-of-words embedding of the review, andM 2 Rd� d

is a learned attention model. This attention layer is designed to reduce the signi�cance

of the words that are not relevant to any high-level features, and focus more on the more

high-level feature related words.

The second step computes the high-level feature-based review representationt r 2 Rd

in terms of a high-level feature embedding matrixT 2 RK � d, whereK is the number of

high-level features:

pt = sof tmax (W � zr + b) (5.4)

t r = TT � pt (5.5)

wherept 2 RK is the weight vector overK feature embeddings, andW 2 RK � d, b2 RK

are the parameters of a multi-class logistic regression model.
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The parameters in ABAE are trained to minimize the reconstruction error, i.e., the

cosine distance betweent r and zr . Representative words of a high-level feature can be

found by ranking all words based on the cosine similarity between the word embedding and

feature embedding. To assign a high-level feature to each review, the learned parameter

pt is used to pick the high-level feature that is of the highest weight.

5.2.2 Data preprocessor

User reviews can be non-informative (i.e., do not contain useful information), such as\I

will give one star". Thus the �rst step in FeatCompare is to �lter out non-informative

user reviews and keep only the reviews that contain valuable information. First, we

�lter out reviews without any text. Next, we feed the �ltered user reviews of all apps

to AR-Miner [50]. We leverage AR-Miner as it is a commonly used approach to �lter

non-informative reviews [210, 214]. The de�nition of informative and non-informative

reviews in our work aligns with the de�nition used by AR-Miner's authors. We consider

a user review as informative if the review carries potential helpful information that can

be leveraged by the developers to enhance the quality of the app or improve the app's

usability. For example, \Pro version still needs an ad free version" and \It does not give

location" are informative user reviews that bring insight into feature requests or functional


aws. Non-informative reviews such as \This app is pointless" and \I don't like this app,

I will give only 3 stars" provide no constructive information for app developers to guide

them on how to improve the quality of the app.

AR-Miner classi�es reviews into informative reviews and non-informative reviews. We

consider only the subset of informative user reviews in the following steps of our approach.

Finally, the length of the review content (i.e., the review title and the review description)

can impact the usefulness of the user reviews [140,272]. Shorter reviews are less likely to

be meaningful. Among the subset of three million informative reviews, 191,417 reviews,

e.g., 5%, are two words in length or less. We manually check a statistical representative

random sample, ie., 96 user reviews, with a con�dence level of 95% and a con�dence

interval of 10% of the up to two words user reviews. We �nd that 87% of the reviews
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with less than three words in length, i.e., \useless app", \hate this", \rarely works", and

\nothing worked", are non-informative. Therefore, we follow previous work [42,150] and

�lter out reviews that contain less than three words in the content.

5.2.3 Global-Local sensitive feature extractor

GLFE is the main component of FeatCompare that elicits high-level features from user

reviews. As shown in Figure 5.1, GLFE contains three steps: identifying global high-

level features based on all collected app reviews across multiple groups, identifying local

high-level features based on only reviews of selected competing apps, and assigning one

high-level feature for each review of the selected apps.

Identifying Global and Local Features. We observe that in mobile app reviews,

users might choose to comment on either group-speci�c features, such as \accurate fore-

cast" for weather apps, or general features that are common among apps of all categories,

such as \device compatibility issues" and \ performance issues". To utilize this unique

characteristic of mobile app reviews, we introduce the concepts of local and global high-

level features and extract these two types of features simultaneously.Global high-level

featuresare general features not related to any speci�c app domain but rather represent-

ing software engineering features shared among all types of mobile apps.Local high-level

features are speci�c features shared among the selected competing apps within a partic-

ular group.

GLFE contains two cycles, i.e., a global cycle for learning global high-level features

and a local cycle for learning local high-level features (ref. Figure 5.1). Both cycles follow

the design of ABAE but with separately learned word embeddings. Several embedding

methods have been used in sentiment analysis research to construct vector representations

of words.

The local cycle in GLFE takes informative user reviews of selected competing apps

as input. Next, the reviews are �ltered following standard text normalization steps,

including tokenization, removing non-English words, and stop words (i.e., frequent but

meaningless English words), and lemmatization. As introduced in Section 5.2.1, ABAE
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requires three inputs (1) an initial lookup table that contains word embeddings, (2) a set

of target sentences to extract features, and (3) a parameter determining the number of

learned high-level features. In the local cycle, local high-level features are extracted by

applying ABAE on reviews only from competing apps in one speci�c group. The word

embeddings are learned from the same set of reviews via word2vec. Following the paper

proposing ABAE [98], we use a heuristic approach to determine the value of the number

of features based on our observations on the quality (higher feature coherence and a lower

degree of overlapping) of learned features. After running ABAE, the local cycle of GLFE

assigns a local high-level feature to each review in the selected group.

In parallel and independently, the global cycle of GLFE utilizes an ABAE model to

extract high-level global features from reviews of apps in the selected group. Unlike the

local cycle, the word embedding used as input for ABAE in the global cycle is learned from

all the 3,439,819 informative reviews of apps across multiple groups. We use 3,439,819

user reviews to generate global embedding. Our intuition is that word embeddings learned

from various groups can better capture the semantics of words that are relevant to general

features because these words appear relatively more often than domain-speci�c words (i.e.,

words describing unique features in a speci�c type of apps) in the reviews of di�erent apps.

Like the local cycle, we use manual observation to determine the best number of high-level

features associated with each selected set of similar apps.

After running the local and global cycles, for each word appearing in the reviews of

selected similar apps, GLFE learns a global word embedding representing the meaning

of the word in the context of all app reviews and a local word embedding representing

the meaning of the word in the context of selected apps. Meanwhile, two sets of high-

level features and their associated most representative words are also learned. Note that,

ABAE does not output a feature name for each learned high-level feature. Following

He et al. [98], two annotators manually label the features based on the representative

keywords using open coding [235, 239]. The annotators then discuss the con
icts in a

consensus meeting where they resolved one by one the disagreements and determine the

�nal feature names.
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The design of global feature and local feature learning in GLFE poses a unique chal-

lenge for determining the �nal high-level feature of each review, i.e., each review now is

assigned two high-level features, one from each cycle. We explain in the next subsection

how GLFE solves this challenge.

Global-Local Feature Selection. We propose a metric, namedmean-norm-t�df ,

to approximate the likelihood of a review being assigned to its local high-level feature,

i.e., reviews with high mean-norm-t�df select the features learned from the local cycle of

GLFE. mean-norm-t�df is the average of values in the L2 normalized tf-idf [223] vector

representation of a review. We formally de�ne the notion of mean-norm-t�df as follows.

Given a reviewr i containing n unique wordsw1; w2; : : : ; wn and a review corpusC, the

mean-norm-t�df of the review r i is de�ned as:

mean-norm-tf idf r i ;C =
1
n

nX

k=1

norm(f wk ;r i � log
M

jd 2 C : wk 2 dj
) (5.6)

where f wk ;r i refers to the number of times the wordwk appears in reviewr i , i.e., the

term frequency ofwk . M is the total number of reviews inC, jd 2 C : wk 2 dj refers to

the number of reviews inC that contain word wk . log M
jd2 C:wk 2 dj is the inverse document

frequency of wordwk . norm is a function2 that normalizes a value to the range of 0 to 1.

Note that the corpus C refers to all informative reviews of apps across multiple groups,

not just the reviews of the selected competing apps.

The main design concerns behind the mean-norm-t�df metric are two folds. First,

the metric should be positively related to the inverse document frequency of words in

the review because domain-speci�c words that do not frequently appear in a variety of

app groups have a larger inverse document frequency. If a review contains many domain-

speci�c words, then the review is highly likely to discuss a local high-level feature. On

the other hand, if a review contains many words with low inverse document frequency,

such as \ads" and \ crash" that frequently appear in reviews of apps across all groups,

the review is highly likely to discuss a global high-level feature. Secondly, words that

occur many times in the review should be assigned a higher weight as they often present

2We normalize document vectors to unit Euclidean length.
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the main concern in a review.

However, calculating a mean-normed-t�df score for each review is not su�cient. We

need a threshold value to determine if the local/global feature should be selected. For

instance, if we set a threshold at 0.5, then every review with a mean-norm-t�df value

larger than 0.5 is assigned to its local high-level feature, or its global high-level features,

otherwise. To simplify the process, we rank all reviews in the selected competing apps in

ascending order based on their mean-norm-t�df scores and pick the 25th percentile (lower

quartile), the 50th percentile (median), and the 75th percentile (higher quartile) as the

three considered thresholds. In practice, stakeholders could tune this hyper-parameter

using few groups of competing apps.

5.2.4 Rating Aggregator

As the �nal component of FeatCompare, the rating aggregator takes as input the informa-

tive reviews extracted from the selected competing apps with their extracted high-level

features by GLFE and outputs a comparative table.

We de�ne two main metrics of the rating aggregator: theFeature A verageRating

(FAR) and the Competitive FeatureA verageRating (CFAR). FAR represents the mean

of star ratings of one speci�c feature of an app. CFAR represents the mean score of one

feature across all the apps of the same group. Formally, given the set ofw competing

appsA = f a1; a2; :::; awg, and their p user reviewsR = f r1; r2; :::; rpg that are relevant to

a set ofn high-level featuresF = f f 1; f 2; :::; f ng, the rating aggregator �rst calculates a

feature average ratingFAR of a speci�c featuref j in relation to app ai as follows:

FAR ai ;f j =
P m

k=1 rating (r k)
m

(5.7)

where r k refers to any review of the appai that is assigned to the high-level featuref j .

m is the total number of reviews of the appsai that are assigned tof j . rating (r k) refers

to the user rating associated with the reviewr k .

FeatCompare also calculates a competitive feature ratingCFAR of a speci�c feature

f j amongw competing apps as follows.
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CFAR f j =

P w
i =1 FAR ai ;f j

w
(5.8)

CFAR represents how the overall user-base (R) belonging to a group of competing

apps (A) perceives a speci�c featuref j . If the FAR value of an appai is higher than CFAR,

this means, on average, appai receives more positive feedback than its competitor's apps

on featuref j .

In the resultant comparative table, FeatCompare provides the following information:

1. Name of each considered high-level feature.

2. Feature Average Rating (FAR) of each considered feature in each selected app.

3. Total number of reviews within each app that are relevant to each considered fea-

ture.

4. Distribution of ratings on the relevant reviews to each considered feature.

5. Competitive Feature Average Rating (CFAR) for each considered high-level feature.

5.2.5 Data collection

Identifying Groups of Competing Apps. To begin with, we select the top 2,000

free-to-download popular apps from the Google Play Store as the candidate target apps.

The popularity of the apps is decided based on the App Annie report [15]. We then

collect all general information available on the Google Play Store, including the number

of reviews and the app description for the 2,000 popular apps using a web crawler [9]. Our

study mainly focuses on the most popular apps as these apps contain rich review data

that facilitate our analysis of user reviews. Moreover, developers may wish to compare

their apps to the most successful apps in the market.

From the 2,000 popular apps, we identifygroups of competing apps(i.e., apps sharing

similar functionalities and business domains) by applying the following steps. First, we

identify a set of keywords that represent a main app feature to form 20 di�erent apps

groups in total. The selected 29 keywords (i.e., main functionality of the app) were
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chosen to identify groups of similar apps. The �rst two authors have attentively chosen

the keywords to cover multiple Google apps categories, so a speci�c app category does

not bias our study. Hence, we covered 17 Google categories. For example, we use the

keywords\*weather*" and \*browser*" to represent the weather forecast apps and the

browser apps, respectively. Next, for each of the considered main app features illustrated

in Table 6.1, we search apps with the corresponding keywords mentioned in their names

or descriptions using the collected information from the 2,000 popular apps. We then

rank the matched apps by their review numbers. From the top of the ranked list, the

�rst two authors manually read the name and the description of each encountered app to

verify whether the app indeed contains the corresponding main feature. For each main

app feature, we �lter out apps that do not contain the feature and stop checking until we

collect ten apps. We choose ten apps for each group, so that our analysis is not biased

towards any particular app group. Besides, intuitively, we do not expect each app to have

a very large (e.g., 50) number of competing apps, implying that an app can be replaced

by as many as 50 other apps that are in the top 2,000 popular apps in the whole market.

Table 5.2: Statistics of 20 competing apps groups.

App group Google category Used keywords # of
apps

# of
reviews

Taxi and rideshare Maps and navigation *taxi*, *rideshare*, *share-ride* 9 337,009
Navigation Travel and local *navigation*, *gps*, *map* 10 328,719
Security Tools *virus*, *malware*, *security* 10 312,758
Browser Communication *browser* 10 292,103
Free call Communication *free call* 10 291,034
News News and magazines *news* 10 283,711
Weather Weather *weather* 10 276,941
SMS Communication *sms* 10 264,926
Dating Dating *dating* 10 200,236
Wallpaper Personalization *wallpaper* 10 183,405
Notes Productivity *notes*, *notepad* 8 133,665
Video editor Video player and editor *video editor* 10 126,357
Hotel booking Travel and local *hotels* 10 69,699
Bible Books and reference *bible* 10 64,417
Mobile banking Finance *mobile banking* 10 64,371
Music player Music and audio *music player* 10 60,685
Sports news Sport *sports news* 10 57,582
Cooking recipe Food and drink *recipe*, *cooking* 10 41,154
Pregnancy Health and �tness *pregnancy* 9 29,816
Coloring Creativity *coloring* 10 21,231

Total 196 3,439,819
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To validate that the selected candidate apps for each main feature are closely related,

the �rst two authors independently read the page of every selected app in the Google Play

Store and check if the other nine apps in the same group appear in the \similar " app list

recommended by the store. In the end, we �nd that all the candidate apps satisfy the

above requirement. Table 6.1 summarizes the basic statistics of the 20 selected competing

app groups along with their categories at the Google Play Store. Some groups, i.e, \Taxi

and ride share", \ Notes", \ Pregnancy", have less than ten apps because there are less

than ten apps match with our searched keywords. Expanding the search to consider

more than 2,000 popular apps from App Annie, might lead to �nd ten competing apps

for the aforementioned categories. However, we believe that di�erent categories can have

a di�erent number of competitors. Since we have covered a su�cient number of groups

(e.g., 20 apps domain) and each group contains enough competing apps (e.g., 8, 9 and

10), we only consider the top 2,000 popular apps.

We follow the above practice as a proof of concept. Nevertheless, we expect that

even the developers of an app may have di�erent sets of competing apps formed based

on di�erent goals. For instance, developers can choose to compare their apps with the

similar paid apps or freemium apps.

User Reviews Collection. For each selected app, besides the general information, we

collect its user reviews over 3.5 years, starting from April 2016 until January 2019. In

total, we collect 14,043,999 user reviews. For each review, we record the title of the user

review, the detailed comment text, user rating, and the post date of the review. Table 5.3

summarizes the basic statistics of the collected reviews.

Table 5.3: Dataset Statistics.

Number of studies apps 196
Number of initial user reviews 14,043,999
Number of non-empty text user reviews 13,847,602
Number of informative user reviews 3,631,236
Number of user reviews with more than two words 3,439,819
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5.3 Experimental Results

In this section, we evaluate the e�ectiveness and usefulness of FeatCompare for comparing

high-level features among competing mobile apps based on user reviews. Speci�cally, we

discuss motivation, approach, and �ndings for the following research questions.

5.3.1 RQ5.1: How e�ective is our global-local sensitive feature extraction

approach GLFE?

Motivation. The e�ectiveness of FeatCompare relies on the accuracy of its data-driven

feature extractor component, i.e., GLFE. Thus for FeatCompare to be useful in prac-

tice, we need to evaluate the e�ectiveness of GLFE in identifying the high-level feature

associated with each informative review.

Approach. To evaluate the performance of GLFE, we randomly pick �ve groups from the

20 identi�ed competing app groups (ref. Table 6.1). The selected groups are \Weather",

\ Sports news", \ Bible", \ SMS", and \ Music player", respectively.

Then, for each app group, we select a statistically representative random sample of

user reviews with a con�dence level of 95% and a con�dence interval of 10%. In total, we

select 480 informative reviews that belong to the selected �ve groups. Next, the ground

truth high-level features of the testing reviews are obtained by performing the following

steps:

1. To achieve candidate high-level features, for each of the �ve selected app groups,

we apply the global cycle and local cycle of GLFE on the reviews output by the

data preprocessor component of FeatCompare. At the end of this step, we achieve

a set of local and global high-level features for each group of competing apps.

2. The �rst three authors independently annotated the 480 testing reviews using the

candidate high-level features of the corresponding app group. For instance, each

testing review from the app group \Weather" should be assigned to the correspond-

ing high-level features extracted from the \Weather" group in the �rst step. At

least two annotators annotate each testing review.
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It should be noted that one user review can discuss multiple features. For instance,

the following review comment\Very user friendly app and I �nd the alerts warning

of severe weather conditions very helpful."contains information about the \User

Interface" feature and the\Weather Alert Services" feature. Hence, in this step,

the created gold dataset contains all valid features that are mentioned in the review

(i.e., the \User Interface" and the \Weather Alert Services" feature). We �nd that

only 8.6% of the manually labeled reviews contain multiple features.

3. The Fleiss's Kappa agreement score [177] is calculated on the annotated testing

reviews using the \irr" package3 provided in R4 and we achieve a score of 0.83,

which indicates a high level of agreement among annotators. The annotators then

discuss the con
ict cases and resolve all disagreements.

Following the original design of ABAE [98], we set the default number of high-level

features as 14 and vary the number by increasing and decreasing it. We �nd that the

default setup consistently provides high quality high-level features for all app groups.

Thus, we decide to keep the number of expected global/local high-level features as 14.

GLFE has one hyper-parameter, the mean-norm-t�df threshold for the global-local

feature selection step. We considered three values for this hyper-parameter, leading to

three models, named (GLFE-25th, GLFE-50th, and GLFE-75th), respectively. The 25th

percentile means that for the 25% reviews with the lowest mean-normed t�df, we assign

them the identi�ed global features, and the rest 75% reviews are assigned with their

local features. GLFE with a higher value threshold (percentile) represents a model that

prefers global high-level features over local high-level features. We select the best value

for the mean-norm-t�df threshold by evaluating the performance of three models (GLFE-

25th, GLFE-50th, and GLFE-75th) on a validation set, consisting of two competing app

groups, i.e., \Recipe cooking" and \Free call". Table 5.4 shows that on the validation

set, GLFE-25th achieves the highest accuracy. Thus we use the 25th percentile as the

threshold when applying GLFE on �ve testing app groups."

3https://cran.r-project.org/web/packages/irr/index.html
4https://www.r-project.org/
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Table 5.4: Accuracy of GLFE for di�erent local global hyper-parameter threshold on two
validation app groups. Prec. represents the precision.

App GLFE-25th GLFE-50th GLFE-75th
Group Prec. RecallF1 Prec. RecallF1 Prec. RecallF1

Recipe Cooking 0.78 0.70 0.74 0.40 0.36 0.38 0.34 0.31 0.32
Free Call 0.80 0.73 0.76 0.47 0.43 0.45 0.38 0.35 0.36

Average 0.79 0.71 0.75 0.43 0.39 0.41 0.36 0.33 0.34

The rest of GFLE parameters are set based on the best performing parameter sets

reported in the original ABAE paper [98]. Speci�cally, we initialize the word embedding

matrix with word vectors trained by word2vec, setting the embedding size to 200, the

window size to 10, and the negative sample size to 5. We initialize the feature embedding

matrix with the centroids of clusters resulting from running k-means on word embeddings.

Other parameters are initialized randomly. During the GLFE training process, we �x

the word embedding matrix and optimize other parameters using Adam [130] with the

learning rate of 0.001 for 15 epochs and the batch size of 50.

Evaluation Metrics: Since user reviews may contain multiple features, albeit a small

percentage, we model the high-level feature identi�cation task as a multi-label classi�-

cation task. Given a set of testing reviews withgold high-level features (i.e., ground

truth) and the predicted features, we evaluate the feature extraction approaches as fol-

lows. First, we measure the true positive (TP) as the number of successfully predicted

features, the false positive (FP) as the number of falsely predicted features (i.e., features

predicted by the approach but are not mentioned in the reviews), and the false negative

(FN) as the number of features mentioned in the reviews but are not predicted by the

feature extraction approach. We consider precision, recall, andF1-Score as the evalua-

tion metrics. Equations 6.3, 6.4, and 6.5 show the computation for precision, recall, and

F1-Score. Precision measures the percentage of true positive predictions among all the

predictions made by the evaluated approach. Recall represents the percentage of the fea-

tures that can be predicted by the approach among all the features in the ground truth.

Finally, F1-Score is the harmonic combination of precision and recall.
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Table 5.5: Accuracy of GLFE and ABAE on �ve testing app groups. Prec. represents
the precision.

App GLFE-25th ABAE ABAE-Global Global embedding Local embedding
Group Prec. RecallF1 Prec. RecallF1 Prec. RecallF1 reviews reviews

Weather 0.81 0.74 0.78 0.70 0.64 0.67 0.32 0.29 0.31 3,439,819 276,941
Sports news 0.82 0.75 0.78 0.71 0.65 0.68 0.28 0.26 0.27 3,439,819 57,582
Bible 0.81 0.77 0.79 0.72 0.69 0.70 0.36 0.34 0.35 3,439,819 64,417
SMS 0.80 0.74 0.77 0.67 0.62 0.64 0.15 0.14 0.14 3,439,819 264,926
Music player 0.79 0.75 0.77 0.70 0.66 0.68 0.21 0.20 0.20 3,439,819 60,685

Average 0.81 0.75 0.78 0.70 0.65 0.68 0.21 0.20 0.20

P recision =
TP

TP + FP
(5.9)

Recall =
TP

TP + FN
(5.10)

F1-Score= 2 �
P recision � Recall
P recision + Recall

(5.11)

Baselines: To investigate the bene�t of our adaptation on the original ABAE model,

we compare the performance of GLFE with the performance of ABAE using the 480

labeled reviews. Speci�cally, we consider two di�erent embedding matrices as input for

ABAE, reviews from the selected similar apps (i.e., local reviews and the original setup),

and reviews from apps across multiple groups (i.e., global reviews). We name the two

variants of ABAE on our task asABAE and ABAE-global, respectively. Note that ABAE

can be treated asGLFE-0th, where every review is assigned to its local high-level feature,

and ABAE-global can be treated asGLFE-100th where every review is assigned to its

global high-level feature.

Results. GLFE-25th achieves F1-Score of 77-79% on �ve testing app groups,

which outperforms the baselines and other variants of GLFE. Table 5.5 shows the

results of �ve considered approaches, i.e., GLFE with three feature selection thresholds

and two ABAE models with global and local word embedding matrices. We can observe

that the best performing GLFE model is the one with the 25th percentile threshold, with

an average precision of 81% and an average recall of 75% across �ve testing groups. In
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this setting of GLFE, 25% reviews are assigned to their global high-level features, and the

rest 75% are assigned to their local high-level features. Our experiment results also show

that, on average, GLFE model (i.e., GLFE-25th) can improve theF1-Score of ABAE

trained with reviews from competing apps by 14.7% ((0:78� 0:68)=0:68).

Both global high-level features and local high-level features contribute to

the overall performance of GLFE. As shown in Table 5.5, the two ABAE models

trained from global and local embeddings perform worse than the GLFE-25th model,

with an averageF1-Score of 0.20 and 0.68 respectively. As reviews in the ABAE model

all choose the learned local high-level features and reviews in the ABAE-global model all

choose the learned global high-level features, the above results imply that only relying on

one type of features does not lead to a good performance. Another observation we can

make is that GLFE-25th performs better than the other two settings, i.e., GLFE-50th and

GLFE-75th, on all �ve testing app groups. This observation indicates that the threshold

value used for global-local high-level feature selection can impact the performance of

GLFE, and local high-level features are more valuable than global high-level features.

Summary of RQ5.1

The feature extractor GLFE in FeatCompare with 25 percentile feature selection

threshold achieves a promising averageF1-Score of 78% on 480 manual annotated

reviews, which surpasses the performance of the state-of-the-art neural network-

based high-level feature extractor model ABAE by 14.7%.

5.3.2 RQ5.2: Is FeatCompare able to �nd and compare meaningful high-level

features among competing apps? Is FeatCompare useful for mobile app

developers?

Motivation. In RQ5.1, we perform a quantitative evaluation of the GLFE component

in FeatCompare. The results show that our GLFE model (i.e., GLFE-25th) can success-

fully identify high-level features discussed in user reviews. However, it remains unclear

whether FeatCompare is able to compare features among competing apps and how the

comparative table provided by FeatCompare can be utilized for developers. Thus in
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this RQ, we conduct a qualitative case study on the e�ectiveness of FeatCompare in

comparing competing apps. Since our work aims to provide an approach that can help

mobile app developers perform competitor analysis (i.e., analyze how users perceive an

app concerning its competitors) and to better understand developers' practices and vali-

date the usefulness of FeatCompare, we conduct a qualitative study with 107 participants.

Approach. We run FeatCompare on the �ve groups of competing apps which are ran-

domly sampled from 20 identi�ed app groups in RQ5.1, i.e., group \SMS", \ Weather",

\ Sports news", \ Bible", and \ Music player". For each app group, FeatCompare iden-

ti�es 28 high-level features and generates a comparative table, as described in Section

5.2.4. Among the 28 features, 14 are learned from the local cycle and another 14 from the

global cycle. To demonstrate the usage of FeatCompare for app comparison, we consider

two speci�c scenarios: 1) identifying the most commented features in a set of competing

apps and 2) comparing feature-wise user opinions among competing apps. For the �rst

scenario, we rank 28 identi�ed features for each app group by calculating the number

of reviews associated with each high-level feature within the group. For the second sce-

nario, we explore insights that could be mined from the comparative tables created by

FeatCompare.

For the qualitative survey, Table 5.6 shows the survey questions. In general, the

survey consists of three parts:

1. Background questions : General questions asking about the participant's age,

years of work experience in the mobile development �eld, job role, and the number

of developed mobile apps.

2. Development activities questions : Development-related questions including

whether the participant has conducted any comparative analysis before, the sources

used to conduct competitor analysis, opinion on using the overall app store ratings

as the only source to conduct comparative analysis.

3. Validating FeatCompare : Questions asking the opinion of the participant on
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Table 5.6: List of de�ned questions in the conducted survey.

ID Question The possible answers

Background questions:
Q1.1 What is your age? \< = 25 years old", \26-35 years old", \36-

45 years old", \46+ years old", and \Pre-
fer not to answer"

Q1.2 How many years of work experience do
you have?

\1 or less", \2-5 years", \6-10 years", \11-
20 years", and \21+ years"

Q1.3 How many years of work experience in
the �eld of mobile development do you
have?

\1 or less", \2-5 years", \6-10 years", and
\11+ years"

Q1.4 What are your roles in the development
of mobile apps? Please select all that
apply.

\Development", \Testing and quality as-
surance", \Release management", \Con-
�guration management", \Product sup-
port", \Project/product management",
\Other"

Q1.5 How many mobile apps have you devel-
oped (including the current one)

\None", \1", \2-5", \6-10", and \11+"

Q1.6 Which of the following industries best
describe the category of your app?
Please select all that apply.

\Weather", \Bible", \Browser", \Nav-
igation", \Free Call", \SMS", \Music
player", \News", \Security", \Wallpa-
per", \Taxi and rideshare", \Dating",
\Recipe cooking", \Coloring", \Preg-
nancy", \Sports news", \Video editor",
\Notes", \Mobile banking apps", \Ac-
commodation booking", \Other"

Development activities questions:
Q2.1 Do you agree or disagree with the fol-

lowing statement: app's overall rating
in mobile stores is su�cient alone for
developers to compare their apps to
their competitors' apps and discovery
areas to improve.

\Strongly agree", \Agree", \Neither agree
nor disagree", \Disagree", and \Strongly
disagree"

Q2.2 Have you ever compared your app to a
competitor app?

\Very frequently", \Often", \Sometimes",
\Rarely", and \Never"

Q2.3 How do you identify your app competi-
tors? Please select all that apply.

\Keyword search", \App stores similar
app suggestion", \App stores categories",
\Customer feedback", \Social media",
\Other"

Q2.4 In case you do perform competitor
analysis, how do you perform it? Please
select all that apply.

\User reviews of the competitive apps",
\Check the overall competitive app rat-
ings", \Check the web presence of the
competitors", \Check the competitor app
number of downloads", \Other"
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ID Question The possible answers

Development activities questions:
Q2.5 If you have not conducted a competitor

analysis before, what are in your opin-
ion good sources of comparison?

Q2.6 How many competitors do you compare
your app features to? (If you have de-
veloped multiple apps, please select a
range that represents the average num-
ber of competitors that you used to
compare with your app)

\None", \1", \2-5", \6-10", \11+"

Validating FeatCompare:
Q3.1 Do you agree or disagree with the fol-

lowing statement: our research output
will be of great bene�t for the devel-
opers to compare their app to competi-
tors' apps based on the user experience

\Strongly agree", \Agree", \Neither agree
nor disagree", \Disagree", and \Strongly dis-
agree"

Q3.2 In the space below, please provide any
feedback that you wish to share with
us. For example, do you have any rec-
ommendations to improve the results of
our comparison tool? We would really
appreciate your input and feedback.

Table 5.7: Continuation of the survey questions.

the comparative table (i.e., Figure 5.3) created by FeatCompare.

To ensure that the participants of a speci�c organization do not bias our survey, we

approach participants through multiple communication channels as follows.

ˆ Surveying developers of apps on F-Droid. We retrieve a list of 922 open-source

Android apps from F-Droid5. For each app, we obtain the developers' contact email

addresses from the Google Play Store. Then, we send our survey to the 922 email

addresses and receive 20 responses (2.2% response rate).

We also contact the maintainers and the contributors of the 922 F-Droid apps as

follows. First, we identify 598 apps providing their corresponding Git repositories

on F-droid. Next, we collect 10,146 developers and their email addresses from the

git commit history of the identi�ed 598 git repositories. We then rank all developers

5https://f-droid.org/en/
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based on the number of commits they made in the repositories and select the top

3,000 developers as a target. These 3,000 developers contribute 2,135 valid email

addresses. In this end, we send our survey to these 2,135 email addresses and obtain

40 responses (1.9% response rate).

In total, we obtain 60 responses from the developers of F-Droid apps.

ˆ Surveying participants through the popular apps at the Google Play

Store. We retrieve 2,000 contact email addresses from the Google Play Store

pages of the 2,000 popular apps collected in RQ5.1. Then, we send our survey to

these 2,000 email addresses and obtain only 5 responses (0.3%).

ˆ Surveying the development teams of multinational companies. We send

our survey to the technical leaders in �ve multinational companies and ask them to

distribute the survey within their teams. In the end, We obtain 22 responses from

the development teams of di�erent multinational companies.

ˆ Surveying participants using the development chat platforms. We post our

survey to the most popular development chat platforms. In particular, we post our

survey to reddit Android development groups678, Facebook developer circle Beirut

group9, and Facebook mobile development pages and groups10111213. We obtain 20

responses from participants on development chat platforms.

In total, we survey 107 participants.

6https://www.reddit.com/r/mAndroidDev/
7https://www.reddit.com/r/appdev/
8https://www.reddit.com/r/androiddev/
9https://www.facebook.com/groups/DevCBeirut

10https://www.facebook.com/groups/1549592438605145/
11https://www.facebook.com/groups/260880814006061/
12https://www.facebook.com/groups/cs464/
13https://www.facebook.com/groups/cs464/?ref=contextual_unjoined_mall_chaining
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Table 5.8: Inferred top ten features with their representative words and an example re-
view.

Feature Representative words Sample review

S
M

S

Scam identi�cation block, scam, spam, robot, anonymous \Its useful to avoid spam calls and to identify the fake numbers"

Location connectivity address, city, state, network, operator \It does not give location"

App stability close, reboot, restart, hang, crash \Very useful not always 100 updated or synced to my phone"

Customization simple, customizable, design, interface, replace \Far better than i expected full of customizations"

User experience section, content, folder, undo, add \Much easier to �nd the people in our contact list"

In-app ads advertiser, interruption, pro�t, commercial, cost \I do not want your noti�cations of promoting your stu�"

Account authentication sign, login, register, error, connect \Not working unable to connect"

UI appearance style, wallpaper, emoji, ugly, front \More skin and background options as well as font options"

Security hacking, dangerous, trust, cheater, steal \People are misusing it to create a fraud saving fraud number"

Premium version subscribe, pay, lifetime, purchase, membership \After i upgraded to premium the call record function disappeared"

M
us

ic
P

la
ye

r

App stability stop, close, randomly, crash, freeze, anonymous \Bugged wont let you open music player closes itself "

Music library rapper, metallica, band, artist, song \App only shows your list and option to search youtube"

Download music store, mp3, �le, storage \Won't let me listen to music I've downloaded"

Complain explain, understand, argument, respond, prefer \Needs instructions i have no idea how to get music on it"

User Interface toolbar, layout, feature, section, icon, tab \Easy to navigate but white colors on noti�cation bar barely visible"

Search search, screen, �nd, select, change \It won't let me search"

Premium version buy, trial, purchase, version, premium \Pro version still needs an ad free version"

Playlist order, track, genre, playlist, album, artist \I love the way how playlist work keep it up"

O�ine feature internet, wi�, connection, o�ine, data \Wish i had wi� i really would give it �ve stars if i did not need wi�"

Sound quality bass, speaker, headphone, sound, high \Works just �ne needs more sound output"

C
o

ok
in

g
R

ec
ip

e

Record keeping track, maintain, manage, monitor, organize \Tracking is so easy with frequent foods favorites and build a recipe"

Online reliability problem, error, internet, server, connection \Network error freezes all the time"

User experience thumbnail, item, category, section, search \Easy to search and �nd foods"

App practicality convenient, handy, easy, quickly, helpful \My Guardian So handy to keep me on track wherever I am"

Bar code scanner store, product, code, shop, qr \Needs to be easier to open the bar code scanner"

Recipe diversity recipe, ingredient, search, menu, choice \Endless selection of recipes you can think of and more"

Version update version, update, long, recent, upgrade \After the update it's even worse"

Fitness tracker compatibility �tness, sync, gear, �t, tracker \I love that it sync with my Fitbit"

Diet plan journey, program, goal, loss, eat \Love this app so far it has been instrumental in my weight loss journey"

Authentication sign, log, account, login, email \Won't let me log in and will not let me create another account"

Fr
ee

C
al

l

Call quality call, outgoing, audible, echo, voice \I can t hear the other side"

International calls korea, japan, abroad, overseas, internationally \Very useful instant chat and video call with anyone internationally"

Privacy hide, block, remove, privacy, unwanted \Privacy issue no option to hide last seen"

Bug reports exit, shut, freeze, hang, close \Keeps on crashing keeps on crashing while calling"

Other cool, fun, fast, nice, interesting \Useful app i really like this app but sometime very annoying"

User experience ux, usability, designed, complex, unintuitive \It s easy to use than anything else simplicity is whats admirable"

User interface toolbar, section, header, column, icon \Not happy with the new UI. Some may like it and it's �ne for default"

Version update update, yesterday, upgrade, re-download, patch \Always need update but not improvement"

Account authentication admin, login, signup, registered, signin \It spammed my contact list with a link from my account dangerous app"

Credit services token, dollar, diamond, lottery, coin \It is really useful especially when u have no credit"

W
ea

th
er

Detailed weather info detailed, info, precise, concise, weather \Very nice app no problems love the minute by minute forecast"

Daily forecast feature day, prepare, know, weather, clothes \Helps me plan my days ahead. Love it!"

Accurate forecast accuracy, overcast, predict, percent, reality \Accurate on most days spot on"

App stability sync, update, reload, recently, restart \This crappy app won't let you update or do things correctly"

User interaction header, slider, banner, menu, animation \Less options of locations in widgets previous version was best"

In-app ads pay, ads, commercial, subscription, dollar \Inappropriate advertising adds"

Device compatibility tablet, phone, ipad, app, android \This app goes on every device that I have"

UI appearance font, size, color, style, skin \New Color scheme makes the information hard to see/read"

Weather alert services warning, 
ood, dangerous, alert, notify \Awesome it gives warnings 10 min earlier than the tv and radio do"

Location-aware services location, enter, save, zip, address \Great app lots of info for multiple locations"

S
p

or
t

ne
w

s

Video streaming watch, behind, ahead, stream, bu�er \Love that i can watch the hockey feeds but they are so far behind live"

Playo� coverage season, playo�, basketball, nhl, cup \At least it works most of the time for the nhl playo�s this season"

Subscription service service, paying, cable, subscription, satellite \Excellent way to get access to shows when paying high provider prices"

Chromecast android, phone, chromecast, cast, device \Embarrassed that i downloaded this no chromecast having app"

Noti�cation alert, information, noti�cation, push, daily \Stupid thing can t disable noti�cations wow this is bad"

Games playback video, playback, stop, bu�ering, freez \Had great playback but now stutters and skips during live playback"

Bug reports reinstall, uninstall, crash, start, delete \Won't load i submitted my carrier and still won't load waste of time"

Blackout broadcasting watch, blacked, restriction, access, blackout \Too many blackouts"

User interaction bar, screen, button, page, scroll, menu \Headlines don't take you to the story"

Version update ruin, new, version, compare, worse \Become worst after updating"

B
ib

le

In-app ads ads, shop, pay, 
ash, interruption \It is a great app but the ads are unnecessary they take up my entire screen"

Educative learn, child, teach, help, interesting \Handy teaches u a lot of new things"

Highlight and bookmark highlight, content, suggest, bookmark, search \Love the highlights bookmarks and how easy it is to get to a speci�c verse"

Guided prayer lord, soul, pray, god, amen \Perfect one cannot ask for anything better the word of god really available"

Easy narration simple, term, adequate, magni�cent, keyword \There are no sub headings on electronic bibles compared to hard copies"

Audio feature listen, multitasking, hear, play, pause \I like the audio reading while im doing other things"

Bible versions kjv, niv, king, james, esv \The bible has many di�erent versions i haden't even heard of"

Practicality quick, convenience, useful, portable, ease \Easily accessible switches between translations quickly and easily"

App stability issue, error, �x, stop, bug \After update app is stuck on start screen after the most recent update"

Sharing post, facebook, friend, link, social \I can't share any of my daily scriptures to instagram or snapchat please �x"
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Results. FeatCompare can spot the most frequently mentioned features in a

group of competing apps. Table 5.8 show the top ten features with the highest num-

ber of reviews associated with �ve considered app groups. We only present the top-10

representative words and one sample review for each feature due to space limitations. The

extracted features show the capability of FeatCompare in automatically �nding the most

popular (frequently mentioned in reviews) features among competitors. For example,

using FeatCompare, we �nd that \Scam identi�cation" is the most frequently discussed

feature in the \SMS" group. We can also observe that providing detailed weather infor-

mation is the most popular feature in the \Weather" group.

FeatCompare can spot potential opportunities for improving the app. Fig-

ure 5.3 presents the comparative table created by FeatCompare for the top three popular

weather apps. For each considered app, the comparative table contains the 5-star rating

distribution among the reviews associated with each feature and the total number of re-

views mentioning the feature. This breakdown helps in identifying how the users perceive

every feature of the app. For example, the feature \Location-aware services" is mentioned

in a similar number of reviews in the\Weather by WeatherBug" (aka WeatherBug) app

and the \Weather radar and live maps - The Weather Channel"(aka WeatherChan-

nel) app. By comparing the star ratings of this feature in two apps, we can tell that

WeatherBug users are more satis�ed with its location-aware services than the users of

WeatherChannel. FeatCompare also provides the average feature rating per app group

to support app comparison. For instance, from Figure 5.3, we can discover that regard-

ing the location-aware services, WeatherBug signi�cantly outperforms the average of all

competing apps in the same group. We also can spot that the app \AccuWeather: Live

weather forecast & storm raider" may need to improve its weather alert services as it

receives a signi�cantly lower rating on the weather alert services compared to the other

apps.

Competitor analysis is a common practice in mobile app development. Fig-

ure 5.4 and Figure 5.5 show the job role and the experience of the surveyed participants.
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Figure 5.3: Comparison of the top ten features of the three most popular apps of the
\ Weather" group.
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As shown in Figure 5.5, 76% of the participants have at least 2 years of mobile develop-

ment experience, and 91% of them have been enrolled in development tasks. Note that

participants are allowed to choose multiple job roles. As shown in Figure 5.6, 94% of the

surveyed participants compare their apps to similar ones, while only 6% do not perform

apps comparison.

Figure 5.4: The distribution of the job roles of the surveyed participants.

Figure 5.5: The distribution of the years of experience of the surveyed participants.

Figure 5.6: Participants' answers about competitor analysis.

We further investigate how participants conduct comparative analysis. Figure 5.7

shows that 68% of the participants treat user reviews as a comparison source to rely on.

We also observe that 82% of the participants compare their apps with at least two com-

peting apps, as shown in Figure 5.8. These survey results imply that comparative analysis
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Figure 5.7: Participants' answers about the source used for competitor analysis.

Figure 5.8: Participants' answers about the number of competing apps.

is common among app developers, and user reviews are valuable for performing competi-

tor analysis. Hence, providing an automated approach for similar apps comparison based

on user reviews can help app developers perform competitor analysis.

Figure 5.9: Participants' opinion about overall app rating.

The overall app rating alone is not su�cient for the competitor analysis

of mobile apps. As shown in Figure 5.9, only 10% of the participants believe that the

overall app rating is ample alone to compare among similar apps, i.e., other sources are

crucial for the competitor analysis of mobile apps. We also �nd among the 22% of the

survey participants who express a neutral opinion on the use of the overall app rating,
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Figure 5.10: Source of competitor analysis for participants having a neutral opinion about
the overall general rating of an app being enough to compare similar apps.

61% of them indicate that they use the reviews of similar apps in competitor analysis

(Ref. Figure 5.10). As shown in Figure 5.10, among the 22% of participants with neutral

opinion, only 56% rely on the overall ratings of competitors' apps to conduct competitor

analysis, while the percentage of the participants who depend on the competitors user

reviews (61%) in the competitive analysis remains higher. Thus, the above results further

emphasize the important role of user reviews in competitor analysis of mobile apps.

Our approach is an asset to mobile developers to conduct a high-level

feature analysis of competing apps. We �nd that 73% of the participants agree that

the comparative table created by FeatCompare will be of great bene�t (54% agree + 19%

strongly agree) for comparing their apps to competitors' apps, as shown in Figure 5.11.

Then, we take a closer look at the statistics of the responses and �nd that the participants

who appreciate FeatCompare belong to diverse backgrounds. 74% of the participants have

a minimum of 2 years of work experience in the mobile �eld, as shown in Figure 5.12.

Only 5% of them have never performed any competitor analysis before, whereas the rest

95% have, as shown in Figure 5.13. Figure 5.14 shows that 86% of the participants

compare their apps to at least two competitors.

Figure 5.11: Participants' opinion about our research work.

Our �ndings aligned with existing mobile development related surveys [10, 208] by
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