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ABSTRACT 

Context. Bug tracking systems play an important role in software maintenance. They allow users to 
submit bug reports. However, it has been observed that often a bug report submitted is a duplicate (when 
several users submit bug reports for the same problem, these reports are called duplicated issue reports) 
which results in considerable duplicate bug reports in a bug tracking system. Solutions for automating 
the process of duplicate bug reports detection can increase the productivity of software maintenance 
activities, as new incoming bug reports are directly compared with the existing bug reports to identify 
their similar bug reports, which is no need for the human to spend time reading, understanding, and 
searching.  Although recently there has been considerable research on such solutions, there is still much 
room for improvement regarding accuracy and recall rate during the duplicate detection process. 
Besides, very few tools were evaluated in an industrial setting. 
Objectives. In this study, firstly, we aim to characterize automated duplicate bug report detection 
methods by exploring categories of all those methods, identifying proposed evaluation methods, 
specifying performance difference between the categories of methods. Then we propose a method 
leveraging recent advances on using semantic model – Doc2vec and present an overall framework - 
preprocessing, training a semantic model, calculating and ranking similarity, and retrieving duplicate 
bug reports of the proposed method. Finally, we apply an experiment to evaluate the performance of the 
proposed method and compare it with the selected best methods for the task of duplicate bug report 
detection  
Methods. To classify and analyze all existing research on automated duplicate bug report detection, we 
conducted a systematic mapping study. To evaluate our proposed method, we conducted an experiment 
with an identified number of bug reports on the internal bug report database of Axis Communication 
AB. 
Results. We classified automated duplicate bug report detection techniques into three categories - TOP 
N recommendation and ranking approach, binary classification approach, and decision-making 
approach. We found that recall-rate@k is the most common evaluation metric, and found that TOP N 
recommendation and ranking approach has the best performance among the identified approaches. The 
experimental results showed that the recall rate of our proposed approach is significantly higher than 
the combination of TF-IDF with Word2vec and the combination of TF-IDF with LSI. Our combination 
of Doc2vec and TF-IDF approach, has a recall rate@1-10 of 18.66%-42.88% in the TROUBLE data, 
which is an improvement of 1.63%-9.42% to the state-of-art. 
Conclusions. In this thesis, we identified and classified 44 automated duplicate bug report detection 
research papers by conducting a systematic mapping study. We provide an overview of the state-of-art, 
identifying evaluation metrics, investigating the scientific evidence in the reported results, and 
identifying needs for future research. We implemented a bug tracking system with a duplicate bug report 
detection module where a list of Top-N related bug reports (along with a numerical value representing 
a similar score) is created. After conducting the experiment, we found that our proposed approach - the 
combination of Doc2vec and TF-IDF approach produces the best recall rate.  

Keywords: Similar Bugs, Paragraph Vector,  
Information Retrieval, Recommendation Systems 
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1 INTRODUCTION 
 

Software maintenance activities are a significant part of the life cycle of software 
projects, which is critical to software quality [1], [2]. Bug (also referred to as Issue or 
Defect) reports play a vital role in software maintenance [3], [4]. Software bugs are an 
inevitable phenomenon, bug reports can be used to guide developers to fix the defect 
in the software, estimate the bug-fixing time, decide which bug should be fixed first, 
decide who should fix a particular bug, and help to locate the issue position that should 
be fixed. It can also provide valuable insights into the status of the software project. 
 
Typically, bugs are reported to a bug tracking system (also referred to bug tracking 
repository or issue tracking system) [5] which are used to manage maintenance 
activities in software projects [6], [7]. Bug tracking systems are not only designed for 
supporting developers, testers, and customers to describe and report issues found in 
systems, but also to store bugs and relevant information tracking the status of each 
issue [5], [8]. Therefore, a bug tracking system can increase the efficiency of revealing 
defects and further improve the quality of software and meet customers’ requirements. 
 

1.1 Problem Statement 
 

It has been observed that often a bug report submitted is a duplicate (when several 
users submit bug reports for the same problem, these reports are called duplicated issue 
reports) which results in considerable duplicate bug reports in a bug tracking system 
[5]. As shown in studies, the percentage of duplicate bug reports can be up to 25-30% 
[5], [8], [9]. Duplicate bug reports lead to a situation that same issues are assigned to 
multiple developers who reproduce and fix the issue for the similar cause, which is a 
waste of effort and cost. 
 
The important motivations for detecting duplicate bug reports are described below 
according to [10], [11], [12], [13]: 

• When duplicate bug reports are assigned to different developers, which results 
in wasting the time and effort of developers. 

• When a bug report gets fixed, addressing its duplicate bug reports as an 
independent bug is a waste of time. 

• Identifying duplicate bug reports can also be helpful in fixing the bugs, since 
some duplicate bug reports may provide more useful information. 

 
To detect duplicate bug reports, currently an analyst commonly called a triager 
manually read through and evaluates each existing bug report to label these duplicate 
bugs and determine whether a new incoming bug report submit a new bug or an already 
reported bug [5]. He (She) either relies on his (her) memory and experience or the 
search capabilities of the bug repository [5]. Considering the typical number of bug 
reports written daily, the process is tedious and consumes a considerable amount of 
time and effort [14]. Therefore, solutions for automating the process of duplicate bug 
reports detection are necessary. New incoming bug reports are directly compared with 
the existing bug reports to identify their similar bug reports, which is no need for the 
human to spend time reading, understanding, and searching, which reduces the 
processing time of handling bug reports. It can increase the productivity of software 
maintenance activities. 



 

 8 

 
Although recently there has been considerable research on detecting duplicate bug 
reports automatically, for example, multiple variants of information-retrieval methods 
have been investigated, there is still much room for improvement during the duplicate 
detection process. Besides, very few tools were evaluated in an industrial setting. 
 
Automated duplicate bug reports detection is a challenging problem [15], [16] because 
of the following reasons: 

• Bug reports are expressed in natural language text. These reports may describe 
the same bug with different words under the circumstances that different 
abnormal behaviors that are resulted from the same software bug. There is the 
language ambiguity problem and language variability problem in natural 
language understanding, which results in difficulty of identifying similar 
reports. 

• The number of bug reports in the bug tracking system is large. The size of bug 
reports in the TROUBLE of the case company – Axis is more than 100,000, 
which is quite large compared to the related work. 

• The quality of a part of bug reports is not sufficient, for example, the bug report 
contains weak, inadequate, missing, or even incorrect information. 

 

1.2 Thesis Contributions 
 

In this work, we introduce a new approach to improve the performance of detecting 
duplicate bug reports automatically. The major contributions of the work are 
summarised as follows: 

• We conducted a systematic mapping study to identify all existing research on 
automated duplicate bug report detection. We classify those methods into three 
categories.  

• We described the bug reporting at Axis Communication AB, including a 
general workflow for how bug reports are handled and how data of bug reports 
are formatted and stored in the internal database. 

• We proposed the use of a new semantic model to improve the performance of 
detecting duplicated bug reports automatically and present a method leveraging 
the semantic model – doc2vec and present an overall framework – pre-
processing, training a semantic model, calculating and ranking similarity, and 
retrieving duplicate bug reports of the proposed method. 

• We evaluated the performance of the proposed method and demonstrate that 
our proposed approach was able to improve the recall-rate@10 of duplicate 
bug reports detection by up to 9.42% over the Xinli et al.’s [17] approach. 

1.3 Thesis Organization 
 
The rest of this thesis is organized as follows: Chapter 2 presents the background of 
our research and discusses related work in duplicate bug report detection. Chapter 3 
presents a systematic mapping study protocol.  Chapter 4 presents the results, followed 
by discussions and conclusions in Chapter 5. In chapter 6 we present an overview of 
the proposed techniques. Chapter 7 describes the experimental setup and data sets used 
for the experimental study. It also reports on the results of using the proposed approach. 
Chapter 8 draws conclusions from the presented research and highlights the research 
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contributions. It also outlines potential future directions that could be pursued from 
this research. 
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2 BACKGROUND AND RELATED WORK 
 
In section 2.1, we provide background information on bug reports, information 
retrieval, natural language processing, and semantic model. The main past studies that 
focus on detecting duplicate bug reports are presented in section 2.2. 
 

2.1 Background 
2.1.1 Company 
Axis Communications Ab is a Swedish manufacturer of network cameras for 
the physical security and video surveillance industries. It operates offices in more than 
40 countries and employs over 2,600 people. The company owns a large client base. 
Therefore, it cannot be avoided that multiple customers can submit bug reports which 
are caused by the same faults.  
 

2.1.2 Bug Report 
A bug report contains various information which is relevant to a specific bug. Figure 
2-1 shows an example of a bug report. Because of the confidentiality, some 
information is hidden or replaced by dummy data. 
 

Figure 2–1 The Example of a Bug Report 
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Bug reports are a structured record containing different types of information about the 
bugs, which are described in Table 2-1. 
 

Table 2–1 Information Categories and Items in Bug Reports 
Category Attribute Explanation 
Numerical 
Information 

Bug ID The Bug unique identification 
number, which is automatically 
generated 

Created date (Open date, Open 
date) 

The date of submission 

Close data The date of closing the bug 
Dup_ID If the bug report is a duplicate bug 

report, the Dup_ID is the ID of its 
master bug report  

Response time Time between submission and first 
comment defines how quickly the 
development team responds to a 
user’s submission 

Textual 
Information 

Header (title, summary) A concise and brief description of 
the bug 

Description A detailed outline of what went 
wrong 

Steps to reproduce A description of how to reproduce 
the failure 

Author The name of person write the bug 
report 

Assign The name of person is assigned to 
fix the bug 

Comments The discussion about the bug  
Categorical 
Information 

keywords A few words to summarize the bug 
Type The type of the bug report, such as 

defect, enhancement, feature 
Version The version of the software was 

used 
Firmware  
(Operating system) 

The firmware where the bug 
resided 

Severity How serious of the failure 
Frequency The times of the failure happened 
Urgency How important of fixing the failure 
Priority The priority of the bug report 
Status To check if the bug report is new, 

or assigned, or fixed, or closed 
Resolution To state if a duplicate bug report, 

i.e. “Duplicate” or “Non-
duplicate”  

Category (component) The component where the bug 
resided 

Product  
(Hardware information) 

The product where the bug resided 
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Platform The types of systems the bug can 
potentially affect 

Correlating classes, methods, 
fields 

The pattern or subject of a bug  

Execution 
(Crash) 
information 

Call stack trace (Exception 
stack frames) 

Stack frames which are recorded 
during the execution of a program, 
representing function calls or 
procedures 

Appendices 
(Patches or Screenshots) 

Attachments such as screenshots 
of failure 

 

2.1.3 Duplicate Bug Reports 
Based on Runeson et al. [10], there are two types of duplicates as shown in the Figure 
2-2 and Figure 2-3 respectively; The first type of duplicate bug reports which describe 
the same failure generally use the similar vocabularies. The second type of duplicate 
bug reports which describe two different failures generally use different vocabularies. 
But those failures are caused by the same underlying bug. 
 

Figure 2–2 The First Type of Bug Reports 
 

Figure 2–3 The Second Type of Bug Reports 
 
The first submitted bug report for a specific bug in a system is commonly regarded as 
a master (original) bug report, and the subsequent bug reports for the same bug are 
commonly called duplicate bug reports. 
 

2.1.4 Bug Tracking Systems 
Typically, bug reports are stored in a database, the database is well known as bug 
tracking system (bug repository). Bug tracking systems, like any information system, 
are for storing and accessing data of bug reports [18]. Its main function is to track a 
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particular bug. Some are commercial, like Atlassian JIRA and FogBugz, others are 
open source projects, such as Bugzilla and ITracker. It is a centralized database acting 
as a communication and coordination hub for software projects during development 
and maintenance.  
 

2.1.5 Natural Language Processing 
Natural Language Processing (NLP) deals with the interaction between human 
languages and computers [19]. The bug reports are written in the natural language 
which is able to be processed by the NLP techniques. The NLP techniques should 
make disambiguation decision of word sense, word category, syntactic structure, and 
sematic scope.  
 

2.1.6 Information Retrieval 
Information Retrieval (IR) deals with the retrieval of unstructured data [20]. It covers 
supporting users in browsing or filtering data collections or processing a set of 
retrieved data. The duplicate bug reports detection requires suitable information 
retrieval models and techniques. 
 

2.2 Related Work 
 

In this section, we provide an overview of the main past studies that focus on detecting 
duplicate bug reports, which are presented below in chronological order: 
 
One of the pioneer studies on detection of duplicate bug reports is by L. Hiew [21]. 
Their approach first pre-processed text in a bug report using Porter stemmer algorithm 
[22] to stem each word and the Cornell SMART stop list to remove stop words [23]. 
Then converting the cleaned text into a word vector using Term Frequency-Inverse 
Document Frequency (TF-IDF) [24]. After document vectors for bug reports were 
formed, they used cosine similarity to measure how similar two bug reports are to each 
other [20]. They ranked bug reports based on its computed similarity and labelled the 
bug report as UNIQUE or DUPLICATE depending on whether each Top-N bug report 
is below or above a predefined threshold. An evaluation of the approach is applied to 
data in the bug repositories of four open source projects: Firefox, the Eclipse Platform, 
Apache 2.0 and Fedora Core. On a data set of Firefox bug reports, the detection 
approach achieved 29% precision and 50% recall.  
 
Runeson et al. [10] performed a case study using a log-based weighting method on bug 
reports at Sony Ericsson Mobile Communications and considering the influences of 
similarity measurement, synonyms, spellchecking, and time frames, which achieved 
about 40% recall rate. Because these previous approaches considered few advanced 
text mining techniques, they achieved only moderate performance in duplication 
detection. 
 
X. Wang et al. [25] built on [21] [10] adding execution information into a word vector 
with TF-IDF to compute similarity with a cosine-based similarity measure. An 
experiment was conducted on a small subset of bug reports from Firefox showed that 
their approach could detect 67%–93% of duplicate bug reports by utilizing both natural 
language information and execution traces. However, this approach requires that the 
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reporter possess certain instrumentation tools to collect execution information. In 
addition, in some cases, the execution information is missing and hard to own. 
Therefore, these concerns limit its feasibility. 
 
N. Jalbert et al. [9] employed a classifier trained by linear regression over document 
vectors of bug reports which are generated by TF-IDF and cosine-based similarity 
measure. Their classifier was able to return a boolean flag of DUPLICATE or NEW 
for a new bug report. A graph clustering algorithm is applied to obtain a set of clustered 
reports. An experiment conducted on 29,000 bug reports from the Mozilla (25.9% 
were identified as duplicates) showed that 8% of the duplicate reports could be filtered. 
However, this approach achieves a relative low improvement in recall rate. 
 
C. Sun et al. [26] proposed the discriminative model using a support vector machine 
(SVM) to train a model that based on a set of labelled vectors. The model could then 
be used to classify the other bug reports as either duplicate or not. The weights of 
features are calculated using the IDF-based similarity function to represent the 
correlation relationship of a pair of bug reports.  
 
A. Sureka et al. [15] proposed an approach using character n-grams (subsequence of 
characters) to transfer text of a bug report into character-level n-gram representation. 
An evaluation performed on the approach with a bug database consisting of more than 
200 thousand bug reports from Eclipse project achieved 40.22% recall rate. This 
approach exhibits a moderate performance, mainly because n-gram representation also 
introduces several noisy features. 
 
C. Sun et al. [27] proposed an approach called REP which uses both textual content 
and categorical information of bug reports to calculate similarity with BM25F-based 
feature weighting scheme. The parameter tuning for REP is based on gradient descent. 
 
Prifti et al. [28] proposed an approach using TF-IDF weighting method on bug reports 
and considering the influences of Time Window and Group Centroids. This scheme 
can achieve a 53% recall rate with a top-20 rank list for Firefox. 
 
Banerjee et al. (2012) [29] proposed a detection scheme considering word ordering 
with a longest common sequence algorithm. This scheme can achieve a 73% recall 
rate for Firefox and an 85% recall rate for Eclipse with top-20 rank lists. 
 
A. T. Nguyen et al. [30] proposed an approach that takes advantage of both IR-based 
features (BM25F) and topic-based features (LDA). It achieved accuracy on 
OpenOffice and Mozilla data sets (42-43% for top-1, 65-67% for top-5, and 73-74% 
for top-10) respectively. 
 
Tian et al. [31] further improved on the work of Jalbert and Weimer by leveraging 
BM25F, adding a new product-based feature, and synthesizing a relative similarity 
feature from top-k most-similar reports. Compared with the work of Jalbert and 
Weimer, this scheme exhibits an improvement in the recall rate, identifying 24% of 
the possible duplicates 
 
M. Amoui et al. [32] proposed an approach which was generic and incorporates a 
feedback loop for parameter tuning and customizing the search engine for individual 
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datasets in BlackBerry.  

A. Alipour et al. [33] built on as a textual comparison and measure the contextual 
similarity among the bug reports which used manually created word lists and topics 
generated through supervised labelled Latent Dirichlet Allocation (labeled-LDA) on 
the project’s bug descriptions. 
 
Klein et al. [34] extended the analysis by Alipour et al. [33] with additional features in 
pairs of bug reports, including a difference in the number of words, a number of shared 
words, and the first shared identical topic. 
 
X. Yang et al. [17] proposed an approach combining an information retrieval technique 
and a word embedding technique. Unlike our work, they did not consider the influence 
of parameters in the word embedding algorithm and use the default values for all the 
parameters. 
 
With respect to those existing related work as listed in Table 2-2, our study is the first 
to leverage document-level embedding for automated similar bug reports detection and 
conduct an experiment on the performance of the proposed methods with other 
identified methods for the task of duplicate bug report detection in an industrial setting.  
 

Table 2–2 Relevant Infroamtion for Related Work 
Author Approach Recall-

rate@k 
Dataset/Size Parameter 

tuning 
performed 

Runeson et al. [10] weight = 1 + 
log(frequency) 
Cosine Similarity 
Time window 

31%-42% Sony Ericsson 
Mobile 
Communications 
DMS 

YES 

X. Wang et al. [25] TF-IDF with both 
textual information 
and execution 
information 
Cosine Similarity 

84%-93% 
67%-93% 

Eclipse, 
Mozilla Firefox 

NO 

N. Jalbert et al. [9] weight = 3 + 2 log 2 
(frequency) 
Linear regression 
A graph cluster 
algorithm 
Cosine Similarity 

25%-50% Mozilla Firefox NO 

C. Sun et al. [26] weight = 
 log2(frequency) 
Support Vector 
Machine 
Cosine Similarity 

32%-62% 
37%-67% 
35%-65% 

OpenOffice, 
Mozilla Firefox, 
Eclipse 

YES 

A. Sureka et al. [15] Character n-gram 
feature extractor, 
Similarity 
computation module, 
Top-N similar bug 
reports retrieval 
module 
Cosine Similarity 

40.22%-
61.94% 

Eclipse NO 

C. Sun et al. [27] BM25Fext, 
Gradient descent,  

36%-73% 
43%-76% 

Mozilla 
Eclipse 

YES 
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Feature Weight 36%-73% 
23%-66% 

OpenOffice 
Large Eclipse 

Banerjee et al. [29] Longest common 
subsequence (LCS) 
algorithm, 
Match Size Within 
Group Weight, 
Time window 

42%-75% 
55%-83% 
 

Firefox 
Eclipse 

NO 

A. T. Nguyen et al. 
[30] 

BM25F, 
LDA 

42% 
65% 
73% 
43% 
67% 
74% 

OpenOffice 
Mozilla 

YES 

Tian et al. [31] Support Vector 
Machine, 
BM25F-based 
scheme, 
Relative Similarity 

NO Mozilla YES 

M. Amoui et al. [32]  Jelinek-Mercer 
smoothing, 
Field Boost Factor, 
TimeFrame 
Setting Cutoff 
Threshold, 

NO BlackBerry 
Mozilla Firefox 

YES 

A. Alipour et al. [33] BM25F, 
Naive Bayes, C4.5, 
K-NN,  
LDA, 
Labelled LDA, 
Cosine Similarity 

NO Android NO 

Klein et al. [34] LDA 
Bagging: REPTree 

NO Android NO 

X. Yang et al [17] The combination of 
TF-IDF and 
word2vec 

16.91%-
48.67% 
19.93%-
53.73% 

Eclipse 
Mozilla 

NO 

 
Inspired by related work, such as [10], [26], [27], [30], [31], [32], we did parameter 
tuning before we comparing methods to make the comparison fair, as N. Lavesson et 
al. [35] concluded that parameter tuning is often more important than the choice of 
algorithm. 
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3 RESEARCH METHODOLOGY 
 
This chapter focuses on the selected research methods to answer the formed research 
questions. The research methods are described along with proper motivation. 

3.1 Aim and Objectives 
 

The aim of this research study is to compare the identified existing automated bug 
reports detection methods with our proposed method – a combination of information 
retrieval and Paragraph Vector. Paragraph Vector (Doc2Vec) is a deep learning 
algorithm applying the distributed memory and distributed bag of words models from 
[36], using hierarchical softmax or negative sampling [37], [38] which constructs 
representations of input sequences of variable length. Unlike previous approaches, it 
is general and applicable to texts of any length: sentences, paragraphs, and documents 
[36]. 
 
To meet this aim, we divided the research process into a set of objectives. These 
objectives are as follows: 

• To classify and analyze all existing research on automated duplicate bug report 
detection  

• To investigate new semantic models to uncover patterns and knowledge which 
can be used to detect duplicated bug reports automatically. 

• To understand the bug reporting at Axis Communication AB, including a 
general workflow for how bug reports are handled and how data of bug reports 
are formatted and stored in the internal database. 

• To propose a method leveraging recent advances on using semantic model – 
doc2vec and present an overall framework - preprocessing, training a semantic 
model, calculating and ranking similarity, and retrieving duplicate bug reports 
of the proposed method. 

• To apply an experiment to evaluate the performance of the proposed method 
and compare it with the selected best methods from the systematic mapping 
study for the task of duplicate bug report detection. 

 

3.2 Research Questions 
 

The research questions that we will answer to identify and categorize existing 
automated duplicate bug reports detection methods are as follows: 
RQ1 What are the existing methods to detect duplicated bug reports 
automatically? 

RQ 1.1 What are different categories of all automated duplicate bug reports 
detection methods?  
 
Motivation: To give a detailed overview of publication trends and existing 
solutions on the automated duplicate bug reports detection. 
 
RQ 1.2 How are the methods evaluated? 
RQ 1.3 What is the performance difference between the categories of 
methods? 
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Motivation: To provide a solid foundation for a thorough comparison of existing 
and future solutions for automated duplicate bug reports detection. This 
contribution is especially useful for researchers who are willing to further 
contribute to this research area with new approaches to the automated duplicate 
bug reports detection, or willing to better understand or refine existing ones. 

 
The research question that we will answer to evaluate our proposed method is as 
follows: 
RQ2 How does our proposed method compare with the identified and selected 
best methods in terms of the identified performance metrics? 
 
Motivation: To evaluate the performance of the proposed method, we compare it with 
the selected best methods from the systematic mapping study for the task of duplicate 
bug report detection. Therefore, by the empirical study, we assess whether the 
recommendations produced by our proposed method are better the state-of-the-art 
duplicate bug detection methods. 
 

3.3 Research Design 
 

Systematic mapping study and experiment are chosen in this study. Figure 3-1 shows 
the relations among research questions and methodologies. 
 

Figure 3–1 Relations among Research Questions and Methodologies 
 
For RQ1, to classify and analyze all existing research on automated duplicate bug 
report detection, we employed a process for conducting systematic mapping study as 
described by K. Petersen et al. [39] and B. A. Kitchenham et al. [40]. 
 
For RQ2, after answering the RQ1, we had a better view of how duplicate bug reports 
are automatically detected as well as how to measure the performance of those methods. 
We also implement our own method to automatically detect duplicated bug reports. 
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To evaluate our proposed method, we conducted an experiment [41] with an identified 
number of bug reports on the internal bug report database of Axis Communication AB.  

3.4 Systematic Mapping Study 
 

SMSs and Systematic Literature Reviews (SLRs) both are types of secondary studies. 
They both aim to reduce the bias of researchers by setting well-defined criteria for 
selecting the primary studies and to make the research repeatable by the clear reporting 
of each step of the review process as well as all decisions made by the researchers. The 
main difference between SMSs and SLRs is that ‘SMSs are used to structure a research 
area, while SLRs are focused on gathering and synthesizing evidence’ [42]. 
 
The SMS was chosen since it is capable of summarizing and categorizing broad and 
poorly-defined areas. SLR would have been a less viable option due to the breadth of 
our RQ1: What are the existing methods to detect duplicated bug reports automatically? 
SLR is better at answering particular research questions that require an in-depth 
analysis. The detailed steps on SMS are presented in the following Chapter 4. 
 

3.5 Experiment 
 

The main reason for choosing an experiment is that the experiment can be used to 
evaluate software engineering techniques. The experiment is an empirical method 
which tests existing theories or new hypothesis so as to support or invalidate them 
under controlled conditions. An experiment can provide the comparison among 
different variables [41]. In addition, in this study, the research situation is required to 
be controlled over, the research process is required to be systematically and precise, 
and more than two treatments are required to be considered in the process [41]. Besides, 
we need to ensure that the research results are based on real-life work. Hence 
experiment is the best option to launch. 
 
Except for experiment, another alternative methodology is the case study. The reason 
for not choosing case study is that case study is usually descriptive or explanatory, 
establishing some criteria that help in the exploration of underlying principles. 
Conducting a case study is more suitable for studies that are explorative and indefinite 
in nature [43]. However, since our present thesis aims to evaluate the effectiveness of 
the automated duplicate bug reports detection methods, the experiment is a better 
option. In addition, an experiment is easier to control than case study and costs less 
than a case study [41]. 
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4 SYSTEMATIC MAPPING STUDY 
 

We conducted a Systematic Mapping Study (SMS) to identify, understand, classify, 
structure, and categorize all existing research on automated duplicate bug reports 
detection. 
 
In our SMS, we performed the process as described by K. Petersen et al [39], [42], as 
well as adapted from N. Paternoster et al [44] and Y. Z. Lun et al [45]. The overview 
of the process was outlined in Figure 4-1 which was adapted from Y. Z. Lun et al [45]. 
The process was iterative and was performed in three stages: planning, conducting, 
and reporting the mapping. 
 

Figure 4–1 Overview of the Whole SMS Process 
 
The main steps in our SMS process are defining research questions, conducting a 
search for primary studies based on search strings, screening primary studies based on 
selection criteria, definition of a classification scheme, as well as data extraction and 
mapping process.  Each step has a produced artefact, the final outcome of the SMS 
process is the systematic map. We first planned how to perform the systematic 
mapping process and developed our review protocol. 
 
In the following subsections, we explain the individual steps of the design and 
execution of our SMS. 
 

4.1 Need Identification and Scoping 
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4.1.1 Defining Objectives 
The goal of this SMS (following the guidelines in [42], [46]) is to obtain a 
comprehensive overview of all existing primary studies that have been published on 
automated duplicate bug reports detection. 
 

4.1.2 Defining Research Questions 
To elaborate on this overall goal, the following research question (RQ) was defined 
from a broad perspective. 
 
RQ1: What are the existing methods to detect duplicated bug reports automatically? 
 
To answer this question, we are interested in three different aspects: automated 
duplicate bug reports detection methods, evaluation, and performance. Therefore, we 
further split RQ1 to formulate three specific research questions (RQs). Table 4-1 
shows these research sub-questions along with their motivation. Those classification 
results for RQs are then used to develop and propose our own automated duplicate bug 
reports detection method. 
 

Table 4–1 Research Sub-questions and Motivations 
Research Sub-questions Motivation 
RQ 1.1 What are different categories of 
all automated duplicate bug reports 
detection methods? 
 

To give a detailed overview of 
publication trends and existing solutions 
on the automated duplicate bug reports 
detection. 

RQ 1.2 How are the methods evaluated? 
 

To provide a solid foundation for a 
thorough comparison of existing and 
future solutions for automated duplicate 
bug reports detection. This contribution 
is especially useful for researchers 
willing to further contribute this 
research area with new approaches to 
the automated duplicate bug reports 
detection, or willing to better 
understand or refine existing ones. 

RQ 1.3 What is the performance 
difference between the categories of 
methods? 
 

 

4.2 Search Strategy  
 

4.2.1  Search Strings 
We identified and grouped keywords and structured search strings from RQ1 
according to Population, Intervention, Comparison, and Outcomes suggested by 
Kitchenham and Charters [46]. In each iterative process, those keywords are also 
refined to be added or deleted. 
 
Population: In software engineering, the population may refer to specific software 
engineering role, the category of the software engineer, an application area or an 
industry group [1]. In our SMS, the population which is software testing, debugging, 
and maintenance represent the domain of the automated duplicate bug reports 
detection. 
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Intervention: In software engineering, intervention refers to a software methodology, 
tool, technology, or procedure. In our SMS, the interventions which are needed to be 
investigated on the automated duplicate bug reports detection. 
Comparison: In this study, we compare the different methods of automatically 
detecting duplicate bug reports by means of identifying the different strategies that 
have been used by them. 
Outcomes: In software engineering, outcomes refer to the goals of the engineering 
process. In our study, the outcomes are verification, validation, experiment, case study, 
and evaluation. 
 
The identified keywords which are listed in Table 4-2 were grouped into sets and their 
synonyms were considered to formulate the search string. 
 

Table 4–2 Population, Intervention, and Comparison Search String Keywords 
Core Concept Search String 
Software Maintenance Software (engineer*; maint*; test*; debug*) 
Duplicate Bug Reports (duplicat*; same; similar*) (bug*; defect*; failure; 

error*; problem*; issue*; crash*) (report*; 
document*; text*) 

Detection detect*, rank*, retriev*, recommend*, link*, connect* 
Method method*; framework*; model*; practice*; approach*; 

tool*; technique*; experience; process*; product*; 
service* 

 

4.2.2  Database Search 
Those search strings are used to conduct a manual search to identify as much relevant 
primary studies as possible on four digital databases: IEEE Xplore, ACM Digital 
Library, Scopus, Springer, as well as Inspec/Compendex (Engineering village). We 
selected these databases considering they are the most common way of finding primary 
studies for secondary studies [42].  
 
Then we proceeded to the customization of the search string, adapting the syntax to 
the particular database. The selected scientific databases and the final used search 
format are shown in Table 4-3. 
 

Table 4–3 Searches in Databases 
Database Search Strings 
IEEE Xplore ((duplicat* OR similar* OR same) AND (bug* OR 

defect* OR failure* OR error* OR issue* OR crash* 
AND report*) AND (detect* OR rank* OR retriev* OR 
recommend* OR link* OR connect*) AND (method* 
OR framework* OR model* OR practice* OR 
approach* OR tool* OR technique* OR experience) 
AND (software engineering)) 

ACM digital library 
 

((duplicat* OR similar* OR same) AND (bug* OR 
defect* OR failure* OR error* OR issue* OR crash* 
AND report*) AND (detect* OR rank* OR retriev* OR 
recommend* OR link* OR connect*) AND (method* 
OR framework* OR model* OR practice* OR 
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approach* OR tool* OR technique* OR experience) 
AND (software engineering)) 

Scopus ((duplicat* OR similar* OR same) AND (bug* OR 
defect* OR failure* OR error* OR issue* OR crash* 
AND report*) AND (detect* OR rank* OR retriev* OR 
recommend* OR link* OR connect*) AND (method* 
OR framework* OR model* OR practice* OR 
approach* OR tool* OR technique* OR experience) 
AND (software engineering)) 

Inspec/Compendex ((duplicat* OR similar* OR same) AND (bug* OR 
defect* OR failure* OR error* OR issue* OR crash* 
AND report*) AND (detect* OR rank* OR retriev* OR 
recommend* OR link* OR connect*) AND (method* 
OR framework* OR model* OR practice* OR 
approach* OR tool* OR technique* OR experience) 
AND (software engineering)) 

 
This study has been conducted during 2017, the full year of 2017 and before have been 
considered during the search. 
 
With the support of Zotero, a reference management tool, we managed a large number 
of references and removed duplicate items based meta-data (author, publication year 
and title). 
 
To validate our search strategy for ensuring that the search strategy was able to find 
the sample, we compared the results obtained with a small sample of 10 primary 
studies (P. Runeson[10], N. Jalbert and W. Weimer [9], N. Kaushik and L. Tahvildari 
[47], Y. Tian et al. [31], A. Lazar et al. [48], H. Rocha et al. [49], N. Nilambari et al. 
[50], H. Rocha et al.[51], F. Thung et al. [52], M. Borg et al. [53]) which we had 
previously identified as relevant studies that should appear in the results. We found 
that all those primary studies can be identified with the search strategy. Table 4-4 
shows the number of search results per database. 
 

Table 4–4 The Number of Initial Search Results Per Database 
Digital Database Website Search 

Result 
Search 
Setting 

IEEE Xplore http://ieeexplore.ieee.org 2072 Metadata 
Only 

ACM Digital 
Library 

http://dl.acm.org 346 Default 

Scopus https://www.elsevier.com/ 3740 Default 
Inspec/Compendex http://www.engineeringvillage.com/ 104 Default 

Total Number of Search Result 6262 
 

4.3 Screening of Relevant Papers 
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4.3.1  Inclusion and Exclusion Criteria 
To exclude studies which do not address the RQ1, during the primary studies screening 
process, the following inclusion and exclusion criteria were used to evaluate whether 
the content of an article was relevant based on titles, abstracts, keywords, full-text 
reading, as well as quality assessment. 
 
The following are the inclusion criteria: 

• Studies must have addressed automated duplicate bug reports detection 
research, 

• Studies must be peer-reviewed and published in journals, conferences, and 
workshops, 

• Studies must be in the field of software engineering 
 
The following exclusion criteria were used to exclude a study: 

• Exclude any article not written in English, 
• Exclude any article that is not peer-reviewed (grey literature, books, 

presentations, blog posts, etc.), 
• Exclude any article not available in full-text, 
• Exclude proceedings of conferences (e.g., messages from chair of editorial 

boards, etc.), and 
• Exclude any article that is a duplicate of other studies. 

 

4.3.2 Snowballing 
The remaining articles were used to conduct a secondary search process with 
snowballing, which led to 11 studies being added. For snowballing, we examined the 
list of references and citations of each primary study, applying with inclusion and 
exclusion criteria.  The snowballing was also employed recursively to the newly found 
primary studies. 
 

4.3.3 Quality Assessment 
We conducted the quality assessment for the selected set of primary studies. Three 
questions were answered to assess whether the sufficient information is available to 
actually extract the information: 

• Is the method of automatically detecting duplicate bug reports clearly described? 
• Is there any empirical evidence for the automated duplicate bug reports 

detection method? 
• Is the process and result of evaluation of the automated duplicate bug reports 

detection method presented in detail? 
 
Those questions are concerned with whether the evaluation of automated duplicate bug 
reports detection method is presented. Primary studies which did not mention the 
evaluation are excluded. 20 studies were excluded in this step. Figure 4-2 shows the 
number of included and excluded articles at each stage. 
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Figure 4–2 Number of Included Articles During the Study Selection Process 

 
Eventually, 44 primary studies were selected as contributing to the automated 
duplicate bug reports detection in the software engineering domain to answer the RQ1. 
Among them, except 42 studies, there are 2 studies -  Yoonki et al. [54] and Ferdian et 
al. [53] which are without evaluation and any empirical evidence.  
 
The reason why we still included these 2 studies is that these studies do not design a 
new algorithm but rather present tools to find potential duplicate bug reports for a 
given bug report, which provides insight for us to implement existing techniques into 
a tool. The former study presented a tool - JDF using natural language and execution 
information and provided the architecture and components of the tool. The latter study 
introduced an integrated tool – DupFinder as a Bugzilla extension. 
 

4.4 Classification Scheme 
 

To answer our RQ1, before analysing each primary study, we developed a 
classification scheme for classifying research studies based on the RQ1 by reading the 
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whole primary studies and identifying keywords. We followed the process illustrated 
in Figure 4-3 which is adapted from [39], [42]. 
 

 
Figure 4–3 Workflow for Classification Scheme Creation 

 
The first step considers about reading the abstracts of the primary studies, assigning 
them a set of keywords to identify the main contribution area of the paper. Then we 
combined the keywords forming a high-level set of categories, leading to a rough 
understanding of the research area represented by the primary studies. However, in 
regard to our research questions, it was not expected that all relevant information could 
only be inferred from the abstracts. Hence, the classification was done based on 
reading the whole primary study. By progressively fitting the papers into categories, 
the scheme underwent a refinement process, being continuously updated to account 
for new data. 
 
When performing data extraction and mapping (Subsection 4.5), we annotated the 
classification with evidence from the respective paper, further refining the scheme and 
sorting.  
 
The following classification scheme as shown in Figure 4-4. Primary studies are 
classified into categories with three different dimensions: methods, evaluation, and 
performance. 
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Figure 4–4 Classification Schemes of Automated Duplicate Bug Reports Detection 
Studies 

 

4.5 Data Extraction 
 

After we defined the classification scheme, we proceeded to systematically extract data 
from the primary studies. 
 
To record all the relevant information that will allow us to answer the proposed RQ1, 
we extracted data based on the following data extraction form as shown in Table 4-8, 
which was adapted from other similar studies [55]. Each data extraction field has a 
data item and a value. The resulting database collects general studies information and 
specific data information addressing the RQ1. 
 

Table 4–5 Data Extraction Form 
ID Data item Value Relevant 

RQ 
General Information 
D1 Study ID Integer None 
D2 Article Title Names of the articles None 
D3 Author 

Name 
Set of Names of the authors None 

D4 Year of 
Publication 

Calendar year None 

D7 Venue of 
Publication 

Publication forums (peer-reviewed, 
professional communities, public artistic and 
design act., non-refereed, general public, 
audio-visual material, software, thesis, 
patents. These values were adapted from 
[44].) 

None 

D8 Type of 
Contribution 

Types of study outcomes, (model, theory, 
framework or method, guidelines, lessons 
learned, advice or implications, and tools. 
These values were adapted from [44].) 

None 

D9 Type of 
Research 

Research types (evaluation research, solution 
proposal, validation research, philosophical 
papers, opinion papers, experience papers, 
etc. These values were adapted from [44]. ) 

None 

D10 Research 
Method 

Research methods employed as part of the 
research process (case study, industry report, 
experiment, survey, action research, mixed 
methods, grounded theory, design science, 
opinion paper, and not stated. These values 
were adapted from [56].) 

None 

Specific Information 
D11 Keywords Labels or keywords to concepts we find in the 

abstracts and conclusion 
None 

D12 Method Activities that are proposed to automatically 
detect duplicated bug reports 

RQ1.1 
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D13 Evaluation 
 

Activities that are proposed to evaluate a 
method 

RQ1.2 

D14 Dataset Databases that are mentioned in the primary 
studies comprise defect reports  

RQ1.2 

D15 Metric Metrics are proposed to measure a method RQ1.2 
D16 Performance Outcomes of evaluation that measure the 

performance of a method 
RQ1.3 

 
Table 4-6 depicts the number of studies used in our research work in accordance with 
each specific RQ. 
 

Table 4–6 Number of Studies in Accordance with Each Specific RQ 
References Number Methods 

(RQ1) 
Evaluation 

(RQ2) 
Performance 

(RQ3) 
[10], [25], [9], [57], [26], 
[15], [58], [27], [28], [29], 
[30], [59], [47], [31], [60, p. 
25], [29], [33], [61], [62], 
[63], [64], [65], [32], [66], 
[67], [68], [69], [70], [48], 
[34], [49], [71], [72], [73], 
[74], [75], [76], [77], [78], 
[79] 

42 YES YES YES 

[54], [53] 2 YES NO NO 
Total number of papers 44 

 
The assessment of the data extraction was based on a pilot set of articles and post-
extraction. 

4.6  Data Analysis and Synthesis 
 

We applied a qualitative synthesis method and performed a statistical analysis of the 
data extracted from the primary studies separately based on the classification scheme 
with the main goal of understanding, structuring, and classifying current research on 
the automated duplicate bug reports detection. 
 
For quantitative analysis, we counted the primary studies that are classified in each 
answer from our research sub-questions. We counted the number of papers found in 
each bibliographic source per year. 
 
For qualitative synthesis, we summarized the benefits and limitations of the automated 
duplicate bug reports detection methods, their evaluation and performance which are 
classified in each proposed research sub-question.  
 
In total 44 primary studies have been selected and analyzed as the subjects of our SMS. 
We further present discuss the results of our analysis and synthesis of the extracted 
data in chapter 5. 
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4.7  Validity Threats 
 

Threats to the validity of the SMS and its results are analyzed in the following 
subsections, together with selected mitigation strategies according to the following 
taxonomy: descriptive validity, theoretical validity, generalizability, interpretive 
validity adapted from [42]. 
 

4.7.1 Theoretical Validity 
One common factor that leads to an inability to capture what we intend to capture is 
publication bias, as negative or new and controversial views may not be published in 
the primary studies. Another factor is researcher bias in the selection of studies and 
reporting of the data, as the quality of the sample of studies obtained with respect to 
the targeted population might vary. 
 
To mitigate the publication bias and researcher bias, the SMS protocol was planned 
and discussed to ensure a common understanding, research questions were proposed, 
the search strategy was validated, and clear inclusion, exclusion criteria, and quality 
assessment were defined. 
 

4.7.2 Descriptive Validity 
Multiple factors that lead to an inability to objectively describe the results of SMS 
could be the poorly designed data extraction forms and recording of data and the 
possible bias of the researchers in the interpretation of extracted data. 
 
To mitigate errors in data extraction and analysis, datasheets and database were used 
to perform an automatic data synthesis process. To reduce this bias, the definitions of 
data items, data extraction forms were deeply discussed. 
 

4.7.3  Generalizability Validity 
The inability to generalize to different contexts might be arisen by the limited set of 
studies and the environment of applying the automated duplicate bug reports detection 
methods is not be static. 
 
This threat was mitigated by not only applying automatic search but also employing 
backward-forward snowballing to examine the list of references and citations of each 
primary study to find more relevant studies. We believe that because of the volume of 
collected studies, the research on the automated duplicate bug reports detection 
methods is well presented. 
 

4.7.4  Interpretive Validity 
The factors that have negatively impacted on drawing the right conclusions from the 
given data can be further biased by personal opinions of researchers executing the SMS.  
 
To mitigate this threat, we defined and documented a rigid protocol for the study 
selection and, by conducting the selection together and dedicating a reasonable amount 
of time to review conflicts 
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4.7.5  Repeatability 
Whether the data are collected and the analysis is conducted in a way that it can be 
repeated by other researchers with the same results might be not ensured. If other 
researchers follow our SMS, they might be able to produce the same results. 
 
To alleviate this threat, the SMS protocol and process are detailed described. 
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5 RESULTS 
 

The application of the SMS protocol yielded the results which are presented in this 
chapter. From the initial search results of 6262 publications (see Table 4-4, a total of 
44 primary studies were selected as contributing to the automated duplicate bug reports 
detection in the software engineering domain (see Table 4-6) to answer the RQ1. 
 
Before presenting results, we consider the different publication venues as shown in 
Figure 5-1. The analysis of the specific venues of publication is common in systematic 
mapping studies [42]. 
 
 

Figure 5–1 Number of Papers Published in Journals and Conferences Per Year 
 
Among the 44 papers, 8 are journal articles, 2 IEICE Transactions on Information and 
Systems papers, the other are Information and Software Technology, The Journal of 
Systems and Software1, Journals Empirical Software Engineering, Journal of Software: 
Evolution and Process, International Journal of Scientific and Research Publications, 
Journal of Software Engineering Research and Development, with all one paper each. 
 
The other 36 publications are conference papers. The most relevant conferences in 
terms of a number of published papers are International conference on Software 
Engineering, Working Conference on Mining Software Repositories, European 
Conference on Software Maintenance and Reengineering, International Conference on 
Automated Software Engineering, International Symposium on Software Reliability 
Engineering (ISSRE) with 4, 4, 4, 3, 2. The other 19 papers are spread across 19 
conferences, with all one paper each. 
 
Considering the papers published in journals and conferences over time, two periods 
can be distinguished in Figure 6. The number of papers before 2010 (4 papers) is small 
with a minimum in 2009 (0 paper). Therefore, this period of time can be considered as 
an introductory period. In fact, the first relevant paper was published in 2006, which is 
a master thesis [21]. Then, there is an increase in the number of papers starting in 2012, 
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reaching a peak in the year 2013 and 2014 (8 papers) followed by a decreasing period 
(2015–2016). The proportion among conferences is quite much more than journals, 
18% of papers were published in journals and 82% of papers were published in 
conferences.  
 
We structure this section following each of the three research questions from Table 4-
1. Section 5.1-5.3 present the categories of automated duplicate bug reports detection 
methods, the used evaluation methods, and the result of performance assessment. 
 

5.1  RQ 1.1  
 
What are different categories of all automated duplicate bug reports detection 
methods? 
 
To characterize the main categories of all automated duplicate bug reports detection 
methods, we first identify set of keywords extracted from the primary studies. 
 
We identified that automated duplicate bug reports detection methods in primary 
studies have the following common processing steps: 

• Attribute selection 
• Natural language pre-processing 
• Feature Weighting 
• Similarity Calculation 

 
An automated duplicate bug reports detection method commonly considers natural 
language pre-processing, bug report attribute, feature calculation, and similarity 
measure. We structure this section following each processing step. 
 

5.1.1 Attribute selection 
Specific pieces of data, called attributes (features), are collected from the selected bug 
reports. Table 0-1 in the appendix shows the identified selected attributes for each 
automated duplicate bug reports detection method elicited from the corresponding 
primary studies. Only Cheng-Zen et al. [60] did not mention attribute selection for bug 
reports. We ordered each selected attribute divided into the type of attributes with the 
number of occurrences as shown in Table 5-1. 
 

Table 5–1 Attribute Selection with the Ordered Number of Occurrences 
Category Attribute Reference Concurrences 
Numerical 
Information 

Created date (Open 
date, Reported time) 

[34], [48], [49], [66], 
[72], [78] [62] 

7 

Bug_ID [34], [48], [66], [71], 
[78] 

5 

Dup_ID [34], [71], [76], [78] 4 
Response time [77] 1 
Close date None 0 

Textual 
Information 

Description [9], [47], [48], [49], 
[62], [66], [72], [76], 
[34], [74], [77], [78], 

36 
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[27], [31], [33], [70], 
[57], [29], [80], [65], 
[17], [25], [54], [61], 
[32], [67],  [73], [10], 
[26], [15] [58], [30], 
[59], [53], [68], [75] 

Header (Title, 
Summary) 

[9], [47], [48], [49], 
[62], [66], [72], [76], 
[34], [78], [74], [77], 
[78], [27], [31], [33], 
[70], [57], [25], [54], 
[61], [32], [67], [73], 
[10], [26], [15], [58], 
[30], [59], [53], [68], 
[75], [28] 

34 

Comments [77], [29], [80], [65], 
[17], [61], [32], [67], 
[73] 

9 

Author [66] 1 
Assign [62] 1 
Steps to reproduce None 0 

Categorical 
Information 

Category 
(Component) 

[47], [76], [34], [78], 
[48], [62], [49], [72], 
[74], [27], [31], [33], 
[70], [29], [80], [65], 
[17], [79] 

18 

Product  
(Hardware 
information) 

[47], [76], [48], [62], 
[49], [72], [74], [27], 
[31], [33], [70], [29], 
[80], [65], [17] 

15 

Priority [76], [34], [78], [77], 
[48], [62], [27], [31], 
[33], [70] 

10 

Version [76], [77], [48], [62], 
[74], [27], [31], [33], 
[70] 

9 

Type [76], [34], [78], [48], 
[27], [31], [33], [70] 

8 

Status [76], [34], [78], [77], 
[62], [66], [71] 

7 

Severity [9], [77], [66], [57], 
[79] 

5 

Firmware  
(Operating system) 

[9], [77], [49], [72] 4 

Resolution [77], [71] 2 
keywords [62], [57] 2 
Correlating classes, 
methods, fields 

[57] 1 

Platform [77] 1 
Frequency None 0 
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Urgency None 0 
Execution (Crash) 
Information 

Call stack trace 
(Exception stack 
frames) 

[47], [81], [79], [25], 
[54], [64] 

6 

Appendices 
(Patches or 
Screenshots) 

[9] 1 

 
The categories of bug attributes are numerical information, textual information, 
categorical information, and execution (Crash) Information.  
 
The pre-defined fields provide a variety of numerical data about the bug report, such 
as the report identification number, the created date, the date when reacting to the 
report, and the identification number of a duplicate bug report. 
 
Other values, such as the component, product, version, priority, operating system, and 
severity, are categorical data which are selected by the reporter when the bug report is 
submitted but may also be changed over the lifetime of the bug report. Other fields are 
routinely changed over time, such as the person to whom the report is assigned, the 
current status of the report, and if resolved, its resolution state.  
 
The free-form text which is textual data includes a title of the bug report, a description 
of the bug, and comments. The description area typically includes an elaborated 
description of the effects of the bug and any necessary information for a developer to 
reproduce the bug. The additional comments may contain discussions about possible 
approaches to fixing the bug and other relevant information. 
 
Reporters and developers may provide attachments to bug reports to provide non-
textual additional information, which is execution data, such as a screenshot of 
abnormal behaviour.  
 

5.1.2 Natural language pre-processing 
We identified that natural language pre-processing techniques are used in all primary 
studies to process textual information. Natural language pre-processing includes 
tokenization, stemming, and stop words removal. The detailed description of natural 
language pre-processing used in bug reports are described in Table 5-2 based on 
Manning and Schütze [19]. 
 

Table 5–2 The Steps in Natural Language Pre-Processing and its Explanation and 
Example 

Step Explanation Example 
Extracting Getting text from each bug report. “Email app should have an 

audio notification for every new 
email” 

Tokenization Removing capitals, punctuations, 
and special characters or symbols 
in text. 

['email', 'app', ‘should’, ‘have’, 
‘an’, 'audio', 'notification', 
'every', 'new', 'email'] 
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Stemming Reducing each word in the text to 
their ground form or stem. 

['email', 'app', 'audio', 
'notification', 'every', 'new', 
'email'] 

Stop words 
removal 

Removing prepositions, 
conjunctions, or pronouns, such as 
“a”, “the”, “of”, “and” etc. 

['email', 'app', 'audio', 'notif', 
'everi', 'new', 'email'] 

 

5.1.3 Feature Weighting 
Those selected features are then converted to numbers, such as vector, by using the 
feature weighting model as shown in Table 5-3 below. 
 

Table 5–3 Feature Weighting Model and Scheme with the Ordered Number of 
Occurrences 

Feature Weighting 
Model 

Feature Weighting 
Scheme 

Reference Occurrences 

Vector Space Model 
(VSM) 

 

TF-IDF [25], [54], [58], 
[28], [47], [59], 
[80], [61], [62], 
[64], [65], [32], 
[68], [49], [72], 
[53], [71], [73], 
[17], [79] 

20 

BM25-based (BM25, 
BM25F, BM25Fext) 

[27],[30], [31], 
[60], [62], [33], 
[32], [75], [78] 

9 

IDF 
(weight = log2(frequency)) 

[26], [57], [59], 
[62] 

4 

TF-IDF-CFC weighting [68], [75] 2 
weight = 3 + 2 
log2(frequency) 

[9] 1 

Term frequency (TF), 
Total term frequency 
(TTF) 

[62] 1 

Log-based (weight = 1 + 
log(frequency)) 

[10] 
 

1 

Log-IDF, Log-Entropy, 
TF-Entropy 

[47] 1 

Binary Independent 
Model  

[62] 1 

Jelinek Mercer language 
model 

[32] 1 

Dirichlet language model [32] 1 

Temporal k-occurrence [61] 1 
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model 

Wiki-similarity [62] 1 

the smoothed UM [66] 1 

Character-Level N-
Gram Model 

Character n-gram feature 
extractor 
similarity computation 
module 

[15], [67], [48], 
[71], [74], [79] 

5 

 Top-N similar bug reports 
retrieval module 

[15] 1 

 An adaptation of the 
INCLUS algorithm 

[70] 1 

 Correlation coefficient 
BM25 ranking function 

[75] 1 

Topic Model  LDA [30], [47], [33], 
[34], [74], [76], 
[78] 

6 

LSI [47], [65] ,[62] 3 
Labelled LDA [33], [78] 2 
RP [47] 1 
Hierarchical Dirichlet 
Process 

[69] 1 

String matching Longest common 
subsequence (LCS) 
algorithm 
Match Size Within Group 
Weight 

[29], [80], [77] 3 

Word Embedding 
Model 

Word2vec [75], [17] 2 

 
The finding indicates the most frequently used feature weighting models are TF-IDF 
as described below. 
 
The vector space model is a widely-used technique in NLP and information retrieval. 
In VSM, each document is converted to a n-dimensional vector <w1, w2,  …, wn>, 
where n is the number of unique index terms appearing in all the documents. Each 
dimension of the space corresponds to a word.  
 
TF-IDF weighting: 
where n is the number of unique index terms appearing in all the documents and 
queries and wi (1≤i≤n) is the weight of the i-th index term in the vector <w 1 , w 2 , …, 
w n > and defined by Formula (1). 

 
wi = tfi × idfi  (1) 

 



 

 37 

In Formula (1), tfi refers to the term frequency and idfi refers to the inverse document 
frequency. More precisely, tfi is the frequency of the i-th index term appearing in the 
document or query, and idfi is defined by Formula (2). 
 

𝑖𝑑𝑓(𝑖) = log(
𝑡𝑜𝑡𝑎𝑙𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡

𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠𝑖𝑛𝑤𝑖𝑐ℎ𝑤𝑜𝑟𝑑𝑖𝑎𝑝𝑝𝑒𝑎𝑟𝑠
) (2) 

 
Inverse document frequency is a contextual measurement of the importance of a word. 
It is according to the assumption that significant words will appear frequently in some 
documents and not common across the whole of the corpus.  
 
 

5.1.4 Classification model 
Those features can be used to build a classifier to classify bug reports by a 
classification model. A typical classifier would classify all existing bug reports into 
two classes: duplicate and non-duplicate based on a given bug report. Those 
classification models mentioned in primary studies are listed and ordered in Table 5-
4. 
 

Table 5–4 Classification Model with the Ordered Number of Occurrences 
Classification 
model 

Method Reference Occurrences 

Discriminative 
model 
(Binary 
Classification, 
Cluster Modeling) 

Support Vector Machine [26], [31], [68], [48], 
[73], [75], [78] 

6 

Na¨ıve Bayes [48], [34], [73], [78] 4 
C4.5 [33], [34], [73], [78] 4 
Logistic Regression [33], [34], [69], [78] 4 
K-NN [33], [48], [34] 3 
ZeroR [33], [34], [78] 3 
LinearSVM [48], [71] 2 
Gradient descent 
(Stochastic gradient 
descent algorithm) 

[27], [59] 2 

Agglomerative 
Hierarchical Clustering 

[57], [81] 
 

2 

Random Forest [48], [77] 2 
Ranking SVM [62] 1 
J48 [69] 1 
RBF SVM, 
Decision Tree 

[48] 1 

REPTree with 
Bootstrap Aggregating 
technique 

[34] 1 

Bias [73] 1 
Ensemble Averaging 
Linear combination 

[74] 1 

A clustering method [58] 1 
A graph cluster 
algorithm 

[9] 1 
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Linear Regression [9] 1 
The k-means clustering 
algorithm 

[66] 
 

1 

Expectation 
Maximization,  
X-means algorithm 

[69] 1 

Clustering Labeling [69] 1 
Multi-label 
classification 

MULAN (a multi-label 
classification scheme) 

[80] 1 

 
The finding indicates the most frequent way to train a classification model is using 
Support Vector Machine (SVM). SVM is a supervised classification algorithm for 
high dimensional sparse datasets to find a decision surface that maximally separates 
the classes and recognizes patterns.  
 
Given a set of training labelled vectors, where some are marked as belonging to a 
positive class and others are marked as belonging to a negative class, SVM builds a 
classification model that assigns a new data to an appropriate class. Therefore, given 
a set of bug reports classified as duplicates and non-duplicates, this dataset can be 
used by SVM for training to build a classification model which can be employed to 
label a new incoming bug report as duplicate or non-duplicate. 
 

5.1.5 Retrieval Concerns 
To retrieve duplicate bug reports, there are retrieval concerns which are mentioned in 
primary studies which are listed and ordered in Table 5-5. 
 

Table 5–5 Retrieval Concerns with the Ordered Number of Occurrences 
Retrieval 
Concern 

Method Reference Occurrences 

Similarity 
Measurement 

Cosine Similarity [10], [25], [9], [26], [15], 
[54], [57], [58], [47], 
[28], [60], [33], [61], 
[62], [53], [67], [70], 
[71], [49], [72], [74], 
[75], [17], [77], [78], [79] 

23 

Dice Similarity [10] 1 
Jaccard Similarity [10] 1 
Character-Level N-
Gram Model 
Similarity 
computation module 

[15] 
 
 

1 

Secondary similarity 
measure 

[61] 1 

Position Dependent 
Model (PDM) 

[81] 1 

KL-divergence [66] 1 
Features 
Importance 
Calculation 

 [57], [27], [31], [80], 
[32], [79] 

6 
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(Feature 
Weight, Factor 
Boosting, Field 
Boost Factor) 
Time window 
(Time frames) 

 [10], [28], [29], [64], 
[80], [32], [77] 

6 

Group 
Centroids 

 [28], [77] 2 

Score Cutoff 
Thresholds 
(Threshold) 

 [32], [70] 2 

Fidelity loss 
function 

 [54] 1 

Indexing  [64] 1 
Relative 
Similarity 

 [31] 1 

Secondary 
similarity 
measure 

 [61] 1 

Feature 
Reweighting 

Cluster Shrinkage [67] 1 

 
The finding indicates the most frequently mentioned considerations in retrieval 
concerns is measuring similarity of two representations of bug reports. 
 
Cosine Similarity is the most common calculation of similarity between two non-zero 
vectors. For example, A is a new incoming bug report’s vector and B is an existing 
bug report’s vector. The Cosine Similarity is computed as: 
 

𝐴 ∙ 𝐵

∥ 𝐴 ∥∗∥ 𝐵 ∥
 

 
The closer the cosine value is to 0, the more similar was the two bug reports. 
 

5.1.6 Categories of Methods 
Inspired by Meng-Jie et al. [75], we classified the bug reports duplication detection 
methods into three categories based on how different automated duplicate bug reports 
detection methods work as shown in Table 10. 

 
Table 5–6 Categories of Automated Duplicate Bug Reports Detection Methods with 

the Ordered Number of Occurrences 
Categories Reference Number 
TOP K recommendation 
and ranking approach 
  

[10], [25], [15], [27], [28], [29], [30], [60], 
[47], [59], [64], [32],[80], [61], [65], [34], 
[53], [67], [49], [72], [73], [17], [74], [75], 
[79] 

25 

Binary Classification 
approach 

[9], [26], [57], [58], [31], [77], [81] , [69], 
[70] 

9 
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Decision-making 
approach 

[62], [63], [33], [34], [48], [66], [68], [71], 
[76], [78] 

10 

 
TOP K recommendation and ranking approach formulates the duplicate bug detection 
problem as given a bug report, return a list of the top-k most similar bug reports. The 
approach suggests the link between the bug reports that firstly submit the bug and its 
similar bug reports. Typical results of primary studies offer a list of 1-20 best matches. 
Having the correct match in the list of 1-20 candidates is considered a successful 
outcome, as the triagers now only need to read through and analyze a short list of 1-20 
the most similar bug reports rather than all existing bug reports in the entire database. 
 
Binary Classification approach formulates the duplicate bug detection problem as 
given a new bug report to classify if it is original or duplicate. The approach determines 
whether the incoming reports is a master or a duplicate. First, the status of all new 
incoming bug reports is initially set to unknown. Then those bug reports are classified 
as master or duplicate based on the comparison with the previously submitted reports.  
 
Decision-making approach formulates the problem as given two bug reports, predict 
whether they are duplicates. The approach trains a classifier to determine whether a 
bug report is the duplicate of another bug report.  
 

5.2 RQ 1.2  
 

How are the methods evaluated? 
 
The metrics used to evaluate automated duplicate bug reports detection methods have 
been elicited from the primary studies. We identified that only Yoonki et al. [54] and 
Ferdian et al. [53] do not mention of using evaluation metrics. Table 1 in the appendix 
shows all the applied evaluation metrics which are identified for the rest of primary 
studies. We counted the frequency of those identified metrics and rank them as listed 
in Table 5-7. 
 

Table 5–7 Evaluation Metrics with the Ordered Number of Occurrences 
Metrics Reference Num 
Recall-
rate@k 

[10], [25], [9], [26], [15], [57], [58], [28], [47], [29], [60], 
[80], [67], [68], [75], [27], [30], [59], [64], [79], [17], [74] 

22 

Precision [9], [31], [32], [66], [70], [48], [71], [49], [72], [74], [63], [76] 12 
Recall [9], [31], [32], [66], [70], [48], [71], [49], [63] 9 
F1 [9], [31], [32], [66], [70], [62], [69], [49], [81] 9 
Accuracy [73], [48], [71], [33], [34], [78], [69], [76] 8 
MAP [27], [30], [62], [17], [63], [76] 6 
AUC [76], [33], [34], [48] 4 
Kappa [76], [78], [33], [34] 4 
MRR [17], [59], [64], [79] 4 
Feedback [72], [49] 2 
Likelihood [72], [49] 2 
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According to the Table 10, we can get the results that the recall-rate@K is obviously 
the most common evaluation metrics used in the primary studies, as following are 
precision, recall, F1, and accuracy. The definition of recall-rate@K is described below:  
 
Recall-rate@k checks if a duplicate bug report is found with the top k results. Recall 
rate is here defined as the percentage of duplicates for which the master is found for a 
given top list size. 
 
If we assume that the total number of duplicate bug reports is N (total), that the total 
number of duplicate bug reports whose target reports are in the suggested list is N 
(recalled), then the recall rate is computed as follows: 
 

𝑅𝑒𝑐𝑎𝑙𝑙𝑟𝑎𝑡𝑒 =
N(recalled)

𝑁(𝑡𝑜𝑡𝑎𝑙)
 

 
Considering the data set used for the evaluation in the primary studies, we identified 
all selected dataset and present them in the order of occurrence as shown in Table 5-8. 
 

Table 5–8 Datasets with the Ordered Number of Occurrences 
Dataset Reference Occurrence 
Mozilla (Firefox) [25], [9], [26], [58], [28], [27], [47], [29], 

[30], [31], [62], [80], [32], [66], [70], 
[49], [17], [48], [72], [78], 

19 

Eclipse [25], [26], [15], [58], [27], [47], [29], 
[62], [59], [64], [70], [74], [17], [48], 
[71], [78], [79] 

17 

Apache [58], [60], [67], [68], [75], [33], [73], [73] 8 
OpenOffice [26], [27], [30], [70], [48], [71], [78] 7 
ArgoUML [60], [67], [68], [75] 4 
SVN [60], [67], [68], [75] 4 
Android [34], [78] 3 
Sony Ericsson Mobile 
Communications DMS 

[10] 1 

Defect Pattern Repository 
for Java 

[57] 1 

Mylyn [58] 1 
BlackBerry [32] 1 
Google Chrome [65] 1 
Lucene [69] 1 
Jackrabbit (JCR) [69] 1 
HTTPClient [69] 1 
Five products of 
Microsoft Corporation 

[81] 1 

KDE [61] 1 
 
The bug repositories of Mozilla Firefox, Eclipse, Apache, and OpenOffice are the most 
frequently used dataset. Because they are all open source software projects which are 
very active and have large bug repositories so as to provide ample data for an 
evaluation. Eclipse is a popular IDE written in Java, Firefox is a web browser written 
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in C/C++, Apache is an open source web server software written in C and XML, and 
OpenOffice is an open source office suite written in C++ and Java. 
 

5.3 RQ 1.3  
 
What is the performance difference between the categories of methods? 
 
To explore the performance difference between the categories of methods, we 
attempted to identify those performance, which have been explicitly presented in the 
primary studies. Then we categorized the identified performance based on the 
identified methods categories in the first research questions 
 
In the appendix, Table 34, Table 35, and Table 36 list the approach in each primary 
study and its performance. Yoonki et al. [54] and Ferdian et al. [53] do not mention 
their approaches’ performance. 
 
As we found in section 5.2 that the recall-rate@k is the most frequently used metrics, 
we list the recall-rate@k of methods in order as shown in Figure 5-2.  
 

Figure 5–2 Recall-rate@k of Methods in Order 
 
In the Figure 5-2, the x-axis represents each primary study and the y-axis represents 
the recall-rate@k of each method for the corresponding primary study. We found that 
the recall-rate@k for the Meng-Jie et al. [68] ’s method is the highest, which the racall-
rate@20 for the SVN is 98%. However, we cannot say that the performance of the 
Meng-Jie et al. (2014)’s methods is the best among those methods because the datasets 
used for evaluation of Meng-Jie et al.’s method are Apache, ArgoUML, and SVN, 
which is different from most other primary studies. We also observed that the Meng-
Jie et al. only selected thousands of bug reports, which the number of bug reports is 
quite small compared to other primary studies. 
 
Therefore, we conclude that it is impossible to compare the performance of primary 
studies with each other mainly because of three reasons that 1) different primary 
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study selected different bug reports as datasets for evaluation, 2) different primary 
studies set various number of top list, from 1 to 10000, 3) different primary studies 
selected different evaluation metrics, although the recall-rate@k is the most common 
one.  
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6 ANALYSIS AND DISCUSSION 
 
In this section, the principal findings of the study are highlighted, as well as the analysis 
of the results described above and finally the implications for research and practice.  
 
The results of our SMS and experiment have implications for both researchers who are 
planning new studies of automated duplicate bug reports detection methods and for the 
practitioner who are working for a solution to detect duplicate bug reports and would 
like to implement it. 
 
Our findings indicate that duplicate bug reports detection is a rather immature area. 
Most papers are published in workshop and conferences, only 18% of papers has 
reached the maturity of a journal publication. 
 
We structure this section following each of the three research questions from Table 4-
1.  
 
RQ1 What are the existing methods to detect duplicated bug reports 
automatically? 

6.1 RQ 1.1  
 

What are different categories of all automated duplicate bug reports detection 
methods?  
 
In analysing the RQ1.1, this section examines how different automated duplicate bug 
reports detection methods work and present the analysis according to the classification 
schemes of automated duplicate bug reports detection studies in Figure 4-4. 
 
For the attributes selection, the results indicate that title and summary are the most 
commonly used attributes because they are the most fundamental property of bug 
reports in software projects. Although the other information, such as execution 
information, help to improve the performance of duplicate bug reports detection, there 
are costly to achieve as the generation or receive execution information is difficult. 
 
For the feature weighting model and similarity calculation, the results indicate that TF-
IDF and Cosine Similarity are dominant techniques used in automated duplicate bug 
reports detection methods. The feature weighing model can be divided into two ways, 
one is machine learning method, another is non-machine learning method.  
 
When considering about applying machine learning methods, when the feature size 
becomes larger, the efficiency of classification become lower. 
 
For the machine learning methods, these techniques can be further divided into two 
categories: unsupervised learning approach and supervised learning approach.  For the 
unsupervised learning approach, it does not require any training data. So, it can be used 
for any set of bug reports.  
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However, for the supervised learning approach, it strictly demands a set of training 
data which means a set of master bug reports and duplicate bug reports should be first 
labelled. For example,  
 
Classification techniques which are machine learning algorithms are used to classify 
each bug report,  
 
The duplication detection problem has been addressed in various ways in primary 
studies. We classified them into three main categories: TOP N recommendation and 
ranking problem, binary classification problem, and decision-making approach. 
 
In the approaches addressing duplication detection as a ranking problem, a ranked 
recommendation list of similar duplicate bug reports is returned for each query bug 
report. 
 
In the approaches addressing duplication detection as a classification problem, each 
testing bug report is simply classified as either a duplicate (original) or non-duplicate.  
 
In the approaches addressing duplication detection as a decision-making problem, a 
prediction decision is made for any pair of bug reports to indicate whether they are 
duplicates or not.  
 
Among these three categories of approach, we found that the TOP N recommendation 
and ranking approach attracts the most attention. Most of TOP N recommendation and 
ranking approaches are unsupervised learning approach. The supervised learning 
approach is corresponding to binary classification approach and decision-making 
approach. 
 

6.2 RQ 1.2  
 

How are the methods evaluated? 
 
We identified all performance metrics which are used to evaluate various automated 
duplicate bug reports detection methods. There are precision, recall, F1 (F-measure, 
F-score), accuracy, AUC, kappa, recall-rate@k, MRR, MAP, Normalized Discounted 
Cumulative Gain, Cluster purity classification accuracy, Feedback, Likelihood, and 
EARate. Among them, the recall-rate@k is the most frequently used performance 
metric. 
 
When we match the Table 5-6 with the Table 0-2 in the appendix, we can see that the 
different categories of approach use set of evaluation metrics as shown in Table 6-1.  
 

Table 6–1 Evaluation Metrics for Categories of Approach 
Categories Reference Metrics 
TOP K recommendation 
and ranking approach 
  

[10], [25], [15], [27], [28], [29], [30], 
[60], [47], [59], [64], [32],[80], [61], 
[65], [34], [53], [67], [49], [72], [73], 
[17], [74], [75], [79] 

Recall-rate@k, 
Accuracy, 
MAP, 
MRR, 
Feedback, 
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Likelihood, 
Precision, 
Recall,  
F1, 
EARate, 
rankAVG FD , 
rankAVG D 

Binary Classification 
approach 

[9], [26], [57], [58], [31], [77], [81] , 
[69], [70] 

Recall-rate@k 
Precision, 
Recall, 
F1, 
Cluster purity 
classification,  
Accuracy, 
Purity, 
Inverse Purity, 
TPR, 
TNR, 
FNR, 
FPR, 
ROC Curve 

Decision-making 
approach 

[62], [63], [33], [34], [48], [66], [68], 
[71], [76], [78] 

Recall-rate@k, 
Precision, 
Recall, 
F1, 
Accuracy, 
AUC, 
N@K, 
MAP, 
Kappa, 
TPR, 
TNR, 
ROC curves 

 
It implies that recall-rate@k, precision, accuracy, recall, and F1 can be used to evaluate 
all approaches.  
 
When it comes to the dataset, we found that although the name of dataset is same, the 
actual bug reports used in the evaluation is different, because the selected period of 
bug reports is different. For example, Xiaoyin et al. [25] and Nilam et al. [47] both 
selected Eclipse bug repositories as dataset, the former randomly selected 200 bug 
reports submitted to the Eclipse repository during June 2004, however, the latter used 
all the 4330 bug reports from Eclipse repository from the period of January 2004 to 
October 2009. 
 

6.3 RQ 1.3  
 

What is the performance difference between the categories of methods? 
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One bug report possibly does not carry information to know the reported bug well 
enough [82], useful or even better information used to fix bugs is likely contributed by 
duplicate reports [13]. Rather than filtering out duplicate bug reports [9] or detecting 
duplicate of yet unwritten bug report [64], [71], the ranked Top-N most similar bug 
reports automatically detected by the system should be first listed. To achieve better 
automation, the quality of ranked Top-N most similar bug reports is critical. 
 
For the binary classification approach, although these classification models are 
appealing because of the explicit duplicate identification, their achievements still offer 
limited assistance for triagers. 
 
For the decision-making approach, although the approach presents good performance 
in decision accuracy, some limitations are identified because of the fundamental thing 
of the decision-making problem. First, the decision-making problem is less 
challenging than the ranking problem because it is easier to identify a pair consisting 
of two textually different non-duplicated bug reports. Second, if there are n bug reports, 
then number of pairs increases in O(n2) order. For software projects which have a large 
number of bug reports, the type of approach requires a high number of computing 
resources and power. 
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7 PROPOSED APPROACH 
 

In this study, the duplication detection problem was addressed as a TOP-N 
recommendations and ranking problem. For a bug report BRi that is newly filed, the 
detection method returns a rank list Ln of all possible historical bug reports that 
describe the same software bug. 
 
In this chapter, we elaborate our proposed approach. We first present an overall 
framework of our approach. Then, we describe in detail the implementation of each 
important step of our framework. 
 

7.1 Overall Framework 
 

Figure 7-1 presents the overall framework of our proposed approach. The framework 
mainly contains three components, i.e., TF-IDF component, Paragraph Vector 
(Doc2Vec) component, and combination component.  
 

Figure 7–1 The Overall Framework of Our Proposed Approach 
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In the first two components - TF-IDF component and Paragraph Vector (Doc2Vec) 
component, we calculate two similarity scores based on the textual Information of bug 
reports (i.e., bug titles, descriptions, and steps to reproduce). In the last component, we 
combine the two similarity scores into a final score for each historical bug and 
recommend the bugs with the highest final scores as the similar bugs with respect to 
the query or incoming bug. 
 
For example, given a query bug BR, in the first component - TF-IDF component, we 
transform the textual Information of bug reports (i.e., bug titles, descriptions, and steps 
to reproduce) into TF-IDF vectors with TF-IDF weighting scheme, then calculate the 
cosine similarity of the BR with each historical bug reports in the bug report database 
based on their TF-IDF space vectors to generate the first similarity score Score1. In 
the second component - Paragraph Vector (Doc2Vec) component, we transform the 
textual Information of bug reports (i.e., bug titles, descriptions, and steps to reproduce) 
into document-level embedding vectors, then calculate the cosine similarity of the BR 
with each of historical bug reports in the bug report database based on their document-
level embedding vectors to generate the second similarity score Score2. 
 
After having the two similarity scores – Score1 and Socre2, we combine them into a 
final score for each historical bug report. The higher the score, the more similar the 
specifically corresponding historical bug is with the BR. Finally, we sort the historical 
bug reports based on the final scores – Score3, and recommend the top high score of 
bug reports as similar bug reports. 
 

7.2 Attribute Selection 
 

In this work, textual information of each bug report, such as bug title, description, and 
steps to reproduce, are extracted as features to be used by our proposed approach for 
recommending similar bug reports.  
 
The reason why we only selected these three attributes rather than considered 
numerical information, categorical information, and execution information is that titles 
and description are the most fundamental property of bug reports in software projects.  
In some cases, steps to reproduce is a part of the description, here, we separate them 
based on the data field of our selected bug reports. 
 

7.3 Natural Language Preprocessing 
 

As in the previous studies, for the first step, those textual information is preprocessed, 
follows a standard natural language processing style as described in section 5.1.2 – 
tokenization, stemming, and stop words removal [19]. 
 

7.4 TF-IDF Vectors and Similarity Measure 
 

TF-IDF (Term Frequency-Inverse Document Frequency) is one of the most popular 
information retrieval techniques. The main idea of TF-IDF is that if a term appears 
many times in one document and a few times in the other documents, the term has a 
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good capability to differentiate the bug reports, and thus the term has high TF-IDF 
value. 
 
For example, given a term t and a bug report b, we can define TF and IDF as follows: 
 

𝑇𝐹(𝑡, 𝑑) =
Numberoftimestapprearsinb

Numberoftermsinb
 

 

𝐼𝐷𝐹(𝑡) = log
Totalnumberofbugreports

Numberofbugreportsthatcontaint + 1
 

 
Finally, TF-IDF is computed as: 
 

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑏) = 𝑇𝐹(𝑡, 𝑏) × 𝐼𝐷𝐹(𝑡) 
 
With the above formula, a bug report b (i.e., bug titles, descriptions, and steps to 
reproduce) can be represented as a TF-IDF vector, i.e., b = (w1, w2....wn), where wi 

denotes the TF-IDF value of the ith term in the bug report b. 
 
With the TF-IDF vectors, we can compute similarity of two documents. To get a better 
performance, we use cosine similarity since it is a popular method and has been shown 
to work well for TF-IDF vectors. Given two TF-IDF vectors TF-IDF1 and TF-IDF2, 
the similarity score Score1 is calculated as follows: 
 

𝑆𝑐𝑜𝑟𝑒1 =
TF − IDF1 ∙ TF − IDF2

|𝑇𝐹 − 𝐼𝐷𝐹1| ∗ |𝑇𝐹 − 𝐼𝐷𝐹2|
 

 
A bigger value of Score1 indicates that the corresponding two documents are more 
similar.  
 

7.5 Document-level Embedding Vectors and Similarity 
Measure 
 

The advantage of the TF-IDF is that it deals with the textual term but is not able to 
deal with synonyms. Therefore, to make up its disadvantage, we investigated recent 
studies and found that many deep learning techniques have been proposed to explore 
semantics relation, which focuses on the relationships of words considering the context 
they appear and cope with the limits of the vector space model, such as the TF-ID 
method. 
 
Finally, Doc2vec (Paragraph Vector) is selected. Because it is an unsupervised 
learning framework which modifies the Word2vec model into learning of continuous 
representations for larger blocks of text, such as sentences, paragraphs or entire 
documents [36]. 
 
The Doc2vec was proposed by Le et.al [36], it assumes the independence between 
words in a paragraph and uses the paragraph to predict each word in it. In the Doc2vec 
as shown in Figure 7-2, every paragraph is mapped to a unique vector which is 
represented by a column in Matrix D and each word is also mapping to a unique vector, 
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represented by a column in matrix W. The paragraph vector and word vectors are 
averaged or concatenated to predict the next word in a context. 
 

Figure 7–2 A Framework for Learning Paragraph Vectors 
 
According to Qingyao et al. [83], the Doc2vec captures high-level semantic 
information and the major advantage is that paragraphs and words are automatically 
clustered through the training process no need any prior assumptions and it can be 
efficiently trained, which is scalable to a large corpus. 
 
The textual Information of bug reports (i.e., bug titles, descriptions, and steps to 
reproduce) fed to the unsupervised machine learning algorithm. We also use cosine 
similarity to measure the similarity of each pair of document embedding vectors to 
generate the similarity score Score2. Also, the bigger Score2 is, the more similar two 
documents are. 
 

7.6 Feature Weighting 
 

After Score1 and Score2 have been computed, we combine them to produce a final 
score – Score3 to recommend and rank similar bugs. As mentioned before, although 
both Score1 and Score2 represent the similarity of bug reports (i.e. bug title, 
description, and steps to reproduce), they are complementary. The score Score1 is 
generated based on TF-IDF vectors, which is based on word processing, it ensures the 
strict comparison of the same textual tokens in the case of high textually similar and 
focuses more on the relationship of different documents in the whole corpus. The score 
Score2 is generated based on document-level embedding vectors, which based on 
semantic processing can find the semantic relations of duplicate bug reports and focus 
more on the relationship of paragraph considering the context they appear. Therefore, 
we think the two scores are equally important, we choose to simply add them up so 
that they have equal weight.  
 

𝑆𝑐𝑜𝑟𝑒3 =  (𝑆𝑐𝑜𝑟𝑒1 + 𝑆𝑐𝑜𝑟𝑒2)/2 
 
Based on the above formula, Score is a non-negative number. A bigger Score indicates 
that the corresponding pair of bugs is more similar. 
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7.7 TOP-N Similar Bug Recommendation and Ranking 
 

Since our approach recommends similar bugs based on the combined similarity scores, 
we can rank all the pending bugs given a query bug. Therefore, we can achieve top-k 
recommendation with any integer less than the total number of pending bugs for k. 
Specifically, for each query bug, we recommend k most similar bugs which have the 
highest similarity scores in a top-k recommendation. 
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8 EXPERIMENT AND RESULTS 
 

In this section, we introduce our experimental environment and the experiments. The 
real practice datasets from Axis communications are considered in our empirical study. 
We also implement research work for performance comparison.  
 
To evaluate our proposed method, we will conduct an experiment with an identified 
number of bug reports on the internal bug report database of Axis Communication AB. 
What follows is an overview of the experiment design, based on the guideline 
described by C. Wohlin et al. [41] and B. A. Kitchenham et al. [84]: 
 

8.1 Experiment Scoping 
 

In the experimental environment, we analyze automated duplicate bug report detection 
methods for the purpose of evaluating our proposed method with respect to the 
identified measurement metrics from the point of view of the researchers in the context 
of duplicate bug report detection. 
 

8.2 Context Selection 
 

The objective of our experiment is to compare our proposed method with the identified 
and selected best methods respectively which are discussed in Section 8.4. 

 
The context of the experiment is in an industrial setting involving environment of case 
company (Axis Communication AB) with their internal bug report database. The 
context of the personnel is researchers. 
 

8.3 Hypotheses Formulation 
 
The objective of our experiment leads to our set of experimental hypotheses and we 
express hypotheses based on the goal of our research. Based on our SMS, we use recall 
rate. 
 
Recall-rate@k: 
We let Rop be the recall rate of our proposed method and Ris be the recall rate of the 
identified and selected best methods. This leads to our second set of hypotheses: 
 
H 0 : Rop > Ris 
H 1 : Rop < Ris 

 
Overall, each hypothesis is tested with the experiment on the measures of the recall-
rate@k. 
 

8.4 Variables Selection 
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The independent variables (inputs) in the experiment are the proposed automated 
duplicate bug report detection method which was presented in Chapter 7 and the 
identified and selected automated duplicate bug report detection methods in the 
previous SMS which represent the state-of-art.  
 
Finally, we select Xinli et al’s [17] approach – the combination of TF-IDF and 
Word2vec and Indu et al.’s [65] approach – the combination of TF-IDF and LSI as the 
state-of-art baseline approaches.  
 
The motivation for selecting these two approaches is that both are quite new 
approaches and are similar to our proposed method. 
 
The dependent variables (outputs) in this experiment are the identified measurement 
metrics that are used to measure the performance of performing the task of duplicate 
bug report detection.  
 
As discussed in section 6.2, the recall-rate@k metrics is the most common metric and 
mainly used for TOP K recommendation and ranking approach, which is the type of 
our proposed approach. Therefore, we chose to use it and did not consider the metrics 
applied in the classification approaches and decision-making approach. Considering 
the recall-rate@k is applied successfully in other primary studies, we believe it also 
produces reasonable performance comparisons in our experiment. 
 
At each execution, we ran our implemented web-based bug tracking system through 
the bug reports in the chronological order. When it determines a duplicate report b, it 
returns the list of top-n potential duplicate report groups. If a true duplicate report 
group G is found in the top-n list, we count it as a hit. 

 
The recall-rate@k is measured by the ratio of the number of hits over the total number 
of considered bug reports as described in section 5.2. 
 
The factor for the controlled experiment is automated duplicate bug report detection 
methods. Treatments of the factor are our proposed method and the identified and 
selected best methods. 
 

8.5 Selection of Subjects 
 

This is an experiment to compare methods and evaluate them. We do not need to 
evaluate who is applying the methods. Therefore, we do not concern subjects. 
 

8.6 Selection of Objects 
 

The object in our experiment is a web-based bug tracking system that integrates our 
proposed method and the identified and selected best methods. The bug tracking 
system connects to the internal database of Axis Communication AB - TROUBLE, 
which contains 112599 bug reports. Those bug reports in TROUBLE are from 2007-
05-07 to 2017-07-21 having bug ids starting from 1 to 118768. They are submitted by 
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the internal developer of Axis Communication AB. We used all bug reports in the 
TROUBLE to conduct the experiment. 
 

8.7 Experiment Design 
8.7.1 Creation of object 
Before conducting the experiment, we create a web-based bug tracking system that 
integrates all our proposed approach,  Xinli et al.’s [17] approach, and Indu et al.’s [65] 
approach. 
 

Figure 8–1 TF-IDF and Doc2vec Based Bug Tracking System 
 

As shown in Figure 8-2, the bug tracking system list all bug reports presenting Bug ID, 
title, category, severity, created time, and status. When a specific bug report is selected, 
then the system will show a page presenting the information of the bug report as well 
as a list of ordered top 5 best matches, for example, as shown in Figure 8-2, the left 
part presents the information of the #112582 Bug report. Moreover, the right part 
shows the recommended duplicate bug reports. 
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Figure 8–2 TF-IDF and Doc2vec based Bug Tracking System 
 
The architecture of the web-based bug tracking system is shown in Figure 8-3. The 
bug tracking application is a Web application, so users can interact with the application 
through the Internet. The system stores the data of bug reports and the processing data 
of bug reports in the PostgreSQL. The reason why we select PostgreSQL is that it is 
able to store vectors. 
 

Figure 8–3 The architecture of The Web-Based Bug Tracking System 
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There are 112599 bug reports in total. The bug tracking system uses a document-level 
embedding model, word embedding model, and topic model respectively combining 
with a vector space model to represent each bug report which is stored in the 
PostgreSQL with a vector. It then compares the vector representation of a new 
incoming bug report with existing bug reports using cosine similarity to rank and get 
an ordered list of similar bug reports. 
 
As a user enters text in the summary or description fields or steps to reproduce of a 
new bug report, the system calculates a similarity between the entered textual 
information of the new one and existing bug reports and returns the top bug reports 
that are most similar to the text.  
 
In the system, the natural language pre-processing steps are computed using NLTK 
(Natural Language Toolkit) [85], [86], which contains a suite of open source Python 
modules available for text analytics and natural language processing. 
 
The implementations of document-level embedding technique, word embedding 
technique, and LSI are utilized by using the python package, named genism, by R. 
Rehurek [87].  
 
The challenges we met in creating the bug tracking system is that the process of 
transferring words or paragraphs into vectors takes lots of time. To avoid the pending 
of getting the recommend duplicated bug reports list, we store those generated vectors 
into the database then the system can calculate and handle those vectors on the fly. 
 

8.7.2 Experiment Procedure 

8.7.2.1 Preparation 
To collect data for our experiment, we select a subset of the bug reports from the 
internal bug reports database of Axis Communication AB. The number of bug reports 
will be determined by the sample size determination [36] in order to have sufficient 
statistical power. There are 112599 bug reports in total. 
 
With the help of experts at Axis Communication AB, the data set contains pre-
annotated bug reports marked as duplicates. Some 10% (14103) of the bug reports are 
marked as duplicates. They form ground truth with these master-duplicate bug report 
pair in order to measure performance at the later stage. 
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Figure 8–4 An Example of a Bug Report in TROUBLE with XML Format 
 
Bug reports in TROUBLE come in XML format as shown in Figure 8-4. Some 
unnecessary texts such as tags, attributes and declarations are included. To transform 
these bug reports into more informative form, we parse the contents of the XML 
elements and four sections: title, description, steps to reproduce (if any), and duplicate 
bug ID are extracted and combined into a single CSV file for all bug reports. 
 
Then we have extracted those four sections from CSV file and stored those data into 
PostgreSQL database. We extracted all bug reports from period 2007-05-07 to 2017-
07-21 having bug ids starting from 1 to 112599. 
 

8.7.2.2 Execution 

8.7.2.2.1 Sensitivity Analysis 
Inspired by [27], [30], to make the comparison fair as the parameter tuning is often 
more important than the choice of the algorithm [35], before we start to compare our 
proposed method with Xinli et al.’s [17] and Indu et al.’s [65] approach. First, we need 
to evaluate the sensitivity of our proposed approach’s and Xinli et al.’s [17] recall rate 
with respect to different sizes of the dimensionality of the feature vectors 
SIZE_Doc2vec and SIZE_Word2vec and Indu et al.’s [65] recall rate with respect to 
different numbers of LSI topics NUM.  
 
According to [32], [88], parameter tuning is the process of finding and setting an 
optimal value of the parameters that determine a system’s characteristics. It is an 
offline procedure in which parameter values remain fixed during the run and should 
be distinguished from parameter control in which initial parameter values are 
changed during the run  
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We ran those approaches respectively with bug reports in TROUBLE as SIZE was 
varied from 250 to 500 with the step of 10, then measured top-10 detection recall rate. 
Figure 8-5 and Figure 8-6 show the results. 
 

Figure 8–5 Recall Rate@10 with Varied Sizes of the Dimensionality of the Feature 
Vectors 

 

Figure 8–6 Recall Rate@10 with Varied Numbers of the LSI Topics 
 
For our proposed approach and the Xinli et al.’s approach, the shapes of the graphs in 
Fig. 8-1 for the bug reports in TROUBLE are consistent. That is as SIZE is small 
(SIZE<390) and big (SIZE>400), the recall rate is low.  
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This is reasonable because the size of the dimensionality of the feature vectors for bug 
reports is too small to distinguish their context, thus, there are many bug reports 
classified into the same context group when their vector representations are too narrow. 
When the size of the dimensionality of the feature vectors increases, the context may 
begin to overlap semantically with each other. It causes a bug report to have a vector 
representation representing many contexts with similar proportions. This overfitting 
problem degrades recall rate. 
 
For the Indu et al.’s approach, as NUM is small (NUM<700), recall rate is low. This 
is reasonable because the number of features for bug reports is too small to distinguish 
their technical functions, thus, there are many documents classified into the same topic 
group even though they contain other technical topics. When the number of topics 
increases, accuracy increases as well and becomes stable at some ranges. 
 

8.8 Approach Comparison 
 

In this experiment, we aimed to evaluate how the combination of the information 
retrieval and Paragraph Vector can help to detect duplicate bug reports. We also 
compared our combined model with the identified model in SMS which is the 
combination of LSI and TF-IDF [65], and the combination of word embedding 
vectors and TF-IDF [17]. 
 
The sizes of the dimensionality of the feature vectors SIZE of our proposed approach 
and Xinli et al.’s approach and the number of LSI topics of Indu et al.’s approach in 
this experiment were selected after fine-tuning for best results as in the previous 
experiment. 
 
For recall-rate@k, we consider recall-rate@1, recall-rate@5 and recall-rate@10. We 
use recall-rate@1 to investigate the effectiveness of our approach, Xinli et al.’s 
approach, and of Indu et al.’s approach under the strictest requirement. However, the 
recall-rate@1 result may not be good; thus, we also investigate other top-n results 
(where n is a relatively small number, e.g., 10). Table 8-1 present the results of our 
approach as compared with others. From the tables, we can conclude several points. 
 
Table 8–1 Performance of Our Approach Compared with The Other Two Approach 

for the TROUBLE Dataset 
Approach Our Approach Xinli et al.’s Approach Indu et al.’s approach  
Recall-
Rate@1 

18.66% 18.36% 17.93% 

Recall-
Rate@5 

36.23% 33.43% 32.62% 

Recall-
Rate@10 

42.88% 38.95% 38.37% 

 
Our approach improves the performance of the start-of-the-art Xinli et al.’s approach 
and Indu et al.’s approach statistically significantly and substantially for similar bug 
recommendation. 
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8.9 Discussion 
 

The scalability of our approach was demonstrated by using over ten years of bug 
reports from Axis internal database – TROUBLE. 
 
For example, there were 112,599 bug reports received in the TROUBLE from April 
2007 to July 2017. On average, TROUBLE received approximately 30 bug reports 
daily. 
 
We assume that the average time of the process to try to manually determine whether 
a new incoming bug report submit a new bug or an already reported bug is 3 hours, as 
the triager need to read through and evaluate the bug report and based on his (her) 
memory and experience to search in the database. 
 
Our system only spends 35 seconds per incoming bug reports to return a list of 10 best 
match bug reports. Then the triager only need to spend 10 minutes to read and 
understand those recommended bug reports to determine. We can do some calculation 
that by applying our approach, each bug reports will save 2 .8 hours, in total, 39019 
hours can be saved. 
 
Therefore, the system applying our approach could realistically be implemented in a 
production environment to save time and effort. 
 
When comparing our proposed approach with other approaches, the practical 
beneficence is obvious. We take case company as example, there are 112599 duplicate 
bug reports, the recall-Rate@10 of our approach is 42.88%, which means in 48282 
bug reports, their duplicates can be found directly by the triager in the recommendation 
list. However, the recall-Rate@10 of Xinli et al.’s Approach is 38.95%, so, in 43857 
bug reports, their duplicates can be found directly, which indicates that more than 5000 
bug reports should be spent more time to find their duplicates. As the number of bug 
reports become larger, the triager would waste more time if they use Xinli et al.’s 
Approach instead of our proposed approach. 
 

8.10 Validity Evaluation 
 

We evaluate the validity threats before the operation of the experiment to minimize 
threats. The validity threats can be divided into four major classes: internal validity, 
external validity, construct validity, and conclusion validity. We design the experiment 
to minimize the threats as the following type: 
 

8.10.1 Conclusion validity 
Threats to conclusion validity could be the limits of the generalization of our results in 
the experiment. Our findings may not be generalizable to other software companies. 
To address this threat, as we discussed in section 7.2, we only select most fundamental 
attributes of bug reports. 
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8.10.2 Construct validity 
The suitability of the evaluation metrics could be the threats to construct validity. To 
migrate its risk, we use measures that are meaningful and relevant to the empirical 
study which is discussed and motivated in section 8.4.  
 

8.10.3 Internal validity 
The quality of the bug reports in the experiential datasets could be the threats to internal 
validity. If the duplicates of some bug reports are labeled mistakenly, the results of 
experiments would be deviated. To reduce the deviation, as we described in section 
8.7.2.1, we asked the help for experts to manually mark those bug reports first. 
 

8.10.4 External validity 
The choice of the dataset can be a threat to the external validity. However, the 
experiment environment is in actual practice, i.e. conducted with industry data and in 
an industry context. Performing more experiments on other datasets is left as future 
work. 
 

8.11 Conclusion 
 

According to experiment results and our hypothesis, our proposed approach is the 
most effective automated duplicated bug reports detection approach. The 
experimental results show that the recall rate of our proposed approach is 
significantly higher than the combination of TF-IDF with Word2vec and the 
combination of TF-IDF with LSI. Using the combination of Doc2vec and TF-IDF 
approach at least one duplicate bug reports in a TOP 10 list can be detected in 
42.88%, which is an improvement of 9.42% to the state-of-art. 
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9 CONCLUSION AND FUTURE WORK 
  
In this chapter, we conduct a conclusion for this research by answering each research 
question and presenting future work. 
 

9.1 Conclusion 
 

In this thesis, we present a systematic mapping study focusing on automated duplicate 
bug reports detection methods, evaluation methods, and result of performance 
assessment to get an overview of existing research on duplicate bug reports detection. 
We identified 44 papers published between 2007 and 2017. Three research questions 
have been asked. We also presented an approach for automatically detect duplicate 
bug reports and empirically evaluated our approach using a dataset of 112,599 bug 
reports from the Axis Communication internal bug reports database to answer the left 
one research question. 
 
RQ1 What are the existing methods to detect duplicated bug reports 
automatically? 
RQ 1.1 What are different categories of all automated duplicate bug reports 
detection methods?  
 
With regard to RQ1, we classified three categories of all automated duplicate bug 
reports detection methods and five steps to detect duplicate bug reports. 
 
RQ 1.2 How are the methods evaluated? 
 
We identified performance metrics which are used to evaluate various automated 
duplicate bug reports detection methods 
There are Precision, Recall, F1 (F-measure, F-score), Accuracy, The area under the 
curve (AUC), Kappa. Recall-rate@k, MRR, MAP, Normalized Discounted 
Cumulative Gain, Cluster purity classification accuracy, Feedback, Likelihood, 
EARate. 
 
RQ 1.3 What is the performance difference between the categories of methods? 
 
Among three categories of methods, TOP N recommendation and ranking approach 
have the best performance, the performance of binary classification approach and 
decision-making approach both are roughly same. 
 
 
RQ2 How does our proposed method compare with the identified and selected 
best methods in terms of the identified performance metrics? 
 
This study is the first to leverage document-level embedding for similar bug 
recommendation and conduct an experiment on the performance of the proposed 
methods with other identified methods for the task of duplicate bug report detection 
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Experiments on real bug reports indicate that our proposed approach improves the 
recall rate@1-5-10 of the start-of-the-art Xinli et al.’s approach and Indu et al.’s 
approach statistically significantly and substantially for similar bug recommendation. 
  

9.2 Future Work 
 

In the future, we plan to further improve the approach by optimizing the parameters of 
two scores generated by cosine similarity of TF-IDF and Doc2vec. To tune the 
parameters in our proposed approach to optimize the similarity measure, methods 
could be investigated and implemented in the future. 
 
We also plan to perform experiments on more datasets to reduce the threats to external 
validity and evaluate our proposed approach with more evolution metrics, such as 
precious or accuracy. 
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APPENDIX 
 

Table 0–1 Attribute Selection for Each Primary Study 
Category Attribute Reference Number 
Textual 
Information 

Summary  
(title, header) 

Tomi et al. (2011) [28] 1 

Summary  
(title, header), 
Description 

Runeson et al. (2007) [10] 
Chengnian et al. (2010) [26] 
Ashish et al. (2010) [15] 
Hongying et al.  (2011) [58] 
Anh et al. (2012) [30] 
Jian et al. (2012) [59] 
Ferdian et al. (2014) [53] 
Meng-Jie et al. (2014) [68] 
Meng-Jie et al. (2016) [75] 

9 

Subject line 
(Summary), 
Description, 
Comments 

Nenad et al. (2013) [61] 
Mehdi et al. (2013) [32] 
Phuc (2014) [67] 
Jingliang et al. (2016) [73] 

4 

Execution 
information 

Stack traces Johannes et al. (2013) [64] 1 

Textual 
Information, 
 
Execution 
information 

Summary,  
Description, 
Execution 
information 

Xiaoyin et al. (2008) [25] 
Yoonki et al. (2010) [54] 
 

2 

Number 
Information, 
 
Categorical  
Information 

Bug ID, 
Resolution,  
Status, 
Dup_ID 

Akihiro et al. (2015) [71] 
 

1 

Categorical 
Information, 
 
Execution 
information 

Stack traces 
Severity 
Component 

Korosh et al. (2017) [79] 1 

Application/module 
name, 
Application/module 
version, 
Call stack trace 

Yingnong et al. (2012) [81] 
 

1 

Textual 
Information, 
 
Categorical 
Information 

Description, 
Comments, 
Product, 
Component 

Sean et al. (2012) [29] 
Sean et al. (2013) [80] 
Indu et al. (2013) [65] 
Xinli et al. (2016) [17] 

4 

Summary, 
Description, 
Keywords, 
Correlating, 
Severity 

Qian et al. (2010) [57] 1 

Summary, Chengnian et al. (2011) [27] 4 
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Description, 
Product, 
Component,  
Priority, 
Type,  
Version 

Yuan et al. (2012) [31] 
Anahita al. (2013) [33] 
Gopalan et al. (2014) [70] 

Summary, 
Description, 
Classification,  
Product, 
Component, 
Version 

Jie et al. (2016) [74] 1 

Summary, 
Description,  
Creation date,  
Product,  
Component,  
Operational system,  
Hardware 
information 

Henrique et al. (2015) [49] 
Henrique et al. (2015) [72] 

2 

Number 
Information, 
 
Textual 
Information, 
 
Categorical 
Information 
 

Bug Id, 
Author, 
Created date, 
Severity, 
Status, 
Title, 
Description 

Tao et al. (2014) [66] 1 

Description, 
Summary, 
Comments, 
Keywords, 
Product, 
Component, 
Version, 
Status, 
Priority, 
Reported time 

Kaiping et al. (2013) [62] 1 

Bug ID, 
Title, 
Description, 
Product, 
Component,  
Type,  
Priority,  
Version,  
Open date 

Alina et al. (2014) [48] 1 

Response time, 
Title, 
Description, 
Version, 

Sean et al. (2017) [77] 1 



 

 72 

Operating system, 
Severity, 
Priority, 
Platform, 
Comment, 
Status, 
Resolution 
Bug ID,  
Date Opened,  
Status,  
Dup_ID,  
Summary,  
Description,  
Component,  
Type,  
Priority, 

Nathan et al. (2014) [34] 
Karan et al. (2017) [78] 
 

2 

Description, 
Summary,  
Status, 
Component,  
Priority, 
Type, 
Version, 
Product, 
Dup_ID, 

A. Hindle et al. (2016) [76] 
 

1 

Textual 
Information, 
 
Categorical 
Information, 
 
Execution 
information 

Summary, 
Description,  
Exception stack 
frames, 
Product,  
Component, 
Classification  

Nilam et al. (2012) [47] 1 

Description, 
Title, 
Severity, 
Operating system, 
Patches or 
screenshots 

Nicholas et al. (2008) [9] 1 

 
 

Table 0–2 Evaluation Metrics on Each Primary Study 
Metrics Reference Number 
Precision, 
Recall, 
F1 

Nicholas et al. (2008) [9] 
Yuan et al. (2012) [31] 
Mehdi et al. (2013) [32] 
Tao et al. (2014) [66] 
Gopalan et al. (2014) [70] 

5 

Accuracy Jingliang et al. (2016) [73] 1 
Accuracy, 
Precision, 

Alina et al. (2014) [48] 1 
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Recall, 
The area under the curve (AUC) 
Accuracy,  
Precision,  
Recall 

Akihiro et al. (2015) [71] 1 

Accuracy, 
AUC, 
Kappa 

Anahita et al. (2013) [33] 
Nathan et al. (2014) [34] 

2 

Accuracy, 
Kappa 

Karan et al. (2017) [78] 1 

Recall-rate@k Runeson et al. (2007) [10] 
Xiaoyin (2008) [25] 
Nicholas et al. (2008) [9] 
Chengnian et al. (2010) [26] 
Ashish et al. (2010) [15] 
Qian et al. (2010) [57] 
Hongying et al. (2011) [58] 
Tomi et al. (2011) [28] 
Nilam et al. (2012) [47] 
Sean et al. (2012) [29] 
Cheng-Zen et al. (2012) [60] 
Sean et al. (2013) [80] 
Phuc (2014) [67] 
Meng-Jie et al. (2014) [68] 
Meng-Jie et al. (2016) [75] 

7 

Recall-rate@k, 
MAP  

Chengnian et al. (2011) [27] 
Anh et al. (2012) [30] 

2 

Recall-rate@k, 
MRR 

Jian et al. (2012) [59] 
Johannes et al. (2013) [64] 
Korosh et al. (2017) [79] 

3 

N@K, 
F1, 
MAP 

Kaiping et al. (2013) [62] 1 

Recall-rate@k, 
MRR, 
MAP 

Xinli et al. (2016) [17] 1 

Cluster purity classification, 
Accuracy, 
F-measure 

Nachai et al. (2014) [69] 1 

Feedback,  
Precision,  
Likelihood,  
Recall,  
F-score 

Henrique et al. 
(2015) [49] 
 

1 

Feedback, 
Likelihood, 
Precision 

Henrique et al. 
(2015) [72] 

1 

Recall-Rate@k, 
Precision, 

Jie et al. (2016) [74] 1 
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EARate 

The average rank of the first 
detected duplicate (rankAVG FD) , 
The overall average rank of 
detected duplicates (rankAVG D) 

Nenad et al. (2013) [61] 
 

1 

Purity, 
Inverse Purity, 
F-measure 

Yingnong et al. (2012) [81] 
 

1 

TPR, 
TNR, 
FNR, 
FPR, 
ROC Curve 

Sean et al. (2017) [77] 
 

1 

true positive(TP) rate, 
true negative(TN) rate, 
Recall, 
Precision, 
MAP 

Liang et al. (2013) [63] 
 

1 

Number of reports Indu et al. (2013) [65] 
 

1 

Accuracy, 
Kappa, 
AUC, 
ROC curves, 
MAP, 
Precision 

A. Hindle et al. (2016) [76] 
 

1 

 
Table 0–3 The Approach’s Performance in Each Primary Paper 

Reference Approach Bug 
reports 

Top K  Precisi
on 

Recall F1 Recall-
rate@k 

MR
R 

MAP 

Runeson et al. 
 (2007) [10] 

weight = 1 + 
log(frequency) 
Cosine Similarity 
Time window 

Sony 
Ericsson 
Mobile 
Commun
ications 
DMS 

TOP5
-15 

   31%-
42% 

  

Xiaoyin et al. 
(2008) [25] 

TF-IDF with both 
textual information 
and execution 
information 
Cosine Similarity 

Eclipse TOP1
-6 

   84%-
93% 

  

Mozilla 
Firefox 

TOP1
-10 

   67%-
93% 

  

Nicholas et al. 
(2008) [9] 

weight = 3 + 2 log 2 
(frequency) 
Linear regression 
A graph cluster 
algorithm 
Cosine Similarity 

Mozilla 
Firefox 

TOP1
-20 

8% 100% 14.8
% 

25%-
50% 

  

Chengnian et 
al. 
(2010) [26] 

weight = 
 log2(frequency) 
Support Vector 
Machine 
Cosine Similarity 

OpenOffi
ce 

TOP1
-20 

   32%-
62% 

  

Mozilla 
Firefox 

   37%-
67% 

  

Eclipse    35%-
65% 
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Ashish et al. 
(2010) [15] 

Character n-gram 
feature extractor, 
Similarity 
computation 
module, 
Top-N similar bug 
reports retrieval 
module 
Cosine Similarity 

Eclipse TOP 
10-50 

   40.22%
-
61.94% 

  

Qian et al. 
(2010) [57] 

Features Importance 
Calculation 
Cosine Similarity 
 

Defect 
Pattern 
Reposito
ry for 
Java 

    72%   

Hongying et 
al. 
(2011) [58] 

A clustering 
method, 
TF-IDF 

Mozilla 
Firefox 
2.0 

    68%   

Eclipse 
Platform
3.3 

    70%   

Apache 
2.0 

    67%   

Mylyn     67%   
Tomi et al. 
(2011) [28] 

TF-IDF, 
Time window, 
Group Centroids, 
Cosine Similarity 

Mozilla 
Firefox  

 

TOP 
1-20 

     53% 

Chengnian et 
al. (2011) [27] 

BM25Fext, 
Gradient descent,  
Feature Weight 

Mozilla TOP1
-20 

   36%-
73% 

 46.22
% 

Eclipse    43%-
76% 

 53.21
% 

OpenOffi
ce 

   36%-
73% 

 45.21
% 

Large 
Eclipse 

   23%-
66% 

 44.22
% 

Nilam et al. 
(2012) [47] 

LSI: 
 
 
LSI: 
Cosine similarity 

Eclipse TOP2
-10 

   36%-
60% 
 
23%-
45% 
 

  

Firefox    33%-
58% 
 
28%-
47% 
 

  

Sean et al. 
(2012) [29] 

Longest common 
subsequence (LCS) 
algorithm, 
Match Size Within 
Group Weight, 
Time window  

Firefox TOP1
-20 

   42%-
75% 

  

Eclipse    55%-
83% 

  

Anh et al. 
(2012) [30] 

BM25F, 
LDA 

OpenOffi
ce 

TO-1 
TOP-
5 

   42% 
65% 
73% 
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Mozilla TOP-
10 

   43% 
67% 
74% 

  

Yuan et al. 
(2012) [31] 

Support Vector 
Machine, 
BM25F-based 
scheme, 
Relative Similarity, 
 

Mozilla TOP4
-20 

24.57
%-
24.48
% 

91.95
%-
91.40
% 

38.8
7%-
38.6
2% 

   

Cheng-Zen et 
al. (2012) [60] 

 

BM25-based 
scheme, 
Cosine Similarity 

Apache  TOP1
-20 

   36%-
96% 

  

ArgoUM
L  

   36%-
92% 

  

SVN     49%-
97% 

  

Kaiping et al. 
(2013) [62] 

Ranking SVM, 
TF, 
TTF, 
IDF, 
TF-IDF, 
WiKiSim, 
LSI 
BM25, 
Cosine similarity 

Eclipse TOP1
-5 

  0.83   0.61 

Mozilla   0.65   0.65 

Jian et al. 
(2012) [59] 

IDF-based, 
Stochastic gradient 
descent algorithm, 
Fidelity loss 
function 

Eclipse TOP1
-10 

   49.48%
-
82.03% 

0.58
71 

 

Sean et al. 
(2013) [80] 

TF-IDF 
Cosine Similarity 
with Group 
Centroids, 
Longest Common 
Subsequences, 
Factor Boosting, 
Time Window, 
MULAN (a multi-
label classification 
scheme) 

Firefox TOP1
-20 

   36%- 
88% 

  

Johannes et al. 
(2013) [64] 

TF-IDF, 
Indexingm 
Time frames 

Eclipse Top1-
20 

   63%-
86% 

  

Mehdi et al. 
(2013) [32] 

Jelinek-Mercer 
smoothing, 
Field Boost Factor, 
TimeFrame 
Setting Cutoff 
Threshold, 

BlackBer
ry 

TOP1
-100 

 57%-
89% 

    

Mozilla 
Firefox 

  31%-
74% 

    

Phuc (2014) 
[67] 

Character-Level N-
Gram Model, 
Cluster Shrinkage, 
Cosine Similarity 

ArgoUM
L  

TOP1
-22 

   29%-
78% 

  

SVN    34%-
89% 
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Apache    34%-
92% 

  

Tao et al. 
(2014) [66] 

the smoothed UM, 
KL-divergence, 
SVM, 
the k-means 
clustering 
algorithm, 

Mozilla  89.3% 93.1% 91.2
% 

   

Meng-Jie et al. 
(2014) [68] 

TF-IDF-CFC, 
weighting scheme, 
Support Vector 
Machines 

Apache TOP1
-20 

   60%-
95% 

  

ArgoUM
L 

   53%-
91% 

  

SVN    66%-
98% 

  

Gopalan et al. 
(2014) [70] 

An adaptation of the 
INCLUS algorithm, 
Cosine Similarity, 
Threshold 

Eclipse  88% 33% 48%    

Mozilla  86% 27% 41%    

Open 
Office 

 85% 28% 42%    

Jie et al. 
(2016) [74] 

The combination of 
LDA and N-gram 

Eclipse TOP1
0 

   55%   

Meng-Jie et al. 
(2016) [75] 

The combination of 
CC-based Scoring, 
TF-IDF-CFC 
Weighting, BM25-
based Weighting, 
Word2vec 
Weighting, and 
SVM Training 

Apache TOP1
-20 

   68%-
95% 

  

ArgoUM
L 

   54%-
90% 

  

SVN    67%-
95% 

  

Xinli et al. 
(2016) [17] 

The combination of 
TF-IDF and 
word2vec 

Eclipse TOP1
-10 

   16.91%
-
48.67% 

0.44
89 

0.266
9 

Mozilla    19.93%
-
53.73% 

0.59
05 

0.333
0 

 
Table 0–4 The Approach’s Performance in Each Primary Paper 

Reference Approach Bug 
reports 

TOP 
K 

F-
meas
ure 

Rec
all 

Accur
acy/p
urity 

Pre
cisi
on 

AU
C 

Kap
pa 

Feedb
ack 

likeli
hood 

Anahita et 
al. (2013) 
[33] 

BM25F, 
Naive Bayes, 
C4.5, 
K-NN,  
LDA, 
Labelled LDA, 
Cosine 
Similarity, 

Androi
d 

   84.52
50% 

 0.77
8 

0.46
16 
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Indu et al. 
(2013) [65] 

The 
combination of 
TF-IDF and LSI 

Google 
Chrom
e 

TOP 
10 

        

Nachai et 
al. (2014) 
[69] 

Hierarchical 
Dirichlet 
Process (HDP), 
Expectation 
Maximization 
(EM) and X-
means 
algorithm, 
Cluster 
Labeling, 
Logistic 
 

Lucene  0.705  0.710      
Jackrab
bit 
(JCR) 

 0.756  0.745      

HTTP
Client 

 0.787  0.710      

Alina et al. 
(2014) [48] 

SVM 
Na ı̈ve Bayes 

Eclipse   1 1 1 1    

SVM 
Na ı̈ve Bayes 

OpenO
ffice 

  1 0.999
933 

0.99
996
6 

0.99
995
8 

   

SVM 
Random Forest 

Mozilla   0.99
987
2 

0.999
936 

0.99
980
8 

0.99
99 

   

Nathan et 
al. (2014) 
[34] 

LDA 
Bagging: 
REPTree 

Androi
d 

   95.17
0% 

 0.97
7 

0.84
5 

  

Henrique 
et al. 
(2015) [49] 
Henrique 
et al. 
(2015) [72] 

IDF-based, 
TF-IDF, 
Cosine 
Similarity 

Mozilla TOP1
or 
TOP3 

48%   70
% 

  68% 70% 

Akihiro et 
al. (2015)  
[71] 

LinearSVM, 
N-gram, 
WordNet 
argumented 
similarity, 
WordNet 
argumented 
similarity, 
The length of 
sentence based 
similarity, 
Difference of 
information 
content between 
a pair of 
sentences, 
Vector space 
sentence 
similarity, 
Proper nouns 
based similarity, 
Number based 
feature 

Eclipse   69
% 

92% 94
% 

    

OpenO
ffice 

  67
% 

91% 89
% 

    

Karan et al.  
(2017) 
[78] 

Cosine 
similarity 
LDA 
Labelled LDA 

Androi
d 

   95.09
% 

  0.75
2 

  

Eclipse    95.47
% 

  0.79
0 
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BM25F 
C4.5 

Mozilla    96.18
% 

  0.77
7 

  

Open 
Office 

   95.49
% 

  0.72
6 

  

Jingliang 
et al. 
(2016) [73] 

The 
combination of 
Naive Bayes and 
LDA 

Apache 
Eclipse 
Mozilla 

TOP 
1-5 

  39%-
91% 

     

Korosh et 
al. (2017) 
[79] 

TF-IDF 
2-gram 
sequences 

Eclipse TOP2
-25 

     62
%-
86
% 

  

 
Table 0–5 The Approach’s Performance in Each Primary Paper 

Reference Approach Bug 
reports 

TOP@K rankAVG FD 
 

rankAVG D Purity 
 

Inverse 
Purity 

F-
measure 

Yingnong 
et al. 
(2012) [81] 
 

Agglomerati
ve 
Hierarchical 
clustering 
technique, 
Position 
Dependent 
Model 
(PDM) 

Five 
product
s of 
Micros
oft 
Corpor
ation  

   0.828 
to 
0.969 

0.828 
to 
0.970 

0.792 to 
0.952 

Nenad et 
al. (2013) 
[61] 

Cosine 
Similarity, 
TF-IDF, 
Temporal k-
occurrence 
model, 
secondary 
similarity 
measure, 

KDE TOP1-10 1.2-2.4 1.4-4.4    
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