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Abstract— Testing the product before final release is an 

inevitable part of any engineering process. Software testing 

is an activity which is carried out with an intent of finding 

errors. Testing is carried out as an umbrella activity is most 

modern software development life cycle models. As time-to-

market is a critical constraint for most software, the beta 

version of the software is released with intent of beta testing. 

It is the testing which is done by the end user as he/she uses 

the software. Software bugs are corresponding to all the 

instants when the software does not meet the specifications 

or desired functionality. In case of software crashes, there is 

a provision in most of the software that a bug report is 

automatically generated and sent to a bug reporting or issue 

tracking system. Also, in case of other failures, the user can 

write a description of his/her own about the problem faced. 

All such bug reports must be handled appropriately to 

remove the corresponding bug. For software which are 

publicly viable, and freely distributable across the globe, 

thousands of bug reports are sent to the issue tracking 

system, probably corresponding to the same bug. A person 

in-charge of analyzing the bug reports for checking of 

duplicity and assigning to appropriate developer is called 

triager. In this paper, the problem of checking of duplicate 

bug reports is analyzed based on non-repudiation 

classification and textual features. The non-repudiation 

classification is important and critical as the reports for 

which the corresponding bug cannot be reproduced at client 

side are of no use. The contribution of this work is the 

classification of bug reports as being reproducible or non-

reproducible using a binary classifier. Support Vector 

Machine is used for this classification. The traditional 

textual classifier is augmented with N Gram Features to 

improve the accuracy of classification. N-gram features 

relates to the character level representation instead of word 

level representation. For example, 

"StringIndexOutOfBoundsException" and 

"StringIndexOutOfBounds" Exception are two sets which 

possibly relates to the same event. Proposed model is 

evaluated over Mozilla-Firefox bug repository. 

Experimental results indicate a 7% improvement in the 

kappa measure as compared to the independent approaches 

proposed by Phuc Nhan Minh and Mona Erfani Joorabchi 

et.al.. 

Key words: Support Vector Machines, Machine Learning, 

Bug Report Triaging, Non-reproducible Bugs etc 

I. INTRODUCTION 

A. Beta Testing of Software 

A beta test is the second phase of software testing in which a 

sample of the proposed audience tries out the product (Beta 

is the second letter of the Greek alphabet.)[1]. Firstly, the 

term alpha test destined the first phase of testing in a 

software development process. The first phase comprises 

unit testing, component testing, and system testing. Beta 

testing can be well thought-out as pre-release testing. It is 

also called as field testing. It is executed at customer’s site. 

It sends the system to users who install it and use it when 

provided with real-world working conditions. The aim of 

beta testing is to place the application in the hands of real 

users outside of a particular engineering team to find out any 

fault or issues from the user’s viewpoint that nobody would 

want to have in final, released version of the application. 

There are a number of advantages of beta testing. 

Some of them are as follows: 

1) There is an opportunity to get the application into 

the hands of users before releasing it to the general 

public. 

2) Users can install, test application, and send 

feedback during this beta testing period. 

3) Beta testers can notice issues with the application 

that might have not been noticed, such as confusing 

application flow, and even crashes. 

4) Using the feedback which is got from these users, 

problems can be fixed before it is released to the 

general public. 

5) The more issues that are fixed that solve real user 

problems, the higher the quality of application 

when you release it to the general public. 

6) Having a higher-quality application when it is 

released to the general public will increase 

customer satisfaction. 

7) These users, who are early adopters of application, 

will generate excitement about the application. 

B. Bug Reporting and Issue Tracking Systems 

This is the world of information. Bug and issue tracking 

systems are more often implemented as a part of integrated 

project management system. This approach permits 

including bug tracking and fixing in a common product 

development process, fixing bugs in numerous product 

versions, automatic generation of a product knowledge base 

and release notes. A number of bug trackers are designed to 

be used with distributed revision control software. These 

distributed bug trackers let bug reports to be suitably read, 

added to the database or updated even as a developer is 

offline. Distributed bug trackers consist of Fossil. In recent 

times, commercial bug tracking systems have also 

commenced to integrate with distributed version control. For 

example, Fog Bugz, facilitate this functionality via the 

source-control tool, Kiln. Even though wikis and bug 

tracking systems are typically viewed as distinct types of 

software, ikiwiki can also be used as a distributed bug 

tracker. It can administer documents and code as well, in an 

integrated distributed manner. Though, its query 

functionality is not as advanced or as user-friendly as few of 

other, non-distributed bug trackers such as Bugzilla. Related 

statements can be made about org-mode, even though it is 
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not wiki software as such. The concern in the older system 

can be defined as the whole project maintenance, user 

maintenance and their task has to be maintained manually. 

The Software development companies have to deal with a 

lot of problems while maintaining manually all the 

maintenance of the projects, their bugs and their status. This 

type of issue makes the whole system an ineffective one and 

thereby making a poor and unorganized working. Bug 

tracking software is a “Defect Tracking System” or a set of 

scripts which preserve a database of problem reports. Bug 

tracking software permits individuals or groups of 

developers to keep track of outstanding bugs in the product 

efficiently. Bug tracking software can track bugs and 

changes, submit and review patches, communicate with 

members, and manage quality assurance. This web-based 

business application is a enormous tool for assigning and 

tracking issues and tasks during software development and 

any other projects that engage teams of two or more people. 

C. Manual and Automated Triaging 

Bug repositories are generally maintained in software 

projects. Testers or users submit bug reports to recognize 

various issues with systems. Sometimes two or more bug 

reports match up to the same defect. To deal with the 

problem with duplicate bug reports, a person called a triager 

[2] needs to manually label these bug reports as duplicates, 

and link them to their master reports for consequent 

maintenance work. Though, in practice there are substantial 

duplicate bug reports sent daily; requesting triagers to 

manually label these bugs could be very time consuming. To 

address this problem, in recent times, a number of 

techniques have been proposed using various similarity 

based metrics to perceive candidate duplicate bug reports for 

manual verification. Automating triaging has been proved 

demanding as two reports of the same bug could be written 

in different ways. There is still much scope for development 

in terms of accuracy of duplicate detection procedure. 

Presently, researchers have paid considerable amount of 

attention to recognition of duplicate bug reports. Without 

finding and marking duplicate bug reports, the triager might 

triage/assign duplicate bug reports to several developers. 

Additionally, when a bug report gets set, dealing with the 

duplicates as independent defects is mere misuse of time. 

Lastly, recognizing duplicate bug reports can also be helpful 

in fixing the bugs, as some of the bug reports might provide 

more useful descriptions as compared to their duplicate. At 

present, detecting duplicate bug reports is generally done 

manually by the triager. When the number of daily reported 

bugs for admired software is taken into concern, manually 

triaging takes a substantial amount of time and the results 

are not likely to be complete. In Eclipse, for instance, two 

person-hours are daily being exhausted on bug triaging. 

Numerous studies have attempted to solve this issue by 

automating bug-report reduplication. To that end, a variety 

of bug-report similarity measurements have been projected, 

concentrating primarily on the textual features of the bug 

reports, and utilizing natural-language processing (NLP) 

techniques to do textual comparison. A few of these studies 

also use categorical features extracted from the fields of bug 

reports (i.e. version, component,  priority, etc.) 

D. Problem Statement 

The problem identified in this paper is to automate the 

checking of the bug reports using various features extracted 

from reports, in an attempt to find out whether these are 

duplicate or corresponds to different bugs. The contribution 

of this paper is this that it proposes an architecture for 

classification of incoming bug reports into two sets; namely: 

reproducible and non-reproducible bugs. Non-reproducible 

bugs are of no use in further classification as these cannot be 

reproduced and thus cannot be verified as a potential bug. 

This may be due to the use of obsolete system software by 

the end user or the use of some other software the use of 

which is not recommended as is from a non-verified source.  

All the non-reproducible bugs are stored to a specific 

repository to later provide any description if needed, The 

reproducible bugs are the bugs that needs to be assigned to 

the appropriate developer for debugging purpose. These are 

the reports that needs to be classified as duplicates and non-

duplicates. In this work, the Non-Repudiation classification 

is augmented with textual and N Gram features. Thus, 

checking the similarity at character level instead of word 

level. One example of this is download→downld, 

error→err, problem→problm, etc. Also, the proposed 

algorithm replaces the internet shorthand notations with 

their real world counterparts, thus providing a more accurate 

comparison of the text under consideration. 

This research paper is organized as follows: 

 Section 1 presents an overview of the subject 

matter and gives the problem statement and the 

approach for the research.  

 Section 2 gives a brief outline of motivation and 

research approach for the proposed work 

 Section 3 presents the proposed non-repudiation 

based classifier using character level N gram 

features and Shorthand Internet Notations. Section 

4 gives the simulation results and the plots for 

various features for similarity measurement. 

Section 5 concludes the paper and gives overview 

of the future scope of the work. 

II. MOTIVATION AND RESEARCH APPROACH 

Considering large open source projects, developed as 

products like VLC player, Mozilla Firefox, and Linux 

among others, which are intended to be used by a large 

community of people. A large number of bug reports are to 

be sent every day (every hour) through people using them, 

thereby testing these software every time it is used. Most of 

the reports sent by the users are duplicates of each other as 

these refer to the same bug that caused the malfunction. 

These reports that are duplicates needs to be bundled 

together as these corresponds to the same bug. Thus, instead 

of discarding duplicate bug reports, such sets of reports are 

to be prepared so as to provide a complete description as the 

duplicate bug reports can supplement the description 

regarding what actually had happened that had caused the 

software to malfunction.   

Considering the volume of bug reports that are 

being sent, triaging is a time consuming task and requires 

manpower technically skilled and must read and understand 

the bud report to identify them as duplicate or non duplicate. 

This process is time consuming and therefore, expensive, if 



Optimized Bug Report Triaging using N-Gram Features and Non-Reproducible Classification 

 (IJSRD/Vol. 3/Issue 07/2015/099) 

 

 All rights reserved by www.ijsrd.com 425 

done by human experts. However, a solution to the above is 

automated triaging in which the bug reports are to be 

analyzed by an automated triaging system. 

A. Research Approach 

One common facility that is usually made for large open 

source software is that these have the provision to send a 

bug or error report each time the software crashes. This 

crash report can be garneted automatically (system 

generated) or can be written by the user (user generated) 

about his/her experience about the software malfunction. 

The report then can be sent to a bug repository located at the 

server where such reports are stored and triaged. Triaging 

refers to the task of processing bug reports so as to assign 

priorities and to refer them to concerned developer so as to 

make rectification of the cause that caused the software to 

malfunction. In most of the cases, the bug reports is written 

by the user and is supplemented by the error messages 

generated by the software. This work focuses on automated 

triaging in which the bug reports are analyzed for checking 

if these are duplicate or non duplicate, and to appropriately 

attach them to the master report if these are duplicates or to 

form a new group is the report corresponds to some new 

bug. This process is done through feature extraction for the 

bug reports. 

A reproducible bug is a bug that can be reproduced 

at developer end so as to verify the bug report sent. Often, 

there are bugs that cannot be reproduced as these 

corresponds to the malfunction of the underlying software or 

non recommended hardware/ system. An SVM model is 

proposed to classify reproducible from non reproducible 

bugs. All reproducible bugs are further classified into 

duplicates and non duplicates thus, providing the developer 

with the potential bugs that needs to be fixed first and to 

save developer's time from non-reproducible bugs. 

An SVM model is proposed which classifies 

reproducible and non reproducible bug reports. All the non 

reproducible bug reports are kept in separate repository 

separating them from triaging process. The reproducible bug 

reports are the reports that needs to be operated for 

similarity checking. A Support Vector Machine Classifier is 

proposed to classify incoming bug report as reproducible or 

Non Reproducible using N Gram Features and shorthand 

notations used now-a-days on Internet. Simulation of the 

work is carried out in R statistical package and results are 

derived. The results shows significant improvement than 

existing techniques. 

III. PROPOSED WORK 

A. Non-Repudiation Classification 

The scenario expressed in the bug reports is required to be 

regenerated by the debugger so as to ascertain the bug 

reported by the end user. It is often the case that the reported 

bug by the end user is actually a malfunction of the software 

which occurs due to certain local reasons such as lack of 

compatibility of the operating system or some other issues 

such as viruses or malwares. Such reports are not actually 

the bug reports but needs to be separated from those that are 

to be assigned to the appropriate developers. These reports 

are termed as non-repudiation reports. Such reports are to be 

filtered out from being assigned to the developer as these 

may result in the waste of developers time. This 

classification of bug reports which corresponds to the bugs 

that can be reproduced from those that cannot be reproduced 

is called the non-repudiation classification. In this paper, a 

classification method is proposed to separate the non-

repudiation bug reports from those that are to be assigned to 

the developers/debuggers. This classification is done using a 

support vector machine based classifier which is trained on 

real dataset of SQL database Manager. For those reports that 

are reproducible, Textual and N-gram features are 

considered using modern vocabulary so as to match the 

words will modern spellings. This classification is important 

from the point of view of character level similarity instead 

of world level matching, after performing stop word 

removal and stemming. Figure 3.1 shows the proposed 

model. 

 
Fig. 3.1: Proposed model for classification between 

duplicates and non-duplicates based on a prior SVM 

classification for non-repudiation (Thin lines shows the 

Training Model and thick lines shows the Bug Report 

Testing Model). 

B. Support Vector Machines for Text Categorization 

The goal of text categorization is the classification of 

documents into a fixed number of predefined categories. 

Each document can be in multiple, exactly one, or no 

category at all. When learning text classifiers on has to deal 

with very many (more than 10000) features. Since SVMs 

use over fitting protection which does not necessarily 

depend on the number of features, they have the potential to 

handle these large feature spaces. 

SVMs are well suited for text categorization 

because of the following reasons: 

1) High dimensional input space  

When learning text classifiers on has to deal with very many 

(more than 10000) features. Since SVMs use over fitting 

protection which does not necessarily depend on the number 

of features, they have the potential to handle these large 

feature spaces. 
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2) Document vectors are sparse 

For each document di, the corresponding document vector 

  
⃗⃗  ⃗ contains only few entries which are not zero. 

3) Most text categorization problems are linearly 

separable 

All assumed categories are linearly separable. Inseparability 

on some Reuters categories is often due to dubious 

documents (containing just the words "blah blah blah" in the 

body) or obvious misclassifications of the human indexers. 

C. Feature Set Extraction 

Feature Set refers to a parameter of similarity between two 

bug reports. This feature set in case of textual similarity is 

the cumulative weight of the corpus of the words under 

consideration. A corpus refers to a bag of words. In this 

paper, a simple model of bug reports is considered, 

comprising of a title, a summary and description. Hence, 

three different corpus are considered corresponding to each 

of the field of bug reports. Before computing the word 

weight, a preprocessing needs to be performed to set the 

word weights and to remove the words which need not be 

considered. The preprocessing comprises of the following 

steps: 

1) Stop Word removal: This refers to removing the 

stop words, like a, an, the, is, your, our, are etc. 

2) Stemming: This refers to converting the word into 

its ground form by removing the punctuation marks 

and ing, ed etc. For example: saving, saved → 

save, protection, protected → protect etc. 

The transmutation of a document to a document 

vector can be depicted as shown: 

 
Fig 3.2 Conversion of Document to feature vector (after 

removal of stop-words and stemming.) 

The remaining part of the corpus is the set (bag) of 

words which needs to be considered to check the similarity 

score of two bug reports. For each corpus, the importance 

(or weight) of a word lies in how often it is repeated in a 

single bug report. Another measure is this that how 

infrequent this word is to other bug reports. These two 

measures are defined by term frequency and inverse 

document frequency as described below: 

1) Preprocessing, Shorthand and N-gram Matching and 

TF-IDF Computation 

First, all the stop words in all the bug reports are removed. 

After this step, all the shorthand notations are replaced by 

their actual counterparts used in formal English language. 

Most of the shorthand notation used in the internet jargon 

are used for stop words. For example, u→you, dis→this etc. 

This replacement is done using the mapping from twitter 

shorthand notation words a complete list of which is 

available in []. After this replacement, the domain specific 

words are mapped for N gram checking and replaced by 

their actual spellings. The words are borken down into 

component words if needed. This step particularly depends 

upon the software under consideration and the type of the 

error messages that the user experience while using the 

software.  

For Example, 

DownldManagr→DownloadManager→Download Manager. 

After this complete set of steps and the removal of 

stopwords, shorthand notations and N gram inculcation 

using programming language specific words, the stemming 

operation is performed. The stemming is the operation in 

which all the documents are converted to their ground 

forms. After the stemming operation, the  

Given a single bug report, the term frequency gives 

the count of occurrence of the word in the bug report. The 

word which is more frequently used has a higher term 

frequency as compared to a word which is less frequently 

used. The more the term frequency of a word in a document, 

the more is the importance of the word in the document, and 

therefore, the more is the weight of the document. Thus, for 

a word w: 

       
                                            

                                     
 

Another important measure is the inverse document 

frequency. Given a set of reports, inverse document 

frequency measures the number of documents consisting of 

the particular word. The less the number of documents 

consisting of the word under consideration, the more is the 

word relevant to a particular bug report and hence has 

higher inverse document frequency. Thus: 

      

       
                         

                                       
  

The term 1 is added in the denominator to avoid a 

divide-by-zero exception. For example, consider a document 

containing 100 words wherein the word password appears 3 

times. The term frequency (tf) for password is then (3/100) 

= 0.03. Now, assuming that there are 10 million documents 

and the word password appears in one thousand of these. 

Then, the inverse document frequency (idf) is calculated as 

log(10,000,000/1,000) = 4. Thus, the tf-idf weight is the 

product of these quantities: 0.03 * 4 = 0.12. 

The similarity measurement of a pair of documents 

is carried out after transforming documents and queries into 

vectors. One can calculate the similarity of a pair of 

documents or queries through a formula defining the 

similarity of two vectors. Typically, for two vectors 

q1=<w11, w21, …, w1n> and q2=<w21, w22, … , w2n>, the 

similarity of two reports R1 and R2 is defined by equation 

2.2. 

                  
∑        

 
   

  ∑    
  

   
 ∑    

  

   
 
  

As pointed out by Jalbert et.al, a more precise 

recall rate can be achieved for classification in which the 

weight of a word is computed based only on the idf 

measure. The same is considered in this paper for duplicacy 

checking. 
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D. N-Gram Features 

Character level N-Gram features relates to the sequence of 

words that form a character. For e.g., DownloadManager 

and Download are two different words in a bug reports that 

might refer to probably the same bug encountered by two 

different users, and written in the corresponding bug reports. 

In this paper, character level n-gram matching up to n 

characters is made and if found same, is dealt as the same 

character. Results are deduced for values of n ranging from 

3 to 5 and this indicates a considerable improvement in 

recall rate for n=3 for MySQL bug repository dataset. 

E. MySQL State Transitions of the Bug Reports 

The status of the bug report can be broadly categorized as 

open or closed. In these two categories, there are several 

other status levels. The status of the bug reports in MySQL 

bug repository can be depicted as shown: 

OPEN BUGS 

No resolution yet. All bugs which are in one of these "open" 

states have no resolution set. 

UNCONFIRMED 

This bug has recently been added to the database. Nobody 

has validated that this bug is true. Users who have the "can 

confirm" permission set may confirm this bug, changing its 

state to NEW. Or, it may be directly resolved and marked 

RESOLVED. 

NEW 
This bug has recently been added to the assignee's list of 

bugs and must be processed. Bugs in this state may be 

accepted, and become ASSIGNED, passed on to someone 

else, and remain NEW, or resolved and marked 

RESOLVED. 

ASSIGNED 
This bug is not yet resolved, but is assigned to the proper 

person. From here bugs can be given to another person and 

become NEW, or resolved and become RESOLVED. 

REOPENED 
This bug was once resolved, but the resolution was deemed 

incorrect. For example, a WORKSFORME bug is 

REOPENED when more information shows up and the bug 

is now reproducible. From here bugs are either marked 

ASSIGNED or RESOLVED. 

CLOSED BUGS 

RESOLVED 

A resolution has been performed, and it is awaiting 

verification by QA. From here bugs are either reopened and 

given some open status, or are verified by QA and marked 

VERIFIED. 

VERIFIED 

QA has looked at the bug and the resolution and agrees that 

the appropriate resolution has been taken. Any zombie bugs 

who choose to walk the earth again must do so by becoming 

REOPENED. 

FIXED 

A fix for this bug is checked into the tree and tested. 

INVALID 

The problem described is not a bug. 

WONTFIX 

The problem described is a bug which will never be fixed. 

DUPLICATE 

The problem is a duplicate of an existing bug. Marking a 

bug duplicate requires the bug# of the duplicating bug and 

will at least put that bug number in the description field. 

WORKSFORME 

All attempts at reproducing this bug were futile, and reading 

the code produces no clues as to why the described behavior 

would occur. If more information appears later, the bug can 

be reopened. 

INCOMPLETE 

The problem is vaguely described with no steps to 

reproduce, or is a support request. The reporter should be 

directed to the product's support page for help diagnosing 

the issue. If there are only a few comments in the bug, it 

may be reopened only if the original reporter provides more 

info, or confirms someone else's steps to reproduce. If the 

bug is long, when enough info is provided a new bug should 

be filed and the original bug marked as a duplicate of it. 

Table 3.1: Status of the Bug Reports at Different Times in 

SQL Bug Repoisitory 

From any of the status of OPEN Category, the bug 

report can be marked as WORKSFORME is the bug is non 

reproducible. This non reproducible classification can be 

performed with an SVM classifier. The proposed 

architecture works as follows: 

 
Fig 3.3 Proposed Architecture for Non-Repudiation 

Classification followed by Classification of the reports as 

Duplicates and Non Duplicates. 

Section 4 tabulates the analytical and simulation 

results and compares the results with those of the 

benchmarks established. 

IV. ANALYSIS OF PROPOSED WORK 

A. Data Sets of Reproducible and Non Reproducible Bugs 

The proposed SVM classifier classifies the Non 

Reproducible Bug reports from Reproducible Bug Reports. 

The sample of the reports that corresponds to reproducible 

and non reprodicible status are shown in table 4.1 below. 

However, a total of 5780 non reproducible and 5004 
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reproducible bug reports, as per the status on July 2015, are 

considered as in MySQL bug repository accessible on 

www.bugs.mysql.com. 

Reproducible Non Reproducible 

Innodb autoincrement stats 

los on restart 

Join does not use indexes in 

case there is no cardinarity 

data 

SHOW SESSION 

VARIABLES LIKE 'x' != 

SELECT @@SESSION.x 

MySQLcheck does not 

correctly recognises "Table 

handler does not support 

check" 

SQLDescribeParam returns 

the same type information 

Multiple fulltext index will 

not rebuild under truncate, 

insert into select 

Wrong case sensitivity for 

table names when in "ANSI" 

mode 

% does not match the 

mysql host in mysql.user 

table 

Parser allows naming of 

PRIMARY KEY 

permission on column level 

not effective 

changing hostname confuses 

master or slave 

Multi-table update denied 

to user who has all 

privleges 

Can't use @user_variable as 

FETCH target in stored 

procedure 

embedded MySQL server 

in simple example client 

can't be debugged 

fields-escaped-by only allows 

single character separator! 

mysql 3.23.56 segfaults 

under slackware source 

install 

wrong value for stmt-

>field_count 
sec_to_time function 

Rollback in stored procedure 

doesn't close cursor 

Delete using multiple table 

references and indexes fails 

Table 4.1: Illustrative Records From The Ser Of 

Reprodicible And Non-Reprodicible Bug Reports 

B. Kernal Function for SVM Classifiers 

In typical setting of Binary Classification problem, there are 

some points of Class A and some points of Class B in some 

space and it is required to find out a curve (called separating 

boundary) that can separate all Class A dots from all Class B 

dots. 

It is much easier and efficient to find out 

boundaries which are in the form of a straight line (or an 

analogous construct in higher dimensions called hyper 

plane) compared to curvy boundaries. Hyper-plane is just a 

generalization of a line in 2D and plane in 3D. SVMs help 

us to find a hyper plane that can separate Class A and Class 

B points. 

Assume that given points are as follows: 

 
Fig 4.1: A Typical Classification Problem. 

In fig 4.1, the red and Blue points belongs to two 

different classes that cannot be separated using hyper plane. 

However, if all the points are projected up to a two 

dimensional space using the mapping x→(x,x
2
), one would 

get following data set in 2 dimensions: 

 

Fig 4.2: Raising up of the points in higher dimension using 

Kernal Function. 

 
Fig. 4.1: Word Count Frequencies from the Document 

Corpus (Non Repudiation) 

 
Fig 4.2: WordCloud Corresponding to the Word 

Frequencies as shown in the graph in Fig 4.1 
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Fig. 4.3 Word Count Frequencies from the Document 

Corpus (Repudiation) 

 
Fig 4.4 WordCloud Corresponding to the Word Frequencies 

as shown in the graph in Fig 4.3 

C. SVM Based Classification of the Bug Reports 

The parameter specification for the SVM classifier for the 

classification and the number of support vectors identified is 

given as below: 

svm.default(x = container@training_matrix, y = 

container@training_codes,  

kernel = kernel, cost = cost, cross = cross, probability = 

TRUE, method = method) 

Parameters: 

SVM-Type:  C-classification  

SVM-Kernel:  linear  

cost:  1  

gamma:  0.0003376097  

Number of Support Vectors:  1435 

The Support Vector Machine based classifier is 

trained on a total of 2000 records in which 1000 records 

belongs to Non-Repudiation class and the other 1000 

belongs to Reproducible bugs. First 1000 records of both the 

files are considered for this purpose. Moreover, the bug 

reports of Non-Reproducible class are labeled as +1 and 

those of Reproducible class are marked as -1. This is for the 

purpose of probabilistic analysis of the class of bug reports. 

Fig 4.5 depicts the classification analysis of the 

records of bug repository. In this analysis, a total of 1000 

bug reports of the category Non-repudiation is considered. 

The figure specifies the prediction class, +1 or -1 and the 

corresponding probability of the record, numbering from 

1001 to 2000 of the bug reports of Non Repudiation 

category.  It is evident from the figure that 30 reports out of 

a total of 1000 are mis-classified, while the other 970 were 

classified accurately with high accuracy. It turns out that the 

prediction accuracy in this case for the classifier is 970/1000 

= 97 percent. 

Figure 4.6 gives the prediction class and 

probabilities of Reproducible bugs starting from bug report 

number 1001 to 2000. It is evident from the figure that most 

of the bug reports are correctly classified as being of the 

reproducible class. Also, only 15 reports are misclassified as 

of type 1, thus giving an accuracy of 985/1000 = 98.5 

percent. 
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Fig 4.5 Classification and corresponding Probabilities of 

records from Non Repudiation Class. 

 
Fig 4.6 Classification and corresponding Probabilities of 

records from Repudiation Class 

D. Accuracy of the Results 

The accuracy of the results retrieved above can be made on 

the basis of Precision and Recall. These two terms in context 

of information retrieval can be described in the following 

way: 

Given a total of N documents provided as input to a 

Binary Classifier trained on a particular set, let the number 

of documents classified by the classifier as of class A be NA, 

and those of set be NB.  Clearly 

N = NA + NB 

Also, let the total number of documents which 

actually belongs to class A, among those of NA is Na.  

The precision and the recall can now be described as 

follows: 

          
                                  

                         

 
  

  

 

Thus 

          
  

     
 

Here, tp refers to true positive, fp refers to false 

positive and fn refers to false negative under standard 

definitions. 

The Recall is the fraction of relevant documents 

retrieved from among all the documents that actually 

belongs to the category of particular class. 

      

 
                                  

                                              
 

Thus 

       
  

     
 

The experimental results obtained on a set of 400 

records, is tabulated in table 4.1 depicted below: 

S. 

No

. 

Record Actual Classified Probability Remark 

1 
MTR should try to free disk space if available disk space is below 

some limit 
-1 -1 0.905501 true 

2 The 3.1.8 dowload zip is corrupt 1 1 0.788908 true 

3 
Weird error when NO_AUTO_CREATE_USER sql mode is active, 

creating user w/o pass 
-1 -1 0.839422 true 

4 keyboard arrow up/down does not work properly -1 -1 0.726922 true 

5 slow log gives wrong times 1 -1 0.704339 False 

6 Error on alter table structure or creating a new table 1 1 0.698809 true 

7 Invalid Archive table handler if opened from cached share. -1 -1 0.759714 true 

8 main.func_math fails on FreeBSD in PB2 -1 -1 0.72693 true 

9 
mysql-query-browser hangs / freezes when changing schema 

 (socket or remote) 
1 1 0.821428 true 

10 Execution Plan Cache -1 -1 0.845933 true 

11 
mysqldump --no-data still sets AUTO_INCREMENT base values to 

CREATE TABLE statem 
-1 -1 0.726892 true 

12 
main.mysqlcheck: Found warnings!! (Can't find file: 

'./test/@003f.frm') 
-1 -1 0.732633 true 

13 GRANT USAGE TO ... ON db.* should not be accepted 1 -1 0.616163 False 

14 scheduled backup causes memory access violation 1 1 0.769195 true 

15 Cannot stop Mysql service 1 1 0.690448 true 

16 return result selected by using prefix index is not correct 1 1 0.698895 true 

17 dicsrepancy between 'SELECT * FROM I_S.SESSION_STATUS'  -1 -1 0.726981 true 
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and 'SHOW STATUS' 

18 
KILL of FLUSH TABLES does not remove TDC version lock on 

tables in use 
-1 -1 0.72686 true 

19 slave sql thread can't tune own sql_mode via @@global.sql_mode -1 -1 0.7269 true 

20 libmysqlclient in MySQL CLuster breaks ABI -1 -1 0.8283 true 

Table 4.1: Experimental Dataset And The Classification Results 

The classification results can be summarized as follows: 

#Non Reproducible Bugs  : 200 

# Reproducible Bugs : 200 

#Classified Non-Reproducible Bugs : 196 

#Classified Reproducible Bugs : 204 

For the Non-Repudiation Classification: 

          
  

     
  

   

   
       

       
  

     
  

   

     
     

In general, the two quantities, precision and recall, 

clearly trade off against one another. One can always get a 

recall of 1 (but very low precision) by retrieving all 

documents for all queries. Recall is a non-decreasing 

function of the number of documents retrieved. On the other 

hand, in a good system, precision usually decreases as the 

number of documents retrieved is increased. In general it is 

required to get some amount of recall while tolerating only a 

certain percentage of false positives. 

E. The Kappa Measure 

The Kappa statistic is a metric that compares an Observed 

Accuracy with an Expected Accuracy. In this case, the 

kappa measure can be obtained using the confusion matrix 

as shown: 

  Predicted Classes 

  
Non-

Reproducible 
Reproducible 

Actual 

Class 

Non-

Reproducible 
194 6 

Reproducible 2 198 

Table 4.1: Confusion Matrix 

As per the matrix shown above, there are a total of 

400 (=194+6+2+198) instances.  

The column wise classification is done by the SVM 

Classifier. According to the first column, 196 are labeled as 

Non-Reproducible. According to the second column, 204 

are labeled as Reproducible. 

However, in actual, there are 200 Non 

Reproducible and 200 Reproducible Bug Reports. 

Observed Accuracy is simply the number of 

instances that were classified correctly throughout the entire 

confusion matrix. For the above confusion matrix, the 

Observed Accuracy is (194+198)/400 = 392/400 = 0.98. 

Expected Accuracy is defined as the accuracy that 

any random classifier would be expected to achieve based 

on the confusion matrix. The Expected Accuracy is directly 

related to the number of instances of each class, along with 

the number of instances that the machine learning 

classifier agreed with the ground truth label.  

To calculate Expected Accuracy for the confusion 

matrix, the marginal frequency of Non Repuditation class by 

one "rater" is multiplied by the marginal frequency of Non 

Repuditation class for the second "rater", and divide by the 

total number of instances. The marginal frequency for a 

certain class by a certain "rater" is just the sum of all 

instances the "rater" indicated were that class. In this 

case, 200 (194 + 6 = 200) instances were labeled as Non 

Repuditation class according to ground truth, and 196 (194 

+ 2 = 196) instances were classified as Non 

Repuditation class by the machine learning classifier. This 

results in a value of 98 (200 * 196 / 400 = 98). For the 

second class, the marginal frequency is 102 (200*204/400 = 

102). 

The final step is to add all these values together, 

and finally divide again by the total number of instances, 

resulting in an Expected Accuracy of 0.5 ((98 + 102) / 400 = 

0.5). 

The kappa statistic can then be calculated using 

both the Observed Accuracy (0.98) and the Expected 

Accuracy (0.50) and the formula: 

             

 
                                   

                  

  
        

     
     

Classifiers built and evaluated on data sets of 

different class distributions can be compared more reliably 

through the kappa statistic (as opposed to merely using 

accuracy) because of this scaling in relation to expected 

accuracy. It gives a better indicator of how the classifier 

performed across all instances, because a simple accuracy 

can be skewed if the class distribution is similarly skewed. 

F. Comparison of the Results 

Non Repuditation Classification of bug reports using N 

Gram feature mapping provides better results as compared 

to without N Gram approach. The results obtained are 

compared to those of Mona Erfani Joorabchi. et. al. as 

follows: 

 Kappa Measure 

Proposed Approach 0.96 

Mona Erfani Joorabchi. et. al. 0.89 

Table 4.3: Comparison of the Result 

The percentage improvement in the results is 7% 

using N Gram consideration. Section 5 focus with a deeper 

insight into the results obtained and gives outline of the 

future scope of the work. 

V. CONCLUSION AND FUTURE SCOPE 

Non Reprodicible Bug Reports are of no use as these cannot 

be reproduced by the developer and thus, cannot be 

resolved. Working on non-reproducible bug reports is 

frustrating and time consuming for developers. In this paper, 

an SVM based classifier is proposed for the classification of 

non-reproducible bug reports. This classification is 

augmented with Character Level N Gram Features and 

Shorthand Internet Notations used widely by the people over 

internet. The Bug Repoisitory of MySQL issue tracking 

system is used as the dataset. It was found that on average, 

Non Reproducible bug reports remain active and treated 
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similarly in terms of the extent to which they are discussed 

or the number of developers involved as Reproducible bugs. 

The study reveals that many NR bug reports are mislabeled 

pointing to the need for bug repository systems and are 

assigned to the developers. 

A. Future Scope 

As future scope of this work, it is plan to focus on "Inter-

bug Dependencies" category to design techniques that 

would facilitate identifying, linking, and clustering them 

upfront so that developers would not have to waste time on 

them. Moreover, it is also planned to include more extended 

feature set for SVM classifier to improve the accuracy of the 

classification process over that which can be achieved using 

N Gram and shorthand Internet Notations. 
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