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Abstract

Software Defects Classification Prediction Based On
Mining Software Repository

Hui Wang

An important goal during the cycle of software development is to find and 
fix existing defects as early as possible. This has much to do with 
software defects prediction and management. Nowadays,many big software 
development companies have their own development repository, which 
typically includes a version control system and a bug tracking system. This 
has no doubt proved useful for software defects prediction. Since the 1990s 
researchers have been mining software repository to get a deeper 
understanding of the data. As a result they have come up with some software 
defects prediction models the past few years. There are basically two 
categories among these prediction models. One category is to predict how 
many defects still exist according to the already captured defects data in 
the earlier stage of the software life-cycle. The other category is to 
predict how many defects there will be in the newer version software 
according to the earlier version of the software defects data. The 
complexities of software development bring a lot of issues which are 
related with software defects. We have to consider these issues as much as 
possible to get precise prediction results, which makes the modeling more 
complex.

This thesis presents the current research status on software defects 
classification prediction and the key techniques in this area, including: 
software metrics, classifiers, data pre-processing and the evaluation of 
the prediction results. We then propose a way to predict software defects
classification based on mining software repository. A way to collect all 
the defects during the development of software from the Eclipse version 
control systems and map these defects with the defects information
containing in software defects tracking system to get the statistical 
information of software defects, is described. Then the Eclipse metrics 
plug-in is used to get the software metrics of files and packages which 
contain defects. After analyzing and preprocessing the dataset, the tool(R) 
is used to build a prediction models on the training dataset, in order to 
predict software defects classification on different levels on the testing
dataset, evaluate the performance of the model and compare
different models’ performance.
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Chapter 1 Introduction 

1.1 Research background and significance 

Defects are basic properties of a system. They come from design 

or manufacture, or external environment. The systems which run well 

at the moment may also have defects not trigged now or not so 

important at the moment. Software defects are programming errors 

which cause the different behavior compared with expectation. Most 

of the defects are from source code or deign, some of them are from 

the wrong code generating from compilers. 

For software developers and users, software defects are a 

headache problem. Software defects not only reduce software quality, 

increase costing but also suspend the development schedule. No 

matter in software engineering or in research area, to control the 

number of defects is an important aspect. Finding and fixing the bugs 

cost lots of money. The data of US department of defense shows that 

in 2006, American spent around 780 billion dollars for software bugs 

related problem. And it also shows that there is around 42% money 

spend on software bugs in IT products [1]. Until now there is no similar 

report in China, but there is an estimation that the cost for software 

bugs account for 30% of the whole cost. So it is very worktable to 

research the software defects. Figure 1.1 shows the cost of each 

phase of software developments.  

Usually during the development process, software development 

team can only know about the software defects by software testing 

results. But it is expensive to testing the whole process completely, 

at the same time most of software testing happens at the later stage 

of software development. If during testing process we find the number 
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of software defects/defects rates are higher that the demanding 

level, software development team is in a dilemma, either to postpone 

software release to fix these defects or release the software 

products containing defects. 

 

 

Figure 1.1 the cost in each phase of software development 

Software defects predicting is proposed to solve this kind of 

problem. The assumption is that the quantity of software is related 

with the complexity of software modules. More complex modules 

normally contain more bugs. We can use the historical data, the 

already discovered software defects and other metric data which can 

represent software product, software development process to predict 

the software defects quantity and decide whether the module is 

defects-prone. In this case, software development team can allocate 

resources to high risk software module to improve the reliability 

and quality. By adopting software defects prediction, software 

development team can forecast the costing in early stage of software 

development at a relatively lower cost. This will help software 
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development team to optimize allocation of project resources, also 

help to improve the quality of software. 

Most of software development teams have these four kind of data, 

including source code, requirements documentations, testing 

documentations, defects tracking system. All of the data can be 

called software development repository. As data mining technique 

becomes mature and important, also the significant influence it has 

to the information discovery. Researchers adopt data mining 

techniques into software development repository to gain the better 

understanding of software development process, the evolution of 

software development, to analyze software defects and reuse software 

modules. 

1.2 Research status 

The widely used software defects prediction techniques are 

regression and classification techniques. Regression technique is 

aimed to predict the quantity and density of software defects. 

Classification technique is aimed to determine whether software 

module (which can be a package, code file, or the like) has a higher 

defect risks or not. Classification usually learns the data in 

earlier versions of the same project or similar data of other 

projects to establish a classification model. The model will be used 

to forecast the software defects in the projects which need to be 

predicted. By doing this, we can make more reasonable allocation for 

resources and time, to improve the efficiency and quality of software 

development. 

Akiyama[14] is the first person who suggests the relationship 

between software defects and the line of code. Boehum[15]brings up the 

COQUALMO model to control the software quality. This model considers 

several parameters during software development to estimate the 

defects rates when software is released. The model raised up by 
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Ostand[47] is based on COL of previous versions of software, changing 

history, and previous defects of software. Shang Liu et al bring up 

the software defects prediction method based on machine learning. 

This method possesses a higher accuracy rate and is more stable. 

Fenton[16] et al take advantage of Bayesian networks in their model 

which is different in different software development phase.  

Hribar,L[17] et al use KNN method to judge the defects rate in 

software status and events. Chao Liu et al try to give the software 

defects rates using some statistic techniques. By combing testing 

frequency, testing cost, and the conditions for detecting defects 

together, Liufeng Liu et al use regression method to choose proper 

method. 

With the data mining techniques more mature and widely used, to 

analysis and mining the hidden information in software development 

repository become a hot research topic. The usual ways which use data 

mining techniques in this domain include Association Rules, 

Classification and Prediction, Clustering. Classification means to 

build defects prediction model by learning the already existed 

defects data to predict the defects in future version of software. 

Kawaguchi[48] use this method to improve the efficiency and quality 

of software development. Some other researches include that Patrick 

Knab[1] raised up the way to predict software defects based on decision 

trees, and also R.M.Bell et al use negative binary regression model 

to predict the status and the number of software defects.   

Zhi Zhong[49] et al raise up the data mining software analysis 

method based on cluster analysis of different software. We have to 

consider lots of subjective and objective issues during the process 

of software defects prediction. And each issue has directly effect 

on the accuracy and stability of the result of defects prediction 

result. Based on this consideration, Harman et al choose 

multi-objects decision making as the most potential research method. 
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1.3 Main work  

     Most of the current software defects prediction techniques have 

something to do with software metrics and classification algorithm. 

By adopting the popular software development repository techniques, 

I come up the software defects classification prediction based on 

software development repository. I get the data from Eclipse version 

control system and bugs tracking system, and then analyze the 

characters of these datasets, use different models based on 

different characters, choose different but suitable software 

metrics, to build different prediction models. And then I use these 

models in future version of software and predict software defects 

on different granularity, and then compare the performance of 

different models. The structure of this research is shown in the 

following graph 1.2. 
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Figure 1.2 research framework 

Main works in this thesis include: 

(1) Fully understand the importance of software defect 

prediction technology, according to existing methods of 

software defect classification forecast, come up one of the 

key technologies, including metrics collection selected, 

classifier technology used to construct different models, 

as well as data set preprocessing and performance 

evaluation, and explain three key technologies of existing 

research in detail. 
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(2) How to combine data from the version control system in 

Eclipse software development repository, and all defects 

found by the software development process. The defect 

information in defect tracking system bug-Info map to 

version control system to obtain defects version location 

information, and thus can get the relevant version of the 

software defect statistics. Then calculated contain 

defective files and package software metrics metadata. 

(3) Using the datasets obtained, using R 2.15 as experimental 

tools to predict software defects classification on file 

and packages levels individually and evaluate the 

performance of different models. 

 

1.4 Structure of this thesis 

There are five chapters, description as following:  

Chapter 1: Introduction. Introduce to background of this thesis, 

current research situation, and the main work of this thesis and the 

structure. 

Chapter 2: The definition of metrics used in software defects 

classification techniques. Define key issues in the domain of 

software defects classification, the selection of software metrics, 

classifier, and the evaluation of the model performance and some 

background knowledge of software development repository.   

Chapter 3: The metrics data of software defects classification. This 

part is mainly about how to get the dataset used in this thesis from 

the version control system and bugs tracking system in the software 

development repository. This part also gives some information about 

how to capture the dataset content and some necessary preprocessing 

to the dataset.  
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Chapter 4: The prediction model and its evaluation. Use R 2.15 as 

simulation tools and analyze the result.  

Chapter 5:  Summary and expectation. This part will have a 

conclusion about this thesis’s work and also give up the possible 

research points and method in future. 
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Chapter 2 Software defects prediction metrics 

and classifiers  

 

The fundamental principles of software defects prediction is, 

that the software defects are related with some factors. Under the 

cooperation of these factors obtains software the defects. 

The software defects are defined as Y, all the possible 

influencing factors are defined as a set X = {1, 2, …, …}, the basic 

form of the software defects prediction is the mapping relationship 

from X to Y. How is Y influenced by X, could be learned from the 

historical database. Through analysis of plenty of complex software 

systems Norman Fenton, etc [25] pointed out, that the software systems 

developed under the same environment present similar defects density, 

when they run in the analogous testing and running environments. 

Therefore it is concluded that the rules presented by the models is 

generally applicable, as long as the conditions of the rules exist, 

the rules will constantly work. 

   The current software defects prediction mainly uses the 

software metrics to predict the amount and distribution of the 

software defects. The research method of software defects 

classification prediction is based on the program properties of the 

historical software versions, to build different prediction models 

and to forecast the defects in the coming versions.  We can divide 

this technique into three parts: the software metrics, the 

classifier and the evaluation of the classifier. 

Until now there is no consistent conclusion to indicate, which 

metrics set or classifier has the best performance[28].But it is 
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consistently considered, that the prediction performance of the 

classification models is influenced by two factors: classifier and 

software metrics. 

To improve the accuracy of prediction model, the researchers 

applied new classifier in the machine learning into the defects 

prediction; on the other hand different metrics sets were raised to 

demonstrate the programming progress and the software complexity 

scale.  Besides these two, we can also pay attention to the data set; 

the quality of the data set has great influence to the performance 

of the prediction models. 

 

2.1 Related software metrics 

In the area of machine learning and data mining, it is important 

but difficult to efficiently preprocess the data. The real data set 

includes not only plenty of data record, but also lots of unrelated 

properties under data mining. Some properties have no influence to 

the mining work, some could increase the difficulty of mining, 

decrease the mining efficiency, even cause the error in the results.  

The selection of the data set is the essential of many different 

areas like classification, data mining, and concepts learning and 

so on. Therefore it is very valuable to have an efficient data set.  

Costello and Liu (30) introduced the selection methods of many 

kinds of future subsets. 

The purpose to select the feature subset is to find the minimized 

feature set according to a certain optimized principle, so that the 

probability distribution of the got data as good as possible 

represents the original distribution. The selection of feature 

subsets includes two parts: evaluation of the candidate feature 

subsets and search in the whole feature space. There are evaluation 
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of the feature subsets and the evaluation of the single property and 

the search includes heuristic search and exhaustive search. 

The property selection is the process to cut the unnecessary 

properties of the initial data and to find the feature subset to 

evaluate the optimized value in the function. 

Because of the computing complexity in finding the optimized 

feature subset many attribute simplification problems are proved to 

be NP-Hard problems, the yield future subsets in the real computing 

is only a suboptimal future subset. 

It is difficult to realize a thorough and detailed method in the 

attribution selection; so many kinds of methods are raised to search 

in the future space. Of these the most important search methods are 

depth-search method and breadth-search method. In software defects 

prediction area, the selection of feature subset is usually 

reflected in the selection of suitable software metrics.   

Software metrics has a long involved history.The early defect 

prediction models mostly use lines of code as a metric, including 

Putnam and Boehm. In the late 1970s people proposed metrics based 

on the size and complexity, such as McCabe cyclomatic complexity. 

1990s, as the development of object-oriented software technology, 

there are also object oriented software metrics, such as cohesion, 

coupling, inheritance depth. More attention has been paid to 

software metrics, this forms the defect prediction techniques based 

on metrics. CK metrics collection and MOOD metrics collection have 

been used widely. The chosen metrics in this thesis include size, 

complexity metrics, and object-oriented metrics. 

2.1.1 Metrics of scale 

The size of software production is called software scale, it is 

the most important issue for software cost control. The main metrics 

for software size include LOC(line of code), FP(function point), 
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UCP(use-case point). The size metrics are easy to understand, and 

easy to collect. Because of this, it has been widely used since 1960s 

in software measurement, resource allocation. Normally it is not 

used in software defects prediction. But the normal rule in software 

development is if there are more than 20 lines of code in one method, 

this method is difficult to understand and it will be possible reason 

to bring in defects. 

Line of code is self-explanation. It uses the un-commented lines 

in code to measure the software size. Lots of people think that it 

is not accurate. To finish one function, different languages have 

different codes. In this situation, we should use FP as the size 

measurement. There are different ways to calculate the FP in 

different projects. For example, the projects which focus on 

development should calculate the FP from the very beginning until 

the development phase, for projects which focus on maintain and 

enhancement, we should also consider the historical versions. This 

makes it more difficult. Software defects prediction is based on 

historical versions and predicts defects in future versions software. 

We don’t have to consider about the different development language 

problem. UCP comes from FP, both of them are the measurement in 

earlier phase of software development. And LOC is a reflection of 

software scale. 

The two metrics used in this thesis are MLOC(un-commented lines 

of codes in a method) and TLOC(total lines of codes in a method). 

The average MLOC in file based analysis in version 2.0,2.1,3.0 is 

respectively 20.29，21.16,20.71. 

With the development of programing language, software become 

more and more complex, and the scale increases. Researchers have 

realized the limitation to use software scale to prediction software 

defects. Since 1970s, more metrics have been raised, which focuses 

on software complexity and hope to gain a better explanation about 
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the reason of software defects. But still the metrics based on scale 

is still widely used. 

 

2.1.2 Complexity metrics 

The most popular software metrics related with software 

complexity are Halstend metrics and Mache Cyclomatic complexity 

metrics. Halstend is the first law to analyze software. It focuses 

on the relationship between software operator, operand and software 

complexity.   

Halstead theory includes: 

1. Program length: N=N1+N2 

2. Program lexical resources n=n1+n2 

3. Program length estimation: H =  n1 log2 n1 +

n2 log2 n2 
4. Program volume and complexity: V = Nlog2(n1 + n2) 

5. Program residual defects: B = Nlog2(n1 +

n2)/3000 
6. Program levels: L=(2/n1) * (n2/N2) 

n1 is the number of different operators, n2 is the number of 

operands, N1 is the sum of actual operator, N2 is the actual sum 

of operands. One of the important conclusions of Halstead is: the 

actual length N is very close to the actual length. This indicates 

that even the program is not finished, we van still estimate the 

actual length N. 

The disadvantage of Halstead is that it only considers the data 

flow of software but didn’t give too much consideration of control 

flow. So it can’t really reflect the complexity of software.  

McCabe Cyclomatic complexity is based on the program flow chart. 

By calculating the number of circles in the strong connected program 

flow chart, it builds the metric of complexity. The formulas is: 
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V(G)=m-n+2p, V(G) is the circle number of strongly connected digraph, 

m is the number of arcs, n is the number of nodes, p is the number 

of connected parts. For most of programs, the sequence graph is 

always connected, namely p=1. We can see that McCabe cyclomatic 

complexity only measures the control flow complexity but doesn’t 

consider about the data flow. These two points would definitely make 

it has limitation in scientific and Stringency.  

Related research show the relationship between V(G) and defects 

rates is as following table 2.1. when V(G) is between 1~10, the 

defects rates is around 5%. As the complexity increases, this rates 

increase also. When V(G) is around 100, the defects rates is about 

60%.  

The average McCabe value of the file based analysis of 

granularity for Eclipse 2.0, 2.1, 3.0 defects is 1.92, 1.97, 1.95. 

The overall defects rates are 14.5%, 10.8%, 14.8%. Considering the 

defects rate has lots of things to do with other metrics.  

Table 2.1 V(G)and defects rates 

V(G) Defect 

rates 

1~10 5% 

20~30 20% 

>50 40% 

Close to100 60% 

2.1.3 Object oriented metrics 

As the software complexity and scale increase, in 1990s, people 

come up the objects-oriented software programming. Bunge’s paper 

“Treatise on Basic Philosophy” lays the foundation of the 
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conception of objects. The core of object oriented is the world is 

composed by classes. Classes have properties; properties are the 

intrinsic characters of objects. The characters given by observers 

to objects are attributes not properties.  For a measure of the 

complexity of software modules from the original measure developed 

inside the module to the module external metrics, such as cohesion, 

coupling, and inheritance depth. And past-oriented structure of the 

software is very different. Software metrics need to reflect the 

characteristics of software products, resulting in an 

object-oriented metrics. 

The measurement of object oriented software mainly covers these 

aspects: Size, complexity, coupling, complete, cohesive, simple 

similarity, conflicting. We have mentioned the size and complexity 

in previous section. Coupling is the relevance of different modules , 

if the methods or objects are used by another class. This is coupling. 

The parts where modules couples are where defects-prone. Complete 

is the correspondence of targeted requirements and design components. 

Similarity reflects the resemblance of functions, structures of 

different classes. Conflicting means the possible changes when 

requirements changes.  

There are lots of metrics in this field. The popular used metrics 

are CK metrics set and MOOD metrics set. Each of them is corresponds 

to parts of the measurements of object oriented programming. Seen 

table 2.4.  

 

Table 2.4 the effect of CK MOOD metrics to software 

 Scal

e 

Complexit

y 

Couplin

g 

Sufficien

cy 

Cohesio

n 

Simplit

y 

Similarit

y 

Conflict

s 

CK Yes Yes Yes Yes Yes    

MOO

D 

  Yes Yes     
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BH Yes Yes Yes  Yes    

 

Chidamber and Kemerer raise up the CK metrics set in 1994 based 

on the characters of objects oriented languages. It includes six 

metrics, WMC(Weighted Methods Per Class), DIT(Depth of inheritance 

tree), NOC (Number of Children), CBO (Coupling between Object 

Classes), RFC (Response For A Class) and LCOM (Lack of Cohesion In 

Methods), seen in table 2.2. Basili et use eight different projects 

to explore the utilization of CK metrics sets in software defects 

prediction. The results show that, WMC, CBO, DIT, NOC and RFC are 

related with software defects and has nothing to do with LCOM. Briand 

et al use the business programs as the research targets and they find 

CBO, RFC and LCOM are related with software fallibility.  

MOOD metrics is raised up by F Brito E Abreu, this set includes 

MHF(Methods hiding factor), AHF (Attribute hiding factor), MIF 

(Method inheritance factor), CF (Coupling Factor) and PF 

(Polymorphism Factor). MOOD can describe the program character from 

outside, like cohesion and coupling. In some way, it is a better way 

to describe the complexity of objects oriented program. For example, 

MIF describes the percentage of the inheritance methods in all the 

methods. It reflects the percentage of reuse. Cohesion factor 

describes the coupling generated by modules interactions. This kind 

of interaction includes abstraction data types, message delivery, 

instance reference, arguments passing. The higher this value, the 

more complex the system is. This will effects the intelligibility 

and maintainability.  

Table 2.2 CK metrics 

WMC (Weighted Methods Per Class) 

DIT(Depth Of Inheritance Tree)  

NOC(Number Of Children) 

CBO(Coupling Between Object Classes) 
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RFC(Response For A Class) 

LCOM(Lack Of Cohesion In Methods) 

Table 2.3 MOOD metrics 

MHF (Method Hiding Factor) 

AHF (Attribute Hiding Factor) 

MIF (Method Inheritance Factor) 

AIF (Attribute Inheritance Factor) 

PF (Polymorphism Factor) 

CF (Coupling Factor) 

In the field of software defects prediction, people pay more 

attention to the relationship between software complexity and 

software defects. Basili[42] et al have validated the efficiency to 

use objects-oriented metrics in predicting software defects 

prediction. The research done by Krishnan[43] has even better approve 

about this relationship. Brian Henderson-Sellers has raised up a set 

of metrics. We will reference it as BH metrics in this thesis. BH 

metrics include the traditional scale metrics, like LOC, MLOC, TLOC, 

also include the objects oriented metrics, like NOI(number of 

interfaces), also include McCabe cyclomatic complexity metrics. In 

objects oriented languages,when the cyclomatic complexity becomes 

higher, this indicates a lower cohesion.  

Metrics based on classes include NSM(number of static methods 

per class), NSF(number of static fields per class), NOF(number of 

fields per class), NOM(number of methods per class),PAR(number of 

parameters per method)。 

Metrics based on inheritance include DIT (depth of inheritance 

tree), NOC (number of children), NOFM (number of override method). 

There are also metrics based on dependency, like CA (afferent 

couplings), which describes how many outside classes rely on this 

category’s classes. CE (efferent couplings) describes how classes 

inside one category rely on each other. These two have been widely 
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used in commercial programs. The metric plugin of Eclipse is based 

on this BH metrics.    

2.2 Classifier techniques 

Data classification is a two-step process. The first step is to 

build a model that describes the predetermined data classes or 

concepts. By analyzing the database described by the attribute tuple 

to construct the model. Each attribute tuple belongs to a predefined 

class. For the classification, sample data tuples are also known as 

instance, or object. The being analyzed data tuples for the 

development of the model are form the training data set. The training 

data set is called training samples, and randomly selected from the 

sample groups. By providing a class label to each training sample, 

this step is also called supervised learning (i.e., the model of 

learning was told each training sample belongs to which class of 

"guidance" under). It is different from the non-supervised learning 

(or clusters), where each training sample class label is unknown and 

the set of classes to learn may not know in advance. 

The second step, use the built model to classify. First 

assessment models (classification) prediction accuracy. For each 

test sample data, compare the known class label with the learning 

model. Note that if the accuracy of the model is based on the training 

data set, evaluation may be optimistic, because the learning model 

tends to over-fit the data (that is, it may be incorporated into the 

training data in certain exceptions that do not appear in the overall 

sample group ). Therefore, using the test set is better. If the 

accuracy of the model can be considered as acceptable, we can use 

it to unknown data element class label group, or object 

classification. 

Classification techniques have been applied to many areas, for 

example, by customer classification to construct a classification 
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model for risk assessment on bank lending; currently a very important 

feature in marketing is the emphasis on customer segmentation. The 

functionality of customer group is also here, using data mining 

classification techniques customers can be divided into different 

categories, such as call center can be divided into: Call frequent 

customer, occasionally a lot of calls customer, stable calls 

customers, to help call centers find out the different 

characteristics between these different types of customer , such a 

classification model allows users to understand the different types 

of conduct customer distribution; other classifications 

applications such as document retrieval and automatic text 

classification technology in search engine; security classification 

techniques are based intrusion detection and so on. Researches in  

Machine learning, expert systems, neural networks and other areas 

have proposed many specific classification prediction method. 

   The initial classification of data mining applications are 

mostly based on the memory of these methods and constructed on the 

basis of the algorithm. Data mining methods are currently required 

to have to deal with large-scale data based on a collection of 

external memory capacity and have scalability. 

In the following section, I have a brief introduction to the 

classifier methods used in this thesis including decision tree, 

support vector machine, and linear regression model.  

Other commonly used algorithms such as clustering analysis based 

on k-means algorithm, which has a relatively higher complexity, and 

not as good results compared to its complexity. Because of this 

reason, I will not use it in this thesis. 

 Another common classification algorithm for Bayesian networks 

as well, but because the data used in this thesis is the uneven 

distribution of defects in line 20-80 principle, it will affect the 

accuracy of prediction, so the same is not to be used 
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2.2.1 Decision tree classification algorithm 

Decision tree classification algorithm is widely used in 

statistics, data mining, machine learning. The goal is to create a 

decision tree model, which uses the given input data to predict the 

target data classification. For the nodes within the tree, we compare 

the attribute values. Each branch is a possible classification for 

the target data. Leaf node is the classification of the target data. 

In order to classify the unknown target data, target data attribute 

value judgment on the decision tree. The determination of the process 

can be represented as the leaf node with the path, which corresponds 

to a classification rule. 

Decision tree classification process consists of two phases: 

tree construction, tree pruning.  

Tree construction: this phase can be seen as the variables 

selection process, all the problems are basically boils down to two 

things: choose suitable variables as splitting nodes, and how to 

split, splitting rules.  

According to the knowledge of information theory, when the 

desired information is, smaller information gain and information 

purity becomes higher. Therefore, when choosing the split point, 

choose the one which gets the greatest information gain as the 

decision tree root, build branches according to the type of this 

attribute, for each instance of sub-branch, use recursive to build 

branch, in such a way establishment of tree nodes and branches.  

The way to get the attribute which has the biggest information 

gain after splitting is as follows: Let C be a class based on the 

division of the training data, then the info(C) = −∑ 𝑝𝑖𝑛
𝑖=1 log2 𝑝𝑖 

representation of C entropy, which 𝑝𝑖 represents the i-th category 

training data summarized in the probability. The practical 

significance of entropy is the average information needed for the 

class labels in C. The smaller the average information is, the higher 
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purity of the subset is.  If we follow the classification attributes 

of S on C, then the expectation of S on C classification information: 

info 𝑖𝑖𝑖𝑖𝑆(𝐷) = ∑ 𝐷𝑗
𝐷�

𝑚
𝑗=1 𝑖𝑖𝑖𝑖(𝐷𝑗) . C is the difference between 

entropy and the desired information is in accordance with the 

classification S attribute information gain time. The algorithm used 

herein is in each split, calculate information gain for all 

attributes, then selected the attribute which has the maximum   

information gain to split. According to different attributes, the 

situation is different branches, mainly in the following situations:   

1, when the attribute is discrete and does not require generating 

binary decision tree, uses the attributes of each partition as a 

branch; 

2, when the property is a discrete value and required to generate 

a binary decision tree, we use a sub-set getting by attribute 

division. According to "belong to this sub-set" and "does not belong 

to the subset“, divide into two branches; 

3, when the attribute is a continuous value, to determine a value 

for the split point, according greater and less than or equal split 

point generate two branch. 

Decision tree pruning: to eliminate over fitting tree in the 

decision tree, pruning is also need. There are two main strategies, 

pre-pruning and post-pruning. Pre-pruning tree is adding a stop 

criterion αwhen constructed the decision tree. When the impurity 

level caused by the separation by one node decreases less than α, 

we can see this node as a leaf node, and stop the construction of 

the tree. How to choose the value of α becomes very important, if 

α is too large, this will cause the stop of splitting attributes 

when the precise is not so high, if α is too small, the constructed 

decision tree has no big difference from the original one. Post 

pruning is to firstly generate a fully fitted tree with the training 

data set, and then start from the leaves of the tree to prune. If 
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the precision is the same after remove this leaf, then we prune this 

leaf, otherwise we stop pruning. In theory, post-pruning is better, 

but the complexity is relatively large. 

2.2.2 General linear model 

The linear model is defined as bellows: 

𝑦𝑖 = 𝑋𝑖′𝛽 + 𝜀𝑖                 (2.1) 

 

yi is the 𝑖−𝑡ℎ observed value of the response variable. Xi  is a 
covariable, which is a column vector, gives the i-th observed value. 

Unkown vector β is estimated through the method of least squares of 

variable y. We assume that the average of εi is 0, variance is an 
independent normal random variable of a constant. The expected value 

of yi  is expressed by ui, then we get the expression: βui = Xi′β. 

The linear model can find its application in the statistics 

analysis, but it can’t solve the problems below. 

1. When the data doesn’t fit the normal distribution 

2. When the expected value of the data is restricted in a certain 

area. 

3. It is unreal to assume that the variance is a constant for 

all the observed data. 

The generalized linear model is a developed model of the linear 

model, it makes the expected value of the whole data depending on 

a linear predicted value through a monotone differentiable 

continuous function, at the same time allows the corresponding 

statistics distribution to be a normal distribution. The generalized 

linear model includes three parts. 

1 The linear prediction machine as the traditional linear model 

could be expressed as η = 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯+ 𝛽𝑝𝑥𝑝 = 𝑋𝑖′𝛽 
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2 The continuous function, a monotone differentiable function 

g describing the relationship between expected value of yi, the 

linear prediction and itself, which is g(ui) = Xi′β. 
3. The corresponding variable yi, to i=1,2,3,…, are independent 

to each other and fit the exponential distribution Var(yi) =

ϕV(µi)/ωi 

The scale parameter ϕis a constant, if the corresponding 

variable fits the binomial distribution, then this parameter is 

known, otherwise it must be assumed. ωi is the weight of the defined 

observed values. 

By choosing the corresponding variable and dependent variable 

through the data set, and choosing the proper continuous function 

and the statistics distribution, a generalized linear model could 

be established. The common generalized linear models are seen in 

table 2.5 

Table 2.5 general linear models types 

 Traditional logistic 

regression 

Poisson 

regression 

Gamma model 

Depent 

variables 

Continous Ratio Couting Positive 

continous  

distribution Normal 

distribution 

Binomial 

distribution 

Poisson 

distribution 

Gamma 

distribution 

Copulas η = µ η = log(µ/1 − µ) η = log(µ) η = log(µ) 

The Logistic regression is the most common generalized linear 

model in the business, the reason is, that it can solve the nonlinear 

problems, shows a high accuracy and has no requirement on the 

distribution of the variables. 

Logistic regression model could be expressed as below, 

Logit(P)=ln 〖(𝑃/(1 − 𝑃))〗=𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋯+ 𝛽𝑝𝑥𝑝(2.2) 
It could be used, when the corresponding variable fits the 

binomial distribution, the relationship between the independent 
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variable and logit (p) is linear, the residual error is estimated 

as 0. The parameters in the model are estimated not through the least 

squares estimator, but the maximum likelihood estimate. 

 

2.2.3 (SVM——Support Vector Machine) 

Support vector machine was introduced by Vapnik et al in Bell 

Laboratory first proposed in 1992; it has shown a lot of unique 

advantages in addressing the small sample size, nonlinear and high 

dimensional pattern recognition. The method is based on statistical 

learning theory VC dimension theory [35] and structural risk 

minimization principle [36] based on. According to the limited sample 

information in the model complexity and learning ability to seek the 

best compromise in order to get the best generalization ability. 

Here, VC dimension describes the ability of collection of 

functions to learn, the greater VC dimension is, and the larger the 

set is. VC dimension can be understood as an indicator function for 

the set, if there exists h samples can be set according to the 

function of all possible forms 2h separate set of functions called 

h samples were able to break up; the VC dimension of function sets 

is that it the maximum number of samples h can be beaten. VC dimension 

increases the complexity of learning also increases, so that the VC 

dimension is a measure of the degree of complexity of the algorithm. 

Modeling is the process of approximation of the real problem, however, 

and the error between the real problems, the error accumulation is 

called risk. Risk can be expressed as more intuitive, if we have 

chosen classifier, after prediction, the difference between real and 

prediction results is risk. So how to seek compromise between them, 

here you need to use support vector. By the definition of a kernel 

feature space, divided into two point sets to find the optimal hyper 

plane, even with the two points sets the maximum gap along the plane. 
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Just fall on the edge of the vector space is called the support 

vectors. In that way, you can maximize and minimize confidence 

interval equivalent. 

SVM algorithm uses a linear function to classify the sample 

data in high dimensional feature space, mainly two kinds of 

classification problem. One is linear separable case, there is one 

or more hyper-plane that can completely separate the training sample, 

the goal of SVM is to find one of the optimal hyper plane. The optimal 

hyper plane is to make each type of data and the hyper plane nearest 

hyper plane vector and the distance between the largest such plane. 

Another case is non-linear.  By using the kernel function (a 

non-linear mapping algorithm), we can map the low-dimensional input 

space of non-linear samples into a high dimensional feature space 

to make it linearly separable. 

The input set { x[i]} ∈  𝑅𝑛 of the basic model of SVM is composite 
by two kinds of points. If x[i] belongs to first category, then y[i] 

= 1, if x[i] belongs to second category, then y[i] = -1. In this way, 

for training sample set { x[i], y[i], i = 1,2,3, … , n}, to get the optimal 
hyperplane wx+b=0, satisfy:  y[i](w ∙ x[i] + b) ≥ 1; make 2 * h = 2 / ‖ 

w ‖ maximum, namely min ‖ w ‖ w ‖ ‖ * / 2; based on duality 

theory, can be obtained by solving Duality ask this question to get 

the optimal solution, the dual problem is expressed as the formula 

2.3: 

 

max�𝑎[𝑗] − 1/2�𝑎[𝑗] ∗ 𝑎[𝑖] ∗ 𝑦[𝑗] ∗ 𝑦[𝑖] ∗ 𝑥[𝑗] 

      0 ≤ a[i] ≤ C ∗ ∑𝑎[𝑖] ∗ 𝑦[𝑖] = 0     （ 2.3） 

Where x [i] ∙ x [j] represents the inner product of two vectors, 

while for the case of non-linear, with the nuclear inner product 

K(x[i], x[j]) (via mapping into a high dimensional kernel function the 

inner space of the corresponding vector product) instead of x[i] ∙ x[j]. 
According to the solution of the dual problem α, obtained w, b, the 
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optimal classification surface, thus completing the data 

classification. 

When there is a lot of training sample vectors and vector 

dimension is large, the solution of the above problem is a solution 

of the dual problem of large matrices using conventional matrix 

inversion in terms of space complexity or on the time complexity is 

undesirable. Sequential minimal optimization (sequential minimal 

optimization) algorithm is to solve a lot of data to support vector 

machine problems, a very effective method. 

2.3 Data preprocessing and performance evaluation  

2.3.1 Data preprocessing 

The study about software defects Prediction shows that some 

performance of prediction method is closely related to the 

characteristics of the dataset. Unprocessed data sets often exhibit 

non-normal distribution, correlation and high redundancy, as well as 

uneven distribution of sample characteristics. Using these data 

directly affect the results of assembly accuracy. Therefore, 

appropriate preprocessing of the data, can improve the effectiveness 

and accuracy of data classification scale. Data preprocessing 

consists of the following ways: 

Data cleaning: The main goal is to eliminate or reduce the data 

noise, handling missing values and preprocessing inconsistent value 

data, monitoring and elimination of duplicated data. Although most 

algorithms have noise and missing values handling mechanism, but this 

step will help reduce confusion when learning many data mining 

software provides data cleaning functions. 

Correlation analysis or selection: For high-dimensional data 

sets, via correlation analysis of the data set, feature subset can 

be obtained which reduces time and space complexity and improves the 
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classification accuracy to improve effectiveness. Many attributes in 

data set may be not relevant to classification and prediction tasks. 

For example, the record of when do you withdraw money may be 

irrelevant with lending successfully. In addition, other properties 

may be redundant, the total line of codes can be obtained by the 

uncomment lines of code and comment lines of code. Thus, by performing 

correlation analysis, we can remove the irrelevant or redundant 

attributes during the learning process. In machine learning, this 

process called feature selection. Irrelevant or redundant attributes 

will slow down and mislead learning steps. 

Data integration and data transformation: Data Mining often needs 

to merge multiple data stores, the data may also need to be converted 

into a form which is suitable for mining. When integrate data, we 

need to consider how data from multiple data sources to the correct 

match, metadata is often used  to resolve this problem. Also need to 

consider the problem of data redundancy, if a property can be obtained 

by another attribute, then this attributes is redundant and can be 

detected through correlation analysis part of redundancy. 

Data transformation means to convert data into a form suitable 

for the excavation. Data transformation may involve the following: 

1 Smooth, remove noise data, these techniques include binning, 

clustering and regression. 

2 Aggregations summarize and aggregate data. This step is 

typically used to construct multi-granularity data analysis data. 

3 Data generalization, using the concept of layers replaces the 

original data with low levels of high-level concept. For example, the 

classification attributes, such as street can be generalized to a 

higher-level concepts, city or country. Similarly, the value of 

properties, for example age can be mapped into a higher-level concept, 

such as young and senior. 
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4 Feature constructions construct new properties and add the 

attribute set to help the mining process. 

5 Data standardization, including min,max normalization, z-score 

normalization, standardization of a single decimal. 

2.3.2 Prediction performance evaluation 

After we applied the classifier, we should also determine the 

performance of the predicted results. In fact, the evaluation of the 

classifier is as important as choosing it. There are many of the 

evaluation indexes, including the complex matrix, ROC, Lift, Gini, 

K-S etc. The most popular of them is the complex matrix. According 

to the method more graphical evaluation methods were extended, e.g. 

ROC. 

The performance of the software defects classification 

prediction includes the overall predictive accuracy, error-prone 

module detection rate, Non-error-prone modules misclassification 

rate etc. There are many corresponding evaluation indexes, e.g. 

accuracy, feedback rate etc. In this thesis the numeric performance 

evaluation index was chosen. This index is calculated from the 

complex matrix. In the defects prediction, the “yes” in the complex 

matrix indicates “error-prone”, and “no” indicates 

“non-error-prone”. 
Table 2.6 Confusion matrix 

 

Actual class 

Prediction class 

 Trule False 

True True Positive TP False Negative FN 

False False Positive FP True Negative TN 

Of which TP means that, the modules are correctly classified as 

the modules including defects. FP means the modules without defects 

incorrectly classified as the modules including defects.  FN means 

the modules with defects incorrectly classified as the modules 
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without defects, and TN means that, the modules correctly classified 

as the modules without defects. 

The accuracy is also called the correct classification rate. It 

is used to measure the proportion of the correctly classified modules 

to the total modules. This index is widely used because of its easy 

calculation and comprehension. (Error rate = 1 – accuracy.)  The 

accuracy is the basic index in the defects prediction. 

Accuracy = (TP + TN)/(TP + TN + FP + FN)    (2.4) 

However, some researchers also implied that, the accuracy 

neglects the data distribution character and the cost information, 

which leads to a discrimination on the sample with small proportion.  

e.g. when the error-prone modules are only a small proportion in the 

whole modules, the classifier with a high accuracy could classifies 

the most error-prone modules as the non-error-prone modules, and 

therefore couldn’t fulfill the purpose of the defects prediction. 

The recall is the percentage of the correctly predicted positive 

modules in the whole modules with defects. It is generally presumed, 

that the higher is the recall, the less is the error-prone modules 

not found. 

   Recall = TP/(TP + FN)        (2.5) 

The index corresponding with Recall is Specificity, which is the 

percentage of the correctly predicted negative modules in the whole 

modules without defects. When the specificity is very low, many 

non-error-prone modules could be classified as the error-prone 

modules, and be tested and verified, which increases the cost in time 

and investment. 

Specificity = (TN  )/(TN + FP)        (2.6) 

Usually there is a compromise in the recall and the specificity. 

When the recall is high, it means that, the classifier has a high 
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probability to find the positive modules, but maybe on the cost of 

classifying the negative modules as the positive modules, which 

causes a low specificity. This compromise will be graphically 

demonstrated in the ROC-curve. 

The precision measures the ratio of the correctly classified 

positive modules to the set of the positive modules. (Formula 2.7), 

also called true positive Rate of consistency. When the percentage 

of correctly predicted positive modules is low or the percentage of 

incorrectly classified as negative modules is high, a low accuracy 

is caused.  Thus the precision is also an important index. 

    Precision = (TN  )/(TP + FP)         (2.7) 

The recall and the precision separately describe a part of the 

prediction performance of the classifier. It would be improper to 

use only one of the indexes to describe the prediction model. Beside 

this, there are also graphical evaluation methods. E.g. ROC-curve, 

the accuracy and the feedback rate curve, the cost curve etc. 

The full name of ROC is Receiver Operating Characteristic. It 

concerns to indexes:  true positive rate (TPR) and false positive 

rate (FPR). Intuitively, the TPR reflects the possibility of the 

positive modules correctly classified, FPR describes the 

possibility of the negative modules incorrectly classified as the 

positive modules. 

ROC graphs are two-dimensional graphs in which true positive 

rate is plotted on the Y axis and false positive rate is plotted on 

the X axis. An ROC graph depicts relative tradeoffs between benefits 

(true positives) and costs (false positives). The main tool of the 

ROC-space is a curve -----ROC curve. (figure 2.1) 
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Figure 2.1 ROC Curve 

The ROC-Curve can reflect the performance of the classifier well. 

However, it is preferred to use value to judge the classifier. With 

this consideration, the Area under ROC Curve (AUC) was developed. 

Usually, the AUC is between 0.5 and 1.0. A bigger AUC represent a 

better performance of the classifier. 

ROC curves don’t take the hidden costs of misclassification 

into account. In the fact, as above announced, the costs of the 

error-prone modules and non-error-prone modules are quite different. 

Adams and Hand described the proportion of the wrong classification 

by defining the loss difference point. The cost curve was brought 

out by Drummond and Holte in 2006, which was based on the visualizing 

of the loss difference point. The y-axis of the cost curve is 

Standardized cost expectations of the wrong classification, which 

ranges from the maximum to minimum of the costs of the cost of the 

error-prone modules. The x-axis represents the function of the 

probability costs.  

The typical area of the cost curve could be seen in figure 2.2. 

The diagonal (0,0) to (1,1) means that, a classifier (TC) can always 
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identify the modules as without error. The area above the diagonal 

means a worse performance than TC. Anti-diagonal (0,1) to (1,0) 

refers a classifier (TF), which identifies the modules as 

error-prone module. The area above the anti-diagonal means a worse 

performance than TF. The Level (0,1) to (1,1) indicates an extreme 

situation, under which all the modules are incorrectly classified. 

The x-axis represents an ideal situation, under which all the modules 

are correctly classified.   Accordingly, it is obtained, that the 

area on bottom right is where we concern, because we expect a better 

performance than TC and TF. Different with ROC, the cost curve 

generates from a combination of (0, PF) and (1,1-PD). After all the 

values of (PF, PD) on the cost curve are drafted and the crossing 

points from left to right are connected, the Minimum including line 

of the cost curve is generated. 

 

 

Figure 2.2 cost curve  
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2.4 Data mining based on software development repository  

Software development repositories typically include version 

control systems, developers’ communication history, and bug 

tracking information. Software configuration management systems 

typically include software development process of the source code 

data, documentation, and developers’ communication history. 

1 Software version control system: use version control to track 

and maintain the changes to source code, design documents and other 

files. Most version control software use differential encoding, that 

is, to retain only the differences between versions. Common version 

control system, including, CVS, Subversion, Git. Many version 

control systems can be found at sourceforge.net above. The 

information contained in these systems can be roughly summarized as 

who is at what time for what reason did what changes. 

2 Defect tracking system: it is an important part for software 

quantity insurances. One of its important components is the already 

reported defects database. This database contains report time, 

severity, abnormal program performance and the detail of how to 

reproduce this defect, the report also includes the person who 

possibly fix this bug. Typically, defect tracking system can manage 

the entire life cycle, including the submission of defects, repair, 

closure and other states, to support rights management, generate 

defect reports. Bugzilla is a well-known bug tracking system that 

allows individuals or organizations to track their products more 

significant defects and code changes, communication between team 

members, submission and review of patches.   

3 Project management software systems, software project 

planning, and resource allocation, process execution data is 

typically stored in a project management software system. Common 

software in this regard, KForge, redmine, DotProject so on. Redmine 
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is an open-source, Web-based project management and bug tracking 

tool. It uses the calendar and Gantt charts assisted projects and 

progress visualization. But it also supports multi-project 

management. Redmine is a free and open source software solution that 

provides integrated project management features, issue tracking, 

and control options for multiple versions of the support. Dot Project 

is a Web-based project management tool that provides features such 

as: company management, project management, task progress tracking 

(using Gantt charts), forums, document management, calendar, 

address book, memo / help desk, users and modules rights management, 

theme management. 

Lord Kevin has said, measurement and data becomes a great and 

undisputed information provider. In 1960s, people use simple data 

collecting technique. In 1980s, we have data accessing technique. 

Until 1990s, people have accumulated lots of data. But we are lack 

in the means to find the data hidden in the rich data. Data mining 

and knowledge discovery technique occurs at this very moment. Data 

mining technique is the core method for knowledge discovery. It use 

the analysis tool to extract the hidden, potentially useful 

information and knowledge from a large number of incomplete, noisy 

fuzzy, random data. And build the relationship between data model, 

we can use this technique as a good way to prediction and also provide 

support for decision-makers [44].  The rich data in software 

development repository becomes a good research target. Software 

development repository is the sum of all relevant data during the 

process of software development.  By applying data mining 

techniques to software development repository, researches get a 

better understand for the process of software development. 

Researches in this filed include software reuse, software evolution 

analysis, software defects detects and so on.  
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Chapter 3 Software metrics used in defects prediction 

This section describes how to use data mining knowledge from software 

development repository metadata to extract relevant metrics. Extraction 

model is shown in Figure 3.1. The entire process includes from the version 

control system to find the relevant version which contains the reported 

bugs ID in the development process , and then from the defect tracking 

system to locate the version and location of these defects, also the 

belonging files and packages. Then count the number of defects for the 

files and packages before and after the release. Finally through Eclipse 

metrics to calculate the files and software metrics package metadata. 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

  

 

Figure 3.1 dataset obtained model 

3.1 The original dataset for defects classification 

prediction 

The data used in this thesis comes from Eclipse software development 

version control and bug tracking repository for version 2.0, 2.1, 3.0. 

Following section is the brief description for these two parts of data. 

version 
control 
system  

Bugzilla 
defects info 

Software 
metrics 
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3.1.1 Revision history of version control system 

An earlier version of version control system information is “If your 

version control system could talk…[38]”. SourceForge.net system provides 

lots of free version control data. The data describe during the 

development of system, which made changes to software on which grounds 

at which time. These data can be used to analyses the software evolution 

and can also be used to analyses software, such as software metrics and 

so on. 

The most common version control systems include CVS, SVN, Git, etc. 

Eclipse has a built-in support for CVS. So the version control data 

information comes from CVS repository in this article. As figure 3.2 

shows, CVS module contains several key information, HEAD, Branches, 

versions, Dates.   

Head: is the main part. It includes also the author, revision, 

branches, tags, comment and other information.  Branches and tags can 

help use to locate the position of the bug in software, and also which 

version does this bug belong to. Comment is the summary for the author’s 

check-in.  

Branch: includes all the software branches, in this way, software 

can be developed concurrently.  

Version: is the collection of tags. When projects achieve certain 

mile-stone, we will make a tag to all the files in the project. And also 

record the history information. Usually one release has a related tag.  

Dates: used most for check-out the projects in CVS. CVS will record 

the date information and keep it as the same when check in projects, to 

avoid confusing.  

The CVS change log plugin of Eclipse gains the change log of each 

part of software during development.  

Because Eclipse is an open-source project, we can obtain all the 

source code from software development repository. I get the source code 

for JDT, PDE, and Platform, which covers most of the functions in Eclipse.  

JDT project provides Eclipse-based development environment that 

provides editing, compiling and debugging functions. It contains the APT, 

Core, Debug, Text, UI module. APT module provides java 5.0 tag handling, 
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Core module support java headless compilation, that is, not only can be 

compiled in the integrated development environment, but also can be 

compiled in the command line , Debug module supporting java debug 

function, Text module support java editing feature, UI module proving 

definition of the Java integrated development environment user 

interface. 

PDE stands for plug-in development environment to create, develop, 

test, debug, compile and publish Eclipse plug-ins. Including PDE Build, 

PDE UI, PDE API Tools, PDE Incubator modules.  

Platform's responsibilities include common Eclipse SDK, and other 

important java and plug-in development tools. The model included are more, 

Ant, Core, CVS, Debug, Search, Team, SWT, Text, User Assistance, UI, 

Update. Then use the Eclipse cvs Change log shown in Figure 3.3, to get 

the change log for each project, which is extracted in CVS head module 

comment information. Who are recorded primarily at what time what 

operation. 
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Figure 3.2 Eclipse version control system 
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Figure 3.3 Change log revision history 

3.1.2 Bug tracking system 

The defects data used in this thesis come from open-source project 

BUGZILLA.  BUGZILLA is developed by the Mozilla bug tracking system, 

including the change history of defects, defect tracking, duplicate 

defects finding and discussion solutions for developers, and ultimately 

solving the problem. Eclipse defects found in the development process 

is managed through BUGZILLA . Current latest stable version is 4.2. When 

BUGZILLA runs, it needs Perl , database engines such as Mysql, Oracle 

or PostgreSQL, webserver software category, such as Tomcat, if you need 

to support authentication through the mail, as well as through e-mail 

distribution of tasks, reminders, etc. also need to submit mail transfer 

client, and BUGZILLA tarball. If you just need to use BUGZILLA, you not 

need to install the software, BUGZILLA support browser access, Figure 

3.4 for the access interface 

The defects data used in this thesis comes from JDT, PDE, Platform 

components when Eclipse version 2.0, 2.1, 3.0 run under windows XP. There 

are 4920 defects. And the final defect set contains data definite as 

following:  

bug-info={bugID,severity，priority，operate system，status，solution，

version，description}。 

There are open and closed for defects status. In the very beginning 

when the defect was found and added into defects database, no one 
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confirmed whether this was a valid defect. At this very moment, the status 

of this bug is to be confirmed. If people with the canconfirm permission 

confirmed this bug, then it becomes confirmed status. If this bug is 

assigned to the suitable person to solve, then it becomes assigned status. 

If this person solves this bug and then waits for QA to confirm his 

solution, then this bug enters solved status. If the QA think the solution 

is acceptable, this means the bug enters closed status. There are 2882 

resolved bugs, and 1814 confirmed bugs, 224 closed bugs. Some of the bugs 

are duplicated, some are not valid, and some of them maybe can never be 

solved. Take the data used in this thesis as an example; there are 264 

duplicated bugs and 109 unsolvable bugs.  

These defects data are stored in csv format, in appendix C. 

Software version control system defines in which version each bug 

is reported. This information can be used to count the number of bugs 

in each version of software. 

 

 

 

 

 

 

 

 

 

Figure 3.4  Bugzilla bug search system 

3.1.3 Data quality evaluation 

Usually there are two aspects when talking about the evaluation of 

data quality.  

1 data is credible, including data accuracy, completeness, 

consistency, uniqueness, and so on. Accuracy refers to data which 

reflects the real objective physical characteristics; describe the data 

integrity of the existence of missing records or fields; validity 

describes the data meets user-defined conditions or at a certain 
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threshold range; uniqueness check data the existence of duplicate 

fields. 

2 Data are available to users, including the timing of the data, 

stability and other indicators. Temporal data describing the data is 

current or historical data, stability describes the data is stable. 

One data source in this thesis’s data set is from BUGZILLA, which 

is provided, maintained, tested by Mozilla development team. Its defects 

data set have been used in more than 1200 companies including Facebook, 

Yahoo, Nokia and other world-renowned companies, research institutions.   

Another data is coming from the CVS system of Eclipse development 

repository. The commit information contained in this data set is human 

input. So missing data and duplicated data are unavoidable. The same bug 

maybe reported by several developers. For this consideration, we need 

to analyze the data set and do some preprocessing. 

3.2 Obtain data set 

3.2.1 Obtain rules 

Next step we want to obtain data sets from version control systems 

and also defects tracking systems. There are three steps to get the data 

sets: 

1 to obtain the change log information of certain version software 

means to obtain all the defects ID which belong to certain version of 

software during development. The change log in version control system 

is something similar to bug 12345, r12345, or follow up patch to r1234, 

(seen in Figure 3.5). The commit information like this contains the 

defect ID and related solutions. If we only get the possible number which 

contains the bug ID, the data is not so credible. The key problem is to 

improve the reliability of the results. The approach used in this thesis 

is:  

If we divide the comment information in change log into different 

marks ∅  , then it ∅  can be defined in this way 

∅ == {bug ID，or common numbers or keywords} 

The regex expression of bug ID is : 
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bug[# \t]*[0-9]+, 

pr[#\t]*[0-9]+, 

show\_bug\.cgi\?id=[0-9]+     （3.1） 

The regex expression for common numbers is : 

[0-9]                （3.2） 

The regex expression for keywords is: 

fix(e[ds])?|bugs?|defects?|patch。（3.3）  

Every number is a possible defect ID, for all the matched results, 

they have an initial confidence index 0. If this number also match 3.1, 

then the confidence index increased by 1, if this number also match 3.3, 

then the confidence index increased by 1 again. 

For example, Fixed bug 34567 contains numbers, the confidence index 

was 0, and 34567 is also defect number contains so confidence index 

increased by 1, besides it contains also the keyword “fix bug”, so 

confidence index increased to two. 

Another example is “update to version 234”: Although the figures 

is included but does not include defect number, at the same time, keyword 

does not match, so the confidence index was 0. Data like this will not 

be used. 

2 Based on the acquired defect ID, we can find the version information 

in version control system on the specific location. Each bug report 

contains version information of this field, including a version in which 

the defect was reported. But in the software life cycle this information 

may changes; in the end we may get more than one version of this data. 

We usually use the earliest version. If the defect was first discovered 

in the version similar to “version 2.02 releases” then we determined 

that the defect is a defect after the release, otherwise, we think it 

is a pre-release defect, which is discovered in the pre-release software 

development and testing process. Defects after the release of the 

software are the defects which found by software users after release. 

Then we count the number of prerelease and after release bugs based 

n package and file granularity.  
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Table 3.1 contains some assembly information in version 2.0. There 

is the post release bugs aggregated into files and packages information 

in 42 assemblies of version 2.0, 2.1, 3.0. 

 

 

 

 

 

 

 

 

 

Figure 3.5 Bugs Id in version control system 

Table 3.1 the number of bugs in assemblies of V2.0 

Assembly The number of pre-release bugs The number of post-release bugs 

org.eclipse.ant.core 24 50 

org.eclipse.compare 146 4 

org.eclipse.core.boot 49 4 

org.eclipse.core.resources 305 40 

org.eclipse.core.runtime 127 12 

org.eclipse.debug.core 152 6 

org.eclipse.debug.ui 558 33 

org.eclipse.help 7 3 

org.eclipse.help.ui 9 2 

org.eclipse.help.ui.win32 4 2 

org.eclipse.help.webapp 4 4 

org.eclipse.jdt.core 409 460 

org.eclipse.jdt.debug 532 120 

org.eclipse.jdt.debug.ui 617 71 

org.eclipse.jdt.junit 36 0 
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org.eclipse.jdt.launching 193 32 

org.eclipse.jdt.ui 1155 235 

org.eclipse.pde 0 0 

org.eclipse.pde.build 0 0 

org.eclipse.pde.core 0 0 

org.eclipse.pde.runtime 0 0 

org.eclipse.pde.ui 0 0 

org.eclipse.platform 0 0 

org.eclipse.search 63 7 

org.eclipse.swt 501 353 

org.eclipse.team.core 69 1 

3 Calculate software metrics for files and packages which contain 

bugs. For this process, I use the Eclipse plugin  Metrics 1.3.6. 

This set of metrics chosen in this thesis is proposed by Brian 

Henderson-Sellers.  It is a set of object-oriented software metrics; 

also include complexity metrics. There are 14 different software metrics, 

as shown in Table 3.2. TLOC, MLOC is based on the scale of software metrics, 

VG is the cyclomatic complexity metrics, calling other functions FOUT, 

nesting depth NBD, the number of parameters PAR, the number of domains 

NOF, number of methods NOM, the number of static fields NSF, static number 

of methods NSM, the number of ACD anonymous types are introduced in 2.13. 

In addition, from the perspective of granularity, ACD, NOT, TLOC, 

NOI are file-based metrics, NOCU is a packet-based metric, the other is 

based on methods and classes, so we need cluster analysis for these 

metrics, respectively, sum ,max, average calculation. 

In the article[59], the authors proposed collection includes a line 

of code LOC, TComm Note The number of rows, TChar total number of 

characters, comment characters MChar, the code number of characters 

DChar, Halstead length measurement N, cyclomatic complexity metrics. It 

should be noted that the line of code used in this article are effective 

lines of code, not including comments, codes which can never reach during 

running.  

Calculated metrics data can be exported to HTML or CSV format. i 

choose CSV format in this thesis, such as the Appendix A, B, Figure 3.6 
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shows the part of the data format. Because this table contains a large 

data dimension, three small figures are used to show the information. 

It can be seen from the figure, each row contains a record of the file 

where the assembly information, and file name information, documents 

issued after the release of the number of defects and the number of 

defects, and various _ values. 

Takes one row of the data as an example, there are 35 attributes in 

total. These attributes describe the pre-release and post-release 

defects numbers in each packages and files of certain version software 

and also all the software metrics values. Besides ACD，NOT，TLOC，NOT 

and NOCU, for all the metrics we need to get the average value, maximal 

and sum values. 

Table 3.2 set of metrics 

Name Meaning 

FOUT Functions called 

MLOC Methold line of code 

NBD Nested Block Dept 

PAR Number of Parameters 

VG McCabe Cyclomatic 

Complexity 

NOF Number of Attributes 

NOM Number of Methods 

NSF Number of Static 

Attributes 

NSM Number of Static Methods 

NOC Number of contained 

classes 

TLOC Tatal line of codes 

NOI  Number of interface 

NOCU Number of files  
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Table 3.6 obtained dataset  
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3.2.2 Dataset obtained algorightm 

According to Section 3.2.1, here are the steps to obtain a version 

of software-related defects in the development process ID set and step 

2 for each defect version of the algorithm. 

1 obtain defect ID 

Input: comment information in CVS 

Output: the bug ID, these bugs have confidential index bigger than  

2  

CollectBugIDs(){ 

Foreach comment information 

{ 

if(comment matches regex 3.2) 

{ 

confidence =0 

if(comment matches regex 3.1)  

{ confidence+=1 

if(comment regex 3.3) 

{ 

confidence+=1 

} 

return comment bugID； 

 

} 

} 

else return; 

} 

} 

2 To obtain statistical information of defects number 

Input: defect ID sets, bug tracking system 

Output: the bug numbers for pre-release and post-release  

countVersionBugs() 

{ 

Foreach bug ID{ 

Findversioninformation(bugID) 
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Create hashtable ht,  

if(version contains “release”) 

tt.add(version,value+1) 

elsepre[version]+=1; 

tt.add(version,value+1) 

return ht; 

} 

} 

3.3 Analysis and pre-processing dataset 

Before the experiment, we need to analyses the characters of metrics 

data sets. According to Empirical Software Engineering, the data used 

for software defects prediction usually has certain Experience Quality. 

To control the side effects of experience quality, we need to preprocess 

the data. 

We will analyses the obtained data from the four aspects as shown 

in the following. 

3.3.1 Analysis dataset scale 

The data set can be divided into file based data set and package based 

data set. They are structured based on Eclipse Java packages structures. 

Each package has related files data information. Each file contains the 

defects numbers pre-release and post-release bug numbers and also 

metrics values. The metrics collection used in this thesis includes 

software complexity metrics, software size metrics and also object 

oriented metrics. 

The data based on file level can be described in this way: 

Filebased = {plugin, file name, and the number of defects before 

release, after the release of the number of defects, the anonymous 

variable declarations, methods, lines of code, nesting depth, the number 

of variables, the number of interfaces, methods, number, including the 

number of classes, a static variable number, the number of static methods, 

the number of parameters, the total lines of code, cyclomatic complexity} 
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The data based on package contains all the fields in file based data, 

also contains the number of files metrics.  

Pkgbased = {plugin, file name, and the number of defects before 

release, after the release of the number of defects, the anonymous 

variable declarations, methods, lines of code, nesting depth, the number 

of variables, the number of interfaces, methods, number, including the 

number of classes, a static variable number, the number of static methods, 

the number of parameters, the total lines of code, cyclomatic complexity, 

including the file number} 

In version 2.0, there are in total 6729 file based records, and 344 

package based records (Table 4.3). In table 4.3 lists the defects 

information in all of these three versions.  Typically, if the sample 

size is in between dozens to hundreds, then the credibility of the results 

will be greatly restricted, this time on a small sample is usually 

selected classifier performed better or the use of bionic algorithm to 

generate large scale data. As used herein, the sample size, whether the 

file level or package-level number of samples in between 6000 to 11000, 

so the scale from the data point of view, the experimental results have 

credibility. 

Table 3.3 dataset size 

Release #Files Col  

Nr 

Failure  

Prone 

#Pkg Col 

Nr 

 

Failure  

Prone 

2.0 6729 202 0.145 377 211 0.504 

2.1 7888 202 0.108 434 211 0.447 

3.0 10593 202 0.148 661 211 0.473 

3.3.2 Analysis defects distribution of dataset  

Experiences in the software engineering studies have shown that the 

distribution of the number of software defects also conform to Pareto 

principle, which is also called as 20-80. This principle can guide the 

process of software development resources, manpower allocation of time. 

Firstly analysis whether this rule also applies to the dataset in 

this thesis. 
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Figure 3.7 is the pie chart of the pre-release, post-release error 

distribution in the version 2 file based data set. Most of the area, much 

more than 50%, is white, which contains no errors. The darkest area 

contains most defects. This shows that the defect distribution conform 

to 20-80 rule. In table 3.1, we can find the most of the error contains 

in project JDT. The possible answer for this is that this module contains 

most of the frequently used functions. Another reason is the code in this 

module is more complex than others. The distribution of the data is 

unbalanced. To avoid the side effect of this unbalance, we need to remove 

the Naive Bayes Classifier whose results have a higher relationship 

between data distribution.  

 

 

 

 

 

 

 

 

Figure 3.7 pre-post defects distribution for file based analysis in version 

2.0 

3.3.3 Software metrics distribution 

Apply Kolmogorov-Smirnov normality test to software metrics, 

referred to as KS test. K_S test is used to determine whether a 

distribution of dataset conform to certain distribution. By comparing 

the gap between the normal distribution and the sample data frequency 

distribution to determine whether the normal data is normal distribution. 

Use D to represent the observed sample and the gap between the theoretical 

distribution samples. In this thesis, this method is used to check 

whether metrics dataset conforms to the normal distribution. 

 The observed values of D (Table 3.5) and D value meaning table (Table 

3.4) are compared, if D is too large, that samples are not normally 
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distributed. Table 3.5 is based on the version of the file for the 

analysis of particle size of 2.0 parts per metric values of the 

distribution, where n = 6729. 

 
Table 3.4 Dvalues 

Level of significance(α) 
n 0.40 0.20 0.10 0.05 0.04 0.01 
5 0.369 0.447 0.509 0.562 0.580 0.667 
10 0.268 0.322 0.368 0.409 0.422 0.487 
20 0.192 0.232 0.264 0.294 0.304 0.352 
30 0.158 0.190 0.217 0.242 0.250 0.290 
50 0.123 0.149 0.169 0.189 0.194 0.225 
>50 0.87

√𝑖�  1.07
√𝑖�  1.22

√𝑖�  1.36
√𝑖�  1.37

√𝑖�  1.63
√𝑖�  

 
Table 3.5 D-value of some metrics 

度量元 D 

VG_avg 0.15 
MLOC_avg 0.197 
FOUT_avg 0.1997 
NBD_avg 0.179 
PAR_avg 0.170 
ACD 0.4634 

Because the n value is higher, when we compare the obtained D value 

and 1.366/√n, we get the conclusion that the observed metrics is not 
normal distribution. 

 

3.3.4 The correlation of metrics 

According to the conclusions 3.3.3 we found that most metrics data 

distribution is not normal, so Spearman's rank correlation coefficient 

is a good choice to calculate correlation between metrics. Spearman's 

rank correlation coefficients between two variables are represented as 

the direction of the link. X, if Y changes in the same direction as X 

variable, then the Spearman rank correlation coefficient is positive. 

If Y and X change in different way, Spearman rank correlation coefficient 

is negative. If it is 0, it indicates that there is no relationship 

between the two. 

We determine the correlation between variables (Table 3.8) based on 

the correlation coefficient. Table 3.6, 3.7 is the Spearman’s rank 

between the pre-release defect numbers and each software metrics and also 
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the post-release defect numbers and each software metrics based in file 

and package granularity. 
Table 3.6 Spearman of filebased metrics in Version 3.0 

 Pre Post 

Pre 1.00000000   0.39035102 

Post  0.39035102 1.00000000 

ACD 0.25753633 0.18001680 

FOUT_avg  0.31319026 0.24154283 

FOUT_max 0.37517651 0.29146284 

FOUT_sum 0.39956576 0.31941097 

MLOC_avg 0.31409722 0.24315219 

MLOC_max 0.37978934 0.29301400 

MLOC_sum 0.40282147 0.32234451 

NBD_avg      0.30257967 0.23720157 

NBD_max 0.36825360 0.28952256 

NBD_sum 0.39167798 0.31996872 

NOF_avg 0.24184693 0.19137270 

NOF_max 0.25560825 0.20084848 

NOF_sum 0.25986212 0.20449351 

NOI         0.16027268 0.12901286 

NOM_avg 0.29621777 0.25515216 

NOM_max 0.31351322 0.26630475 

NOM_sum 0.31865840 0.26849383 

NOT 0.16029769 0.12913849 

NSF_avg 0.17447220 0.16217570 

NSF_max 0.18562744 0.17012308 

NSF_sum 0.18627338 0.17026016 

NSM_avg 0.19720208 0.17646657 

NSM_max 0.20219685  0.17888908 

NSM_sum 0.20238360 0.17906116 

PAR_avg  0.09446341 0.06433339 

PAR_max 0.25718369 0.20922451 

PAR_sum 0.34979935 0.28294031 

TLOC   0.42063178 0.33310838 

VG_avg 0.30014104 0.23424179 

VG_max 0.35868211 0.27879915 

VG_sum 0.38854899 0.31507908 
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Table 3.7 Spearman of packages based  metrics in Version 3.0 

 Pre Post 

Pre  0.807335251 

Post  0.80733525   1.00000000 

ACD_avg 0.09759016   0.049560433 

ACD_max 0.30714149 0.217485746 

ACD_sum 0.55261376   0.424904340 

FOUT_avg  0.09724640   0.089727248 

FOUT_sum 0.74640331   0.745174132 

FOUT_max 0.35013261. 0.383709498 

MLOC_avg 0.10894997   0.158822690 

MLOC_max 0.32522657 0.423138722 

MLOC_sum 0.71567056 0.756882996 

NBD_avg      0.12997291 0.147346867 

NBD_max 0.35797005   0.411769564 

NBD_sum 0.74471762   0.765859633 

NOCU 0.70386405 0.711873357 

NOF_avg 0.07982343   0.142518862 

 NOF_max 0.26261397   0.316427218 

NOF_sum 0.69397999   0.694147630 

NOI_avg 0.11249841  0.094988227 

NOI_max 0.13951633   0.148162488 

NOI_sum 0.11227237   0.124953650 

NOM_avg 0.27055153   0.317027316 

NOM_max 0.46037249   0.505123225 

NOM_sum 0.11242203   0.093977748 

NOT_avg 0.11242203   0.093977748 

NOT_max 0.12832994   0.072795659 

NOT_sum 0.71255098   0.715865520 

NSF_avg 0.01783676  -0.008955576 

NSF_max 0.13369158   0.115555219 

NSF_sum 0.38862874   0.365633668 

NSM_avg 0.01998140   0.017099771 

NSM_max 0.06647005   0.061948472 

NSM_sum 0.21432359   0.203338062 
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PAR_avg  0.03017840   0.064870943 

PAR_max 0.26971209   0.298087302 

PAR_sum 0.67198039   0.703468641 

TLOC_avg 0.24710695   0.286673225 

TLOC_max 0.47975894   0.528766974 

TLOC_sum 0.74100320   0.770710898 

VG_avg 0.13348836   0.185501580 

VG_max 0.30281371   0.423724310 

VG_sum 0.69180313   0.733249067 

We can see that most of the correlation coefficient is positive and 

significantly related. In file based analyses, cyclomatic complexity (VG-sum), 

the total number of lines of code, as well as methods and software lines of code 

are significantly positively correlated with the pre-release and post-release 

defects number. In packets based analysis, there are more metrics which have 

significantly relationship between software defects, including the number of 

methods called (FOUT), nesting depth (NBD), and the number of domains (NOF), the 

number of methods (NOM), file the number (NOCU). It is therefore difficult to 

measure by a metrics number of software defects. 

Table 3.8 Correlation coefficient and correlation  

Correlation negative positive 

unrelated -0.09~0.0 0.0~0.09 

Low  -0.3~-0.1 0.1~0.3 

    Middle -0.5~-0.3 0.3~0.5 

High -1.0~-0.5 0.5~1.0 

 

Further analysis shows that the same project the same size, but different 

versions of the data sets are consistent in most metrics, but there are 

exceptions, such as in File 2.0 NOCU and PAR is significantly related 

to, but not so related as in the other versions. But they are still 

considered consistent in general.
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Chapter 4 Prediction model and model evaluation 

Using the defects data getting from the version control system and 

bug tracking system of Eclipse software development repository, we can 

calculate the software metrics for files and packages, and use different 

classifiers algorithm and training data set to build prediction model 

to forecast defects in  future software. And then we can evaluate 

different modules based on different classifiers. Usually a good 

classification algorithm has not only better prediction accuracy also 

has a better prediction for error-prone modules. 

4.1 Prediction methods and steps 

The defects classification prediction method proposed in this thesis 

contains four aspects, obtain the dataset, analysis dataset and 

pre-process, build prediction model based on different classifiers, and 

evaluate the performance of models. The steps are:  

1．Determine the dataset used in this thesis 

2．Level=(files,packages), divide the dataset into two level, file 

based, package based  

3. To obtain the statistic information for file level data, the 

information include pre-release, post-release defects number, file name, 

and the assembly which contains the file. 

4. To obtain the statistic information for package level data, the 

information include pre-release, post-release defects number, package  

name, and the assembly which contains the package  . 

5. For each file, use Eclipse metrics plugin to calculate the 

software metrics, seen in table 4.1 

6. For each package, use Eclipse metrics plugin to calculate the 

software metrics, seen in table 4.1 

7. According to the data in 3 and 5, obtain the filebased data, for 

detail information seen 3.3.1 
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8. According to the data in 4 and 6, obtain the pkgbased data, for 

detail information seen 3.3.1 

9. Data clean for filebased, pkgbased data 

10. For the after-clean file based data, build classifier model to 

predict the defects in files of future version  

11. For the after-clean package based data, build classifier model 

to predict the defects in package of future version 

12. The predicted results and the performance evaluation of the model 

itself 

From step 1 to 8 is the data acquire and pre-process, list them here 

to show the relationship between them and the subsequent experiment. Here 

is some detail information for these 8 steps. 

Step 1 Determine the experimental data sets, the thesis use the data 

from Eclipse version control systems and bug tracking system. Eclipse 

has a build-in CVS plugin, which is described in detail in section 3.1. 

The bugs are managed by Bugzilla, so we can get defect data. 

Step two, divide dataset into file based and package based level. 

In this thesis, we use three different version of version control and 

bug tracking system, and each version has two dataset, file based, 

package based.in total, there are six datasets. 

The difference between file based and package based dataset is mainly 

about the metrics and the cover range of defects data.  

Calculate the pre-release and post-release defects; the methods are 

in section 3.2.  

The metrics used in step 5,6 is the metrics collection in section 

3.2. At the same time, each metric has a slightly difference in file level 

and package level. If the metrics used in files is used in package, then 

we need to get all these metrics average, maximum, sum values in all the 

files. NOCU is related with package, has nothing to do with files. 
Table 4.1 metrics set of file based and package based 

Level metrics Meaning file package 

Method FOUT Funcitons called avg,max,sum avg,max,sum 

 MLOC Method lines of code avg,max,sum avg,max,sum 

 NBD Nested block depth avg,max,sum avg,max,sum 

 PAR Number of attributes avg,max,sum avg,max,sum 
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 VG McCabe Cyclomatic 

 

avg,max,sum avg,max,sum 

Class NOF Number of fields avg,max,sum avg,max,sum 

 NOM Number of methods avg,max,sum avg,max,sum 

 NSF Number of static field avg,max,sum avg,max,sum 

 NSM Number of static 

 

avg,max,sum avg,max,sum 

File ACD Anonymous types value avg,max,sum 

 NOT Contained classes value avg,max,sum 

 TLOC Total line of code value avg,max,sum 

 NOI  Number of interfaces value avg,max,sum 

Package NOCU Number of files NA value 

 

Merge the data obtained in step 3,4 and data obtained in step 5,6.  

Clean the obtained dataset. Anvik Murphy and others have found that 

in all kinds of defects, some of them are not really a defect, some of 

them is not reproducible, some of them are duplicated. These kinds of 

defects are more than 54%. Even in commercial software bugs repository. 

To remove the duplicated, invalid defects will save lots of time and cost.  

Build prediction model and then use it to prediction software defects. 

To avoid the one-sidedness and simplicity, we use three different 

classifiers, classification and regression tree, support vector machine, 

SVM, and generalized linear model. These three models have a higher 

prediction accuracy and lower time and space costing.  

Generalized linear models are to fit general linear model using least 

square method. It is a common way to solve classification problem. 

Decision tree is a powerful tool for classification and prediction. 

It is based tree graph, and outputs simple but practical rules. That is 

why it is called decision tree. According to the dependent variable is 

categorical data or continuous data, the decision trees can be divided 

into classification tree and regression tree. Using historical data to 

build decision tree, and then prune this tree, and then we can apply this 

decision tree to the latest release software to observe the accuracy. 

Using the dataset obtained in section 4.1 to build different models, and 
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then predict the defects in files and packages of the future release 

software. 

Support vector machine algorithm uses a hyper plane of the data space 

for data classification. The data in the same side of this hyper plane 

belong to the same class. In this thesis, we use S3 classification 

mechanism and C-SVM algorithm for data classification prediction. 

Step 12, evaluate the prediction result. Compare the performance of 

same classification model at different granularity and also different 

classification models. The compare result is in section 4.3,4.4,4.5. 

4.2 Modeling language and platform 

Use R language to build the models. R is an open-source development 

language and environment in statistical computing and data visualization. 

It is widely used in developing statistical software and data analysis. 

It includes some simple but complete and effective programming language. 

It provides many statistical models, such as linear, non-linear model, 

time analysis, classification and regression models. R also provides 

lots of packages, which are developed using R. Some of them are developed 

with Java, C, Fortan. Until 2012, there are more than 5300 packages to 

choose from. And these packages have extended the application of R to 

finance, genetic engineering, machine learning, social sciences, and the 

direction of spatial statistical analysis applications. 

Another very famous analysis software system is Weka. Full name is 

Waikato Environment for knowledge analysis. It is an open data mining 

plat-form, which integrates many data mining and machine learning 

algorithms. Weka has a better user interface than R. but it doesn’t 

support for script language. Both of them can be used in textual studies. 

But R is better in data storage, data saving, graphical analysis results; 

we use R in this thesis. 

Another befit of using R to build the models is we can evaluate and 

analysis the different methods of this model and find the best model for 

the prediction target. 
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4.3 General linear model prediction and evaluation 

In this section, we use the logistic regression model in generalized 

linear model. To build the prediction model, we need to: 

Step 1: data searching mainly includes deciding whether response 

variable is binary distribution. Here the response variable is whether 

the release software contains defects. If the value is less than 0.5, 

we believe there are no defects. Another task is to analysis whether the 

data is missing, and the distribution of dependent variables.  

Step 2, fit the data several times and estimate the observe values 

using maximum likelihood method. The following shows the information 

about the dependent variables parameters when we build prediction model 

using the version 2.0 data.  And also the Wald test result. Wald test 

is the analysis to each individual model.  

Deviance Residuals: 

Min 1Q Median 3Q Max 

-3.6336      -0.5003 -0.3630 -0.1954 2.9646 

Coefficients: 

 

Estimate Std. Errorz value Pr(>|z|) 

(Intercept) -2.5634979  1.5910017  -1.611 0.107126 

pre          0.2313218  0.0177542  13.029  < 2e-16 *** 

ACD         -0.0638191  0.0325824  -1.959 0.050149 . 

FOUT_avg     0.0440820  0.0322424   1.367 0.171561 

FOUT_max     0.0118599  0.0071082   1.668 0.095223 . 

FOUT_sum    -0.0042216  0.0012953  -3.259 0.001117 ** 

MLOC_avg    -0.0118673  0.0266994  -0.444 0.656697 

MLOC_max    -0.0156488  0.0045844  -3.414 0.000641 *** 

MLOC_sum     0.0013244  0.0019924   0.665 0.506212 

NBD_avg      0.3611634  0.1452116   2.487 0.012877 * 

NBD_max      0.0829892  0.0437101   1.899 0.057614 . 

NBD_sum     -0.0009667  0.0068179  -0.142 0.887250 

NOF_avg     -0.0098743  0.0431780  -0.229 0.819110 

NOF_max     -0.0731940  0.0679955  -1.076 0.281725 

NOF_sum      0.0450589  0.0588997   0.765 0.444265 
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NOI         -1.6086151  1.6020132  -1.004 0.315320 

NOM_avg      0.0390825  0.0175893   2.222 0.026287 * 

NOM_max     -0.0240555  0.0293049  -0.821 0.411722 

NOM_sum      0.0134368  0.0256784   0.523 0.600784 

NOT         -1.2300393  1.5825073  -0.777 0.436998 

NSF_avg      0.0133788  0.0294310   0.455 0.649409 

NSF_max      0.6744050  0.3868630   1.743 0.081287 . 

NSF_sum     -0.6788539  0.3727274  -1.821 0.068559 . 

NSM_avg     -0.0183628  0.0445456  -0.412 0.680175 

NSM_max      0.4306425  0.6614418   0.651 0.515004 

NSM_sum     -0.3917525  0.6577300  -0.596 0.551434 

PAR_avg     -0.1489015  0.0889140  -1.675 0.093999 . 

PAR_max      0.2041887  0.0317058   6.440 1.19e-10 *** 

PAR_sum     -0.0102084  0.0039601  -2.578 0.009943 ** 

TLOC         0.0020049  0.0017023   1.178 0.238888 

VG_avg       0.0456687  0.0804089   0.568 0.570065 

VG_max       0.0502151  0.0145151   3.460 0.000541 *** 

VG_sum      -0.0012257  0.0032261  -0.380 0.703996 

--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

(Dispersion parameter for binomial family taken to be 1) 

Null deviance: 5568.3  on 6728  degrees of freedom 

Residual deviance: 4243.9  on 6696  degrees of freedom 

AIC: 4309.9 

Number of Fisher Scoring iterations: 6 

Take the VG_sum coefficient -0.0012257 as example, it shows that 

every time when VG_sum increase by 1, the number of post-release defects 

decreases by 0.0012257.  

Step 3: model selection, according to step2, not every variables have 

significant effects on post-release defects. For linear model, we can 

do stepwise regression, either backforward or forward, to select models. 

Forward way adds new observed variables to model, backforward way removes 

the variables which have no big effects on prediction results, which 

means will not reduce the precise of the model. in both ways, we use AIC 
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value as the selection standard. In this thesis, we use backforward way, 

the reason is in our prediction there are less variables than this model.   

The selection resulte is as following:  

Coefficients: 

(Intercept)          pre          ACD     FOUT_avg     FOUT_max   

  -3.774542     0.229737    -0.064405     0.037399     0.011858   

   FOUT_sum     MLOC_max      NBD_avg      NBD_max      NOF_max   

  -0.004000    -0.015830     0.377283     0.079662    -0.038390   

        NOI      NOM_avg      NSF_max      NSF_sum      NSM_max   

  -0.373754     0.024873     0.568289    -0.560352     0.018439   

    PAR_avg      PAR_max      PAR_sum         TLOC       VG_max   

  -0.156795     0.205906    -0.009677     0.002747     0.053362   

Degrees of Freedom: 6728 Total (i.e. Null);  6709 Residual 

Null Deviance:      5568  

Residual Deviance: 4248         AIC: 4288 

In step2, we have 32 observed variables and the AIC value is 4309. 

After selection, we have 19 observed variables, the AIC value is 4288. 

The complexity is reduced but the performance of the model is better. 

So we accept this model. 

The graphic analysis results, figure 4.1, 4.2, 4.3, 4.4 show that 

there is no obvious pattern, and no obvious exception, so we can accept 

this model.  
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Figure 4.1 residual error vs fitted values 

This figure shows the structure of residual error. Residual error 

is the difference between observed value and actual value. If the model 

is adequate, the residual should be randomly distributed around zero. 

If most of the residual error is negative or positive, or it shows a 

continuous decline, or a continuous rise, the model is considered not 

randomly distributed. 

 

Figure 4.2 residual error normal distribution probability plot 

Figure 4.2 is normal probability plot of residual errors, in 

statistics, people detect whether they apply to the same distribution 

by comparing the quintiles of distributions.  Normally from left to 

right, it shows a upward trend. If the two distributions are similar, 

then this plot is probably line distribution.  
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Figure 4.3 residual standard error square root vs fitted values 

Figure 4.3 is Standardized residuals square root vs  fitted value, by this 

figure, we can find the outliers, which is the worst fitted value. We can see in 

this figure, there is almost no exception value. 

 

图 4.4 Stanard Pearson residual error vs leverage 

Figure 4.4 is the standardized residuals square root vs outliers to test 

whether there is abnormal value in the prediction results. Use cook distance to 

measure the observed value’s effect to fitted result. The bigger the value is, 

the more effect is has to the prediction result. In the figure, the most outstanding 
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point is already marked. There is no obvious pattern in the residual error figure, 

and also no obvious outlier, these are the proof that this model is good. 

Next we will analyze the prediction result. It is shown in following.  

We use the accuracy, recall, precision, auc values and ROC curve to 

measure whether the result is good or not. The ROC curve of prediction 

results for file based defects is shown in figure 4.5. Figure 4.6 is the 

ROC curve of prediction results for package based defects. If the AUC 

is between 0.5 and 0.7, it has a lower accuracy, if it is between 0.7 

and 0.9, it has a certain accuracy, and if it is higher than 0.9, then 

it has a good accuracy. When it is 0.5, it has no effect for prediction. 

The precision,accurary,recall,AUC results are shown in table 4.2, 4.3. 

by comparing these two tables, we can find that the file based prediction 

has a higher accuracy rate than package based prediction, which shows 

it is more accuracy.  But the latter has a higher AUC value, which means 

it is more precise.  

Table 4.2 file based prediction model 

Trainning 

t 

Testing  Accurary Recall Precision AUC 

File 2.0 File 2.0 0.8764 0.1449 0.6917 0.6223 

 File 2.1 0.8898 0.1909 0.4780 0.5828 

 File 3.0 0.8613 0.1709 0.6133 0.5761 

File 2.1 File 2.0 0.8697 0.2031 0.6644 0.5928 

 File 2.1 0.9005 0.1604 0.6683 0.5754 

 File 3.0 0.8644 0.1390 0.7171 0.5647 

File 3.0 File 2.0 0.8659 0.2769 0.5781 0.6213 

 File 2.1 0.8943 0.2201 0.5281 0.5981 

 File 3.0 0.8691 0.2238 0.6750 0.6026 

表 4.3 package based prediction model  

Training Test Accurary Recall Precision AUC 

Pkg 2.0 Pkg 2.0 0.8143 0.7632 0.8529 0.8147 

 Pkg 2.1 0.7373 0.6340 0.7409 0.7274 

 Pkg 3.0 0.7292 0.5879 0.8061 0.7221 

Pkg 2.1 Pkg 2.0 0.7639 0.7001 0.8061 0.7644 
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 Pkg 2.1 0.8295 0.7423 0.8571 0.8211 

 Pkg 3.0 0.7943 0 6741 0.8612 0.7882 

Pkg 3.0 Pkg 2.0 0.7666 0.7842 0.7602 0.7664 

 Pkg 2.1 0.7972 0.7577 0.7819 0.7935 

 Pkg 3.0 0.8548 0.7892 0.8917 0.8515 

 

 

Figure 4.5 file based prediction ROC curve of GLM 

 

图 4.6 packages based prediction ROC curve of GLM 
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4.4 Decision tree prediction and evaluation 

The most common decision tree algorithms are CART, C4.5, and CHAID. 

And these three algorithm all consider the over-fit problem when 

construct the decision tree, but with different ways. CHAIN will detect 

when reach the stop standard, C4.5 and CART use different way, they 

construct decision trees firstly and then prune.  

During the process of the construction of CART classification 

regression tree, each node used dichotomy, which means that each node 

has at most two sub-nodes, using Gini impurity as measurement. Gini 

impurity stands for the possibility that a node is given a wrong class 

label. When all the samples for one node belong to the same class, the 

Gini impurity value is zero. C4.5 is the modified version for ID3. ID3 

always choose the node with highest information gain ratio as the current 

node. This makes it always choose the attributes with more values. C4.5 

uses information gain ratio as the choose standard, which makes up the 

disadvantage of ID3. At the same time, C4.5 gives the pruning problem 

a consideration. Also C4.5 can have more than two sub-branches. CHAID 

algorithm also contains more than two sub-branches, prune the trees 

before construction. The standard for tree pruning is chi-square test[45]. 

It also requires the variables are type variables, but the data in 

this thesis is continuous variables. So it is not a good choice.   

Table 4.4 decision tree compare 

classification Parameter types Rules Prone rules 

C4.5 classification 

parameter 

Information 

content 

Node error rate 

CHAIN classification 

parameter 

Chi-square no 

CART classification 

parameter, 

continous 

variables 

Gini impurity Entire error rate 

 

We use CART algorithm in this thesis. The steps are firstly 

constructed decision tree, and then choose the one which has minimum 
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variance and lower complexity to prune. In this thesis, we use the PEP 

rules to prune trees. It means that if the prediction error is smaller, 

maybe not smallest but in certain ranges, we can prune the trees according 

to them. Table 4.5 shows the information of the decision tree for files 

based training data set in version 2.0. CP is the related split complexity, 

releerror is the relative error rate of prediction, xstd is the standard 

deviation. The final decision tree is shown in figure 4.7. The files based 

prediction result is shown in figure 4.8 and table 4.6. 
Table 4.5 prediciton model evaluation 

CP nsplit Relerror Xerror xstd 

0.13762132 0 1.0000000 1.0002768 0.1970277 

0.09606467 1 0.8623787 0.9084047 0.1890473 

0.02901282 2 0.7663140 0.8262990 0.1750790 

0.02769116 3 0.7373012 0.8242059 0.1706865 

0.02729876 4 0.7096100 0.8196788 0.1706146 

0.01395562 5 0.6823113 0.7895777 0.1614776 

0.01196539 7 0.6544000 0.7944772 0.1615471 

0.01000000 8 0.6424346 0.7990964 0.1616406 

 

 
Figure 4.7decision tree model 

|TLOC< 417.5

pre< 1.5 pre< 25.5

pre< 6.5

NOF_avg< 27.5 FOUT_avg>=3.754

ACD>=1.5

MLOC_sum>=403

0.09641 0.5098

0.973 3.778

1.604

2.182 6.714

6.875

8.33
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Figure 4.8 prediction result of decision tree 

 

Table 4.6 file based prediction result of decision tree model 

Training    Testing Accurary Recall Precision AUC 

File 2.0 File 2.0 0.8053 0.3877 0.5928 0.7171 

 File 2.1 0.8413 0.3358 0.4766 0.6811 

 File 3.0 0.8369 0.4560 0.4497 0.6795 

File 2.1 File 2.0 0.8419 0.3867 0.4472 0.6528 

 File 2.1 0.8865 0.3022 0.4632 0.6298 

 File 3.0 0.8663 0.4139 0.5943 0.6346 

File 3.0 File 2.0 0.8067 0.5159 0.3776 0.6859 

 File 2.1 0.8547 0.4192 0.3552  0.6635 

 File 3.0 0.8486 0.4139 0.4865 0.6691 
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Table 4.7package based prediction result of decison tree model 

Training    Testing Accurary Recall Precision AUC 

Pkg 2.0 Pkg 2.0 0.6040 0.3245 0.6039 0.6345 

 Pkg 2.1 0.5470 0.4354 0.4470 0.5986 

 Pkg 3.0 0.6735 0.5011 0.4735 0.7005 

Pkg 2.1 Pkg 2.0 0.6140 0.4234 0.5039 0.6905 

 Pkg 2.1 0.5571 0.3543 0.4470 0.5895 

 Pkg 3.0 0.6835 0.5322 0.4832 0.5765 

Pkg 3.0 Pkg 2.0 0.7586 0.5782 0.2781 0.7594 

 Pkg 2.1 0.7834 0.3134 0.6232 0.7671 

 Pkg 3.0 0.7958 0.3418 03204 0.7866 

 

By comparing 4.6 and 4.7, we can see the file based prediction has 

higher accuracy, higher AUC value and better performance. We can validate 

this conclusion by comparing figure 4.9 and 4.10 

 

图 4.9 file based prediction ROC curve of decision tree model 
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图 4.10 package based prediction ROC curve of decision tree model 

4.5 SVM prediction and evaluation 

Support vector machine originates in the linear classification. The 

problems which can’t be resolved in low-dimensional can be mapped into 

higher dimension and then it becomes linearly separable. The kernel 

function can map from low dimension to high dimension. If one sample is 

completely divided by a linear function, then we can say these data are 

linearly separable, otherwise it is not linearly separable. In two 

dimension space, this linear function is a point, in three dimension 

space, this linearly function is s line. If the dimension is infinite 

then the linear function is hyperplane. 

Firstly we define hyperplane, as figure 4.11 shows: 

Hyperplane: g(x) = {𝑥|〈𝑤, x〉 + b = 0},〈𝜔, x〉 is the vector product, ω  
is normal vector, and b means offset. We get ω and b by classes which 

have labels. If the data is located in the position direction of this 

hyper plane, we consider it as positive, otherwise it is negative. The 

data which are close to hyper plane are supported vectors. They define 

the position of hyper plane. 

Usually the classification problem becomes easier when we map the 

low dimension space into high dimension space. Given in this situation, 

we need to construct the optimal hyper plane. The basic input model of 
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support vector machine is { x[i]}  ∈  𝑅𝑛. It contains two types of points. 

If x[i] belongs to class 1, then the y[i]=1, if x[i] belongs to class 

two, then y[i]=-1. For the training data set { x[i], y[i], i = 1,2,3, … , n}。

the distance from sample data points to certain hyper plane is 

𝛿𝑖 = 𝑦𝑖(ω𝑥𝑖 + b)，an optimal hyper plane means maximal intervals. The 

selection of hyper plane is depend on 〈𝑤, x〉, we need to calculate the 

vector product, if the dimension is very high, the computational 

complexity is also high. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure  4.11 Hyper plane 

The selection of kernel function is a solution for this problem. A 

good kernel function should have the same performance even it is in lower 

dimension space. For example, we have expression profile p =

(𝑝1,𝑝2,….,𝑝𝑔)ϵℝ𝑔  and q = (𝑞1,𝑞2,…., 𝑞𝑔)ϵℝ𝑔 . We can map them into high 

dimension space, by linear kernel functionΚ(p, q) = 〈𝑝, q〉, Polynomial 
Kernel functionΚ(p, q) = (γ〈𝑝, q〉 + 𝐶0)𝑑, and the kernel functions based on 

radial Κ(p, q) = exp(−γ‖𝑝 − q‖2). Until now there are lots of guide rules 

for the selection of kernel functions. Normally kernel functions based 

on radial is more widely used. 

Besied kernel functions, another important problem is, if we use 

kernel funciton to map into high dimension space, the problem is still 

not linearly separable, what we should do in this case. We use slacks 

variables to allow the existence of noise to solve the problem, the noise 
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maybe the data which can’t be separated. The requirements for sample 

data can be defined in expression 4.1, and n is the number of sample data.  

y[i](w ∙ x[i] + b) ≥ 1(i = 1,2, … n)       式 4.1 

Which means the distance from the data to the hyper plane should be 

1 at least. If we allow the existence of noise, we add a slack variable 

to 1, the requirements can be redefined in expression 4.2. 

y[i](w ∙ x[i] + b) ≥ 1 − 𝜍𝑖(i = 1,2, … n) 

𝜍𝑖 ≥ 0         式 4.2 

But this cause another problem, some outlier also meets the 

classification requirements. We give up the precision on these data 

points. For our classifier, this is a loss. On another side, to give up 

these data points also means that the hyper plane will move to this 

direction, so we have more distance. Obviously we have to balance the 

advantage and disadvantage. We use punishment factor C as the standard. 

We try to get the hyper plane which has more distance and also a lower 

C value.  

Punishment factor C is not a variable. When we solve this 

optimization problem, C is a predefined value. We get the classifier 

according to this predefined value. And then test prediction result, if 

it is not good then we switch to another C, and repeat this process until 

we find the optimal one.  

We see that kernel function and slack variables are designed to solve 

the linearly un-separable problem, one mapped into high dimension space, 

one solve the outlier data points. No matter in which way we find the 

classification plane there will always be lots of outlier. We can use 

kernel function to map them into high dimension space to solve the problem. 

If they are still not separable, but better than in original space, we 

introduce slack variable to solve the problems. 

Based on the difference of error functions, different support vector 

machines have different classification algorithm. There are C-SVM 

algorithm, nu-SVM, epsilon-SVM which provides support for regression. 

The package e1071 of R contains all the implementation for these 

algorithms. In this thesis, we use c-SVM and nu-SVM.  
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c-SVM uses radial based kernel functions to mapped from low dimension 

space into high dimension space, see table 4.8. The punishment factor 

is 1, obtained by learning the sample data set. Sparsely parameter 

descripted in which way it accepts outliers of sample data. The bigger 

sparely parameter shows that we pay more attention on outliers. 

The evaluation result of the model can be seen in table 4.8. Gamma 

is needed for all the kernel functions except linear kernel functions; 

the default value is 1/data dimension. We need 1987 support vector to 

determine the hyper plane. The more the support vector is, the more 

complex the calculation will be. 

By compared table 4.9 and table 4.10, we can find that file based 

prediction results have a higher accuracy. But package based prediction 

result has a higher AUC value; this can be validated by comparing figure 

4.12 and figure 4.13.  

Table 4.8 c-SVM model performance 

SVM type C-classification 

SVM-kernel Radial 

Cost  1 

gamma 0.03125 

Nr of support vector 1987 

Table 4.9 file based prediction result of SVM 

Training testing Accurary Recall Precision AUC 

File 2,0 File 2.0 0.8908 0.3097 0.8297 0.6495 

 File 2.1 0.9053 0.1208 0.3524 0.5956 

 File 3.0 0.8633 0.2098 0.6115 0.5933 

File 2.1 File 2.0 0.8686 0.1488 0.7286 0.5697 

 File 2.1 0.9090 0.1768 0.9096 0.5873 

 File 3.0 0.8618 0.10277 0.7385 0.5482 

File 3.0 File 2.0 0.8682 0.2667 0.6018 0.6184 

 File 2.1 0.8926 0.2143 0.5083 0.5946 

 File 3.0 0.8486 0.4139 0.4865 0.6691 

 

Table 4.10 package based prediction result of SVM 
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Training testing Accurary Recall Precision AUC 

Pkg 2.0 Pkg 2.0 0.6605 0.9158 0.6084 0.6584 

 Pkg 2.1 0.6498 0.8866 0.5695 0.6725 

 Pkg 3.0 0.6369 0.8339 0.5813 0.6468 

Pkg 2.1 Pkg 2.0 0.7294 0.8316 0.6929 0.7286 

 Pkg 2.1 0.8917 0.9175 0.8517 0.8942 

 Pkg 3.0 0.7504 0.8211 0.7022 0.7539 

Pkg 3.0 Pkg 2.0 0.6658 0.9105 0.6135 0.6638 

 Pkg 2.1 0.6498 0.8763 0.5705 0.6715 

 Pkg 3.0 0.7186 0.9169 0.6421 0.7286 

 

图 4.12 ROC curve of file based prediction using SVM 
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Figure 4.13 ROC curve of package based prediction using SVM  

nu-SVM and C-SVM is the same in fact, the only difference the range of 

punishment factor C is different. There is no big difference in the 

prediction results of these two models, but nu-SVM has not so many support 

vectors as C_SVM, which means lower complexity.  

Table 4.11 nu-SVM model performance 

SVM type nu-classification 

SVM-kernel Radial 

nu  0.01 

gamma 0.03125 

Nr of support vector 1274 

4.6 Furture analysis 

In this section we analyze the performance of the model on the whole. 

H1. Defects data distribution and metrics, by analysis the 

distribution of defects data in section 3.3.2, we know that they are not 

balance, and they apply for the rules 20-80. The possible explanation 

is that the modules which contain more defects are normally the core 

models, and they are used more frequently and in a more depth way. There 

is only part of the metrics have significant relationship between defects 

data and in different version and different granularity, they are also 

not same. 

H2, the relationship between analysis granularity and prediction 

result, the same classifier has different prediction results if we change 

the analysis granularity. This may help the developers to solve the bugs. 

Normally file based granularity has a higher accuracy. But package based 

normal has a higher AUC value.  

H3, the effects of different metrics to prediction result, by 

changing the metrics sets, we can find that the more metrics we have, 

the prediction result is more precise. The metrics sets reflect the 
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characters of software. That is why the more metrics it contain, the more 

precise it is. But not all the prediction models can handle the metrics 

well, so there is no big improvement if you use more metrics. 

H4, different models have different result in the same analysis 

granularity. By comparing table 4.2, 4.6, 4.9, we can find the average 

values for accuracy and auc are （0.8768,0.5929），（0.8431,0.6681），

（0.8769,0.6033. This says that decision tree has the highest AUC value, 

but accuracy value is not so good. General linear model and support vector 

machine have similar accuracy, and very close auc value. 

Then we see how these three classifier perform in package based 

prediction. By comparing the data in table 4.3, 4.7, 4.10, the accuracy 

and auc value for these three models are （ 0.7875,0.7832 ），

（0.6652,0.6381），（0.8770,0.6029）。the general linear model has a best 

auc value, and SVM has a best accuracy, but the auc value is obvioubly 

dropping. Decision tree has an average performance in both accuracy and 

auc values. So we can say, SVM has a best prediction result in file based 

defects. And linear model has a best prediction result for package based 

defects. 
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Chapter 5 Summary and Prospect 

5.1 Work summary 

Currently software testing becomes more and more important in the 

software reliability. But we spend too much time and money on it. Software 

defects prediction can effectively improve the efficiency of software 

testing and guide the allocation of resources. For the error-prone 

modules, we should spend more resource and time. In this thesis, we have 

an introduction for the current situation of software defects prediction. 

And we highlight the key techniques, including software metrics chosen, 

classifiers, data pre-processing and model evaluation. 

On the other hand, there are lots of data automated collection tools. 

This technique contributes even more data stored in database, data house 

and other data repository. Since 1990s, people use data mining methods 

to find the hidden information in the data. The data used in this thesis 

comes from Eclipse software development repository and version control 

system. We combine the data in these two repositories together to build 

our dataset. And use Eclipse metrics plugin to calculate the software 

metrics in file based and packages based files.  

And then use R to build the prediction models based on different 

classifier algorithms. And then use these models to predict bugs for file 

and packages. After that use the current widely used evaluation way to 

measure the prediction models. And also evaluate the model itself. 

 

1. Use confidence index to improve the data precise when combine data 

in version control system and bug tracking system; 

2. Use data in software repository to predict the defects 

classification. 

3. Predict defects classification from file and packages level. 

 

These innovations give us a guidance to use software repository data 

to predict defects classification and also give guidance for software 
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testing people to predict software defects classification. 

5.2 Future research 

Based on the experience and result of the method in this thesis, and 

the practical values of software defects prediction, there are still some 

possibility to extend the methods: 

1 Extend the model to more software repositories. At the moment, we 

only apply this model to Eclipse data set, and have not tested the 

performance in C++, Perl, PHP and other software repositories. It 

doesn’t have the ability for cross platforms. 

2 Use more classifiers, and more software metrics data set and maybe 

even better data pre-process method. 

3 Considering the other possible effectors, for example, requirement 

analysis, and software testing, we can even build a more comprehensive 

and precise software defects prediction model.
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Appendices 

A Software metrics for file based analysis(Part) 
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B Software metrics for packages based analysis(Part) 
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C Eclipse defects data in version 2.0.2.1,3.0(Part) 
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D Brian Henderson-Sellers object oriented software metrics  
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E Linear regression model 
test_classification <- function (train, test)  
{ 
// download needed packages 
require(ROCR)  
//build logistic regression model, using the model selected after regression 
model.glm<-glm(formula = (post > 0) ~ pre + ACD + FOUT_avg + FOUT_max + 
FOUT_sum + MLOC_max + NBD_avg + NBD_max + NOF_max + NOI +  NOM_avg + 
NSF_max + NSF_sum + NSM_max + PAR_avg + PAR_max +  PAR_sum + TLOC + 
VG_max, family = "binomial", 
//use this model to predict test data defects 
test.prob <- predict(model.glm, test, type="response") 
test.pred <- test.prob>=0.50 
//evaluate the models 
model.sum<- summary(test.prob)  
test$post<- factor(test$post,levels=c(F,T)) 
model.rocr<- prediction(as.numeric(test.pred),as.numeric(test$post)) 
//plot ROC curve 
perf<-performance(model.rocr,"tpr","fpr") 
//calculate auc value 
auc<-performance(model.rocr,"auc") 
plot(perf) 
//evaluate the prediction results 
 outcome<- table(test$post,factor(test.pred, levels=c(F,T))) 
 TN <- outcome[1,1] 
 FN <- outcome[2,1] 
 FP <- outcome[1,2] 
 TP <- outcome[2,2] 
 precision<- if (TP + FP ==0) { 1 } else { TP / (TP + FP) } 
 recall<- TP / (TP + FN) 
 accuracy<- (TP + TN) / (TN + FN + FP + TP) 
 defects<- (TP + FN) / (TN + FN + FP + TP) 
 return (c(defects, precision, recall, accuracy,auc,model.sum)) 
}  
 
test_classification_pkg <- function (train, test)  
{ 
require(ROCR)   
model.glm <- glm((post>0) ~ pre + ACD_avg + ACD_max + ACD_sum + FOUT_avg + 
FOUT_max + FOUT_sum + MLOC_avg + MLOC_max + MLOC_sum + NBD_avg + 
NBD_max + NBD_sum + NOCU + NOF_avg + NOF_max + NOF_sum + NOI_avg + 
NOI_max + NOI_sum + NOM_avg + NOM_max + NOM_sum + NOT_avg + NOT_max + 
NOT_sum + NSF_avg + NSF_max + NSF_sum + NSM_avg + NSM_max + NSM_sum + 
PAR_avg + PAR_max + PAR_sum + TLOC_avg + TLOC_max + TLOC_sum + VG_avg + 
VG_max + VG_sum, data=train, family = "binomial") 
 test.prob <- predict(model.glm, test, type="response") 
 test.pred <- test.prob>=0.50 
test$post<- factor(test$post>0,levels=c(F,T)) 
      model.rocr<- prediction(as.numeric(test.pred),as.numeric(test$post)) 
perf<-performance(model.rocr,"tpr","fpr") 
auc<-performance(model.rocr,"auc") 
plot(perf,col=2,add=TRUE) 
  
 outcome<- table(test$post, factor(test.pred, levels=c(F,T))) 



 

93 

 TN <- outcome[1,1] 
 FN <- outcome[2,1] 
 FP <- outcome[1,2] 
 TP <- outcome[2,2] 
 precision<- if (TP + FP ==0) { 1 } else { TP / (TP + FP) } 
 recall<- TP / (TP + FN) 
 accuracy<- (TP + TN) / (TN + FN + FP + TP) 
 defects<- (TP + FN) / (TN + FN + FP + TP) 
 return (c(defects, precision, recall, accuracy,auc) 
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