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Abstract - Software defect prediction is an important area of research due to its significant utilization in various real-time applications. 
The ever-increasing demand of software application has resulted in rapid development of software modules development that further 
has elevated the chances of faulty software production. In order to deal with this issue software testing solutions are recommended. 
As, manual testing require more human effort and time hence, automated testing has gained attention from industries and 
researchers. In this work, we present an automated software defect prediction strategy using semi-supervised machine learning 
approach. The complete process is divided into four main sections: pre-processing where we apply KNN based missing value 
imputation, feature selection where we apply PCA based optimal feature selection method, clustering where we apply SOM based 
clustering model and finally Naive Bayes classifier is implemented. Experimental study shows that proposed approach achieves 
promising performance when compared with the existing software defect prediction techniques. 
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I. INTRODUCTION 
 

Software engineering field has gained huge attraction due 
to their various real-time applications. However, due to 
increased demand of software-based applications, the 
complexity of software development and functionality of 
software also increases which may raise software failure 
issues. Software failure can cause huge loss in terms of 
economic conditions and business reliability to the software 
industries [1].  A study presented in [2] revealed that 80% of 
defects in software application are caused due to the 20% 
defective modules or sub-modules hence there is a need to 
evaluate the entire software module to identify the bug which 
can help to reduce the software development cost and 
optimized resource utilization during the complete 
development of the application. For small application-based 
software modules, manual inspection systems can be utilized 
but manual inspection systems are not recommended for huge 
software applications due to error-prone human nature, more 
time requirement and cost constraints. Hence, automated 
systems for software module analysis and bug identification is 
highly recommended for software industries.  

According to the software engineering, software defect 
prediction is a promising and important aspect for the 
improving the software development quality. Software defect 
is defined as a bug or fault in the software which can cause a 
faulty or unexpected outcome. In software industry, early 
identification of software bugs is a crucial task which can 
affect the software quality, cost and resource utilization. In 
general, software defects can occur at any phase of the 
software development process. Nowadays, software industries 
are focusing on the improving the software quality and 

development of reliable software application by applying 
software defect identification technique during early phase of 
software development model. in these industries, 
identification of software bugs is a main objective in the early 
phase of Software Development Life Cycle (SDLC) [3]. In 
SDLC, various stages are considered such as software 
application requirement collection, analysis, designing, 
coding, testing, implementation and maintenance phase. In 
software defect management process, the software defect 
management is an important stage which is very useful for 
defect management. The complete process of software defect 
management includes several stages which are:  defect 
identification, defect categorization, defect analysis, and 
defect removing. However, this complete process can be 
categorized under software defect prediction technique where 
software quality can be analyzed using machine learning 
processes and defects can be identified based on the severity 
of quality.  

Software defect prediction (SDP) plays an important role 
in the field of software industries to identify the bugs. In his 
work, our main aim is to develop an automated process for 
software defect prediction using machine learning based 
approaches. Several techniques have been introduced in this 
field which are based on the different type of machine learning 
and classification algorithms. According to the machine 
learning algorithms approach, several number of feature 
attributes are extracted from the software data and feed to the 
suitable classification algorithms such as Support vector 
machine, Naïve Bayes and Random forest etc. These features 
are extracted from the software data such as Derived Halsted 
[5] where time complexity, program length, difficulty etc. 
parameters are included, McCabe [4] where different type of 
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complexity parameters such as design complexity, cyclomatic 
complexity etc. are considered, similarly, Basic Halstead [5] 
attributes are considered where operator counts, comment 
lines, blank line etc. parameters are considered as attributes. 
Based on these parameters, a trained model is developed 
which is used for classifying the defects in the software 
module. Generally, machine learning classification algorithms 
are divided into two main categories which are known as 
supervised [6] and unsupervised learning scheme [7]. 

 
A. Supervised Learning Scheme 
 
According to these machine learning tasks, the software 

data is inferred from labeled data which is called as a training 
data. This training data contains various number of training 
labels which are labeled according to the class of defect as 
defective or non-defective.  Each training data contains input 
attributes and their corresponding desired value. The 
supervised learning scheme performs two tasks such as 
classification which is used for generating a predictive model 
with a discrete range and regression where continuous range 
model is generated to identify the class of data.  Several 
techniques have been introduced for classification and 
regression. According to the classification techniques, Naïve 
Bayes [8], Support Vector Machine [9], Random Forest [10], 
and Neural Networks [11] etc. are widely used for software 
defect prediction. Similarly, regression-based schemes use 
linear, non-linear, logistic [12], and multivariate regression 
[13]. 

 
B. Unsupervised Learning Scheme 
 
Unlike supervised scheme, the unsupervised schemes do 

not contain any previous information about the dataset and it 
performs the desired task dynamically where database is 
trained using only based on the inputs. This approach analyzes 
the inputs and identifies the various relationship between 
different types of inputs.  Clustering is considered as a most 
efficient solution for the unsupervised learning scheme where 
maximum similarity data are grouped into one cluster and then 
it can be labelled. Several clustering techniques have been 
introduced for software defect prediction such as K-Means, 
Hierarchical, Probabilistic and Density – based Clustering.  

Significant amount of work has been carried out in this 
field of software defect prediction using machine learning 
techniques. Moreover, supervised learning schemes are also 
adopted widely. The use of unsupervised scheme is a 
challenging task for the data which doesn’t contain label 
information.  In this work, we focus on the unsupervised 
learning scheme for software defect prediction using 
clustering-based approaches. 

 
C. Contribution 
 
The man contribution of this work are as follows: 
 Study about semi-supervised learning schemes 

 Development of semi-supervised learning scheme for 
software defect prediction  

 Implementation of KNN based missing value 
imputation technique  

 Optimal Feature selection  
 Data clustering which is used for grouping the similar 

data into different clusters 
 Classifier construction 
 
D. Organization 
 
The complete article is arranged as follows: section II 

briefly describes recent techniques for software defect 
prediction using supervised and unsupervised schemes. 
Problem formulation and solution for unsupervised scheme is 
presented in section III, section IV presents experimental 
study and comparative performance analysis and finally, 
section V presents concluding remarks. 

 
II. LITERATURE SURVEY 

 
This section presents study about recent techniques in this 

field of software defect prediction using machine learning and 
pattern learning scheme. The complete section is divided into 
two main sub section where we present brief discussion about 
SDP techniques using supervised and unsupervised learning 
schemes. 

  
A. Supervised Techniques for Software Defect Prediction  
 
In this section we present a brief discussion about recent 

techniques of software defect prediction supervised machine 
learning approaches. In this field, Arar et al [14] presented 
Naïve Bayes classifier approach for software defect 
prediction. In this work, authors discussed that Naïve Bayes 
approach is a probabilistic model where it is considered that 
the features of given input set are independent and weights of 
the given input are equally important for each instance. 
Sometimes features of the given set are interrelated where this 
process may lead towards the degrade performance of the 
system. Hence, authors presented feature dependent naïve 
Bayes classifier approach. Based on supervised learning 
scheme, Liu et al.  [15] developed SDP and classification 
scheme. According to this approach, irrelevant and redundant 
features affect the performance of classification model. 
Hence, in this work authors suggested that the efficient feature 
selection can efficiently improve the system performance and 
developed feature selection approach as feature clustering and 
feature ranking approach. According to this approach, original 
features are partitioned into   clusters based on the 
correlation measurement. Later, feature and cluster relevancy-
based features are considered for selecting the optimal 
features. These features are measured using information gain, 
chi-square and relief. This feature selection strategy is 
implemented for NASA software defect dataset. Performance 
of software defect prediction technique gets affected due to 
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data redundancy, feature irrelevancy, correlation and missing 
data attributes. Moreover, inappropriate data distribution also 
can cause performance issues in SDP. Based on these 
assumptions, to overcome the performance issue of SDP, 
Laradji et al. [16] presented a combined scheme using feature 
selection and ensemble learning scheme for defect 
classification. In order to show the robustness of the 
classification, with and without feature selection-based 
algorithms are implemented which shows that proposed 
approach efficiently mitigates the issue of class imbalance.   

Generally, the software defect prediction techniques suffer 
from the issue of data imbalance which can lead towards the 
degraded performance of SDP system. In order to deal with 
this issue, Mauša et al. [17] presented a novel approach for 
software defect prediction using evolutionary computation 
optimization strategy using multi-objective functionalities.  In 
this work, authors also addressed the convergence issue of 
optimization problem also and presented a fast convergence 
approach for the reduced computation time and complexities. 
Similarly, the class imbalance problem issue is addressed in 
[18] where authors discussed about the within –project defect 
prediction and cross-project defect related issues in the SDP 
modeling. In order to overcome the issue of cross-project 
defect prediction, data resampling scheme is developed using 
asymmetric misclassification and similarity weights obtained 
using dataset. The data resampling helps to associate the 
characteristics of the imbalanced data. To accomplish this task 
of SDP, feature selection is also considered as a promising 
technique which helps to reduce the complexity and time, 
provides better performance for classification. Based on these 
assumptions, recently, Manjula et al. [19] presented a hybrid 
approach using Deep Neural Network and genetic algorithm 
based optimal feature selection approach. In this work, 
performance of the system is improved by applying a newly 
designed scheme of fitness function computation. Similarly, 
Jayanthi et al. [20] also presented a new scheme for feature 
selection base software defect prediction using PCA (Principal 
Component Analysis) which is improved by applying 
maximum-likelihood based technique for error reduction in 
the optimal solution identification. Finally, neural network-
based classification technique is implemented to classify the 
software defects.  

 
B. Unsupervised Learning schemes  
 
In this section we discuss about the recent unsupervised 

learning technique for defect prediction and classification of 
software defects. Generally, unsupervised schemes include 
data clustering-based approaches where similarity is measured 
and the similar data can be grouped together to label them as 
defective and non-defective.  

Initially, Zhong et al. [22] presented unsupervised learning 
scheme for developing the software quality estimation system. 
Authors discussed about the current software defect prediction 
techniques which are based on the supervised models of 
classification and quality of software is measured in by 

identifying the faulty and non-faulty software module. On the 
other hand, cross-defect project defect prediction requires 
unsupervised clustering scheme. Hence, authors developed 
unsupervised clustering scheme. According to the proposed 
approach, software modules are clustered into smaller 
coherent groups and processed by the software quality expert 
which labels the software module as defective and non-
defective based on the knowledge and statistics. Catal et al. 
[23] analyzed quantitative and qualitative models for the 
software defect prediction and concluded that quantitative 
models are more reliable for decision making process. These 
methods divide the decision-making process into two types 
such as generalized model and product specific models. 
However, in the absence of labeled data, it becomes a tedious 
task for these techniques to identify and classify the faulty 
software module. Hence, in this work, authors have focused 
on the development of unsupervised approach for defect 
prediction using clustering scheme. In this work, first of all 
total number of software modules are processed and clustered 
together with the help of K-means clustering scheme and later 
software metrics threshold is analyzed with the help of expert 
in domain. Abaei et al. [24] also presented a study for software 
defect prediction using unsupervised learning scheme and 
suggested that unsupervised learning scheme can be used for 
limiting the issue in SDP such as cost, time and complexity 
etc. In this work, clustering based threshold scheme is 
developed for classifying the defects. In order to build an 
automated SDP model, self-organizing map (SOM) along 
with the threshold is developed to improve the prediction 
performance. 

Zhang et al. [21] focused on cross-project defect prediction 
for classifying the software bugs. In this process, the 
classifiers are used which are obtained from the other software 
projects. In this work, authors have discussed that 
conventional techniques require specific degree of 
homogeneity i.e. similar distribution between training and 
testing software projects. Hence, the homogeneity criteria 
requirements are significantly important for developing the 
unsupervised software defect prediction technique. However, 
unsupervised clustering scheme doesn’t require any training 
data, in this work authors presented distance based and 
connectivity based unsupervised classification-based 
schemes. This study shows that distance-based classifier (i.e. 
k-means clustering) shows poor performance whereas 
connectivity-based techniques are not applied hence, authors 
presented connectivity-based classifier (spectral clustering) 
scheme for within and cross-project defect prediction. This 
study shows that spectral classifier is ranked as second tier 
classifier whereas supervised random forest classifier is 
ranked and first tier classifier. Moreover, it is also concluded 
that this approach achieves promising results for within and 
cross defect prediction. 
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III. THE PROPOSED MODEL 
 

In this section we present the proposed approach for 
software defect prediction which is based on the semi-
supervised learning approach. According to the proposed 
approach, compete process is divided as follows: 

 Data pre-processing which is used for missing value 
imputation  

 Optimal Feature selection  
 Data clustering which is used for grouping the 

similar data into different clusters 
 Classifier construction. 
 
A. Data Pre-Processing 
 
In this module, we present KNN (K-Nearest 

Neighborhood) based modeling for missing value imputation 
for software datasets. The desired objective of missing value 
imputation is obtained using benchmark KNN imputation 
algorithms. 

 
B. Optimal Feature Selection 
 
In order to reduce the complexity, we apply feature 

selection scheme which helps to improve the clustering and 
classification performance by removing the redundant and 
unwanted features. In this work, we consider PCA (Principal 
Component Analysis) technique and applied it in improved 
manner for feature selection and reduction in the given 
attribute list. 

According to PCA, let us consider that total  number of 
feature vector are represented as , , … , , …  from  
diemsional space to  vectors as , , , , … , , , … , ,  in new 
space as: 

, 	,
,

 (1)

Where  represents the Eigen vector corresponding to the 
scatter matrix  which contains the largest Eigen values and 

,  denotes the projection of  vector over Eigenvectors 
which are called as principal components of the original data. 
Here, it is known that  and ;	are the two positive integers 
where dimesion of  can not be greater that the . Based on 
these assumptions, the scatter matrix  can be represented as: 

, 1:  (1)
This helps to reduce the error between original and 

transformed feature vectors which can be represented by 
taking the variance of the principle component, expressed as: 

,  (2)
Where  denotes the 1 dimensional vector as 

, , , , … , . Local minima and maxima are also 
computed for the given vector where it presents a relationship 
as 

 (3)

With the help of scatter matrix, it can be re-written as: 
0  where  denotes the scaling 

factor which leads to Eigen problem formulation, given as 
.   

The error induced in the input vector due to data 
reduction, is given as: 

,
1
2

 (4)

 denotes the Eigen values of the computed scatter 
matrix. From Eq. (5) it can be concluded that large Eigen 
values will provide less error in the data representation.  
Hence, the Eigen values can be presented in the decreasing 
order as: 

⋯ ⋯  (5) 
Hence the final arrangement of these Eigen values 

represents the selected features which can be extracted based 
on the required number of features. 

 
C. Data Clustering 
 
Here we present a clustering-based model for reducing the 

computational complexity and this clustering also can be 
helpful for the unlabeled data. Here, we use Self-organizing 
map (SOM) technique to perform the clustering on the data 
without knowing the class this technique maintains the data 
mapping along with the distance between the data points. The 
topological related information about data of the input space 
is preserved using neighborhood function. According to this 
process,  number of units are which can have  number of 
optimal selected features such as , , , , … , ,  and 
output of this clustering approach is a vector which represents 
the total number of clusters in the data as , , … ,  
where  and  are not dependent to each other and can be 
different. In this, a weight vector is considered which has the 
similar size according to the given input vector. Any vector  
is grouped into  number of clusters. Weights of each input 
unit are computed and connected to the output neurons. 
During each iteration, a random input is selected and its 
distance from weight vector is computed using Euclidean 
distance. This process is repeated for all input nodes and the 
minimum distance vector is selected which is called as 
winning node. After finishing this process, the nearby nodes 
and their weights are updated. This process is stopped as it 
achieves the specified number of iterations are accomplished 
or if there is no significant change in the neuron weights. The 
distance between neurons can be computed as 

∀ , , , | |  (1)

Where  denotes the input vectors,  denotes the 
corresponding vector and  represents the distance 
measurement outcome between  and . Initially, random 
weights are assigned to each input vector and the attributes 
are non-linear since authors in [25] have reported that the 
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random weight initialization performs well for the non-linear 
datasets.  

In the next phase, we apply weight updating process for 
each iteration, which is given as: 

1 	 (2)

Where  denotes the learning rate which decreases as 
number of iterations are increasing. The learning rate at  
iteration can be computed as: 

exp 	 (3)

At this stage, distance of the output node from the winning 
node also affects the learning rate which results in the weight 
updating process. Hence, the weight updating process can be 
re-written as: 

1 		 (4)

The winning node has influence on the neighboring node 
which is denoted by  and can be computed as: 

exp
2

		 (5)

Where,  is the distance and  is the width of 
neighborhood area. The neighborhood area decreases as the 
number of iterations increase. 

 
D. Classifier Construction 
 
At this stage, we have final clusters with different 

attributes which need to be classified to obtain the defective 
and non-defective modules. In order to classify these attribute 
clusters, we present Naïve Bayes classifier model to predict 
the software bugs. Naïve Bayes classifier is a probabilistic 
method for classification which can classify the data based on 
the probabilities. The main advantage of this classifier is that 
it requires only one scan for training the complete data and 
moreover it can handle the missing values by computing the 
likelihood of membership probabilities.  

Let us consider that  is the training data which is 
associated with the different training class labels. Each 
training instance is represented as  dimensional attribute 
vector which is represented as , , . . ,   where  
measurements are presented based on the attributes such as 

, , , . .  with  number of classes as 
, , , . . , . According to the naïve Bayes 

classification scheme, a test instance  is provided where it 
predicts the highest probability of this instance to identify that 
the given instance belongs to the which type of class. In our 
case, we have instance in the form of different type of 
attributes and their corresponding classes are defective or 
non-defective software modules. The probability prediction 
of software instances can be expressed as: 

 
| 	 | 	 	1 , 		 (6)

 

The probability of predicted class  can be maximized is 
called maximum posteriori hypothesis which can be 
expressed as: 

|
|

		 (7)

Eq. (7) shows Bayesian theorem where  remains 
constant for all classes and |  need to be 
maximized for improving the classification performance. In 
general, if the class probabilities are not known then 
probabilities of all classes are not known then we consider 
that probability of all classes is equal as 
⋯  and hence |  need to be maximized. 
However, the class probabilities are computed as 

,

| |
 where ,  denotes the total number of available 

training instances in dataset . In this approach it is assumed 
that there is no dependency between attributes hence the 

|  can be computed as: 

| | 		 

| | | … |

(8)

where  represents the attributes of  for the given 
instance  hence the probabilities of each class 

| , | … , |  can be estimated using 
training instances. In order to predict the class label of 
instance , we evaluate |  for each class  from 
the given dataset	 . With the help of Naïve Bayes classifier, 
the class labels can be predicted as: 

| | 	 
1 	  

(9)

 
 

IV. RESULTS AND DISCUSSION 
 

In this section we present experimental results and 
discussion using proposed approach for software defect 
prediction. The complete experimental study is implemented 
using MATLAB simulation tool running on Windows 10 
platform with an Intel Core I5 CPU (3.20GHz) and 8GB 
memory. In order to evaluate the performance, we used 
opensource dataset obtained from PROMISE repository [26]. 

A. Dataset Description 

This section briefly describes the datasets obtained from 
the PROMISE repository named as CM1, JM1, KC3, KC1, 
PC1, PC3, PC4 and PC5 and Eclipse dataset Eclipse dataset 
(Eclipse 2.0, Eclipse 2.0 and Eclipse 3.0). These datasets are 
labeled with the rate of 10%, 20% and 30% with two classes 
named as true and false which denotes the defective and non-
defective software modules. Table 1 presents a brief 
description about these software dataset modules. The below 
given table denotes the total number of modules, defective 
measurement, language used for software, total line of codes 
and number of defects. 
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TABLE I.  TABLE I. PROMISE AND ECLIPSE SOFTWARE DEFECT PREDICTION DATASET DETAILS 

Name of Dataset Total Number of modules Features Faulty Modules Non-Faulty Modules Class 

CM1 327 37 42 285 2 {true, false} 

KC1 2109 20 326 1783 2 {true, false} 

KC3 194 39 36 158 2 {true, false} 

JM1 7782 21 1672 6110 2 {true, false} 

PC1 705 37 61 644 2 {true, false} 

PC3 1077 37 134 943 2 {true, false} 

PC4 1458 37 178 1280 2 {true, false} 

PC5 17186 38 516 16670 2 {true, false} 

Eclipse 2.0 6729 155 975 5714 2 {true, false} 

Eclipse 2.1 7888 155 854 7034 2 {true, false} 

Eclipse 3.0 10593 155 1568 9025 2 {true, false} 

 
These software databases contain several attributes which 

are divided into three main categories such as derived Halsted, 
McCabe and Basic Halstead. The complete information about 
these metrics is presented in table II. 
 

TABLE II. PROMISE REPOSITORY ATTRIBUTE DESCRIPTION 
Type Metrics Definition 

Derived 
Halsted 

 Time Estimator 
 Number of operators and operands 
 Difficulty 
 Effort to write code 
 Program length 
 Volume 
 Intelligence 

McCabe 

 Design Complexity  
 Cyclomatic complexity  
 Number of codes lines  
 Essential complexity  

Basic 
Halstead 

 Total count of branches  
	 Comment count 

 Total line count  
_  Unique operator count 
_  Unique operand count 
_  Count of total operators 

 Blank line count 

 
Count of total lines of code and 

comments  
_  Number of total operators  

Class  Defect  Defective or Non-Defective 

 
 

B. Performance Measurement Parameters 
 
In this section, we present some performance 

measurement parameters which are used for measuring the 
performance of classification studies. Confusion matrix is a 
widely adopted technique is this field of classification which 
represents the true positive, false positive, true negative and 
false negative classes and these parameters are used for 
classification accuracy computation. Table 3 shows a basic 

representation of confusion matrix for software defect 
prediction task. 
 

TABLE III. CONFUSION MATRIX 

Actual class 
Predicted class 

Non-defective Defective 

Non-Defective False negative (F_N) True Positive (T_P) 

Defective True Negative (T_N) False Positive (F_P) 

 
With the help of confusion matrix, we compute probability of 
detection (pd), probability of false alarm (pf), F-measure, and 
precision for comparative performance analysis. These 
parameters can be computed as: 
 

 

 

 

2 ∗ ∗
 

(10)  

 
C. Comparative Analysis  
 
Here we present a comparative performance analysis 

using proposed semi-supervised learning approach for 
software defect prediction. In order to compare the 
performance, we considered different rate of labels.  

 
C1. Performance Measurement for 10% Label Rate  
 
In the first experiment, we considered 10% data label rate 

and compared the performance with state-of-art technique in 
terms of the various parameters which are discussed in the 
previous sub-section. 
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TABLE IV. COMPARATIVE ANALYSIS FOR 10% LABEL RATE 
DB Measure FTF ROCUS LDS CMN GKSLP NSGLP DFCM Proposed 

CM1 
 0.37 0.54 0.50 0.46 0.63 0.71 0.74 0.81 
 0.16 0.26 0.28 0.21 0.33 0.35 x 0.40 

F-Measure 0.30 0.33 0.34 0.32 0.34 0.37 0.38 0.41 

KC1 
 0.42 0.51 0.60 0.45 0.56 0.68 0.69 0.71 
 0.11 0.19 0.27 0.14 0.23 0.26 x 0.28 

F-Measure 0.37 0.41 0.42 0.39 0.41 0.44 0.43 0.45 

JM1 
 0.44 0.52 0.58 0.46 0.59 0.69 0.73 0.80 
 0.13 0.26 0.25 0.14 0.25 0.27 x 0.32 

F-Measure 0.38 0.44 0.39 0.39 0.40 0.43 0.44 0.46 

KC3 
 0.40 0.47 0.43 0.44 0.51 0.66 0.69 0.73 
 0.17 0.25 0.18 0.19 0.23 0.28 X 0.33 

F-Measure 0.33 0.36 0.35 0.35 0.36 00.40 0.41 0.48 

PC1 
 0.28 0.30 0.40 0.33 0.45 0.62 0.63 0.77 
 0.12 0.13 0.23 0.15 0.26 0.26 X 0.31 

F-Measure 0.23 0.24 0.28 0.26 0.30 0.35 0.34 0.36 

PC3 
 0.33 0.37 0.42 0.36 0.48 0.67 0.67 0.73 
 0.15 0.18 0.23 0.17 0.27 0.25 X 0.28 

F-Measure 0.25 0.26 0.29 0.26 0.30 0.34 0.36 0.39 

PC4 
 0.46 0.53 0.58 0.51 0.63 0.70 0.72 0.86 
 0.17 0.20 0.25 0.19 0.26 0.24 X 0.35 

F-Measure 0.36 0.39 0.41 0.37 0.42 0.49 0.51 0.56 

PC5 
 0.53 0.55 0.64 0.54 0.63 0.75 0.78 0.83 
 0.19 0.21 0.23 0.20 0.22 0.23 X 0.29 

F-Measure 0.45 0.46 0.50 0.46 0.50 0.59 0.61 0.63 

 
 
The above given table   shows a comparative performance 

in terms of pd, pf and f-measure for 10%label rate experiment. 
The complete experimental study shows that proposed 
approach achieves better performance when compared with 
the other existing techniques such as FTF, ROCUS, LDS, 
CMN, GKSLP, NSGL and DFCM.  

 

C2. Performance Measurement for 20% Label Rate  
 
In this experiment, we have considered labeling rate 20% 

and evaluated the performance using similar setup as 
experiment 1. Obtained performance and comparative 
measurement is depicted in table IV.  

 
TABLE V. COMPARATIVE PERFORMANCE FOR 20% LABELING RATE 

DB Measure FTF ROCUS LDS CMN GKSLP NSGLP DFCM Proposed 

CM1 
 0.39 0.55 0.61 0.49 0.64 0.72 0.76 0.83 
 0.18 0.29 0.30 0.25 0.35 0.36 x 0.42 

F-Measure 0.32 0.33 0.35 0.32 0.33 0.37 0.39 0.40 

KC1 
 0.46 0.54 0.65 0.48 0.60 0.71 0.73 0.85 
 0.14 0.22 0.29 0.16 0.24 0.30 x 0.36 

F-Measure 0.39 0.42 0.42 0.41 0.41 0.45 0.44 0.50 

JM1 
 0.45 0.62 0.66 0.51 0.62 0.70 0.74 0.82 
 0.17 0.31 0.27 0.18 0.26 0.31 x 0.32 

F-Measure 0.39 0.42 0.45 0.42 0.41 0.44 0.45 0.46 

KC3 
 0.43 0.52 0.46 0.49 0.54 0.69 0.70 0.74 
 0.18 0.28 0.22 0.21 0.33 0.30 x 0.36 

F-Measure 0.36 0.38 0.39 0.38 0.38 0.41 0.43 0.45 

PC1 
 0.31 0.34 0.44 0.35 0.46 0.66 0.65 0.73 
 0.13 0.14 0.26 0.16 0.28 0.27 x 0.36 

F-Measure 0.25 0.30 0.32 0.27 0.31 0.39 0.40 0.45 

PC3 
 0.35 0.41 0.46 0.39 0.52 0.72 0.73 0.76 
 0.16 0.21 0.27 0.20 0.29 0.28 x 0.36 

F-Measure 0.28 0.32 0.33 0.30 0.33 0.39 0.41 0.45 

PC4 
 0.49 0.57 0.61 0.54 0.65 0.74 0.75 0.85 
 0.19 0.23 0.26 0.21 0.27 0.27 x 0.29 

F-Measure 0.39 0.47 0.45 0.40 0.46 0.53 0.55 0.63 

PC5 
 0.55 0.56 0.66 0.61 0.67 0.78 0.78 0.87 
 0.22 0.23 0.25 0.22 0.25 0.27 x 0.39 

F-Measure 0.45 0.46 0.48 0.47 0.51 0.58 0.60 0.63 
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C3. Performance Measurement for 30% Label Rate  
 
In this experiment, we have considered labeling rate 30% 

and evaluated the performance using similar setup as 

experiment 1. Obtained performance and comparative 
measurement is depicted in table VI.  

 
TABLE VI. COMPARATIVE PERFORMANCE FOR 30% LABELING RATE 

DB Measure FTF ROCUS LDS CMN GKSLP NSGLP DFCM Proposed 

CM1 
 0.42 0.59 0.51 0.54 0.67 0.76 0.78 0.83 
 0.22 0.28 0.33 0.27 0.36 0.36 x 0.44 

F-Measure 0.32 x 0.35 0.34 x 0.38 0.40 0.63 

KC1 
 0.49 0.54 0.62 0.52 0.60 0.75 0.79 0.86 
 0.14 0.22 0.33 0.20 0.24 0.32 x 0.41 

F-Measure 0.41 x 0.45 0.43 x 0.47 0.48 0.66 

JM1 
 0.52 0.67 0.70 0.55 0.65 0.73 0.77 0.85 
 0.26 0.32 0.34 0.21 0.29 0.33 x 0.45 

F-Measure 0.40 x 0.45 0.42 x 0.46 0.40 0.66 

KC3 
 0.47 0.55 0.51 0.48 0.57 0.70 0.72 0.78 
 0.23 0.31 0.23  0.36 0.35 x 0.45 

F-Measure 0.37 x 0.41 0.37 x 0.43 0.45 0.55 

PC1 
 0.35 0.38 0.48 0.38 0.49 0.69 0.69 0.58 
 0.12 0.17 0.29 0.20 0.32 0.31 x 0.35 

F-Measure 0.27 x 0.35 0.30 x 0.41 0.40 0.45 

PC3 
 0.38 0.44 0.51 0.43 0.55 0.74 0.74 0.81 
 0.19 0.23 0.31 0.22 0.33 0.31 x 0.36 

F-Measure 0.31 x 0.37 0.33 x 0.42 0.43 0.52 

PC4 
 0.54 0.61 0.56 0.58 0.69 0.78 0.81 0.89 
 0.21 0.27 0.29 0.23 0.32 0.31 x 0.35 

F-Measure 0.42 x 0.48 0.43 x 0.55 0.56 0.61 

PC5 
 0.57 0.59 0.70 0.63 0.72 0.82 0.83 0.92 
 0.23 0.24 0.31 0.26 0.29 0.30 x 0.35 

F-Measure 0.46 x 0.52 0.46 x 0.59 0.62 0.70 

 
 

 
Figure 1.  Overall Performance Measurement 
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The above figure 1 combines the results and illustrates the 
performance of proposed scheme on various datasets with 
10%, 20% and 30% labeling rate. The complete experimental 
study shows that the proposed semi-supervised learning 
scheme achieves better performance when compared with the 
other existing techniques of software defect prediction. 

 
V. CONCLUSION 

 
In this work, we have focused on software defect 

prediction using machine learning techniques. Several 
techniques have been introduced for software defect 
prediction using supervised techniques but these techniques 
can be implemented for the data where labels are already 
present and fails to be implemented for unlabeled data. In 
order to overcome this issue, here we present a semi-
supervised learning scheme where unlabeled data are 
processed and software defects are classified. The complete 
process is as follows: first of all, we apply, KNN based 
approach for missing value imputation, in the next phase we 
apply feature selection approach using principal component 
analysis (PCA) method, later we apply, SOM clustering 
approach and finally the obtained clusters are classified using 
Naïve Bayes classifier. The experimental study shows 
improved performance when compared with the existing 
techniques. 
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