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Abstract— Software defect prediction aims to determine 

whether a software module is defect-prone or non-defect 

prone by building prediction models. The performance of 

such models is liable to the high dimensionality of the 

datasets that may include irrelevant and redundant features. 

Adding feature selection reduces datasets with fewer features 

and maintains or improves the prediction capability over the 

original datasets. The performance of these feature selection 

method is evaluated using three popular classification 

techniques: Multilayer Perceptron, PART, J48 over four 

software defect-datasets obtained from the NASA data 

repository. The performances were measured using 

Accuracy, F-measure. Our results demonstrated that J48 

combined with principle component analysis feature 

selection gives better accuracy and F-Measure for all datasets. 
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I. INTRODUCTION 

A Software defect is a condition in a software product which 

does not meet a software requirement or end user. In other 

words, a defect is an error in coding or logic that causes a 

program to fail or to produce incorrect unexpected results. 

Software life cycle is a human activity, so it is impossible to 

produce the software without defects. To deliver a defect free 

software it is imperative to predict and fix the defects as many 

as possible before the product delivers to the customer. 

Software defects [1] are expensive in terms of quality and 

cost. Moreover, the cost of capturing and correcting defects 

is one of the most expensive software development activities. 

It will not be possible to eliminate all defects but it is possible 

to minimize the number of defects and their severe impact on 

the projects. To do this a defect management process needs 

to be implemented that focuses on improving software quality 

via decreasing the defect density. Software defect prediction 

is the process of locating defective modules in software. To 

produce high quality software, the final product should have 

as few defects as possible. Early prediction of software 

defects could lead to reduced development costs and rework 

effort and more reliable software.  

Current defect prediction work focuses on (i) 

estimating the number of defects remaining in software 

systems ii) discovering  defect associations and (iii) 

classifying the defect-proneness of software components, 

typically into two classes defect-prone and not defect-prone. 

The third type of work classifies software components as 

defect-prone and non-defect-prone by means of metric-based 

classification. Being able to predict which components are 

more likely to be defect-prone supports better targeted testing 

resources and therefore improved efficiency. 

II. RELATED WORK 

Hassan Najadat and Izzat Alsmadi [2] proposed a new model 

based on Ridor algorithm to predict defects in software 

modules and also tested the different classification techniques 

on the datasets provided by NASA. The results shown that 

Ridor algorithm is better than the existing techniques in terms 

of accuracy. 

Chug and Dhall [3] analysed various classification 

techniques to predict software defects. Performance of J48, 

Random Forest and Naive Bayesian are evaluated based on 

ROC, Precision, MAE and RAE using 10 real time NASA 

software projects defect datasets.  

Ahmet Okutan and Olcay Taner Yıldız [4] 

introduced new two metrics NOD- The number of developers 

and LOCQ-Source code quality and proposed a novel method 

using Bayesian networks to explore the relationships among 

software metrics and defect proneness. Conducted 

experiments on nine datasets from Promise data repository 

and shown that RFC, LOC, and LOCQ are more effective on 

defect proneness. 

Arvinder Kaur and Inderpreet Kaur [5] conducted 

experiments on six machine learning classifiers to estimate 

the defect proneness of 5885 classes used in five open source 

software on the basis of object-oriented metrics. Results 

shown Bagging and J48 classifiers turned out to be the best 

one amongst the classifiers used. 

Catal [6] analysed Low-Density Separation (LDS), 

SVM, Expectation-Maximization (EM-SEMI) and Class 

Mass Normalization (CMN) methods and investigated on 

NASA data sets including CM1, KC1, KC2 and PC1. Results 

showed that SVM and LDS algorithms given better 

performance than CMN and EM-SEMI algorithms. LDS 

algorithm performs better than SVM in large data sets. When 

there was limited fault data, LDS-based prediction approach 

is suggested for SDP. 

III. CLASSIFICATION TECHNIQUES  

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. 

Data Classification is two step processes. The first 

step is to build a model that describes a set of predetermined 

classes. Each tuple/sample is assumed to be belongs to a 

predefined class, as determined by the class label attribute. 

The set of tuples used for model construction is called 

training set. Model usage is the second step in classification. 
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For classifying future or unknown objects, this is used. This 

model estimates the accuracy of the model. The known label 

of test sample is compared with the classified result from the 

model. Test set is independent of training set. 

A. Multi-layer Perceptron (MLP) 

The Multilayer Perceptron is an example of a supervised 

learning artificial neural network that is used extensively for 

the solution of a number of different problems, including 

classification, pattern recognition and interpolation. The 

algorithm for Perceptron Learning is based on the 

backpropagation rule [7]. The sets of input data in this 

approach map onto a set of appropriate outputs. MLP [8] 

comprised of directed graph of multiple layers of nodes, and 

they are fully connected to the next one within each node. 

Each input node is called as neuron with a nonlinear 

activation function. The sigmoidal units of hidden layer learn 

to approximate the functions. For training purpose, MLP 

utilizes a technique called backpropagation. 

B. Part 

Part (partial decision tree algorithm) [9] is an extension of 

RIPPER and C4.5 algorithms. The algorithm produce sets of 

rules called decision lists which are ordered set of rules. A 

new data is compared to each rule in the list in turn, and the 

item is assigned the category of the first matching rule (a 

default is applied if no rule successfully matches). PART 

builds a partial C4.5 decision tree in its each iteration and 

makes the best leaf into a rule.  

C. J48 

The decision trees J48 can be used for classification. Using 

the information entropy, J48 builds decision trees from a 

labelled training data. It uses the fact that each data attribute 

can be used to make a decision by the data splitting into 

smaller subsets. J48 which examines the normalized 

information gain or difference in entropy that results for 

splitting the data from choosing an attribute. Highest 

normalized information gain of attributes is used to make the 

decision and then the algorithm recurs on the smaller subsets 

of element. If all instances in a subset belong to the same class 

then after the splitting procedure stops. Leaf node in the 

decision tree telling to choose that class which are used. 

Sometimes happens that none of the features will give any 

information gain. So that J48 creates a decision node which 

higher up in the tree using the expected class value. J48 can 

handle both discrete and continuous attributes, missing 

attribute values and attributes of training data which in 

differing costs. After creation of J48, it provides a further 

option for pruning trees. For further good information in 

details, we refer the original publications which in [10]. 

IV. EXPERIMENTAL SETUP 

A. Datasets Details 

The publicly available National Aeronautics and Space 

Administration (NASA) datasets have been extensively used 

for finding software defect research. The NASA defect data 

sets are easy to understand and comparable. The data set is 

provided by the NASA IV and V Metrics Data Program 

contains software metrics and associated error data at the 

method level. The data repository records are stored and 

organized which has been collected and validated by the 

Metrics Data Program [11]. The repository contains all metric 

data in terms of product metrics, object oriented class metrics, 

requirement metrics and defect association metrics. 

Datasets Modules Defects Loc Attributes 

KC1 2107 325 43K 22 

PC2 5589 23 26K 37 

AR1 121 9 29K 30 

AR3 101 15 29K 30 

Table 1: List of Datasets Used 

These   datasets contains several software metrics 

such as Line of Code, number of operands and operators, 

Design complexity, Program length, effort and time estimator 

and various other metrics  which are useful to identify either 

a software has any defect or not [12].  

B. Performance Evaluation Parameters 

1) Measures for Classification 

To measure defect prediction results by classification models 

[13] we should consider the following Prediction outcomes 

first: 

 True positive (TP): buggy instances predicted as buggy. 

 False positives (FP): clean instances predicted as buggy. 

 True negative (TN): clean instances predicted as clean. 

 False negative (FN): buggy instances predicted as clean. 

With these outcomes, we can define the following 

measures, which are mostly used in the defect prediction 

literature. 

a) Accuracy 

Accuracy is also referred as “correct classification rate” and 

is measured by taking the ratio of correctly prediction to the 

total prediction made by the software defect prediction model 

and is formulated as: 

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

b) Sensitivity 

Sensitivity, also called true positive rate, is estimated by 

calculating the % of correctly identified not-defective 

software modules and is formulated as: 

Sensitivity= TP/ (TP+FN) 

c) Specificity 

Specificity, also termed as true negative rate, is measured by 

calculating the % of correctly recognized defective modules 

and is formulated as: 

Specificity= TN / (TN+FP) 

d) Precision 

Sometime it is also referred as correctness and is measured 

by taking the proportion of correctly recognized defect free 

modules and total predicted not-defective software modules 

by classifier and is formulated as: 

Precision= TP / (TP+FP) 

e) F-Measure 

It is measured by taking the harmonic mean of precision and 

sensitivity and is calculated as: 

F-Measure = (2*Sensitivity*Precision)/ (Sensitivity + 

Precision) 

C. Feature Selection 

Feature Selection or attribute selection is a process of 

automatically search for the best subset of attributes in 

dataset. Three key benefits of performing feature selection in 

data are. 

http://en.wikipedia.org/wiki/Feature_selection
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1) Reduces Overfitting 

Less redundant data means less opportunity to make 

decisions based on noise. 

2) Improves Accuracy 

Less misleading data means modelling accuracy improves. 

3) Reduces Training Time 

Less data means that algorithms train faster. 

Attribute Selection in Weka: 

Weka provides an attribute selection tool. The process is 

separated into two parts: Attribute evaluator and Search 

method. 

4) Attribute Evaluator 

The Attribute Evaluator is the method by which subsets of 

attributes are assessed. For example, they may be assessed by 

building a model and evaluating the accuracy of the model. 

5) Principle Component Analysis (PCA) 

Principal component analysis is a technique to identify the 

underlying, orthogonal dimensions that explains relation 

between the variables in the dataset [14]. Each PC is linear 

combinations of the standardized variables, i.e., software 

metrics. The first PC is the linear combination of all 

standardized variables that explain a maximum amount of 

variance in the dataset. The second and subsequent PCs are 

linear combinations of all standardized variables. To better 

identify significant variables, the loadings of the variables in 

a given PC can be considered. The loading of a variable is its 

correlation with the PC. In order to further ease interpretation 

of the PCs, we can consider the varimax rotation also. 

6) Search Method 

The Search Method is the structured way in which the search 

space of possible attribute subsets is navigated based on the 

subset evaluation. Baseline methods include Random Search 

and Exhaustive Search, although graph search algorithms are 

popular such as Best First Search. 

Typically, Feature-subset selection techniques make 

use of various search methods. Search methods traverse the 

attribute space to end a good subset. The performance of the 

feature-subset selection technique may vary with the used 

search technique.  

Ranker: Ranks attributes by their individual evaluations 

Dataset Total Features Features After Extraction 

AR1 30 10 

KC1 22 8 

PC1 22 9 

AR3 30 9 

Table 2: Features after applying PCA+Ranker 

V. RESULTS AND DISCUSSION 

In this study experiment are conducted for obtaining 

classification accuracy, F-Measure and time taken to build 

model for classifiers such as Multilayer perceptron, PART, 

J48. From the results it can be seen that after feature 

extraction the performance measures vary according to the 

datasets. It is observed that J48 combined with principle 

component analysis feature selection gives better accuracy 

and F-Measure for all datasets. If the time taken is considered 

all classifiers shows consistent performance. Tables: 4, 5, 6 

and Figures shows the results of accuracy, F-Measure and 

time taken to build model for different classifiers after and 

before feature extraction. 

 

Dataset 

Accuracy 

MLP PART J48 

before after before after before after 

AR1 90.08 90.08 90.90 88.42 90.08 90.90 

AR3 99.53 99.57 99.53 99.58 99.58 99.58 

KC1 85.91 85.91 84.82 84.92 84.54 85.77 

PC2 99.53 99.57 99.53 99.58 99.58 99.58 

Table 3: Classification Accuracy Before and After    Feature 

Selection 

 
Fig. 1: Performance Accuracy 

 
Fig. 2: Performance Accuracy for J48 

Dataset 

F-Measure 

MLP PART J48 

before after before after before after 

AR1 0.947 0.947 0.951 0.939 0.947 0.952 

AR3 0.998 0.998 0.998 0.998 0.998 0.998 

KC1 0.921 0.921 0.915 0.916 0.911 0.92 

PC2 0.998 0.998 0.998 0.998 0.998 0.998 

Table 4: F-Measure for Classification before and After 

Feature Selection 

 
Fig. 3: Performance Measure 

 
Fig. 4: Performance F-Measure for J48 
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Dataset 

Time taken 

MLP PART J48 

before after before after before after 

AR1 1.83 0.35 0.23 0.01 1.02 0.45 

AR3 5.52 1.57 1.34 0.17 1.95 0.09 

KC1 1.09 1.2 2.8 0.77 0.33 0.17 

PC2 5.52 1.57 1.34 0.17 1.95 0.09 

Table 5: Time taken for Classification Before and After 

Feature Selection 

 
Fig. 5: Time Taken for Classification 

 
Fig. 6: Time Taken for J48 

VI. CONCLUSION 

Early prediction of defects is very essential activity in 

software project development. Numbers of techniques are 

available for this purpose. Defect prediction models are 

trained to identify defect-prone software modules. This work 

has examined performance of classifiers with feature 

selection method. Experimental results from WEKA show 

that J48 with Principle Component feature selection method 

increase the accuracy of defect prediction model.   
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