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Abstract 
 

Software Defect Prediction is a cost effective problem, in which the cost of majority class (Non defective) is low compared with the cost 

of minority class ( Defective). Learning from imbalanced data bias the classifier towards majority class. In this paper we are proposing a 

deep learning approach for classifying Imbalanced and Cost effective data. We applied Principle Component Analysis for feature selec-

tion and then constructed a classifier using Adaptive Neuro Fuzzy Inference System. The performance of the classifier was evaluated 

using AuC measures. We observed the performance of the classifier was improved compared with neural networks. 
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1. Introduction 

Software defect prediction is a promising approach in the software 

development process aiming to increase software quality with 

reduction on implementation cost. 

 

1.1 Issues in Software Defect Prediction 

 
1.1.1 Relationship between Defects and Attributes: 

 

Akiyama introduced an equation to relate number of defects with 

Lines of code(LOC). He derived the equation de-

fects(N)=4.86+0.018*LOC. But LOC is not sufficient to identify 

the defects. Later in 1976 MCCube found complexity metrics the 

effects the defectiveness of a software module. He derived an 

equation for Cyclometric complexity of a program V(G)= E – V + 

2. In 1977, Halsted introduced Halsted complexity measures. He 

derived an equation Defects(D)=E2/3/3000. Chidamber & Kemerer 

introduced object oriented metrics for software defect prediction. 

The metrics are weighted methods per class(WMC), Depth of 

inheritance tree (DIT) , Number of children (NOC), Coupling 

between objects(CBO) and Response for a class (RFC). 

 

1.1.2 No General Framework Available: 

 

Some researchers proposed frameworks for implementation of 

software defect prediction. The applicability of the framework is 

evaluated using public dataset repositories. The learning method-

ologies are J48 decision tree, Naïve Bayes, Support Vector ma-

chines and Neural Networks.  The performance of the learning 

methodologies are evaluated using the measures AuC (Area under 

ROC Curves) and Recall. 

 

 

 

 

 

1.1.3 Economies in Software Defect Prediction: 

 

Quality assurance is a costly part of software development process. 

30% - 40% of Software development cost was assigns to quality 

assurance and defect removal. Banthia et al.[2] proposed a cost 

evaluation framework to actually evaluate whether the fault pre-

diction is useful and if yes, when it is beneficial to use. 

 

1.1.4 No Standard Measures for Performance Evaluation: 

 

There exist no standard criterion for comparing the models of 

defective prediction. The general measures for performance evalu-

ation are precision, f-measure, recall and Area under ROC Curve. 

Software Defect Prediction datasets are imbalanced in nature. 

Srinivas et al proposed ROC curve for imbalanced datasets[3] 

 

1.1.5  Class Imbalance Problem  

 

Software defect datasets are imbalance in nature. The imbalance 

ratio is 1:9. The majority class in non defective and minority class 

is defective. Learning from imbalanced data, biases the classifier 

towards majority class. It will increase the misclassification rate 

and decreases the performance of classifier. Various techniques 

are proposed for balancing the data such under sampling, over 

sampling, Bagging, Boosting etc.. 

 

2. Literature Survey  

 
Mingxiz L proposed two stage cost sensitive learning for identify-

ing defects in software. They incorporated cost information in 

feature selection and classifier. Three cost sensitive feature selec-

tion algorithms namely, Cost sensitive variance score, cost sensi-

tive laplacian score and Cost sensitive constraint score were de-

veloped[1]. Manjula C proposed Deep Belief Network with L1- 

Regularization based optimization for software defect predic-
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tion[4]. Jaroslaw H et. al conducted defect prediction based on non 

tweaked DePress configuration and proposed quality assurance 

strategy[5]. Yun Z et. al studied combined classifier for cross pro-

ject defect prediction which transfers a prediction model trained 

using data from one project to another[6]. Satya Srinivas M et al 

proposed Adaptive Neuro Fuzzy Inference system for Software 

Defect Prediction. In this work, Sugeno Fuzzy Inference system 

was generated using subtractive clustering and trained using hy-

brid learning rule. The performance of the classifier was evaluated 

using AuC (Area under ROC Curve) values[7].  

In the Research work [8], A novel approach utilizing metric learn-

ing for software defect prediction was proposed. They applied 

Maximally Collapsing Metric Learning technique to learn a Ma-

halanobis distance metric for use in classifiers. The effectiveness 

of the proposed technique was evaluated using PROMISE dataset 

repositories, by comparing with k-nearest neighbours. Ming Li et. 

al studied sample based methods for software defect prediction. 

There are three methods for selecting a sample: random sampling 

with conventional machine learners, active sampling with active 

semi supervised learner and random sampling with semi super-

vised learner[9]. In the work[10], Static analysis technique in fea-

ture selection was applied to improve the performance of Defect 

Prediction. In the work [11], Adaptive Neuro Fuzzy Inference 

System was constructed to learn from imbalanced data. Divya T et. 

al proposed Weighted Least Square Twin Support Vector Ma-

chines for learning software defect prone modules[12]. Romi S et. 

al proposed Neural network parameter optimization based on Ge-

netic algorithm for Software defect prediction[13]. 

3. Methodology 

In our work, we used Deep learning approach for constructing 

classifier to predict software defects. Figure 1 shows the method-

ology used in our work. 

 

1. Load Dataset: The Dataset, we used in this experimenta-

tion,was downloaded from PROMISE Dataset repository. There 

are variants in the dataset such as PC1, KC1, KC2, AR1 etc. Each 

dataset contains different number of features. The datasets are 

imbalanced in nature. 

 
Fig 1: Methodology 

2.Partition Dataset: In this experimentation, we partitioned the 

dataset using k-fold cross validation. In K-fold cross validation, 

the dataset was divided into K-folds. Among K-folds,(K-1) folds 

are used for training, one fold of dataset was used for testing. 

These folds were selected purely random manner. 

3 Feature Identification: 

High dimensionality problem in a real world datasets can be re-

duced by applying feature selection algorithms. Feature selection 

algorithms are divided into five categories[14]. 

Filter-Based Feature Ranking Methods: Filter-based feature rank-

ing methods evaluate each feature separately by assigning individ-

ual feature a score according to an indicator. 

Wrapper-Based Feature Subset Evaluation: Wrapper-based meth-

ods evaluate the merit of a feature subset with predetermined clas-

sifiers and evaluation measures. 

Clustering-Based Feature Selection Methods: Clustering based 

feature methods clusters the group of features. Then select the 

number of features with highest information gain. Extraction-

based Feature Selection Methods: Features are selected based on 

discriminant analysis. In the work [15], Principle component anal-

ysis was applied as a feature selection method, then a classifier 

was constructed using Neural networks, the performance of class-

fier was evaluated with & without Principle Component Analysis. 

In our work, We used Extraction based Feature Selection methods. 

We applied Principle Component Analysis on PC4 dataset which 

was downloaded from PROMISE dataset repository. The total 

number of features are 38 along with target feature. We extracted 

29 features based on high rotational values, as relevant features for 

constructing classifier. Figure 2 show the rotations of features on 

first two principle components. 

 

 
Fig 2: Principle Component analysis for SDP 

3.1. Generate Initial FIS 

Sugeno Fuzzy Inference System: A Sugeno Fuzzy Inference   

System generates the fuzzy rules of the form  If Input1= x and 

Input2=y then output is Z=a*x+b*y+c. We used Subtractive Clus-

tering method to generate Initial Fuzzy Inference System.  

Subtractive Clustering is one of popular unsupervised clustering 

method by increasing and using new data samples. New data sam-

ples consists of some centers of the core, and these cores are 

gained by constructing neighborhood graph[16].Figure 3 shows 

Subtractive clusters for Software Defect Prediction. 
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Fig 3: Subtractive Clustering for SDP 

3.2. Training FIS 

In our work, We trained Initial Fuzzy Inference System with 

Adapative Neuro Fuzzy Inference System, which is a five layered 

architecture. First layer is an adaptive layer that computes the 

membership values of input variables. Second layer is a fixed 

layer that computes the firing strength of input variables using 

And method. Third layer is a fixed layer that computes normalized 

weight of the firing rule. Fourth layer is an adaptive layer that fits 

the consequent parameters of firing rule. Fifth layer is a fixed 

layer that computes overall sum of input variables. Figure 8 show 

the Fuzzy Inference System after trained by ANFIS. 

 

4.Results 

 
We experimented on software defect prediction using 4 datasets 

downloaded from PROMISE data repository to identify defectives 

in software modules. Neural networks are one of the methodolo-

gies for best fitting non linear relationships between attributes. 

Cost Effectiveness was applied to neural networks to improve the 

performance of classifier. The weight of class j instance is defined 

by 

W(j)=C(j)*(N/∑C(i).Ni) 

W(1)=8*(2109/(8*326+2*1783)) 

W(1)=8*2109/8782 

W(1)=1.92 

W(2)=2*2109/8782 

W(2)=0.48 

We conducted an experimentation using MAT lab on prediction of 

software defect(s). In MAT lab, there are two toolboxees Neural 

Network and  Neuro Fuzzy tool box which implements Neural 

networks and Fuzzy Inference System. In Neuro Fuzzy tool box, 

there are three parts. In Data section, training data was loaded. In 

FIS section, Initial Sugeno Fuzzy Inference system is generated by 

using either Grid based or subtractive clustering method. In this 

paper, we applied Subtractive clustering which takes four parame-

ters Range of Influence (0.2.5), Squash factor(1.5),  Accept ra-

tio(0.5) & Reject Ratio(0.15). In training section, a Sugeno Fuzzy 

Inference System was modeled using ANFIS algorithm. We ap-

plied the firing strength of the rules as 1.92 & 0.48 for  minority 

class & Majority class respectively. In testing section, Fuzzy In-

ference System was tested with unseen data. The Receiver Operat-

ing Characteristics (ROC) was plotted against true positive rate 

with false positive rate 

In Table 1, We presented AuC values of Cost sensitive neural 

networks and ANFIS applied on 4 datasets. 

 
Table 1: AuC values for Software Defect Prediction 

Da-
taset 

CS NN 
(l:2, n:15) 

CS NN 
(l:2,n:30) 

CS NN 
(l:2,n:60) 

CS NN 
(l:3,n=90

) 

ANFIS 

kc1 0.5 0.5 0.5 0.5 0.8482 

kc2 0.64958 0.66451 0.660324 0.53430 0.8998 

cm1 0.5 0.5 0.5 0.5 0.8904 

pc1 0.58976 0.548134 0.637584 0.56115 0.8416 

 
Fig 4: ROC Curve cm1 dataset 

 
Fig 5: ROC Curve kc1 dataset 

 
Fig 6: ROC Curve kc2 dataset 

 
Fig 7: ROC Curve pc1 dataset 
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5. Conclusion 

 
Identifying Defective prone modules plays a major role in reduc-

tion of software development cost. These Defective prone mod-

ules can be identified by using deep learning approach. We ap-

plied Principle Component Analysis as a feature selection method, 

and then applied Adaptive Neuro Fuzzy Inference System to Con-

struct the classifier. The performance of the classifier was evaluat-

ed using AuC values. Principle Component Analysis reduces the 

features and ANFIS improves the performance of the Classifier. 
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Appendix:  
 

Fig 8: Fuzzy Inference System trained by ANFIS 

 


