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Abstract 

Class imbalance learning has recently received considerable attention in machine learning as standard algorithms 

do not provide satisfactory classification performance. Standard algorithms are overwhelmed by majority examples 

while minority examples contribute very little. A number of improved algorithms have been proposed in literature, 

where considerations have been made at the data and algorithm levels. In this work, a novel data-based approach 

(SOTech - Simulated Oversampling Technique) is proposed to address the problem of class imbalance. The 

experimental results revealed that the performance obtained through this technique using balance, Area Under 

Receiver Operating Characteristic Curve, and Matthew Correlation Coefficient metrics outperforms other existing 

techniques. The models obtained also reveal that there is a good relationship between software defect and code 

metrics with l, i, uniqopnd, loblank,  locomment, locoedandcomment being the significant attributes. The result 

from this work when compared to the existing results in the literature also shows the best performance. 

Keywords: Novel, Class Imbalance, Safety Critical Systems, Data Method, Algorithm Method.  

1.0 Introduction 

A dataset is class imbalanced if the classification categories are not approximately equally 

represented. The level of imbalance can be as huge as 1:99. The class imbalance poses a major 

challenge to existing classification methods. Many existing methods do not cope well with the 

rare class. The rare class is often ignored in class predictions and is sometimes even treated in 
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the same way as noise. As a consequence, many classification models cannot correctly predict 

the rare class although they may have very high overall accuracy rate. For instance, a decision 

tree trained with 99 examples of the majority and one example of the rare class may still have an 

accuracy rate of 99% although the test record is of the rare class.  

2.0 Background to the Study  

Most classification data sets do not have exactly equal number of examples in each class, but a 

small difference often does not matter. There are problems where a class imbalance is not just 

common, it is expected. For example data sets like software defect prediction in safety critical 

systems are imbalanced. The vast majority of the examples will be in the non defective class and 

a very small minority will be in the defective class. When there is a modest class imbalance like 

4:1 in the above it can cause problems. Methods to combat imbalanced training data may 

include one or more of the following:  

(i) You can collect more data. 

(ii) You can change your performance metrics (confusion matrix, precision, recall, F-measure, 

g-mean1, g-mean2, kappa, and ROC curves). 

(iii) You can resample your dataset. 

(iv)You can generate synthetic samples (SMOTE) 

(v) You can try different algorithms. 

(vi) Try penalized models – penalized classification imposes an additional cost on the model for 

making classification mistakes on the minority class during training. These penalties can bias the 

model to pay more attention to the minority class. 

(vii) You can try a different perspective - there are fields of study dedicated to imbalanced 

datasets. They have their own algorithms, measures and terminology 

(viii) Try getting creative – think about how to break your problem into smaller problems that 

are more tractable i.e. decompose your larger class into smaller number of other classes [6]. 
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To address the problems associated with imbalanced datasets, many studies have been 

conducted to improve the performance of standard learning algorithms. Several approaches have 

been proposed both at the data level, such as re- sampling and combinations, and at the 

algorithmic level, such as boosting, bagging, and cost sensitive approaches. 

One of the common approaches to class imbalance problem is sampling. The key idea is to pre-

process training data to minimize any discrepancy between the classes. In other words, sampling 

methods modify the prior distributions of the majority and minority classes in the training set to 

obtain a more balanced number of examples in each class. 

Sampling techniques used to solve the problems with the distribution of a dataset, sampling 

techniques involve artificially re-sampling the dataset, it is a data processing method. Sampling 

can be roughly classified into three categories of (i) under-sampling, (ii) over-sampling, and (iii) 

Hybrid. 

2.1 Data Sampling Method 

(1) Under-sampling – This method try to balance the distribution of class by randomly removing 

majority class sample. The problem with this method is loss of valuable information [8]. 

(2) Over-sampling – Random over-sampling method also help to achieve balanced class 

distribution by replicating minority class examples. There is no need to add extra information, it 

reuse the data. This problem can be solved by generating new synthetic data minority sample in 

a method called SMOTE. SMOTE (Synthetic Minority Over-sampling Technique) generates 

synthetic minority examples to over-sample the minority class. In this method learning process 

consume more time because original dataset contain very small number of minority samples [8]. 

(3) Hybrid – This is a mix of over-sampling and under-sampling. The minority class is 

oversampled to a certain number while the majority class is undersampled to a number to which 

the minority class has been oversampled in order to obtain equal class distribution. 
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2.2 The Algorithmic Method  

This method attempts to adapt existing algorithms to the characteristics of imbalanced datasets. 

This can be done by implementing misclassification costs or by altering the learning process 

towards the positive class. Cost-sensitive learning, one-class learning, and ensembles are the 

most popular techniques belonging to this group. 

3.0 Review of Related Literature 

[5] in their paper analyzed two balancing techniques and two classification algorithms in order 

to find defective modules in five publicly available software engineering datasets. The results 

show that although balancing technique do not improve the percentage of correctly classified 

instances, they do however improve the AUC measure, i.e., they classify better those instances 

from the minority class which are the ones of interest (in this case, to find defective modules). 

Also, SMOTE seems to improve the AUC measure over the resampling method. They reiterated 

that future work will consist of implementing further balancing algorithms and how to combine 

balancing techniques and feature selection of attributes when datasets are highly unbalanced. 

 

[1] examined two of the techniques (data sampling and boosting) that have been proposed in 

literatures to alleviate the problems of class imbalance. Five data sampling techniques and one 

commonly used boosting algorithm are applied to five datasets from the software quality 

prediction domain. Their results suggest that while data sampling can be very effective at 

improving classification performance when training data is imbalance, boosting (which has 

received considerably less attention in research related to mining imbalanced data) usually 

results in even better performance. 

[10] in his paper provides an overview of the classification of imbalanced data sets. He said at 

data level, sampling is the most common approach to deal with imbalanced data. Oversampling 

clearly appears as better than under-sampling for local classifiers, whereas some under-sampling 
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strategies outperform over-sampling when employing classifiers with global learning. 

Researchers proved that Hybrid sampling techniques can perform better than just oversampling 

or undersampling.. At the algorithmic level, solutions include adjusting the costs of the various 

classes so as to counter the class imbalance, adjusting the probabilistic estimate at the tree-leaf 

(when working with decision trees), adjusting the decision threshold, and recognition-based (i.e., 

learning from one class) rather than discrimination-based (two class) learning. Solutions based 

on modified support vector machine, rough set based minority class oriented rule learning 

methods, cost sensitive classifier are also proposed to deal with unbalanced data. He said 

developing Classifiers which are robust and skew insensitive or hybrid algorithms can be point 

of interest for the future research in imbalanced dataset. 

[9] in their paper studied on how class imbalance learning can facilitate software defect 

prediction. They investigated five class imbalance learning methods, covering three types 

(undersampling, threshold moving, Boosting-based ensembles), in comparison with two top-

ranked predictors (Naïve Bayes and Random Forest) in the software defect prediction literature. 

They were evaluated on ten real-world software defect prediction datasets with a wide range of 

data sizes and imbalance rates. To ensure that their results are of practical use, five performance 

measures were considered, including probability of detection (PD), probability of false alarm 

(PF), balance, G-mean and Area under receiver operating characteristic curve (AUC). 

[2] in their paper compare different types of algorithms to deal with imbalanced data in the 

domain of defect prediction using well-known NASA datasets considering (i) different 

evaluation metrics including the Matthew‟s Correlation Coefficient which has not been used in 

the domain of software defect prediction and (ii) with different cleaning processes (in particular 

considering the removal of duplicates and inconsistencies). They compared different machine 

learning approaches and evaluation metrics to deal with imbalanced data in software defect 

prediction taking into account the quality of data which contains many duplicate instances. They 
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used two different version of datasets originated by NASA projects which have been cleaned 

and preprocessed by Shepperd et al. removing errors and considering the data with and without 

duplicates. The results showed that the algorithms to deal with imbalanced datasets (grouped 

into sampling, cost-sensitive, ensembles and hybrid approaches) enhanced the correct 

classification of the minority class (defective cases). 

However, the improvement was affected by the preprocessing of the data (especially if 

duplicates and inconsistencies were removed) and the characteristics of the datasets in addition 

to the level of imbalance. They believe that duplicates should not be removed if data was 

properly collected. They said future work to deal with imbalanced data will include the analysis 

of further algorithms as well as ways to optimize their parameters, explore different measures to 

both deal with the quality and characteristics of the data and to compare algorithms and 

statistical analyses. It is also necessary to study other repositories (e.g., open source systems) in 

order to study the quality of such repositories, validate generic claims found in the literature and 

provide guidelines for the problem of imbalance in defect prediction. 

[7] said data preprocessing provide better resolution than other methods because it allows adding 

new information or deleting the superfluous data, which helps to balance the data. Some other 

method that is helpful to solve the problem of class imbalance is boosting. Supercharging is a 

powerful ensemble learning algorithm that improved the performance of weak classifier. The 

feature selection method can also be applied for classification of imbalance data. A training 

algorithm of MLPs for multiclass imbalance issues with a simple yet effective dynamic 

sampling method, Dynamic Sampling, has been analyzed and can be applied for multiclass 

imbalance. In every epoch of the training procedure, a probability was predictable for each 

sample provide to the MLP. Dynamic Sampling can outperform additional appropriate methods, 

including pre-sample approaches, active learning approaches, cost-sensitive approaches, and 

boosting type approaches...for multiclass imbalance issues. 
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[3] said software defect predictors are useful to maintain the high quality of software products 

effectively. The early prediction of defective software modules can help the software developers 

to allocate the available resources to deliver high quality software products. The objective of 

software defect prediction system is to find as many defective software modules as possible 

without affecting the overall performance. The learning process of a software defect predictor is 

difficult due to the imbalanced distribution of software modules between defective and non-

defective classes. Misclassification cost of defective software modules generally incurs much 

higher cost than the misclassification of non-defective one. On considering the misclassification 

cost issue, they developed a software defect prediction system using Weighted Least Squares 

Twin Support Vector Machine (WLSTSVM). This system assigns higher misclassification cost 

to the data samples of defective classes and lower cost to the data samples of non-defective 

classes. The experiments which were carried out on eight software defect prediction datasets 

have proved the validity of the proposed defect prediction system. The significance of the results 

has been tested via statistical analysis performed by using nonparametric Wilcoxon signed rank 

test. 

4.0 Objectives of the Study 

1. The main objective of this study is to utilize a novel data balancing technique (SOTech) to 

deal with severely imbalanced problem and evaluate the performances of seven standard 

algorithms on the datasets before and after data balancing. 

2. To compare the results of the algorithm proposed in 1 above with existing data balancing 

techniques.  

 

5.0 Research Questions 

1. What is the accuracy of predictions obtained using various algorithms? 
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2. What is the difference in performance of the proposed technique in this work as compared 

with existing techniques? 

3. Is there any relationship between software defect and code metrics? 

4. Which of the attributes have a significant effect on software defect prediction? 

5. What is the difference in performance of the proposed data preparation method compared to       

the performance before data preparation? 

 

6.0 The Proposed Learning Approach For Imbalanced Data Set (SOTech) 

 

6.1 Methodology 

In this section, we apply the proposed learning approach to two promise data sets coded CM1 

and PC1 using seven machine learning algorithms (Naïve Bayes, Logistic Regression, K-Nearest 

Neighbour, C4.5, Multilayer Perceptron, Support Vector Machines, and Random Forest). Our 

aim is to study the generalization capability of the proposed approach in tackling the class 

imbalanced problem, compared to the existing approaches (especially SMOTE). For each 

machine learning model the test mode used is 10 fold cross validation in which the dataset is 

broken into 10 sets of size N/10. Training is done on 9 data sets and testing is done on 1. This is 

repeated 10 times and a mean accuracy is taken. The seven machine learning models are 

implemented in WEKA (Waikato Environment for Knowledge Analysis). 

 The proposed learning approach SOTech (Simulated Over-sampling Technique) involves 

simulating instances of attributes using the minimum and the maximum values obtained through 

descriptive statistics to obtain other values that will balance up the data set.  

The simulation modeling process is done through spreadsheet and it involves the following 

steps. 

(i) Develop a deterministic spreadsheet model. 
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(ii) Determine the appropriate probability distributions to use for the random inputs to the 

model. 

(iii) Modify the deterministic model by incorporating the random inputs using the probabilistic 

distributions. 

(iv) Recalculate the model many times to generate many possible values of the model output(s). 

Each simple recalculation is called a trial or replication. 

(v) Analyze the possible output values by considering the summary statistics and the probability 

distribution of the output(s). 

The RAND function in spreadsheet is a continuous uniform probability distribution between 0 

and 1 or U(0,1). In general, a continuous uniform distribution can be between any two values, 

for instance, a and b. This would be referred to as U(a,b). For random number in spreadsheet, 

we use the formula “= a + (b - a) * RAND()” to generate continuous training set and  

RANDBETWEEN  function to generate discrete training set. The quantity (b - a) is the total 

range of the distribution. Multiplying by RAND () is essentially taking a fraction of this range. 

Adding a to this value then results in a number between a and b. 

 

 

7.0 Experimental Setup 

7.1 Datasets   

The datasets used is an embedded data from a PROMISE (PRedictOr Models In Software 

Engineering) software engineering repository dataset made  publicly available online 

(http://promise.site.uoltawa.ca/SERepository/datasets-page.html) in order to  encourage 

repeatable, refutable,   verifiable, and / or improvable predictive models of software engineering.  

http://promise.site.uoltawa.ca/SERepository/datasets-page.html
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 Data comes from McCabe and Halstead features extractors of source code. The McCabe and 

Halstead measures are “module”-based where a “module” is the smallest unit of functionality. In 

C or small talk, “modules” would be called” function” or “method” respectively. 

 

 

Table 1: Datasets before Preprocessing 

Project  Modules Attributes %defective  Description  

CM1 498 21 9.84 Space instrument 

PC1 1109 21 6.94 Flight software  

Table 2: Datasets after Preprocessing 

Project  Modules Attributes %defective  Description  

CM1 898 21 50 Space instrument 

PC1 2064 21 50 Flight software  

 

The attributes specified in tables 1 and 2 are explanatory attributes. 

7.2 Evaluation Criteria 

7.2.1 Confusion Matrix 

A clean and unambiguous way to present the prediction results of a classifier is to use a 

confusion matrix (also called a contingency table). For a binary classification problem the table 

has 2 rows and 2 columns. Across the top is the predicted class label and down the side are the 

observed class labels. Each cell contains the number of predictions made by the classifier that 

fall into that cell. 

 

Table 3: Truth Table Confusion Matrix 

 

 

Observed Class 

Predicted classes 

 False True 

False TN FP 

True FN TP 

 

(i) Number of defective  modules predicted as defective (TP) 

(ii) Number of non-defective modules predicted as  defective (FP) 

(iii) Number of non-defective  modules predicted as non-defective (TN) 
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(iv) Number of defective modules predicted as non defective (FN). 

The following metrics which are computed from the confusion matrix were used to evaluate the 

performance of each of the machine leaning models used in this study.  

(i) Probability of detection (PD): This is the proportion of actual positives which are predicted as 

positive. 

𝑃𝐷 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(ii) Balance: This is defined as the normalized Euclidean distance from the desired point (0, 1) to 

(pf, pd) in a Receiver Operating Characteristic (ROC) curve. Balance combines pf and pd into 

one measure and is defined as the distance from the ROC „sweet spot‟. 

𝐵𝑎𝑙𝑎𝑛𝑐𝑒 = 1 −
 (0 − 𝑝𝑓)2 + (1 − 𝑝𝑑)2

 2
 

(iii) Area Under ROC Curve (AUC): The area under the ROC curve, referred to as AUC, is a 

numeric performance evaluation measure directly associated with an ROC curve. AUC, also 

known as the C-statistic, measures the predictive power of a binary classification model. A good 

model‟s ROC curve should sit close to the upper left corner and the area under the ROC curve 

should be close to 1. 

AUC =
1 + TPR − FPR

2
  or 

TPR + TNR

2
 

The ROC curve plots the probability of detection on the y-axis and the probability of a false 

alarm on the x-axis. 

(iv) Matthew Correlation Coefficient (MCC): Correlation between the actual and predicted. It 

takes value between -1 and 1. 

𝑀𝐶𝐶 =  
𝑡𝑝 ∗ 𝑡𝑛 − 𝑓𝑝 ∗ 𝑓𝑛

  𝑡𝑝 + 𝑓𝑝  𝑡𝑝 + 𝑓𝑛  𝑡𝑛 + 𝑓𝑝  𝑡𝑛 + 𝑓𝑛 
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(v) Nagelkerke R Square: Nagelkerke R Square covers the full range from 0 to 1. The R
2
 

statistics do not measure the goodness of fit of the model but indicate how useful the 

explanatory variables are in predicting the response variable and can be referred to as measures 

of effect size. Any value greater than 0.9 will indicate that the model is useful in predicting 

software fault. 

 
Table 4: Attribute Information: Factors considered in this study 

S/N Name Description 

1 Loc Numeric %MacCabe‟s line 

count of code 

2 v(g) Numeric %MacCabe‟s 

Cyclomatic Complexity 

3 ev(g) Numeric %MacCabe‟s 

Essential Complexity  

4 iv(g) Numeric %MacCabe‟s 

Design Complexity 

5 N Numeric %Halstead total 

operators + operands  

6 V Numeric %Halstead 

volume 

7 L Numeric %Halstead 

program length 

8 D Numeric %Halstead 

difficulty 

9 I Numeric %Halstead 

intelligence 

10 E Numeric %Halstead effort 

11 B Numeric %Halstead error 

12 T Numeric %Halstead‟s time 

estimator 

13 Locoed Numeric %Halstead‟s line 

count 

14 Locomm

ent 

Numeric %Halstead‟s 

count of lines of comments 

15 Loblank Numeric %Halstead‟s 

count of blank lines 

16 Locoeda

ndcomm

ent 

Numeric %count of code 

and comment lines 

17 Uniqop Numeric %unique 

operators 

18 Uniqopn

d 

Numeric %unique 

operands 

19 Total-op Numeric %total operators 



IJRIT International Journal of Research in Information Technology, Volume 4, Issue 3, March 2016, Pg 45-66 

 

Olufemi Sunday Adeoye, IJRIT-57 
 

20 Total-

opnd 

Numeric %total operands 

21 Branchco

unt 

Numeric %count of the 

flow graphs 

22 Defects Categorical (false, 

true)%module has/has not 

one or more reported 

defects 

 

 

8.0 Experimental Results  

 

8.1 Experiment Using CM1 Dataset before Data Preparation 

 
Table 5: Confusion Matrix, Accuracy and Balance Results for CM1 before Data Preparation. 

Scheme TP TN FP FN PD BAL AUC 

Naïve 

Bayes 

16 409 40 33 0.327 0.520 0.658 

k-Nearest 

Neighbour 

8 414 35 41 0.163 0.406 0.589 

C4.5 3 435 14 46 0.061 0.336 0.558 

MLP 1 435 14 48 0.020 0.307 0.734 

RF 2 437 12 47 0.041 0.293 0.675 

LR 6 433 16 43 0.123 0.380 0.730 

SVM 0 446 3 49 0.000 0.358 0.497 

 

 
Figure1: Pictorial representation of pd,balance, and AUC for dataset CM1for different schemes 

 
Table 6: MCC and Nagelkerke R Square Results for CM1 before Data Preparation 

ALGORITHM  MCC NAGELKERKE 

R
 
SQUARE 

Naïve Bayes 0.224 ** 

K-Nearest 

Neigbour  

0.090 ** 

C4.5 0.049 ** 

MLP -0.019 ** 

Random 0.025 ** 
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Forest  

Logistics 

Regression  

0.126 0.341 

Support  

Vector 

Machines  

0.026 ** 

NB: ** means not available  

 

 

8.2 Experiment Using CM1 Dataset after Data Preparation 

 
Table 7: Confusion Matrix, Accuracy, and Balance Results for CM1 after Data Preparation. 

ALGORITHM TP TN FP FN PD BALANCE AUC BALANCE 

Naïve Bayes 410 427 22 39 0.9131 0.9295 0.951 93.2 

K-Nearest 

Neigbour  

399 419 30 50 0.8886 0.9082 0.913 91.1 

C4.5 402 435 14 47 0.8953 0.9227 0.931 93.2 

MLP 402 436 13 47 0.8953 0.9232 0.964 93.3 

Random 

Forest  

404 432 17 45 0.8998 0.9242 0.963 93.1 

Logistics 

Regression  

402 439 10 47 0.8953 0.9243 0.968 93.7 

Support  

Vector 

Machines  

402 446 3 47 0.8953 0.9258 0.944 94.4 

 

 
 

 

Figure 2: pd, balance, and AUC for dataset CM1 for all algorithms after data preparation 

 
Table 8: MCC and Nagelkerke R Square Results for CM1 after Data Preparation. 

ALGORITHM  MCC NAGELKERKE 

R
 
SQUARE 

Naïve Bayes 0.865 ** 

0.84

0.86

0.88

0.9

0.92

0.94

0.96

0.98

PD

balance

AUC



IJRIT International Journal of Research in Information Technology, Volume 4, Issue 3, March 2016, Pg 45-66 

 

Olufemi Sunday Adeoye, IJRIT-59 
 

k-Nearest 

Neigbour  

0.823 ** 

C4.5 0.866 ** 

MLP 0.869 ** 

Random Forest  0.864 ** 

Logistics 

Regression  

0.876 0.863 

Support  Vector 

Machines  

0.893 ** 

NB: ** means not available  

 

8.3 Analysis of Result on Dataset CM1 

Examination of tables 5 and 7 and tables 6 and 8 show that the methods utilizing data 

preparation delivered the greatest levels of performance increase. That is, the result obtained 

through the proposed data preparation methodology is improved over the dataset before data 

preparation.  

 Tables 5 and 7 reveals that probability of detection (pd) or detection rate improved in dataset 

after data preparation as compared to dataset before data preparation. The overall performance 

of the model after data preparation is excellent with probability of detection and balance 

producing over 100% performance increase and AUC producing 50% performance increase.  

The model before data preparation has a Nagelkerke R square value of 0.341 indicating that the 

model is not useful for this prediction. For CM1 dataset after data preparation, the Nagelkerke R 

square, value of 0.863 indicates that the model is useful for predicting software fault. The 

regression model for defect prediction for dataset CM1 is stated below. 

 
𝒑

𝟏 − 𝒑
 =  𝟑. 𝟗𝟏𝟐𝟓 − 𝟎. 𝟎𝟎𝟑𝟖𝒍𝒐𝒄 −  𝟎. 𝟎𝟎𝟕𝒗 𝒈 + 𝟎. 𝟎𝟗𝟏𝟑𝒆𝒗 𝒈 − 𝟎. 𝟎𝟏𝟑𝟕𝒊𝒗 𝒈 

+ 𝟎. 𝟎𝟎𝟏𝟔𝒏 + 𝟎. 𝟎𝟎𝟎𝟐𝒗 − 𝟏. 𝟖𝟑𝟖𝟔𝒍 − 𝟎. 𝟎𝟎𝟗𝒅 − 𝟎. 𝟎𝟏𝟔𝟑 + 𝟎. 𝟏𝟔𝟎𝟏𝒃
+ 𝟎. 𝟎𝟏𝟕𝟖𝒍𝒐𝒄𝒐𝒅𝒆 − 𝟎. 𝟎𝟐𝟔𝟓𝒍𝒐𝒄𝒐𝒎𝒎𝒆𝒏𝒕 + 𝟎. 𝟎𝟎𝟏𝟏𝒍𝒐𝒃𝒍𝒂𝒏𝒌
− 𝟐. 𝟖𝟎𝟎𝟓𝒍𝒐𝒄𝒐𝒆𝒅𝒂𝒏𝒅𝒄𝒐𝒎𝒎𝒆𝒏𝒕 − 𝟎. 𝟎𝟑𝟕𝟏𝒖𝒏𝒊𝒒𝒐𝒑 − 𝟎. 𝟎𝟎𝟏𝟐𝒖𝒏𝒊𝒒𝒐𝒑𝒏𝒅
− 𝟎. 𝟎𝟎𝟎𝟓𝒕𝒐𝒕𝒂𝒍𝒐𝒑 +  𝟎. 𝟎𝟎𝟎𝟗𝒕𝒐𝒕𝒂𝒍𝒐𝒑𝒏𝒅
+  𝟎. 𝟎𝟎𝟓𝟐𝒃𝒓𝒂𝒏𝒄𝒉𝒄𝒐𝒖𝒏𝒕                                (𝟏)  

 
Table 9: Univariate Analysis for Dataset CM1after Data Preparation 

Feature B Sig. Exp(B) 

Loc .004 .347 1.004 

V(g) .007 .689 1.007 

Ev(g) -.091 .061 .913 
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From the univariate analysis in the table 9, the significant attributes are l, i, locomment and 

locoedandcomment (p < 0.05). 

 

 

 

 

8.4 Experiment Using PC1 Dataset before Data Preparation 

      
Table 10: Confusion Matrix, AUC and Balance Results for PC1 before Data Preparation. 

ALGORITHM  TP TN FP FN PD BALANCE  AUC 

Naïve Bayes 23 966 66 54 0.299 0.502 0.650 

k-Nearest 

Neigbour  

34 987 45 43 0.442 0.604 0.740 

C4.5 18 1017 15 59 0.234 0.458 0.668 

MLP 12 1026 6 65 0.156 0.403 0.723 

Random Forest  25 1020 12 52 0.325 0.523 0.824 

Logistics 

Regression  

5 1020 12 72 0.065 0.339 0.809 

Support  Vector 

Machines  

0 1031 1 77 0.000 0.293 0.500 

 

Iv(g) .014 .587 1.014 

N -.002 .123 .998 

V .000 .214 1.000 

L 1.839 .041 6.288 

D .009 .464 1.009 

I .016 .004 1.016 

E .000 .059 1.000 

B -.160 .579 .852 

T .000 .065 1.000 

Locode -.018 .325 .982 

Locomment .027 .000 1.027 

Loblank -.001 .899 .999 

Locoedandcomment 2.800 .005 16.453 

Uniqop .037 .080 1.038 

Uniqopnd .001 .857 1.001 

Totalop .000 .699 1.000 

Totalopnd -.001 .701 .999 

Branchcount -.005 .605 .995 

Constant -3.912 .000 .020 
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Figure 3: pd, balance and AUC for dataset PC1 for all algorithms before data preparation 

Table 11: MCC and Nagelkerke R Square Results for PC1 before Data Preparation. 

ALGORITHM  MCC NAGELKERKE 

R
 
SQUARE 

Naïve Bayes 0.220 ** 

k-Nearest 

Neigbour  

0.393 ** 

C4.5 0.328 ** 

MLP 0.302 ** 

Random Forest  0.443 ** 

Logistics 

Regression  

0.108 0.263 

Support  Vector 

Machines  

-0.008 ** 

NB: ** Means not available  

8.5 Experiment Using PCI Dataset after Data Preparation  

Table 12: Confusion Matrix, AUC, and Balance Results for PC1 after Data Preparation. 

ALGORITHM TP TN FP FN PD BALANCE  AUC ACCURACY 

Naïve Bayes 972 998 34 60 0.9419 0.9527 0.969 95.4 

k-Nearest 

Neigbour  

986 982 50 46 0.9554 0.9535 0.953 95.3 

C4.5 971 1016 16 61 0.9409 0.9568 0.960 96.3 

MLP 965 1021 11 67 0.9351 0.9535 0.981 96.2 

RandomForest  978 1015 17 54 0.9477 0.9612 0.987 96.6 

Logistics 

Regression  

961 1020 12 71 0.9312 0.9507 0.984 96.0 

Support  

Vector 

Machines  

957 1028 4 75 0.9273 0.9485 0.962 96.2 

 

0
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Figure 4: pd, balance and AUC for dataset PC1 for all algorithms after data preparation 

 

 
Table 13: MCC and Nagelkerke Results for PC1 after Data Preparation. 

ALGORITHM  MCC NAGELKERKE 

R
 
SQUARE 

Naïve Bayes 0.909 ** 

Nearest 

Neigbour  

0.907 ** 

C4.5 0.926 ** 

MLP 0.926 ** 

Random Forest  0.932 ** 

Logistic 

Regression  

0.921 0.913 

Support  Vector 

Machines  

0.926 ** 

NB: ** not available 

8.6 Analysis of Result on Dataset PC1 

Tables 10 and 11 show the performance of each of the seven algorithms used in this 

work before data preparation on dataset PC1 while tables 12 and 13 show the performance for 

each of the seven algorithms after data preparation.  

  As could be seen in table 10 and 12, the overall accuracy of the methods utilizing data 

preparation delivered the greatest level of performance increase. The method before data 

preparation delivered a lower level of performance.  The area under ROC curve shows a great 

improvement from average/good prediction to excellent prediction. The Matthews Correlation 

0.89
0.9

0.91
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0.99

1
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Coefficient (MCC) also improves for the new method. Besides, the Nagelkerke R
 
square value 

improves from 0.263 to 0.913, this shows that the explanatory variables are useful in predicting 

the response variable. The value 0.913 also indicates that this model is useful in predicting 

software fault.  

It is observed that Logistic Regression gives the highest AUC for dataset CM1 while 

Random Forest gives the best AUC for dataset PC1.  

The regression model for defect prediction for dataset PC1 is stated below. 

𝒍𝒏  
𝒑

𝟏 − 𝒑
 =  𝟒. 𝟐𝟗𝟓𝟕 − 𝟎. 𝟎𝟎𝟑𝟐𝒍𝒐𝒄 + 𝟎. 𝟎𝟐𝟕𝟒𝒗 𝒈 − 𝟎. 𝟎𝟒𝟓𝟓𝒆𝒗 𝒈 − 𝟎. 𝟎𝟎𝟏𝟑𝒊𝒗 𝒈 

+ 𝟎. 𝟎𝟎𝟏𝒏 − 𝟎. 𝟎𝟎𝟎𝟏𝒗 − 𝟐. 𝟕𝟗𝟒𝟏𝒍 + 𝟎. 𝟎𝟏𝟓𝟐𝒅 − 𝟎. 𝟎𝟎𝟓𝟑𝒊 − 𝟎. 𝟑𝟏𝟔𝟐𝒃
− 𝟎. 𝟎𝟎𝟑𝟗𝒍𝒐𝒄𝒐𝒅𝒆 − 𝟎. 𝟎𝟏𝟐𝟔𝒍𝒐𝒄𝒐𝒎𝒎𝒆𝒏𝒕 − 𝟎. 𝟎𝟖𝟏𝟏𝒍𝒐𝒃𝒍𝒂𝒏𝒌
− 𝟎. 𝟎𝟐𝟕𝟓𝒍𝒐𝒄𝒐𝒆𝒅𝒂𝒏𝒅𝒄𝒐𝒎𝒎𝒆𝒏𝒕 − 𝟎. 𝟎𝟑𝟔𝟏𝒖𝒏𝒊𝒒𝒐𝒑 − 𝟎. 𝟎𝟏𝟖𝟑𝒖𝒏𝒊𝒒𝒐𝒑𝒏𝒅
+ 𝟎. 𝟎𝟎𝟎𝟓𝒕𝒐𝒕𝒂𝒍𝒐𝒑 + 𝟎. 𝟎𝟎𝟑𝟔𝒕𝒐𝒕𝒂𝒍𝒐𝒑𝒏𝒅
+ 𝟎. 𝟎𝟏𝟐𝟒𝒃𝒓𝒂𝒏𝒄𝒉𝒄𝒐𝒖𝒏𝒕                             (𝟐) 

 
Table 17 Univariate Analysis for Dataset PC1after Data Preparation 

 

From the table 17, the significant attributes to 

software defect are l, loblank, 

locoedandcomment, and uniqopnd (i.e. p < 0.05).  

 

 

 

 

 

9.0 Comparison to Other Studies 

To ease the comparison to other studies, the mean 

results for all performance measures for all 

classifiers are compiled in table 18. 

 

Table 18: Mean Results for all Performance Measures 

 

Performance Measures 

Dataset 

CM1 PC1 

PD 0.898 0.940 

Feature B Sig. Exp(B) 

Loc .003 .570 1.003 

V(g) -.027 .203 .973 

Ev(g) .045 .074 1.047 

Iv(g) .001 .958 1.001 

N -.001 .430 .999 

V .000 .460 1.000 

L 2.794 .000 16.348 

D -.015 .212 .985 

I .005 ,108 1.005 

E .000 .125 1.000 

B .316 .376 1.372 

T .000 .328 1.000 

Locode .004 .473 1.004 

Locomment .013 .259 1.013 

Loblank .081 .006 1.084 

Locoedandcomment .027 .006 1.028 

Uniqop .036 .127 1.037 

Uniqopnd .018 .006 1.018 

Totalop .000 .817 1.000 

Totalopnd -.004 .125 .996 

Branchcount -.012 .255 .988 

Constant -4.296 .000 .014 
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Balance 0.923 0.954 

AUC 0.948 0.971 

MCC 0.865 0.921 

 

Table 19: Comparison of results for dataset CM1 

Models Balance AUC MCC 

Chris S. et al. 

(2008) 

 0.695  

Riquelme J. C. 

et al. (2008)  

 0.77  

S. Taghi et al 

(2008) 

  0.65 

Shuo Wang 

and Xin Yao 

(2013) 

0.759 0.843  

Rodriguez et 

al. (2014) 

  0.13 

Adeoye O. S. 

(2016) 
0.923 0.948 0.74 

 

 

 
 

Table 20: Comparison of Results for dataset PC1 

Models Balance AUC MCC 

Chris S. et 

al. (2008) 

 0.709  

Riquelme 

J. C. et al. 

(2008)  

 0.77  

S. Taghi et 

al (2008) 

  0.73 

Shuo 

Wang and 

Xin Yao 

(2013) 

0.597 0.855  

Rodriguez 

et al. 

(2014) 

  0.32 

Adeoye O. 

S. (2016) 
0.954 0.971 0.921 

 

Research Question 1: Considering tables 7 and 12, support vector machines has the highest 

performance accuracy for CM1 dataset while random forest has the highest performance 

accuracy for PC1 dataset. The performance of each classifier is shown in tables 7 and 12. 
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Research Question 2: Table 19 clearly revealed this. It could be observed that our proposed 

data preparation method performed better than the existing methods in literatures. 

 

Research Question 3: Equations 1 and 2 depicts the relationship existing between software 

defect and software metrics except e, t, and totalop whose coefficients are zero as could be seen 

in tables 9 and 17 for CM1 and PC1 datasets. 

 

Research Question 4: The significant attributes for dataset CM1 as could be seen in table 9 are 

l, I, locomment, and locoedandcomment. For dataset PC1 as could be seen in table 17 are l, 

loblank, locoedandcomment, and uniqopnd. 

 

Research Question 5: This can be determined through tables 5 and 7 for CM1, and tables 10 

and 12 for PC1 data set. We can clearly see that our proposed data preparation method performs 

better than the data sets without data preparation for CM1 and PC1 data sets. 

   

10.0 Conclusion 

In this work investigations were conducted to find the efficiency of existing classifiers of 

software defect prediction on CM1 and PC1 datasets. The results obtained shows that the 

classifiers produce better performance through the proposed data sampling method (SOTech) as 

compared to the results when the datasets are imbalanced. The results of the new method, when 

compared to the existing results in the literature, as could be seen in table 18 shows that our 

method performs better than the existing methods.  
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