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The level of defects in a software will always be linear with the quality of the 

resulting software. In the development process, developers need to predict the 

level of defects in a software to produce better software. In this study, the Particle 

Swarm optimization (PSO) method was used to optimize the data at the 

preprocessing stage, the Random Over Sampling (ROS) method to balance the 

classes in the dataset and the ensemble technique to maximize the performance of 

the J48 algorithm. The dataset used in this study uses the PROMISE repository 

dataset. The results showed that the integration of the PSO+ROS+J48+Bagging 

algorithm resulted in an average accuracy value of 92.378% and an AUC value of 

0.924. This shows that the combination of PSO, ROS and J48 methods with 

Bagging Technique is feasible to be used as an algorithm to predict the defect 

level of a software. 
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1. Introduction 

 

During the inspection and testing phase, we can find the level of quality of a software. The existence of 

defects and failures in a software is an error that will result in other errors that can reduce the quality of a 

software [3]. Repairing a software during the testing phase is much cheaper when compared to repairs during 

the implementation and development phases[2]. How important it is to predict defects in software makes it 

necessary to pay attention to when producing software. 

accuracy in predicting defects in software can simplify the testing process and can reduce costs and can 

improve software quality, so a special study is needed in predicting software defects[7]. In addition, 

developers can allocate existing resources to fit within budget and time[8]. the existence of a study of 

software engineering can make a major contribution to time efficiency in software production [1]. 

The error caused by the software is an error from the previously generated data. for that the need for 

error prediction in the previously generated software [6]. Therefore, in-depth research is needed in predicting 

defects in software. 

various methods are used to overcome the problem of defects in software, the use of datamining 

techniques applied to software metrics can be used as a method for predicting defects in software [4]. 

Various studies on software defects have been carried out, many methods have been used and offered. 

In this study, the J48 method will be used which we optimize using the ensemble bagging principle so that an 

increase in the performance of the J48 algorithm is found. In addition, at the data preprocessing stage, data 

optimization and dataset balancing are also used using the Random Over Sampling (ROS) concept so that the 

resulting performance is not only accurate but also balanced by assessing the high Area Under Curve (AUC) 

generated. 
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2. Method 

 

This study uses a metric dataset derived from the PROMISE (Predictor Models in Software 

Engineering) Repository Dataset. In the PROMISE Repository there are 13 datasets of software metrics that 

are specifically intended for software research. data and errors from each module in the NASA system and 

subsystem are collected into a metric dataset. Some of the metrics used include the LoC-count measure, 

which is the number of lines in code and comments, and the Halstead measure, which is the count of unique 

operands and operators, and the McCabe measure, which is cyclomatic complexity[5]. The PROMISE 

Repository dataset can be downloaded via http://promise.site.uottawa.ca/SERepository/. 

The methods offered in this study include data purification, data balancing and processing with the J48 

ensemble method. At the data purification stage, the PSO method is used to reduce noise in the data. At the 

data balancing stage, the ROS method is used to balance the dataset. and the data processing used the 

decission tree J48 method which was optimized by the ensemble bagging method. the testing technique is 

carried out by performing 10-fold cross validation, namely by taking 10% of the existing dataset and then 

using it as data testing to test the accuracy and AUC of the model's performance. 

 
Fig 1. Framework Model 

 

3. Results and Analysis 

 

On the PSO+ROS+Bagging+J48 test model. The results of attribute selection using PSO are class 

balancing using the ROS technique. Furthermore, the balanced dataset is classified using the Bagging 

ensemble classification and the J48 algorithm with the 10-fold cross validation technique. The AUC value 

resulting from model testing is presented in Figure 4.37 to Figure 4.40. 
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Fig 2. The Diagram of AUC values generated from the PSO+ROS+Bagging+J48 experiment on the 

JM1 dataset 

 

 

 

 

 

 

 

 

 
 

Fig 3. Diagram of AUC values generated from the PSO+ROS+Bagging+J48 experiment on the KC1 

dataset 

 

 

 

 

 

 

 

 

 
Fig 4. Diagram of AUC values generated from the PSO+ROS+Bagging+J48 experiment on the PC1 

dataset 

 

 

 

 

 

 

 

 

Fig 5..Diagram of AUC values generated from the PSO+ROS+Bagging+J48 experiment on the CM1 

dataset 

The test results on the model are described in Table below. 
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Table 1 

Model performance results PSO+ROS+Bagging+J48 on dataset CM1, JM1, KC1 and PC1 

DATASET JM1 KC1 PC1 CM1 Average 

Accurate 88,13% 89,65% 96,93% 94,77% 92,37% 

Sensitivity 0,912 0,922 0,996 0,992 0,956 

Specificity 0,851 0,871 0,942 0,904 0,892 

FPrate 0,149 0,129 0,058 0,096 0,108 

Fnrate 0,088 0,078 0,004 0,008 0,044 

Precision 0,859 0,877 0,945 0,911 0,898 

F-Measure 0,885 0,899 0,970 0,950 0,926 

G-Means 0,881 0,896 0,969 0,947 0,923 

AUC 0,881 0,897 0,969 0,948 0,924 

We can see in the table above that the highest accuracy value produced by the 

PSO+ROS+Bagging+J48 model is found in the PC1 dataset with an accuracy value of 97% and the highest 

AUC value is also shown in the PC1 dataset with an AUC value of 0.97. The following is a comparison 

graph of the performance of the PSO+ROS+Bagging+J48 model against the CM1, JM1, KC1 and PC1 

datasets. 

 
Fig 6. Comparison of the performance of the PSO+ROS+Bagging+J48 model against the dataset 

CM1, JM1, KC1, and PC1. 

From the test results above, it is shown that the average value of the performance of the 

PSO+ROS+Bagging+J48 model on the CM1, JM1, KC1 and PC1 datasets includes an accuracy of 92.4%, 

sensitivity 0.956, Specificity 0.892, Precision 0.898, F-measure 0.926, G-Mean 0.923 and AUC 0.924. 

 

4. Conclussion 

 

The PROMISE data used is data that still contains noise, so processing is required at the preprocessing 

stage using the Particle Swarm Optimization (PSO) method. In general, the existing datasets are unbalanced 

so a dataset balancing process is required using the Random over sampling (ROS) method. In order to 

improve the performance of existing methods, the J48 decision tree algorithm used is carried out by a 

bagging process to get maximum results. The results of integration testing of PSO ROS and Bagging on the 

Decission Tree J48 algorithm produced a high accuracy value of 92.4% and an AUC value of 0.924 and it 

can be concluded that the integration method is feasible to use to predict defects in software. 
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