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Abstract:  
Background. Many users of Telkom mobile or gadgets in the world, especially in the field of mobile 

telecommunications technology, provide much convenience for the customer to make purchases of 

electronic top-up.  

Aims. Competition among suppliers of telecommunication service providers requires an analysis to 

determine the level of customer satisfaction with electronic pulses.  

Methods. In this study, the C4.5 and C4.5 Algorithm Based on Bagging will be used to analyze 

customer satisfaction, with data collected from 460 customers and 11 variables related to electronic 

top-up.  

Conclusion. This research aims to generate customer satisfaction analysis using the C4.5 and C4.5 

algorithms, based on the bagging algorithm, to determine an appropriate method for analyzing 

customer satisfaction with electronic top-up. 
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INTRODUCTION 

Competition among mobile phone credit outlets, coupled with increasing demand for 

mobile telecommunications technology, requires analysis that can measure customer 

satisfaction to increase profits and retain customers. Retention is a key component of 

Customer Relationship Management (CRM) that fosters positive relationships between 

consumers and providers. Satisfaction varies from one consumer to another, as each has 

different needs. According to Kotler (1997), one way to measure customer satisfaction is to 

conduct a customer satisfaction survey. Bintang Pagi Cell has experienced both increases 

and decreases in customer numbers from year to year, due to many switching to other outlets 

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


https://annpublisher.org/ojs/index.php/improsci  Vol 3 No 1 August 2025 

Muhamad Sulaeman 

DOI 10.62885/improsci.v3i1.1009   | 55  

 

and a small number of new customers. For this reason, an algorithm is needed to measure 

customer satisfaction. Bintang Pagi Cell is located at Jl. Kesambi No. 3 A, Cirebon City, 

which serves schoolchildren, boarding students, and the community around the Bintang Pagi 

Cell counter. The data used in this study were collected from 2010 to 2014, with each year 

spanning 3 months. 

Customer satisfaction patterns cannot be predicted solely from the number of mobile 

phone credit sales transactions and consumer survey results. One method for predicting 

customer satisfaction is data mining. The data mining classification method used is the C4.5 

algorithm, which uses decision tree classification to build accurate classifications without 

revealing personal information (Jin-Hui & Jian-Jun, 2009). The ensemble method builds a 

collection of classifiers from training data and then predicts class labels on test data by 

combining predictions from several classifiers. There are two methods in the ensemble 

method, namely Bagging and Boosting (Tan Pang Ning, 2005). The bagging method 

increases classification and prediction accuracy by generating multiple models and selecting 

the classification or prediction result that occurs most often across the models (majority 

vote). Meanwhile, boosting is achieved by combining models, and the selected classification 

or prediction result is the model with the highest weight. Using bagging and boosting 

techniques is often more accurate than a single classifier. Bagging works best when the 

classification procedure being used is volatile. That is, when small changes in the training 

samples can often result in significant differences in the predictions obtained using a 

particular method. Boosting is used with basic, somewhat unstable classification methods 

(Quinlan, 1993). 

This study will use the Bagging-based C4.5 algorithm to analyze customer satisfaction. 

The final result of this study is a customer analysis prediction, calculated by evaluating the 

customer satisfaction prediction model using a lift curve, a Gini coefficient, and top-decile 

lift. In addition, an F-measure calculation will be performed to evaluate data imbalance. 

Research on customer satisfaction analysis through data mining approaches, particularly 

C4.5 algorithms and ensemble methods such as Bagging, has grown rapidly in recent years. 

In general, previous studies: 

1. Focusing on the use of the C4.5 algorithm in the classification of customer data, 

especially to predict churn, loyalty, or satisfaction levels, due to its advantages in 

producing an easy-to-interpret decision tree. 
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2. Strengthen prediction accuracy using ensemble techniques, such as Bagging and 

Boosting, to overcome the weaknesses of a single classifier against noise, data 

variants, and unbalanced data. 

3. In the context of telecommunications, some previous research has focused more on: 

a. customer churn prediction, 

b. segmentation of customers based on the use of services, 

c. Simulation of customer loyalty and retention. 

In this study, Sulaeman et al. contributed to the domain of the application of a special 

ensemble method for the customer satisfaction domain of electronic pulses, conducting a 

direct comparison between C4.5 vs Bagging-Based C4.5 using the evaluation measures of 

accuracy, precision, recall, ROC, and confusion matrix for the Bintang Pagi Cell customer 

dataset. Thus, the State of the Art of this study is at the intersection between: data mining, assembly 

algorithms, and Telecom customer satisfaction analysis. 

 

LITERATURE REVIEW 

Customer Satisfaction 

According to Kotler (1997), customer satisfaction is a person's emotional state 

resulting from a comparison between a product's performance or outcome and customer 

expectations. Based on the definitions provided by the experts above, it can be concluded 

that customer satisfaction or dissatisfaction is the difference between pre-purchase 

expectations and the perceived performance or outcome after purchase. Customers are the 

recipients of a person's or organization's work, and therefore determine its quality, and they 

can communicate their needs and expectations. Everyone in a company must work with 

internal and external customers to determine their needs and collaborate with internal and 

external suppliers. 

 

Data Mining 

Data mining is a set of processes used to manually extract added value from a database, 

yielding previously unknown information. The resulting information is obtained by 

extracting and recognizing important or interesting patterns from the database [7]. Data 

mining is a process that uses statistical, mathematical, and artificial intelligence techniques, 

along with machine learning, to extract and identify useful information and related 

knowledge from large databases. According to the Gartner Group, data mining is the process 
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of discovering meaningful relationships, patterns, and trends by examining large sets of 

stored data using pattern recognition techniques such as statistical and mathematical 

techniques (R. Kohavi, 1996). 

 

C.45 Algorithm 

The C4.5 algorithm is a well-known, favored data classification algorithm using 

decision trees. These advantages include: it can process both numeric (continuous) and 

discrete data, can handle missing attribute values, produces easily interpretable rules, and is 

the fastest among algorithms that use main memory on a computer [4]. The objective of the 

decision tree algorithm is to construct a tree data structure (called a decision tree) that can 

be used to predict the class of a case or a new record that does not yet have a class. C4.5 

constructs a decision tree using a divide-and-conquer strategy. 

 

Figure 1. Decision Tree with C4.5 (Jin-Hui&Jian-Jun, 2009) 

 

Introduction to Bagging 

“Bagging” is a method that can improve the results of machine learning classification 

algorithms (Breiman, 1994). This method was formulated by Leo Breiman, and the name is 

derived from the phrase “Bootstrap Aggregating” (Breiman, 1994). Bagging is a method 

based on ensemble methods; therefore, the general steps of the Bagging method can be seen 

in the image described previously. There are several important aspects of this method, 

namely: 

a. Data distribution (bootstrapping) is created using sampling with replacement. 
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b. Building a classifier on each bootstrap sample. How this method works is illustrated in 

the following image: 

 

Figure 2. Bagging Process (Govindaraju, 2008) 

 

The Bagging Process 

From a data set, we can randomly select only a portion of observations (resampling) 

and then use them to construct a tree. Repeating this process will produce different portions 

of the data, followed by different trees. As an illustration, suppose we obtain three different 

trees from three partial data samplings, as depicted in Figure 3. 

 

Figure 3. Bagging Process, tree 1 (Tse.O.K, 2005) 
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The research design used in this study is the experimental method. Experimental 

research is a study that answers the question "if we do something under strictly controlled 

conditions, what will happen?" To determine whether there is a change or not in a strictly 

controlled condition, we need a treatment in that condition, and this is what is done in 

experimental research. Therefore, experimental research can be said to be a research method 

used to find the effect of certain treatments on others under controlled conditions (Sugiyono, 

2010). Experimental research is a study in which at least one variable is found to be 

manipulated to study cause-and-effect relationships (Solso, 2002). Therefore, experimental 

research is closely related to testing a hypothesis in order to find the effect, relationship, or 

difference in changes in the group that is given the treatment. 

The elements of novelty in this article can be identified as:  

1.  Application of the C4.5 Bagging-Based algorithm specifically in the analysis of 

customer satisfaction of electronic pulses. Many studies discuss churn or loyalty, but the 

focus on customer satisfaction of local credit counters with internal datasets is still rare. 

2.  Systematic comparison of three attribute criteria: Gain Ratio, Information Gain, Gini 

Index, for both algorithms (C4.5 and Bagging-C4.5) simultaneously. 

3.  Evaluate the method using a combination of metrics: accuracy, precision, Remember, 

ROC (positive & negative), Confusion Matrix which is rarely done comprehensively in 

the context of credit customer satisfaction. 

4.  Original local-scale dataset (Morning Star Cell counter). Which reflects: Characteristics 

of Students/Students, certain regions, Electronic Pulse-specific services. 

So that novelty can be formulated: "The use of Bagging-C4.5 to improve the predictive accuracy of 

local electronic pulse customer satisfaction with multi-criteria attribute comparison and multi-metric 

evaluation to determine the optimal classification method." 

 

METHOD 

The research method used in developing this herbal medicine expert system 

application for ear, nose, and throat (ENT) diseases uses the R&D (Research & 

Development) method. Research and development (R&D) is a research method used to 

produce specific products and test their effectiveness [20]. These products are not always in 

the form of objects or hardware, such as books, modules, classroom or laboratory learning 

aids, but can also be software, such as computer programs for data processing, classroom 
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learning, libraries or laboratories, or models for education, learning, training, guidance, 

evaluation, management, and others (Wahana Komputer, 2013). 

Descriptive analysis is a method that describes the data obtained according to the data 

to be collected and then examines the data conditions and then groups them according to 

data tabulation to illustrate the actual conditions that occur at the empirical level (Ade Johar 

Maturidi, 2012). In writing this thesis, the author used the research and development method 

or R&D (Research and Development) because the author developed a new application and 

collected data by directly observing conditions in the field so that it can be used as a 

consideration in decision making. 

 

DISCUSSION 

Electronic Credit Customer Dataset 

The table below describes an example of a data set used in research to determine 

customer satisfaction using the C4.5 algorithm. Compared with the bagging-based C4.5 

algorithm, this data set was used to determine the most suitable algorithm for predicting 

customer satisfaction. 

Table 1. Bintang Pagi Cell Electronic Credit Customer Dataset 

 
 

Researchers use 11 variables which are described by normalization, the explanation of 

the attributes used is: X1: Customer Code X2: Customer Cell Phone Number X3: Customer 
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Sub-district Address X4: Customer Regency/City Address X5: Distance from Customer's 

Residence to the counter X6: Prime X7: Amount of Credit Top-Up X8: Payment X9: 

Satisfaction X10: Membership X11: Activation. 

 

Entrophy and Gain Calculations 

Entrophy and Gain calculations are required to find the highest node. They are used to 

determine the degree of the attribute with the highest value, which is placed at the root end. 

A description of the calculations can be found in the appendix. 

 

Accuracy Comparison Model Testing 

The samples will be tested on the training data to obtain comparative results between 

the C4.5 Algorithm and the Bagging-Based C4.5. In this test, other attribute selection 

methods, namely the Gini Index, Information Gain, and the Gini Index, were added to assess 

the accuracy of each attribute selection method using the same algorithm, C4.5 and the 

Bagging-Based C4.5. The results for each attribute selection method show differences, as 

shown in Table 2. Figure 4 below shows the experimental results for accuracy between the 

Gini Index, Information Gain, and the Gini Index. 

Table 2. Accuracy Results for C4.5 and the Bagging-Based C4.5 

 

 

Figure 4: Accuracy Results Graph for C.45 and Bagging-Based C.45 
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Table 2 and Figure 4 show that, based on experimental criteria using Gain Ratio, Information 

Gain, and Gini Index, the bagging-based C4.5 algorithm performs better than the C4.5 

algorithm for the Gain Ratio and Gini Index criteria. Meanwhile, for the Information Gain 

criterion, the accuracy results show the same value for both algorithms. Therefore, it can be 

concluded that the bagging-based C4.5 gain ratio criterion yields superior accuracy, with 

91.09%. 

 

Comparison Test of Class Precision of C4.5 and Bagging-Based C4.5 

 

Table 3: Class Precision Results for C4.5 and Bagging-Based C4.5 

 

 

Figure 5. Graph of Class Precision Results for C.45 and C.45 Based on Bagging 

 

Table 3 and Figure 5 show that, based on experimental criteria using Gain Ratio, 

Information Gain, and Gini Index, the bagging-based C4.5 algorithm performs better than 

the C4.5 algorithm for both Gain Ratio and Gini Index. Meanwhile, for the Information Gain 

criterion, Class Precision results show similar values for both algorithms. Therefore, it can 

be concluded that the Class Precision performed using the bagging-based C4.5 Gini Index 

criterion is superior, with a Class Precision value of 94.28%. 
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Comparative Test of Class Recall for C4.5 and C4.5 Based on Bagging 

 

Table 4. Class Recall Results for C4.5 and C4.5 Based on Bagging 

 

 

 

Figure 6. Graph of Class Recall Results for C.45 and C.45 Based on Bagging 

 

Table 4 and Figure 6 show that, based on the experimental criteria of Gain Ratio, 

Information Gain, and Gini Index, the bagging-based C4.5 algorithm performs better than 

the C4.5 algorithm for the Gini Index criterion. Meanwhile, for the Information Gain and 

Gain Ratio criteria, the Class Recall results show similar values for both algorithms. 

Therefore, it can be concluded that the Class Recall using the bagging-based C4.5 Gini Index 

criterion performs better, with a Class Recall value of 95.328%. 

 

ROC Curve Comparison Test (Positive Class) 

 

Table 5. ROC Curve Analysis of Gain Ratio, Information Gain, and Gini Index 

Criteria for C4.5 and C4.5 Based on Bagging (Positive Class) 
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Figure 7. Comparison Graph of ROC Curves for C4.5 and Bagging-Based C4.5 

Table 5 and Figure 7 show that, when evaluated using ROC calculations based on the 

Gain Ratio, Information Gain, and Gini Index criteria, the bagging-based C4.5 algorithm 

performs better than the C4.5 algorithm for both the Gini Index and Information Gain 

criteria. C4.5 performs better for the Gain Ratio criterion. Therefore, it can be concluded that 

the ROC using the positive class criteria, conducted using the Gini Index and Information 

Gain criteria for C4.5 based on bagging, is superior, with ROC values for the Positive Class 

of 0.882% and 0.902%, respectively. 

 

ROC Curve Comparison Test (Negative Class) 

 

Table 6. ROC Curve Analysis of Gain Ratio, Information Gain, and Gini Index 

Criteria for C4.5 and Bagging-Based C4.5 (Negative Class) 

 

 

 

Figure 8. Comparison Graph of ROC Curves for Negative Class C4.5 and Bagging-

Based C4.5 
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Table 6 and Figure 8 show that, based on experimental criteria, the bagging-based C4.5 

algorithm outperforms the C4.5 algorithm for Gini Index, Information Gain, and Gini Ratio. 

Therefore, it can be concluded that the ROC for the negative class using the Gini Index and 

Information Gain criteria for bagging-based C4.5 is superior, with ROC values of 0.606%, 

0.601%, and 0.585%, respectively. 

 

Confusion Matrix Comparison Test 

After analyzing the results of the Accuracy, Precision, Recall, ROC Curve (Positive), 

and ROC Curve (Negative) tests above, the final calculation was performed to determine the 

Confusion Matrix. 

 

Figure 9. Comparison Chart of Confusion Matrix C4.5 and Bagging-Based C4.5 

 

Figure 9 illustrates the experiment conducted in calculating the confusion matrix. The 

percentage of True Positives (TP) in C45 was 0.589, while Bagging-Based C4.5 was 0.062. 

The percentage of False Positives (FP) in C45 was 0.589, while Bagging-Based C4.5 was 

0.058. The percentage of True Negatives (TN) in C45 was 0.944, while Bagging-Based C4.5 

was 0.937. The percentage of False Negatives (FN) in C45 was 0.941, while Bagging-Based 

C4.5 was 0.941. Therefore, it can be concluded that the best confusion matrix value is found 

in C4.5. 

From the article and the context of the research, several gaps can be seen: 

1.  The focus of the research is still on algorithm comparison, not yet on factors that cause 

satisfaction, interpretation of business decisions, and CRM strategy based on models. 

2.  Limited datasets: 460 customers, only 11 variables, 51-65 Sulaiman-Ade. Gap: not 

accounting for psychographic variables, competitor services, promotion, and network 

quality. 
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3.  Haven't explored other ensemble techniques such as Random Forest, AdaBoost, and 

Gradient Boosting, which can produce a wider comparative effect. 

4.  Data imbalance is only mentioned through the F-measure; however, Imbalance 

management techniques are not followed (e.g., SMOTE, cost-sensitive learning). 

5.  Research applications still focus on one outlet. So that generalization: Region, Large 

telecommunications operators, Modern Digital E-Payment, It is still a further research 

opportunity. 

6.  External validation has not been done, such as K-fold cross-validation or split testing 

across datasets. 

 

CONCLUSION 

From the research results, it is proven that the C4.5 algorithm based on bagging is 

more appropriate than the C4.5 analysis based on the analysts' Accuracy results at BINTANG 

PAGI CELL management. This is supported by the research evaluation, which shows that 

the bagging-based C4.5 algorithm achieves a higher Accuracy than the original C4.5. 

 

Implication 

From the results of the evaluation in terms of accuracy, it was proven that C4.5 based 

on bagging was appropriate compared to the results of the C4.5 algorithm analysis carried 

out. With increasing accuracy in predicting behavioral patterns towards customer 

satisfaction, the company can provide better service to Bintang Pagi Cell electronic credit 

customers. In further research, it will be developed in retesting the research model by adding 

other attributes such as data on the percentage increase in the number of customers. 
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