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ABSTRACT  

Predicting customer churn remains a critical challenge in the banking industry, as retaining existing 

customers is generally more cost-effective than acquiring new ones. This study addresses the issue of 

data imbalance in churn prediction by applying resampling techniques, namely Synthetic Minority 

Oversampling Technique (SMOTE), Random Over-Sampling (ROS), and Random Under-Sampling 

(RUS). The dataset comprises 10,000 customer records with 14 attributes, analyzed using Random 

Forest and LASSO Logistic Regression algorithms. Model performance was evaluated using accuracy, 

precision, recall, and F1-score metrics. The results indicate that Random Forest combined with ROS 

achieved the highest accuracy (86%), although the churn recall remained low (0.50). SMOTE yielded 

an accuracy of 82% with a more balanced recall (0.62), while RUS achieved an accuracy of 79% and 

the highest recall (0.78), albeit at the expense of precision. For LASSO Logistic Regression, SMOTE 

provided the best results with 73% accuracy and 0.64 recall, whereas both ROS and RUS achieved 71% 

accuracy with a recall of 0.72. The findings highlight the effectiveness of oversampling techniques in 

enhancing churn detection, providing practical insights for banking institutions to improve customer 

retention strategies. 

Keywords: Customer Churn, LASSO Logistic Regression, Machine Learning, Random Forest, 

Resampling Technique 

 

1. INTRODUCTION  

In the banking industry, professional customer service alone is insufficient; trust is equally essential, as 

banking is fundamentally a business that sells trust to the public. Marketing practices have recently 

shifted from a transaction-based orientation to one that emphasizes relationship quality, highlighting the 

importance of building long-term relationships with customers. Efforts to maintain these relationships 

are referred to as customer retention. Achieving effective customer retention requires adequate support 

to ensure satisfactory outcomes, with customer satisfaction serving as the key determinant [13]. 

Customer churn, defined as the transfer of customers from one financial institution to another, has 

become a pressing issue due to its potential negative impact on banks. For financial institutions, 

customer churn represents a significant financial loss that may undermine overall business performance 

[16]. Predicting the likelihood of customer attrition is therefore crucial, as acquiring new customers 

generally incurs costs five to ten times higher than retaining existing ones. Accurate churn prediction 

enables banks to design targeted marketing strategies tailored to specific customer characteristics while 

addressing their individual needs. Moreover, such predictions allow banks to implement proactive 

retention campaigns to reduce the risk of losing valuable customers to competitors [8]. 

 

Machine learning is a branch of artificial intelligence and computer science that focuses on utilizing 

data and algorithms to mimic human learning processes, thereby improving accuracy over time [2]. By 

leveraging machine learning methods, companies can predict the likelihood of customer churn, enabling 

early preventive measures to be implemented [11]. In the banking sector, one of the primary challenges 

in churn prediction is data imbalance, as the majority of customers remain loyal while only a small 
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proportion discontinue their services. This condition can cause prediction models to become biased and 

less sensitive in identifying customers who are likely to leave the bank. 

 

Previous studies applying machine learning methods, including Random Forest, LASSO Logistic 

Regression, and Support Vector Machine (SVM) with random undersampling, random oversampling, 

and SMOTE techniques, demonstrated that Random Forest was the optimal classification method. 

Meanwhile, SVM showed lower overall performance compared to Random Forest and LASSO Logistic 

Regression [7]. Another study revealed that a hybrid approach combining K-Means and Support Vector 

Machine (SVM) with imbalanced data handling through Random Oversampling proved to be an 

effective and efficient solution for addressing class imbalance problems [19]. 

 

This study applies Random Oversampling (ROS), Random Undersampling (RUS), and SMOTE 

methods to address data imbalance issues in churn prediction, where the number of retained customers 

(non-churn) significantly exceeds those who discontinue their services. This research utilizes the 

Confusion Matrix as the primary evaluation method to measure accuracy, precision, recall, and F1-score 

of the developed models. The use of the Confusion Matrix also aims to enable direct comparison with 

previous studies that employed similar methods in evaluating model performance. Through this 

approach, the research is expected to provide a more comprehensive understanding of the advantages 

and limitations of the applied methods [3]. The implementation of these techniques is anticipated to 

contribute positively to model effectiveness in detecting churn patterns. 

 

2. METHODS  

1. Dataset 

This study uses secondary data from the Churn Bank Customers AK dataset, sourced from the public 

Kaggle repository at https://www.kaggle.com/datasets/akelsayed/churn-bank-customers-ak. The 

dataset comprises 10,000 records with 14 variables, divided into 13 features and 1 target class. Data 

collection was conducted with careful consideration to ensure that the obtained data is sufficiently 

representative to develop an accurate prediction model. 

Table 1. Feature Dataset. 

No. Atribut Description 

1  RowNumber  Sequential ID of each row.  

2 CustomerId  Unique ID for each customer.  

3   Surname   Customer's surname.  

4 CreditScore   Customer’s credit score.  

5   Geography   Country of residence. 

6   Gender   Gender of the customer. 

7 Age Age of the customer. 

8 Tenure Number of years the customer has been with the bank. 

9 Balance Account balance. 

10 NumOfProducts The number of bank products the customer uses. 

11 HasCrCard Indicator (1 or 0) if the customer has a credit card. 

12 IsActiveMember Indicate if the customer is an active bank member. 

13 EstimatedSalary Customer’s estimated salary. 

 

Table 2. Dataset class. 

https://www.kaggle.com/datasets/akelsayed/churn-bank-customers-ak
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No. Atribut Description 

1 Exited Target variable indicating if the customer left the bank (1 = 

exited, 0 = retained). 

  

The "Exited" class serves as the target attribute in the dataset used to predict whether a customer will 

continue using banking services or discontinue their relationship with the bank. The analysis steps 

conducted in this study are as follows: 

2. Preprocessing Data. 

Preprocessing is a collection of techniques applied to datasets to eliminate noise, missing 

values, and other errors, ensuring the data is ready for further processing [16]. 

a. Missing Value Detection and Handling 

The dataset used in this study underwent verification to ensure no missing values were 

present in any attribute. The inspection process was conducted using specific functions, 

and the results indicated that all columns, including key characteristics such as age, 

gender, balance, and exit status, contained complete data. Therefore, no imputation or 

data removal processes were required to handle missing values. The dataset was 

declared clean and ready for subsequent data preprocessing stages. 

b. Encoding Labels 

In this study, categorical data were converted to a numerical format by assigning 

distinct numerical codes to each category. For example, in the Gender column, the 

"Female" category was assigned label 0, and "Male" was assigned label 1. Meanwhile, 

the Geography column contained categories such as "France," "Germany," and "Spain." 

These categories were transformed using the Label Encoding method by assigning 

appropriate numerical labels: France = 0, Germany = 1, and Spain = 2. This 

preprocessing step facilitates efficient data processing by machine learning algorithms. 

3.    Data Splitting 

At this stage, the dataset was divided into two subsets: 70% for training, used to develop the 

models, and 30% for testing, reserved for performance evaluation. 

4.    Data Resampling  

Data resampling was applied to address class imbalance, implementing both oversampling and 

undersampling approaches. The oversampling techniques included Random Over-Sampling (ROS) and 

the Synthetic Minority Over-Sampling Technique (SMOTE), while undersampling was performed 

using Random Under-Sampling (RUS). 

a. Random Oversampling (ROS) works by randomly duplicating data samples from the minority 

class and adding them to the training dataset. ROS increases the training dataset size by 

replicating original samples until the class distribution becomes balanced [9]. 

b. Random Undersampling (RUS) handles imbalanced data by randomly reducing the number of 

samples from the majority class while maintaining all samples from the minority class, thereby 

achieving class balance through sample reduction. 

c. Synthetic Minority Oversampling Technique (SMOTE) creates new samples by interpolating 

minority samples [17]. Like ROS, SMOTE also increases the size and variation of the training 

dataset by generating synthetic samples within the training dataset through interpolation 

between existing data points in the minority class that are adjacent to each other [4]. 

5.    Machine Learning Classification Model Development 

Classification models were developed using Random Forest and LASSO Logistic Regression 

algorithms. 

a. Random Forest.  

Random Forest is constructed using the bagging method with random attributes, which is an 
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extension of the Decision Tree method. This method is considered one of the best-performing 

machine learning algorithms, where decision trees are grown to their maximum size without 

pruning, using the CART (Classification and Regression Tree) method [15]. Subsequently, a 

collection of trees is formed, referred to as a forest. Random Forest is a classifier consisting of 

a collection of tree classifiers {ℎ(𝑥, 𝑆𝑏), 𝑏 = 1, . . . , 𝐵} where {𝑆𝑏}  are independent and 

identically distributed random vectors. The Random Forest algorithm construction process is as 

follows [6]:  

1. Approximately one-third of the sample data is not used when forming bootstrap 

samples with replacement for each decision tree. 

2. This unused data is called Out of Bag (OOB). 

3. Each decision tree in the forest has its own OOB data, which is utilized to calculate the 

error rate of that tree. This estimate is known as the OOB error. Additionally, Random 

Forest is capable of measuring the importance level of each variable and making 

predictions. Missing values and outliers can be replaced using predictions generated by 

the model. 

b. LASSO Logistic Regression 

Logistic regression is used to analyze the relationship between a binary response variable Y and 

one or more explanatory variables. In binary logistic regression, the response variable has two 

possibilities: y=1 representing success and y=0 representing failure [1]. Parameter estimation 

in logistic regression is obtained by maximizing the log-likelihood function as follows [12]: 

𝑙(𝛽) = ∑

𝑛

𝑖=1

[𝑦𝑖  𝑙𝑜𝑔(𝜋𝑖) + (1 − 𝑦𝑖)𝑙𝑜𝑔(1 − 𝜋𝑖)] 

                                       = ∑𝑛
𝑖=1 [𝑦𝑖 𝑙𝑜𝑔 (

𝜋𝑖

1−𝜋𝑖
) + 𝑙𝑜𝑔(1 − 𝜋𝑖)] 

                                       = ∑𝑛
𝑖=1 [𝑦𝑖𝑥𝑖𝛽 + 𝑙𝑜𝑔(1 + 𝑒𝑥𝑖𝛽)] (1) 

 

To transform the logistic regression model above into a LASSO logistic regression 

model, a 𝐿1 constraint is applied to the parameters (𝛽) by minimizing the negative log-

likelihood function as follows (Friedman et al., 2010): 

𝛽̂𝐿𝐴𝑆𝑆𝑂 = 𝛽
𝑚𝑖𝑛(∑𝑛

𝑖=1 [𝑙𝑜𝑔(1 + 𝑒𝑥𝑖𝛽) − 𝑦𝑖(𝛽0 + 𝑥𝑖𝛽)] + 𝜆 ∑𝑝
𝑗=1 |𝛽𝑗|)

 (2) 

subject to ∑
𝑝
𝑗=1 |𝛽𝑗| ≤ 𝜆 and 𝜆 > 0. The selection of λ value is performed implicitly 

through the regularization parameter in the Logistic Regression function in scikit-learn 

with penalty='l1' and solver='liblinear'. The model is then trained using oversampled or 

undersampled data to obtain the LASSO logistic regression estimator [10]. 

6.    Model Evaluation 

In this study, the trained models were evaluated through assessment stages that included 

accuracy score calculations and F1-score measurements [14]. Accuracy was determined by 

comparing the number of correct predictions for both positive and negative classes against the 

total number of data points. Meanwhile, the F1-score indicates that the model has good levels 

of precision and recall. 

 

Table 3. Confusion Matrix. 

 Actual Positive Actual Negative 

Predicted Positive True Positive False Positive 
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Predicted Negative False Negative True Negative 

 

a. Accuracy (Akurasi) 

Accuracy represents the level of correctness of the classification model used. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (3) 

b. Precision (Presisi) 

Precision measures the proportion of correct exited predictions from all exited 

predictions. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (4) 

c. Recall 

Recall indicates the classification model's ability to retrieve correct information related 

to “exited” cases. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (5) 

d. F1 Score 

F1-score is a measurement that combines precision and recall values into a single 

evaluation metric. 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

e. Model Evaluation Metrics Comparison 

The process of comparing predictive model performance using various evaluation 

metrics. This step is essential for understanding how the model processes data and 

assessing whether the model has met analytical objectives, particularly in predicting 

customers who exited. 

 

3. RESULTS AND DISCUSSION  

This section discusses the experimental results obtained using the Google Colab application by 

developing models using oversampling and undersampling techniques. The modeling was conducted 

using various classification algorithms for customer churn prediction in the banking sector. 

 

1. Dataset 

 

Figure 1. Dataset. 
 

2. Preprocessing Data 

 

a. Missing Value Inspection and Handling 
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Figure 2. Missing value. 

 

b. Encoding Labels 

 

Figure 3. Encoding Labels. 
 

3. Data Splitting 

In the data splitting stage, the dataset was divided into two main subsets using stratified sampling: the 

training set and the testing set. The data splitting proportion followed a 70:30 ratio, with 70% of the 

data allocated for model training and the remaining 30% reserved for testing to evaluate generalization 

performance on unseen data. This division aims to ensure the validity of evaluation results and prevent 

overfitting in the model. Detailed characteristics, including the number of features, target variables, and 

class distribution, for each data subset are presented in Table 4. 

Table 4. Split Data. 

Dataset Target Amount Target Distribution (0) Target Distribution (1) 

Training Data 

(70%) 

7000 5574 1426 

Test Data (30%) 3000 2389 611 

 

4. Resampling Data 

a. Oversampling Technique 
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Figure 4. Class Distribution before 

Oversampling. 

 

Figure 5. Class Distribution after Oversampling. 

 

b. Undersampling technique 

     

 

Figure 6. Class Distribution before 

Undersampling. 

 

Figure 7. Class Distribution after 

Undersampling. 

 

5. Machine Learning Classification Algorithms 

This study employed two machine learning algorithms to build classification models: Random Forest 

and Logistic Regression with L1 regularization (LASSO). Random Forest was chosen for its ability to 

handle non-linear relationships and complex feature interactions, while Logistic Regression with 

LASSO was selected for its effectiveness in feature selection and interpretability. These complementary 

characteristics justify the use of both algorithms in this study. 

 

a. Random Forests 

Random Forest is an ensemble learning algorithm that integrates multiple decision trees to 

generate more robust and accurate predictions. In this method, each tree is constructed from 

bootstrapped samples of the training data and random subsets of features. At the same time, the 

final prediction is determined through majority voting across the trees. The main advantages of 

Random Forest include its ability to mitigate overfitting in training data and its effectiveness 

when dealing with a large number of input variables. In this study, the Random Forest model 

was implemented using default parameters, with the random_state set to 42 to ensure 

reproducibility of the results. 
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b. LASSO Logistic Regression 

Logistic regression is a statistical method used to model the relationship between predictor 

variables and a binary outcome. In this study, logistic regression with an L1 penalty (LASSO) 

was applied. The L1 penalty performs regularization by shrinking regression coefficients 

toward zero, and in some cases, eliminating irrelevant predictors from the model. Consequently, 

LASSO logistic regression not only provides a classification model but also facilitates feature 

selection, leading to a simpler and more interpretable model. For implementation, the liblinear 

solver was utilized since it supports the L1 penalty, with random_state = 42 specified to ensure 

reproducibility of the results. 

 

6. Model Evaluation 

The performance evaluation results of the Random Forest algorithm, both before and after the 

application of oversampling techniques, are presented in the following table. The oversampling methods 

employed in this study were Random Oversampling and SMOTE. 

Table 5. Random Forest Algorithm Evaluation With SMOTE 

Random Forest with Oversampling Method: SMOTE 

Label Precision Recall F1 Score Accuracy 

0 0.90 0.88 0.89  

0.82 

1 0.56 0.62 0.59 

 

Table 6. Random Forest Algorithm Evaluation With ROS 

Random Forest with Oversampling Method: ROS 

Label Precision Recall F1 Score Accuracy 

0 0.88 0.95 0.91  
0.86 

1 0.71 0.50 0.58 

 

Table 7. Evaluation of Random Forest Algorithm With Undersampling 

Random Forest with Undersampling Method: Random Undersampling 

Label Precision Recall F1 Score Accuracy 

0 0.93 0.80 0.86  
0.79 

1 0.50 0.78 0.61 

The evaluation results show that within the Random Forest algorithm, Random Oversampling (ROS) 

achieved the highest accuracy of 0.86, indicating that balancing the class distribution through 

duplication of minority-class samples can improve the model’s ability to predict churn. In contrast, 
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SMOTE produced a slightly lower accuracy of 0.82 but yielded higher recall for the churn class, making 

the model more sensitive to detecting customers likely to leave, though at the cost of increased 

misclassifications. 

For the LASSO Logistic Regression algorithm, SMOTE achieved the best accuracy of 0.73, 

outperforming ROS, which reached 0.71. Similar to Random Forest, SMOTE also improved recall for 

the churn class (0.64), although its precision remained relatively low (0.40), indicating a high rate of 

false positives. Conversely, ROS provided a more balanced trade-off between recall (0.72) and accuracy 

(0.71), though precision was similarly low (0.38). 

Overall, these findings suggest that Random Forest with ROS represents the most effective combination 

when the primary objective is maximizing accuracy. However, if the focus is on improving churn 

detection (recall), SMOTE is more suitable for both Random Forest and LASSO Logistic Regression, 

despite its relatively lower accuracy. 

   

Figure 8. Confusion Matrix Random Forest Algorithm 

The performance evaluation results of the LASSO algorithm, both before and after the application of 

oversampling techniques, are presented in the following table. The oversampling methods employed in 

this study were Random Oversampling (ROS) and SMOTE. 

 

Table 8. Evaluation of the LASSO Logistic Regression Algorithm with SMOTE 

LASSO Logistic Regression with Oversampling Method: SMOTE 

Label Precision Recall F1 Score Accuracy 

0 0.89 0.76 0.82  
0.73 

1 0.40 0.64 0.49 

 

Table 9. Evaluation of LASSO Logistic Regression Algorithm With ROS 

LASSO Logistic Regression with Oversampling Method: ROS 

Label Precision Recall F1 Score Accuracy 

0 0.91 0.70 0.79  
0.71 

1 0.38 0.72 0.50 

 

Table 10. Evaluation of the LASSO Logistic Regression Algorithm with Undersampling 
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LASSO Logistic Regression with Undersampling Method: Random Undersampling 

Label Precision Recall F1 Score Accuracy 

0 0.91 0.70 0.79  
0.71 

1 0.38 0.72 0.50 

The LASSO Logistic Regression model with SMOTE achieved the highest accuracy of 73%. This 

model performed well in predicting the majority class (non-churn), with a precision of 0.89 and recall 

of 0.76. However, while recall for the minority class (churn) improved to 0.64, the relatively low 

precision of 0.40 resulted in a higher rate of false positives. 

With Random Oversampling (ROS), model accuracy slightly decreased to 71%. Although recall for 

churn increased to 0.72, precision declined to 0.38, indicating more frequent misclassification of non-

churn customers as churn. 

A similar pattern was observed with Random Undersampling (RUS), which also yielded an accuracy of 

71%. The model maintained churn recall at 0.72, but precision remained low (0.38), reinforcing the 

trade-off between recall improvement and overall prediction accuracy. 

Overall, while SMOTE produced the highest accuracy among the resampling methods, ROS and RUS 

proved more effective in enhancing churn detection (recall), albeit at the expense of accuracy and 

precision. 

   

Figure 9. Confusion Matrix LASSO Logistic Regression Algorithm 

C. Comparison of Model Evaluation Metrics 
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Figure 10. Comparison of Random Forest Model Evaluation Metrics with Resampling 

 

Based on Figure 10, the performance evaluation of the Random Forest model using three resampling 

methods (Synthetic Minority Oversampling Technique (SMOTE), Random Over-Sampling (ROS), and 

Random Under-Sampling (RUS)) is summarized as follows. 

● SMOTE produced relatively high accuracy with balanced precision and recall. However, the 

F1-Score remained at a moderate level, suggesting that the model still faced challenges in 

maintaining overall consistency across both classes. 

● ROS achieved the highest accuracy among the three methods. Precision improved significantly, 

but recall decreased, which led to the lowest F1-Score. This result indicates that the model 

became better at recognizing the majority class but less effective at detecting the minority class. 

● RUS showed a different trend. Recall increased sharply, approaching the accuracy value, while 

precision dropped substantially. Despite the reduction in precision, the F1-Score was higher 

than that of SMOTE and ROS, indicating a more balanced trade-off between precision and 

recall. 

Overall, ROS excelled in terms of accuracy, while RUS provided a more balanced performance for both 

classes, as reflected by its better recall and F1-Score. 
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Figure 11. Comparison of Evaluation Metrics of LASSO Logistic Regression Model with Resampling 

 

Based on Figure 11, the evaluation of the LASSO model was conducted using four performance 

metrics—accuracy, precision, recall, and F1-Score—across three resampling methods: Synthetic 

Minority Oversampling Technique (SMOTE), Random Over-Sampling (ROS), and Random Under-

Sampling (RUS). 

● SMOTE yielded the highest accuracy; however, precision and F1-Score remained relatively 

low, while recall was not yet optimal. 

● ROS improved recall considerably and slightly increased the F1-Score, although its accuracy 

declined marginally compared to SMOTE. 

● RUS produced results similar to ROS, maintaining high recall and stable F1-Score, albeit with 

lower precision. 

Overall, both ROS and RUS demonstrated more balanced performance in detecting the minority class 

compared to SMOTE, though this improvement came at the cost of reduced accuracy. 

 

CONCLUSION 

This study successfully addressed the issue of data imbalance in banking customer churn prediction by 

applying resampling techniques—Random Oversampling (ROS), SMOTE, and Random 

Undersampling (RUS)—in combination with Random Forest and LASSO Logistic Regression 

algorithms. The Random Forest model with ROS achieved the highest accuracy (86%), although it 

showed relatively low recall for churn (0.50). Meanwhile, SMOTE produced a more balanced outcome, 

with 82% accuracy and 0.62 recall. For LASSO Logistic Regression, SMOTE yielded the best overall 

performance, achieving 73% accuracy. These results highlight that the choice of resampling technique 

should be aligned with business priorities: ROS is suitable when maximizing accuracy is the primary 

goal, SMOTE is preferable for achieving a balance across evaluation metrics, and RUS offers 

advantages when the focus is on maximizing churn detection sensitivity. Nevertheless, the study has 

limitations, particularly in the LASSO implementation, where ROS and RUS produced identical results, 

potentially due to parameter tuning issues related to the penalty term. Future research could expand by 
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incorporating other machine learning algorithms such as Support Vector Machine, XGBoost, or Neural 

Networks to provide a broader comparative perspective. 
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