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Abstract: 

Introduction: Customer churn in the credit card industry presents a significant challenge for financial institutions, 

potentially resulting in substantial revenue loss. This study aims to develop predictive models for identifying credit 
card customers likely to churn, thereby enabling proactive retention strategies. Methods: A dataset of 5,000 credit card 

customer records was used, including 800 churn and 4,200 non-churn instances, reflecting a class imbalance addressed 

using the Synthetic Minority Over-sampling Technique (SMOTE). Two machine learning models—Random Forest 

and XGBoost—were implemented. Data pre-processing involved feature scaling, categorical encoding, and class 
balancing. Key predictive features included age, marital status, education level, transaction count, and total transaction 

value. Both models underwent hyperparameter tuning to optimize performance. Results: The Random Forest model 

achieved a baseline accuracy of 95%, improving to 96% after tuning, with an F1-score of 88% for the churn class. 

XGBoost demonstrated consistent accuracy of 96% before and after tuning but outperformed in minority class 
detection with an F1-score of 87%, precision of 86%, and recall of 89%. Analysis revealed that customers aged 40–55 

were more likely to churn, influenced by behavioral and demographic factors. Conclusions: Both Random Forest and 

XGBoost models showed excellent performance in churn prediction. However, XGBoost proved more effective in 

identifying minority class instances, making it the preferred model for credit customer churn prediction. These findings 

support the integration of predictive analytics in customer retention strategies within the banking sector. 
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Dataset link: https://drive.google.com/file/d/1EiiqElL8KnDZpjM-EtVjWNOHAANrumWE/view?usp=sharing 

 

1. Introduction 

The rising utilization of credit cards in Indonesia has favorably influenced the economy, although it has also 

presented considerable hurdles for banks in mitigating the risks linked to these services. A significant risk 

encountered by banks is customer churn, [1] wherein clients opt to discontinue utilizing credit card services. 

Customer churn can result in substantial financial losses, heightened operational expenses, and diminished bank 

revenue. Consequently, it is essential for banks to anticipate consumers at risk of churn in order to execute 

effective retention initiatives. The prediction of customer churn has emerged as a significant subject in data mining 

and artificial intelligence (AI), as these methodologies can thoroughly analyze customer data to discern patterns 

associated with turnover. Prior research has employed diverse methodologies to forecast churn, including Naïve 

Bayes and ID3. For example, [2] employed Naïve Bayes and ID3, achieving an accuracy of 85.17%. Meanwhile, 

[3] revealed that Random Forest surpassed other approaches, including Bagging and AdaBoost, in accuracy. 

XGBoost, an enhancement of the gradient boosting algorithm, has demonstrated improved efficacy in forecasting 

churn, XGBoost, an improvement of the gradient boosting algorithm, has shown superior performance in 

predicting churn. In a study by [4] XGBoost achieved an accuracy of 92.36% in predicting term deposit customers. 

Although these studies produced promising results, many have yet to optimize the analysis of transactional 

behavior factors that may influence customers' decisions to churn. According to [5], XGBoost enhanced with 

Hyperparameter Tuning using GridSearch improved performance in classifying credit card customers, with an 
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accuracy of 80.04%, precision of 81.34%, and recall of 96.85%. Furthermore [1] Examined customer churn 

prediction with the C4.5 algorithm enhanced by Particle Swarm Optimization (PSO) for attribute selection and 

confusion metric assessment. The results indicated that PSO optimization enhanced churn prediction accuracy by 

1.91% (totaling 91.55%) and attained a precision of 85.21%, recall of 85.0%, and F1-score of 85.11%, surpassing 

the C4.5 algorithm in the absence of optimization. This research seeks to create a churn prediction model for credit 

card clients utilizing two robust methodologies: Random Forest and XGBoost, incorporating hyperparameter 

optimization to enhance model efficacy. This method is anticipated to yield more precise and comprehensive 

forecasts concerning clients at danger of attrition. The study's findings are expected to facilitate the advancement 

of information technology within the banking sector, assist banks in formulating more efficient retention 

strategies, decrease churn rates, and improve customer satisfaction. This study will also evaluate the benefits of 

both strategies to offer significant insights for strategic decision-making. 

2. Method: 

To ensure that each stage of this research provides accurate analyses and reliable data, it was carried out 

through controlled, systematic, and structured phases. With the goal of providing thorough insights into credit 

card user churn prediction, the procedure was carefully constructed, covering data processing all the way to the 

final analysis. 

 

Figure 1. Research Stages 

Data Collection Process  

The dataset utilized in this study was supplied by PT Course Net Indonesia concerning credit card churn consumers. This 

dataset has 5000 entries encompassing detailed attributes pertaining to client demographics and credit card utilization 

patterns. The data was gathered by PT Course Net Indonesia to guarantee that the dataset reflects a wide and varied sample 

of credit card consumers. The data collection method entailed gathering comprehensive metrics regarding client behaviour 

and demographics, which are crucial for constructing precise predictive models. Due to the nature of this dataset, several 

pre-processing steps were required to prepare the data for analysis. These steps include handling missing values, encoding 

categorical variables, scaling numeric features and smote. 

Table 1. Feature Descriptions 

Column Non-Null Count Type 

client_id 5000 int64 

label 5000 int64 

usia 5000 int64 

gender 5000 object 

jumlah_tanggungan 5000 int64 

pendidikan 5000 object 
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Column Non-Null Count Type 

status_nikah 5000 object 

penghasilan_tahunan 5000 int64 

tipe_kartu_kredit 5000 object 

lama_nasabah 5000 int64 

jumlah_produk 5000 int64 

bulan_nonactive 5000 int64 

jumlah_kontak 5000 int64 

total_limit_kredit 5000 float64 

total_limit_kredit_dipakai 5000 float64 

sisa_limit_kredit 5000 float64 

rasio_transaksi_Q4_Q1 5000 float64 

total_transaksi 5000 int64 

jumlah_transaksi 5000 int64 

rasio_jumlah_transaksi_Q4_Q1 5000 float64 

rasio_pemakaian 5000 float64 

 

We analyse the dataset by creating various plots to understand the relationships between features. These visualizations 

include Univariate, Bivariate, and Multivariate Analysis. [6] 

 

Figure 2. Univariate Analysis 

 

Figure 3. Bivariate Analysis 
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Figure 4. Multivariate Analysis 

Data Analysis Method 

Feature Selection and Pre-processing [4]. 

➢ Removing Irrelevant Features: Client_id column is removed as it does not contribute to predictive modelling. 

➢ Encoding Categorical Data: Categorical variables such as Pendidikan, Status Nikah, Penghasilan Tahunan, Tipe 

Kartu Kredit, encoded using numerical values [7]–[9]. For example: 

Table 2. Encoding Feature Category 

 

➢ Scaling Features: All numerical features are scaled to have a mean of 0 and variance of 1 to standardize 

the data [10]–[13] 

𝜒𝑆𝑐𝑎𝑙𝑒𝑑 =  
𝜒 −  𝜇

𝜎
 (1) 

Where 𝜇 is the mean and 𝜎  is the standard deviation of the feature. 

➢ SMOTE : Class imbalance in the dataset. With SMOTE, the number of samples in both classes is 

equalized to 6720, so the model is expected to be better at classifying previously underrepresented 

minority classes [14]–[17]. 

 
Figure 5. SMOTE 

Column Name Type Description 

Pendidikan Numerical 
Education levels (0 = Uneducated, 1 = Doctorate, 2 = Graduate, 3 = 

High School, 4 = College, 5 = Master, 6 = Unknown) 

Status_Nikah Numerical Marital status (0 = Divorced, 1 = Married, 2 = Single) 

Penghasilan_Tahunan Numerical 
Income categories (0 = $120K+, 1 = $40K-$60K, 2 = $60K-$80K, 3 = 

$80K-$120K, 4 = Less than $40K) 

Tipe_Kartu_Kredit Numerical Type of credit card (0 = Blue, 1 = Gold, 2 = Platinum, 3 = Silver) 
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Model Implementation: 

➢ Data Splitting: The dataset is split into training (80%) and testing (20%) sets to facilitate model validation and 

testing 

➢ Random Forest Classifier 

A Random Forest Classifier is utilized for its capacity to manage imbalanced datasets and ascertain feature 

relevance [18]–[21]. The classifier undergoes 5-fold cross-validation to guarantee the model's reliability and 

generalizability.  

𝑦̂𝑖 =  𝑚𝑜𝑑𝑒𝑙 𝑇1 (𝜒), 𝑇2 (𝜒), … . . , 𝜏_𝜋 (𝜒) (2) 

Where: 

𝑦̂𝑖 is the predicted class. 

l𝑇1(𝜒) is the prediction of the i-thtree for input x 

𝝅 is the total number of trees. 

Each tree in the forest is trained on a bootstrap sample of data. The final prediction is made by either taking a 

majority vote for classification or averaging the predictions of all trees for regression. 

𝐶𝑉(𝑘) =  
1

𝑘
 ∑ 𝑒𝑟𝑜𝑟𝑟𝑖

𝑘
𝑖=1   (3) 

➢ XGBoost Classifier 

XGBoost (Extreme Gradient Boosting) is an algorithm proficient in handling extensive and intricate datasets . 

XGBoost enhances prediction accuracy by sequentially constructing decision trees that rectify the faults of 

preceding trees. [5] 

𝑂𝐵𝐽 (𝜃) = 𝐿(𝜃) +  Ω(𝜃)  (4) 

where 𝑳(𝜽) represents the loss function, 𝜴(𝜽) denotes the regularization function, and 𝜽 refers to the associated 

model parameters. The loss function is generally expressed as: 

𝐿(𝜃) =  ∑ 𝑙 (𝑦𝑖 , 𝑦̂𝑖)𝑛
𝑖=1   (5) 

Here, 𝒚𝒊 represents the true value, 𝒚̂𝒊 is the predicted value, and nnn is the number of iterations of the 

model 

➢ Hyperparameter Tuning 

Hyperparameter Tuning is the process of identifying the optimal combination of a model's hyperparameters to 

improve prediction performance. Methods like GridSearchCV are frequently employed for this objective. 

GridSearchCV is a hyperparameter optimization technique that facilitates the exploration of a specified range of 

hyperparameters. GridSearchCV applies multiple hyperparameter combinations to the model and assesses the 

performance of each combination. The combination yielding the highest performance is designated as the optimal 

hyperparameters for the model [22] 

Permormance Evaluation 

a. Accuracy: The ratio of correctly predicted instances to the total instances. 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚
𝑻𝑷 + 𝑻𝑵

𝑻𝑷 + 𝑻𝑵 + 𝑭𝑷 + 𝑭𝑵
 (6) 

 

b. Precision: The ratio of true positive predictions to the total positive predictions. 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏
𝑻𝑷

𝑻𝑷 + 𝑭𝑷
 (7) 

 

c. Recall: The ratio of true positive predictions to the total actual positives. 

𝑹𝒆𝒄𝒂𝒍𝒍
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 (8) 
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d. F1-Score: The harmonic mean of precision and recall. 

𝑭𝟏 − 𝑺𝒄𝒐𝒓𝒆 = 𝟐.
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 .  𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 +  𝑹𝒆𝒄𝒂𝒍𝒍
 (9) 

TP stands for True Positive, TN represents True Negative, FP refers to False Positive, and FN denotes False 

Negative. These metrics offer a thorough evaluation of the model's performance, emphasizing both its strengths 

and areas where it can be improved [23]−[25]. 

3. Results and Discussion 

Results 

Data pre-treatment encompassed critical activities such as feature selection, encoding of categorical variables, 

and scaling of numerical features to ready the dataset for modeling. The Client Id and Gender columns were 

initially removed as they were considered irrelevant for predictive analysis. Categorical data, including education 

level, marital status, annual income, and credit card type, were transformed into numerical values to enable the 

use of Naive Bayes and XGBoost algorithms. Furthermore, all numerical features were normalized to possess a 

mean of 0 and a variance of 1, so assuring uniform data scaling for efficient model training and assessment. Naive 

Bayes and XGBoost models were trained and verified utilizing 5-fold cross-validation to guarantee the robustness 

and dependability of the outcomes. In order to find the best parameter combinations for improving the model's 

accuracy, hyperparameter tweaking was carried out using GridSearchCV. For every hyperparameter and cross-

validation fold, we calculated critical performance measures like recall, accuracy, precision, and F1-score. The 

results of the evaluations, including a summary of the algorithms' performance metrics, are shown in Table 3. 

Table 3. Evaluation Model Performance 

Model 
Metrics 

Accuracy Precision Recall F1-Score 

Random Forest 95% 90% 81% 85% 

Random Forest - HyperparameterTuning 96% 87% 88% 88% 

XGBoost 96% 90% 86% 88% 

XGBoost - Hyperparameter Tuning 96% 90% 85% 87% 

 

Figure 6. Confusion Matrix  

Figure 6 presents the confusion matrices for the Random Forest and XGBoost models, both prior to and 

subsequent to hyperparameter adjustment. Prior to optimization, the Random Forest model correctly identified 

823 instances of "No Churn" and 130 cases of "Churn." Seventeen "No Churn" events were erroneously labeled 
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as "Churn," whereas thirty "Churn" examples were mistakenly categorized as "No Churn." Following 

optimization, the Random Forest model demonstrated enhancement, with accurate "Churn" predictions rising to 

141 and a decrease in misclassifications to 19 "Churn" cases classified as "No Churn" and 25 "No Churn" instances 

classified as "Churn." Prior to tuning, the XGBoost model accurately identified 823 occurrences of "No Churn" 

and 138 cases of "Churn." Notwithstanding this, 17 "No Churn" instances were erroneously categorized as 

"Churn," whereas 22 "Churn" instances were misclassified as "No Churn." Following calibration, the model's 

performance exhibited slight modifications. The count of accurate "No Churn" predictions stayed at 823, while 

the accurate "Churn" predictions experienced a minor decline to 136. Furthermore, misclassifications of "Churn" 

as "No Churn" rose to 24, whereas misclassifications of "No Churn" as "Churn" remained at 17. In summary, 

hyperparameter modification significantly influenced the Random Forest model more than the XGBoost model. 

Discussion 

This study emphasizes the issue of class imbalance in forecasting customer turnover, which was successfully 

mitigated through the application of the SMOTE technique. The results highlight that customer demographics and 

behavioral patterns, including age, marital status, and education level, substantially affect churn. The highest 

turnover rates were noted among clients approximately 50 years old, with marital status and educational 

attainment further influencing churn probability. Feature significance analysis highlighted transactional behavior 

as essential in forecasting churn. Both XGBoost and Random Forest models exhibited robust prediction 

performance; however, tweaking unveiled subtle distinctions. Although Random Forest attained slightly superior 

accuracy after tuning, XGBoost demonstrated enhanced capability in detecting the minority class (churned 

consumers), exhibiting superior recall and F1-score enhancements. This enhanced acknowledgment of the 

minority class establishes XGBoost as a more equitable model for churn prediction. 

4. Conclusion 

The study demonstrates that complex ML models, and XGBoost in particular, are capable of meeting the 

difficulties of churn prediction when dealing with class imbalance. The use of SMOTE greatly improved the 

model's minority class identification capabilities, leading to well-rounded and robust predictions. Before 

optimization, the XGBoost model achieved 90% accuracy, 86% recall, and 88% F1-score for the minority class, 

and 97% accuracy, 98% recall, and 88% F1-score for the majority class. After the tweaking, XGBoost showed 

improved equilibrium, with the majority class reaching 98% accuracy, 97% recall, and 97% F1-score, and the 

minority class 86% accuracy, 89% recall, and 87% F1-score. 

On the other hand, the Random Forest model initially achieved 90% accuracy, 81% recall, and 85% F1-score 

for the minority class, whereas the majority class achieved 96% accuracy, 98% recall, and 97% F1-score. 

Following tuning, Random Forest attained an F1-score of 98%, a recall of 97%, and a precision of 88% for the 

majority class, and an F1-score of 88% for the minority class. While both models performed admirably after 

tuning, XGBoost outperformed the other in identifying the minority class (churned consumers), maintaining high 

recall and F1-scores. These results demonstrate that XGBoost is a powerful tool for businesses who want to 

prevent client churn and implement personal retention plans. 
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