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Abstract

Customer satisfaction prediction is critical for business banking to retain clients and optimize services, yet
existing models struggle with imbalanced data and suboptimal convergence. Traditional approaches lack
adaptive learning mechanisms, limiting accuracy in real-world applications. This study developed an
optimized Artificial Neural Network (ANN) model using the Adam algorithm to improve prediction
accuracy for banking customer satisfaction. We trained an ANN on the Santander Customer Satisfaction
Dataset (76,019 entries, 371 features) with Adam optimization. Preprocessing included normalization,
removal of quasi-constant features, and an 80-20 train-test split. Adam’s adaptive learning rates and
momentum were leveraged to address gradient instability. The model achieved 95.82% accuracy, 99.99%
precision, 95.83% recall, a 97.87% F1-score, and 0.82 AUC, outperforming traditional optimizers like
SGD. Training loss reduced by 30% with faster convergence. This work demonstrates Adam’s efficacy in
handling imbalanced banking data, providing a scalable framework for customer analytics. The results
advance computer science applications in fintech by integrating adaptive optimization with deep learning
for high-stakes decision-making. This research contributes to the growing body of knowledge in machine
learning applications for business analytics and provides a valuable framework for improving customer
satisfaction prediction models in various industries and the advancement of deep learning applications in
business intelligence, particularly in banking service quality prediction.
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1. INTRODUCTION

Customer satisfaction is an important factor in business, especially in the banking business. Banks
that have a high level of customer satisfaction will be better able to retain their customers and attract
new customers. One way to improve customer satisfaction is to understand the factors that affect it.
These factors can be the quality of products and services, price, ease of access, and so on [1], [2]. This
study aims to develop a prediction model for customer satisfaction business banking using an artificial
neural network (ANN). Customer satisfaction prediction in business banking remains an unsolved
challenge with direct financial consequences. In Indonesia alone, 15.9% of all consumer complaints
target banking services, with major institutions like Bank Mandiri accounting for 16% of cases. The
Indonesian Consumer Institute Foundation (YLKI) noted that as many as 15.9% of the total 535
complaints came from banking consumers [3]. Bank Mandiri became the bank with the most complaints
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in 2021. YLKI noted that 16% of the total complaints against banks came from Bank Mandiri
consumers. Furthermore, BCA, BNI, and BRI each account for 10% of the total consumer complaints
of banks [4], [5].

Artificial neural network or Artificial Neural Network in Indonesian is a machine learning model
inspired by the structure and function of the biological nervous system, especially in the human brain
[6], [7]- ANN does not seek to mimic the human brain exactly but is inspired by the brain's ability to
learn and process information in parallel [8]. ANN consists of interconnected information processing
units, referred to as artificial neurons. Like neurons in the human brain, artificial neurons in ANNSs
receive inputs, process them, and produce outputs. The connections between these neurons have a
weight that symbolizes the strength of the connection. These weights can be adjusted during the learning
process, so that ANNs can learn from the data and improve their ability to process information. Adam's
algorithm is a stochastic optimization algorithm that is popularly used in machine learning, specifically
to train artificial neural network models. While recent studies demonstrate ANN's potential in
satisfaction prediction [5,8], critical limitations remain unresolved. First, models relying on SGD
optimization exhibit slow convergence (=300 epochs) and sensitivity to learning rate choices. Adam
stands for Adaptive Moment Estimation [9].

Several previous studies have used ANNSs to predict customer satisfaction. One of the studies used
ANN to predict customer satisfaction in the banking industry [10]. The study shows that ANNs can
produce more accurate predictions compared to traditional regression models [11]. Another study uses
ANN to predict customer satisfaction in the telecommunications industry. The study shows that ANN
can identify the most important factors in determining customer satisfaction. This study is different from
previous research in several ways. First, this study uses Adam's algorithm for ANN model optimization
[12]. The Adam algorithm is a newly developed optimization algorithm that has been proven to be more
effective than traditional optimization algorithms. Second, this study uses more comprehensive data.
The data used in this study includes customer demographic data, transaction data, and customer
satisfaction data. Although previous research has shown that ANNs can be used to predict customer
satisfaction, there are still some issues that need to be addressed. The problem of ANN prediction
accuracy can still be improved, the current ANN model is still complex and difficult to interpret, the
data used in previous studies is still limited [13].

Previous research on ANN model optimization with Adam's algorithm to improve the accuracy
of customer satisfaction business banking predictions showed mixed results [14]. Some studies have
shown that the Adam algorithm can improve the accuracy of ANN predictions, but other studies have
shown that there is no significant difference between the Adam algorithm and other optimization
algorithms. In general, previous research has shown that the Adam algorithm has the potential to
improve the accuracy of ANN predictions, but more research is still needed to confirm these results and
to identify optimal conditions for the use of the Adam algorithm. Previous research on ANN model
optimization with Adam's algorithm to improve the accuracy of customer satisfaction business banking
predictions showed mixed results [15]. Some studies have shown that the Adam algorithm can improve
the accuracy of ANN predictions, but other studies have shown that there is no significant difference
between the Adam algorithm and other optimization algorithms. In general, previous research has shown
that the Adam algorithm has the potential to improve the accuracy of ANN predictions, but more
research is still needed to confirm these results and to identify optimal conditions [16].

In the era of digitalization that is growing rapidly, the use of technology in the banking sector is
very important. Therefore, research on the optimization analysis of artificial neural network (ANN)
models with the adam algorithm to improve the accuracy of customer satisfaction business banking
predictions is an interesting topic to study and implement. By using the right technologys, it is hoped that
customer loyalty analysis can be significantly improved. Therefore, this research is expected to make a
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positive contribution to the development of the best model. This research differs from previous works
by applying an optimized ANN with Adam algorithm on a large, real-world dataset, delivering improved
accuracy in customer satisfaction prediction.

2. METHOD

An artificial neural network (ANN) model is a mathematical representation of the structure and
function of a biological neural network, designed to model complex patterns and perform information
processing tasks [17], [18], [19]. Consisting of layers of neurons or information processing units, ANNs
utilize machine learning concepts to recognize patterns, make classifications, and make predictions.
Information flows through this network, with synaptic weights between neurons set during the training
process using labeled data [20], [21], [22]. With its ability to capture non-linear relationships in data,
ANNSs have become a force in a variety of fields, including pattern recognition, prediction, and other
artificial intelligence tasks. The model can learn from experience, improve itself, and adjust its
representation to achieve a high level of accuracy in a variety of applications.

The study implemented an Artificial Neural Network (ANN) using TensorFlow 2.8/Keras on
Python 3.9, featuring an architecture with input (354 neurons), two hidden layers (128 and 64 neurons
with ReLU activation), and sigmoid output, trained via Adam optimizer (learning rate=0.001, $:=0.9,
B2=0.999, e=1e-7) with dropout (0.3) and batch normalization for regularization. The Santander dataset
(76,019 samples) was split into 80% training (stratified), 20% testing, with 20% of training data reserved
for validation using early stopping (patience=15 epochs). All experiments ran on NVIDIA A100 GPUs
with mixed-precision training to optimize performance. Including predictions of customer satisfaction
in the context of business banking services, the ANN model in Figure 1.

Input layer Hidden layer Hidden layer Output layer

Figure 1. ANN development model

2.1. Dataset Collection

The banking business customer dataset required to train the ANN optimization model is an
important element in the development of an ANN model optimized using the adam algorithm. This
dataset is selected from Santander Customer Satisfaction available on Kaggle. The dataset consists of
76,019 customer entries and 371 relevant attributes.

2.2. Preprocessing

This preprocessing stage is a crucial step. In this stage, it is necessary to clean customer data from
various problems and resampling processes to ensure the uniformity of customer data samples.
Furthermore, normalization of customer data is also necessary by dividing the data to eliminate constant
and quasi-constant features. The purpose of this step is to ensure uniformity and normalization of the
dominant values in the data.

2.3. Model Training
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The adam algorithm (adaptive moment estimation) is an optimization algorithm that is generally
used in training machine learning models and neural networks [23]. Created to overcome the limitations
of previous optimization algorithms, Adam combines concepts from the momentum algorithm and
RMSprop. Adam leverages momentum estimation and adaptive calculations of the learning rate to
efficiently adjust the model's parameters during the training process [24]. The main advantage of Adam
lies in its ability to handle the problem of adaptive fluctuating learning rate, thus making it more stable
and effective in optimizing neural network models [25], [26]. With the use of Adam's algorithm, the
model training process becomes faster, more reliable, and able to overcome the challenges of structural
complexity and data diversity in various machine learning tasks. The research flow chart can be seen in
figure 2.

Customer banking
data

Data pre-processing

Data cleaning
Normalization

__________________ Y N
Data Training Data Testing
' XY training XY validation :
i (80%) (20%) ;

Optimization

with Adam

o J

Deep Learning

Artificial Neural
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| AUC | | Accuracy ‘ | Recall | ‘ F1-score ‘ ‘ Precision

Figure 2. Research flow chart

This study aims to optimize the artificial neural network (ANN) model in predicting the level of
customer satisfaction in the banking business sector. The main approach used is to utilize Adam's
algorithm as an optimization method to improve prediction accuracy. Adam's algorithm has proven to
be effective in overcoming several obstacles encountered in the ANN training process, such as rapid
convergence and efficiency in finding optimal values. By applying Adam's algorithm to the ANN model,
it is hoped that more accurate and consistent prediction results related to customer satisfaction in the
banking sector can be obtained, which can make a positive contribution to business decision-making
and customer service improvement. This method of troubleshooting involves critical steps in designing
and managing an optimized ANN model [27]. First, a dataset that includes various variables related to
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customer satisfaction will be collected and filtered. Furthermore, the ANN model will be set up and
optimized using Adam's algorithm during the training process. A thorough analysis will be conducted
to evaluate the performance of the resulting model, with a focus on improving the accuracy of
predictions. The results of this study are expected to provide valuable insights for the banking industry
in understanding the factors that affect customer satisfaction, as well as provide guidance to improve
services and make more informed business decisions.

A problem-solving approach for research on the optimization of artificial neural network (ANN)
models with Adam algorithm to improve the accuracy of customer satisfaction prediction in the banking
business. First, collect relevant data related to customer satisfaction in business banking services. This
may include historical data about customer transactions, customer feedback, and other information that
can be helpful in predicting customer satisfaction. Next, this data will be processed and prepared for
further analysis. Second, once the data is collected, the next step is to conduct feature selection to select
the most relevant and significant subset of features in predicting customer satisfaction. This can be done
by using techniques such as correlation analysis, key component analysis, or other methods to identify
the most important features [28]. The three initial ANN models will be built using the processed data
[29]. This involves selecting the network architecture, including the number of layers and neurons in
each layer, as well as the appropriate activation function. This initial ANN model will then be trained
using the available training data. Fourth, after the initial ANN model is built, the next step is to optimize
the model using Adam's algorithm. This involves tuning the model's parameters, such as learning rate
and momentum, to maximize the model's performance. Adam's algorithm will be applied to adjust the
parameters of the model adaptively during the training process. Fifth, after the training process is
complete, the generated model will be validated using separate validation data. This aims to ensure that
the resulting model can generalize well to new data that has not been seen before. In addition, the model's
performance will be evaluated using appropriate metrics, such as accuracy, precision, recall, or other
relevant metrics. The six results of this study will be analyzed and interpreted [30]. This includes
understanding the contribution of each feature to customer satisfaction predictions, as well as evaluating
the effectiveness of Adam's algorithm in improving prediction accuracy. These findings can be used to
provide valuable insights for banks in improving their services and improving customer satisfaction in
the banking business.

2.4. Evaluation

Evaluate the effectiveness of Adam's algorithm in optimizing the ANN model with a focus on
improving accuracy and using the ROC Curve as an evaluation metric. This study aims to identify how
effective the optimized model is in predicting customer satisfaction levels in the business banking sector.
With the application of Adam's algorithm, this study proposes to overcome challenges such as
overfitting and underfitting, as well as speed up the prediction process. In addition, the use of the ROC
Curve will help in assessing the model's ability to distinguish between different classes more clearly,
providing a deeper understanding of the model's performance within various classification thresholds.

Accuracy is measured by calculating the percentage of correct predictions against the total number
of predictions made by the model. The formula for calculating accuracy is as follows:

Number of correct predictions

Accuracy = x100% (D)

Total number of predictions

The ROC curve is a graph that depicts the performance of a classification model across all
classification thresholds. This curve is made by plotting the TPR (True Positive Rate) against the FPR
(False Positive Rate) at various decision-making thresholds. The TPR and FPR values are calculated by
the formula:
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where TP is True Positives, which is the number of positives that the model actually predicts. FN
is False Negatives, which is the number of positives that the model fails to predict. FP is False Positives,
which is the number of negatives that are incorrectly predicted as positive by the model. TN is True
Negatives, which is the number of negatives that the model actually predicts. Analysis using ROC
Curves helps in determining the optimal threshold for classification, thus improving the model's
predictive capabilities while maintaining a balance between Sensitivity and Specificity. This research
aims to find an ANN model that is not only accurate but also efficient in distinguishing between satisfied
and dissatisfied customers.

3.  RESULT

This research aims to improve accuracy and efficiency in predicting customer satisfaction in
business banking services by optimizing the Artificial Neural Network (ANN) model using the Adam
algorithm. This algorithm is one of the most popular and efficient optimization algorithms in training
artificial neural networks. In this study, a dataset containing customer attributes and their satisfaction
levels was used to train and evaluate the optimized ANN model, can show on table 1.

Table 1. Santander Customer Dataset

Information Train Test
Rangelndex 76.020 75.818
Entries 76.019 75.817
Columns 371 370
Memory Usage 215.2 MB 214.0 MB

In the initial stage, data pre-processing is carried out to ensure that the data used in model training
is in a clean and appropriate condition. This pre-processing process includes checking for missing values
in the dataset, removing irrelevant 'ID' columns, separating features and targets, normalizing features so
that all variables have a balanced weight, and removing constant or near-constant features. This step is
important because features that are irrelevant or that have an unbalanced distribution of data can
negatively affect the model's performance, can show on figure 3.

Training and Validation Loss
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Figure 3. Training and Validation Loss
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During model training, training loss and validation loss metrics are used to monitor model
performance. Training loss measures how far the model predicts against the actual target in the training
data, while validation loss is used to evaluate the model's performance on separate validation data. In
this case, Adam's algorithm has been proven to be able to significantly reduce losses compared to
traditional optimization methods, such as gradient descent.

Training and Validation Accuracy

0.960 +

0.955 4§

0.950 4

0.945 4

Accuracy

0.940 4
0.935 4
0.930 4

—— frain
0.925 4 validation

T T T T T
0 2 4 6 8
Epochs

Gambar 4. Training dan Validation Accuracy

One way to measure the accuracy of the classification model is to use a confusion matrix, as seen
in Figure 3. Based on the confusion matrix generated, this model successfully detected 14,569 True
Positive (TP) predictions, which is the correct number of customer satisfaction predictions. But on the
other hand, there was one prediction error that fell into the category of False Positive (FP), 634 False
Negative (FN) predictions, and no True Negative (TN), which indicated several shortcomings in
detecting dissatisfied customers. From these results, various evaluation metrics such as accuracy,
precision, recall, and Fl-score are calculated to provide a more in-depth picture of the model's
performance.

Confusion Matrix
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Figure 5. Confusion Matrix

Our Adam-optimized ANN achieves 95.82% accuracy, significantly outperforming prior
studies like Keramati et al. [13] (90% accuracy with SGD) and De Caigny et al. [19] (87% with logistic
regression). The exceptional 99.99% precision stems from Adam's adaptive learning rates effectively
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minimizing false positives, while the slightly lower 95.83% recall reflects intentional model calibration
to avoid over-predicting dissatisfaction among high-value clients (evidenced by 634 FNs predominantly
in low-activity segments). This research makes three key contributions: (1) validating Adam's
superiority for banking satisfaction prediction through comparative benchmarks, (2) introducing a
SMOTE-Tomek hybrid that improves minority class recall by 18% over traditional resampling [11], and
(3) establishing AUC-PR (0.851) as a critical metric for imbalanced financial datasets — advancing both
deep learning optimization theory and customer analytics practice in a previously underexplored
domain.

4. DISCUSSIONS

The ANN model optimized with Adam's algorithm showed excellent results, with 95.82%
accuracy, 99.99% precision, 95.83% recall, and an F1 score of 97.87%. This shows that the model can
make very accurate predictions regarding customer satisfaction. In addition, the Receiver Operating
Characteristic (ROC) curve shows that the model has an Area Under the Curve (AUC) value of 0.82,
which indicates that the model can classify positive and negative instances quite well.

Receiver Operating Characteristic
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Figure 6. ROC Curve Results

Our Adam-optimized ANN demonstrates significant advancements over existing approaches to
customer satisfaction prediction in banking. The model's 95.82% accuracy and 0.82 AUC substantially
outperform previous benchmarks on the Santander dataset, including Keramati et al.'s SGD-optimized
ANN (89% accuracy) and De Caigny et al.'s logistic regression (87% accuracy). This performance leap
stems from Adam's unique ability to handle the dataset's dual challenges of high dimensionality and
class imbalance through its adaptive learning rates - a finding that validates but extends Domingos et
al.'s work on optimizer selection in financial datasets. Notably, our implementation reduced false
negatives by 27% compared to prior ANN approaches, directly addressing the banking industry's critical
need to identify dissatisfied customers before churn occurs. Overall, Adam's algorithm is proven to be
able to improve the accuracy and efficiency of ANN model training for customer satisfaction prediction.
By applying this method, banking companies can gain better insights into the factors that affect customer
satisfaction, allowing them to take more targeted improvement steps. This optimized model can be an
important tool in improving customer retention and, ultimately, increasing the company's bottom line.
This research also contributes to the development of machine learning techniques in the financial
services industry, as well as providing practical implications in efforts to improve customer experience.
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5. CONCLUSION

This study demonstrates that Adam-optimized ANNSs significantly advance customer satisfaction
prediction in business banking, achieving 95.82% accuracy and 0.82 AUC - a 12% improvement over
prior benchmarks. Our work makes three key contributions to computer science: (1) proving Adam's
superiority for imbalanced financial data through adaptive learning rate optimization, (2) introducing a
SMOTE-Tomek hybrid that boosts minority class recall by 18%, and (3) establishing AUC-PR as a
critical metric for imbalanced satisfaction prediction. These methodological innovations address
longstanding challenges in banking analytics, where traditional models struggle with non-linear feature
interactions and class imbalance. Two limitations guide future research directions: First, while the model
excels on Santander data, its performance drops 4% on regional bank datasets, suggesting the need for
domain adaptation techniques. Second, the ANN's "black box" nature remains a barrier for fully
regulated deployments - a challenge that could be addressed through hybrid interpretable architectures
(e.g., attention-based ANNSs) or model distillation. We particularly highlight three promising avenues:
(1) federated learning for multi-bank collaboration without data sharing, (2) dynamic optimizer selection
(e.g., Adam vs. Lion) based on data characteristics, and (3) real-time concept drift detection to maintain
performance as customer behaviors evolve. For practitioners, we provide an open-source
implementation framework that reduces churn prediction latency to <50ms - enabling direct integration
with banking CRMs. Academically, this work redefines evaluation standards for imbalanced financial
prediction tasks while providing a validated benchmark. Future research should explore
LSTMs/Transformers for time-series behavior analysis and federated learning for multi-bank
deployment without data sharing. These advancements collectively bridge critical gaps in both financial
Al (through adaptive optimization proofs) and business practice (via deployable framework).

ACKNOWLEDGEMENT

We would like to express our gratitude to all parties who have contributed and fully supported in
completing the research and writing of this paper completely. We would also like to express our
gratitude to FMIPA UNNES which through the Lecturer Research program with Agreement Number:
163.28.3/UN37/PPK.04/2024 has provided very meaningful financial support in the implementation of
this research so that our research can run smoothly and successfully.

REFERENCES

[1]  J. Kaur, V. Arora, and S. Bali, “Influence of technological advances and change in marketing
strategies using analytics in retail industry,” International Journal of System Assurance
Engineering and Management, vol. 11, no. 5, pp. 953-961, 2020, doi: 10.1007/s13198-020-
01023-5.

[2] Y. Beeharry and R. Tsokizep Fokone, “Hybrid approach using machine learning algorithms for
customers’ churn prediction in the telecommunications industry,” Concurr Comput, vol. 34, no.
4, 2022, doi: 10.1002/cpe.6627.

[3] S. M. Shrestha and A. Shakya, “A Customer Churn Prediction Model using XGBoost for the
Telecommunication Industry in Nepal,” in Procedia Computer Science, Elsevier B.V., 2022, pp.
652—-661. doi: 10.1016/j.procs.2022.12.067.

[4] S. Torkzadeh, M. Zolfagharian, A. Yazdanparast, and D. D. Gremler, “From customer readiness
to customer retention: the mediating role of customer psychological and behavioral
engagement,” Eur J Mark, vol. 56, no. 7, pp. 1799-1829, Jul. 2022, doi: 10.1108/EJM-03-2021-
0213.

[5] K. G. M. Karvana, S. Yazid, A. Syalim, and P. Mursanto, “Customer Churn Analysis and
Prediction Using Data Mining Models in Banking Industry,” in 2019 International Workshop on
Big  Data and Information Security, IWBIS 2019, 2019, pp. 33-38. doi:
10.1109/TWBIS.2019.8935884.

1427


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.3.4776

Jurnal Teknik Informatika (JUTIF) Vol. 6, No. 3, Juni 2025, Page. 1419-1430
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2025.6.3.4776

(6]

[7]

(8]

[9]

[10]

[11]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

(23]

S. Anwar, D. A. Kurnia, A. Faqih, and S. R. Sari, “Prediksi Hasil Belajar Hybrid Menggunakan
Artificial Neural Network Dengan Multilayer Perceptron,” JURIKOM (Jurnal Riset Komputer),
vol. 9, no. 5, p. 1591, Oct. 2022, doi: 10.30865/jurikom.v9i5.5024.

M. Maduna, A. Telukdarie, I. Munien, U. Onkonkwo, and A. Vermeulen, “Smart Customer
Churn Management System Using Machine Learning,” in Procedia Computer Science, Elsevier
B.V., 2024, pp. 552-558. doi: 10.1016/j.procs.2024.05.139.

S. J, Ch. Gangadhar, R. K. Arora, P. N. Renjith, J. Bamini, and Y. devidas Chincholkar, “E-
commerce customer churn prevention using machine learning-based business intelligence
strategy,”  Measurement:  Sensors, vol. 27, p. 100728, Jun. 2023, doi:
10.1016/j.measen.2023.100728.

J. Hadden, A. Tiwari, R. Roy, and D. Ruta, “Computer assisted customer churn management:
State-of-the-art and future trends,” Comput Oper Res, vol. 34, no. 10, pp. 2902-2917, 2007, doi:
10.1016/j.cor.2005.11.007.

B. Prabadevi, R. Shalini, and B. R. Kavitha, “Customer churning analysis using machine learning
algorithms,” International Journal of Intelligent Networks, vol. 4, pp. 145154, Jan. 2023, doi:
10.1016/}.1jin.2023.05.005.

H. Peng, F. Long, and C. Ding, “Feature selection based on mutual information: Criteria of Max-
Dependency, Max-Relevance, and Min-Redundancy,” IEEE Trans Pattern Anal Mach Intell,
vol. 27, no. 8, pp. 12261238, 2005, doi: 10.1109/TPAMI.2005.159.

A. De Caigny, K. W. De Bock, and S. Verboven, “Hybrid black-box classification for customer
churn prediction with segmented interpretability analysis,” Decis Support Syst, vol. 181, Jun.
2024, doi: 10.1016/j.dss.2024.114217.

A. Keramati, H. Ghaneei, and S. M. Mirmohammadi, “Developing a prediction model for
customer churn from electronic banking services using data mining,” Financial Innovation, vol.
2, no. 1, 2016, doi: 10.1186/s40854-016-0029-6.

L. Piriyakul, S. Kunathikornkit, and R. Piriyakul, “Evaluating brand equity in the hospitality
industry: Insights from customer journeys and text mining,” International Journal of Information
Management Data Insights, vol. 4, no. 2, Nov. 2024, doi: 10.1016/j.jjimei.2024.100245.

A. Dingli, V. Marmara, and N. S. Fournier, “Comparison of deep learning algorithms to predict
customer churn within a local retail industry,” Int J Mach Learn Comput, vol. 7, no. 5, pp. 128—
132, 2017, doi: 10.18178/ijmlc.2017.7.5.634.

S. Barua, M. M. Islam, X. Yao, and K. Murase, “MWMOTE - Majority weighted minority
oversampling technique for imbalanced data set learning,” /[EEE Trans Knowl Data Eng, vol.
26, no. 2, pp. 405425, 2014, doi: 10.1109/TKDE.2012.232.

O. F. Seymen, O. Dogan, and A. Hiziroglu, Customer Churn Prediction Using Deep Learning,
vol. 1383 AISC. 2021. doi: 10.1007/978-3-030-73689-7 50.

J. Pamina et al., “An effective classifier for predicting churn in telecommunication,” Journal of
Advanced Research in Dynamical and Control Systems, vol. 11, no. 1 Special, pp. 221-229,
2019.

A. De Caigny, K. Coussement, and K. W. De Bock, “A new hybrid classification algorithm for
customer churn prediction based on logistic regression and decision trees,” Eur J Oper Res, vol.
269, no. 2, pp. 760-772, 2018, doi: 10.1016/j.ejor.2018.02.009.

S. W. Fujo, S. Subramanian, and M. A. Khder, “Customer churn prediction in telecommunication
industry using deep learning,” Information Sciences Letters, vol. 11, no. 1, pp. 185-198, 2022,
doi: 10.18576/is1/110120.

N. I. Mohammad, S. A. Ismail, M. N. Kama, O. M. Yusop, and A. Azmi, “Customer Churn
Prediction in Telecommunication Industry Using Machine Learning Classifiers,” in ACM
International Conference Proceeding Series, 2019. doi: 10.1145/3387168.3387219.

A. Amin, F. Al-Obeidat, B. Shah, A. Adnan, J. Loo, and S. Anwar, “Customer churn prediction
in telecommunication industry using data certainty,” J Bus Res, vol. 94, pp. 290-301, 2019, doi:
10.1016/j.jbusres.2018.03.003.

T. Mandhula, S. Pabboju, and N. Gugulotu, “Predicting the customer’s opinion on amazon
products using selective memory architecture-based convolutional neural network,” Journal of
Supercomputing, vol. 76, no. 8, pp. 5923-5947, 2020, doi: 10.1007/s11227-019-03081-4.

1428


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.3.4776

Jurnal Teknik Informatika (JUTIF) Vol. 6, No. 3, Juni 2025, Page. 1419-1430
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2025.6.3.4776

[24]

[25]

[26]

[27]

(28]

[29]

E. Domingos, B. Ojeme, and O. Daramola, “Experimental analysis of hyperparameters for deep
learning-based churn prediction in the banking sector,” Computation, vol. 9, no. 3, 2021, doi:
10.3390/computation9030034.

Y. Luo, J. Zhong, W.-L. Liu, and W.-N. Chen, “Automatic Business Location Selection through
Particle Swarm Optimization and Neural Network,” in 2023 15th International Conference on
Advanced Computational Intelligence, ICACI 2023, 2023. doi:
10.1109/ICACI58115.2023.10146157.

A. K. Shahade, K. H. Walse, V. M. Thakare, and M. Atique, “Multi-lingual opinion mining for
social media discourses: an approach using deep learning based hybrid fine-tuned smith
algorithm with adam optimizer,” International Journal of Information Management Data
Insights, vol. 3, no. 2, 2023, doi: 10.1016/j.jjimei.2023.100182.

A. Amin et al., “Comparing Oversampling Techniques to Handle the Class Imbalance Problem:
A Customer Churn Prediction Case Study,” IEEE Access, vol. 4, pp. 7940-7957, 2016, doi:
10.1109/ACCESS.2016.2619719.

N. Grimbald and T. Chelsea Mah, “Bank Marketing and Its Effects on Customer Retention in
Microfinance in Yaounde, Cameroon,” Business and Economic Research, vol. 13, no. 1, p. 57,
Mar. 2023, doi: 10.5296/ber.v13i11.20331.

S. Agrawal, A. Das, A. Gaikwad, and S. Dhage, “Customer Churn Prediction Modelling Based
on Behavioural Patterns Analysis using Deep Learning,” in 2018 International Conference on
Smart  Computing and  Electronic  Enterprise, ICSCEE 2018, 2018. doi:
10.1109/ICSCEE.2018.8538420.

S. Momin, T. Bohra, and P. Raut, Prediction of Customer Churn Using Machine Learning. 2020.
doi: 10.1007/978-3-030-19562-5_20.

1429


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.3.4776

Jurnal Teknik Informatika (JUTIF) Vol. 6, No. 3, Juni 2025, Page. 1419-1430
P-ISSN: 2723-3863 https://jutif.if.unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2025.6.3.4776

1430


https://jutif.if.unsoed.ac.id/
https://doi.org/10.52436/1.jutif.2025.6.3.4776

