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Abstract: The prediction of customer attrition in the banking industry has gained significant attention
due to the proliferation of services and the need to retain customers in today’s competitive market,
particularly when customers abandon banking products and services. Customer churn, defined as the
termination of a customer’s relationship with a bank, has become a critical concern. This study proposes
an intelligent machine learning framework for customer attrition prediction using the E-Commerce
Customer Churn Dataset. Two ensemble learning algorithms, XGBoost and Random Forest, are
implemented and evaluated using accuracy, precision, recall, and Fl-score. Experimental results
demonstrate that the proposed XGBoost model achieves the highest accuracy of 98.9%, with 96.8%
precision, 94.7% recall, and 95.6% Fl-score, while the proposed Random Forest model achieves 98.4%
accuracy, 97.1% precision, 90.9% recall, and 94.5% Fl-score. Furthermore, the proposed models
outperform existing machine learning approaches, including Logistic Regression, Stochastic Gradient
Boosting, Naive Bayes, Support Vector Machine, and Artificial Neural Network. The proposed intelligent
CRM framework provides accurate customer attrition prediction, enabling e-commerce organizations to
identify at-risk customers early, improve retention strategies, enhance customer loyalty, and support
data-driven business decision-making.

Keywords: Customer Churn Prediction, E-Commerce Analytics, Machine Learning, Customer
Relationship Management, Early Detection.

I. INTRODUCTION

The rapid growth of e-commerce has transformed the global retail landscape by enabling businesses to deliver products
and services through digital platforms[1]. The widespread adoption of smartphones, high-speed internet, and secure
online payment systems has significantly changed consumer purchasing behavior, making online shopping more
convenient and accessible[2][3][4]. E-commerce platforms generate enormous volumes of customer data through
transactions[5][6], browsing activities, reviews, and digital interactions, providing businesses with valuable
opportunities to understand customer preferences and improve decision-making[7][8]. However, increasing
competition in the digital marketplace has made customer retention a critical challenge, as acquiring new customers is
considerably more expensive than retaining existing ones. Therefore, organizations are increasingly focusing on long-
term relationship management to sustain profitability and competitive advantage[9][10].

Customer Relationship Management (CRM) has emerged as a strategic approach for managing customer interactions,
improving customer satisfaction, and strengthening long-term relationships[11][12][13]. Modern CRM systems
integrate customer information from multiple channels into a centralized platform, enabling organizations to monitor
customer behavior, personalize services, and support data-driven business decisions. In the e-commerce environment,
effective CRM practices facilitate targeted marketing[14], efficient customer service, and improved customer
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engagement[15][16][17]. However, traditional CRM systems that primarily store and manage customer information are
no longer sufficient to address the growing complexity of customer behavior across multiple digital
touchpoints[18][19][20].

One of the major challenges faced by e-commerce businesses is customer attrition (customer churn), where customers
discontinue their purchases or abandon a platform over time[21]. Customer churn directly impacts organizational
revenue, customer lifetime value, and brand loyalty, making its early identification essential for sustainable business
growth[22][23]. Conventional churn prediction methods mainly rely on historical reports, predefined rules, and manual
analysis, providing only retrospective insights and failing to identify potential churn proactively[24]. Moreover, these
approaches are unable to efficiently process the large-scale, high-dimensional, and continuously evolving customer data
generated from digital platforms[25][26]. Consequently, businesses require intelligent predictive systems capable of
identifying at-risk customers before they disengage, enabling timely retention strategies and personalized
interventions[27][28][29].

Recent advances in Machine Learning (ML) and Deep Learning (DL) have significantly enhanced intelligent CRM
systems by enabling automated analysis of complex customer data and accurate prediction of customer behavior. ML
and DL algorithms learn hidden patterns from demographic information, transaction history, browsing behavior,
purchase frequency, and customer engagement metrics to predict churn with high accuracy. Compared with
conventional statistical approaches, these intelligent models provide superior predictive performance, adaptability, and
scalability for large e-commerce datasets[30][31].

A. Motivation and Contribution

The drive behind this research is the growing problem of customer churn in the burgeoning e-commerce industry,
where maintaining customer loyalty is critical to long-term business success. Traditional CRM systems and
conventional prediction methods are often unable to effectively analyze large-scale and complex customer behavior
data. Therefore, there is a strong need for an intelligent machine learning-based framework that can accurately identify
potential churn customers at an early stage. Such a system enables proactive retention strategies, enhances customer
satisfaction, and improves overall business performance. This research offers several key contributions as listed below:
Developed an intelligent Customer Relationship Management (CRM) framework for early prediction of customer
attrition in e-commerce using machine learning.

Utilized the E-Commerce Customer Churn Dataset and performed comprehensive data preprocessing, including
missing value removal, label encoding, Z-score normalization, and SMOTE-based class balancing.

Implemented two advanced ensemble learning models, XGBoost and Random Forest, for accurate customer churn
prediction.

Demonstrated that the proposed models outperform conventional machine learning methods such as Logistic
Regression, Stochastic Gradient Boosting, Naive Bayes, Support Vector Machine, and Artificial Neural Network.
Evaluated the proposed models using accuracy, precision, recall, Fl-score, and ROC curve to ensure reliable
performance assessment.

Provided an effective decision-support framework that enables e-commerce organizations to identify potential churn
customers early, improve retention strategies, enhance customer loyalty, and support data-driven CRM decisions.

B. Justification and Novelty

The justification for this study lies in the growing need for accurate, intelligent customer attrition prediction to enhance
customer retention and CRM decision-making in e-commerce. The novelty of the proposed work lies in combining
complete data preprocessing techniques (Z-score normalization and SMOTE-based class balancing) with advanced
ensemble learning models (XGBoost and Random Forest). This approach is a good solution to the problem of class
imbalance and enhances predictive power, achieving maximum accuracy. The proposed method is an effective and
feasible solution for identifying customers likely to churn early and taking proactive measures to retain them.
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C. Organization of the Paper

The remainder of this paper is organized as follows: Section II presents related work on Customer Attrition Prediction
in e-commerce, and Section III discusses the methodology and implementation details of the proposed model. Section
IV covers the study's results and findings, and Section V discusses the conclusions and future work.

II. LITERATURE REVIEW

A comprehensive review and analysis of key research studies on Intelligent CRM for Customer Attrition Prediction
was conducted to inform and enhance the development of this study.

B. T. Giang (2026), proposes a machine learning-based framework for customer churn prediction and retention using
demographic, transactional, and behavioral data. Customer segmentation was performed using K-Prototypes and RFM
analysis. Logistic Regression, Decision Tree, Random Forest, Naive Bayes, and SVM were evaluated. Naive Bayes
achieved the highest Recall (94.49%) and Fl-score (67.79%), demonstrating its effectiveness for customer churn
prediction and targeted retention strategies[32].

Manoharan et al., (2025) competitive market, businesses use artificial intelligence (Al) to deliver personalized
recommendations that improve customer engagement, retention, and revenue. Machine learning (ML) models analyze
customer behavior and preferences to predict recommendations, product on-time delivery, annual spending, and
customer churn. This study investigates the application of ML techniques for these e-commerce predictions and
addresses a gap in the literature through empirical analysis. The results demonstrate that ML methods effectively
predict customer churn and product delivery, with Gradient Boosting achieving the best performance, reaching 90.67%
accuracy for customer churn prediction and 73.75% accuracy for product on-time delivery[33].

Hu and Chen, (2025) proposes a hybrid model combining machine learning and fuzzy logic for efficient customer
churn prediction and retention. The model uses a Support Vector Machine (SVM) optimized with the Coyote
Optimization Algorithm (COA) for churn prediction, while Fuzzy Z-numbers support customer retention decisions by
considering behavioral, demographic, and preference data. The model was evaluated on 8,913 WooCommerce
transactions and achieved 97.2% accuracy with 0.98 precision, outperforming previous methods. The proposed
approach provides an effective tool for improving customer retention and supporting sustainable growth in e-
commerce[34].

Altairey and Al-Alawi, (2024) explores customer churn prediction using four ML algorithms: Logistic Regression,
Random Forest, Gradient Boosting, and Histogram Gradient Boosting. A dataset of 7,043 samples with 21
demographic and account-related features was used for training and evaluation. After data preparation and dataset
splitting, all four models effectively predicted customer churn. The results also highlight the importance of data
balancing. Among the models, Histogram Gradient Boosting achieved the highest accuracy (85.56%), followed by
Random Forest (85.41%), Gradient Boosting (84.73%), and Logistic Regression (81.45%)[35].

Faisal et al., (2024) predicts customer churn in dairy products using ML algorithms, including Logistic Regression,
Random Forest, Support Vector Machine, K-Nearest Neighbor (KNN), Decision Tree, and Gaussian Naive Bayes.
After exploratory data analysis (EDA), churn behavior was analyzed using the Kaplan—Meier curve based on customer
lifetime value (CLV). Random Forest and Logistic Regression were selected for detailed evaluation using AUROC.
Random Forest achieved the best performance with 87.26% accuracy, 85.44% precision, 88% recall, 86.7% F1-score,
and 95% AUC, outperforming Logistic Regression (93% AUC) and proving most effective for dairy product churn
prediction[36].

R and N, (2023) examines customer churn in the telecom sector using four classification algorithms: Decision Tree
(DT), Random Forest (RF), Logistic Regression (LR), and a Hybrid Algorithm (HA). After preprocessing the telecom
dataset to handle missing values and outliers, the models were trained and evaluated. The results showed that the
Hybrid Algorithm achieved the highest accuracy (95%), followed by Random Forest (94%), Decision Tree (91%), and
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Logistic Regression (85%). Performance was assessed using accuracy, precision, and recall, demonstrating that hybrid

and Random Forest approaches provide effective customer churn prediction[37].

Galal, Rady and Aref, (2022) proposes a classifier-based model for predicting customer churn in digital banking to
support customer relationship management (CRM). Several supervised machine learning algorithms, including K-
Nearest Neighbors (KNN), Logistic Regression, AdaBoost, Gradient Boosting, and Random Forest, were evaluated. A
unified voting classifier with hyperparameter tuning was used to improve prediction performance, while Random
Forest ranked the most important features. Using a 10,000-record dataset, the proposed model achieved 87% accuracy,
demonstrating its effectiveness in predicting customer churn[38].
The table I provides an overview of recent research on Intelligent CRM for Customer Attrition Prediction, detailing the

proposed models, utilized datasets, major findings, and encountered challenges.

TABLE 1
Recent Studies on Intelligent CRM for Customer Attrition Prediction using Machine Learning technqiues
Author Proposed Work Dataset Findings Limitations & Future
Work
B. T. Giang | Proposed an ML-based | Proposed an ML- | Proposed an ML-based | Proposed an ML-based
(2026), churn prediction | based churn | churn prediction | churn prediction
framework using K- | prediction framework using K- | framework  using K-
Prototypes clustering, | framework using | Prototypes clustering, | Prototypes clustering,
RFM  analysis, and | K-Prototypes RFM analysis, and | RFM analysis, and
multiple classifiers. clustering, RFM | multiple classifiers. multiple classifiers.
analysis, and
multiple
classifiers.

Manoharan et

Applied ML models for

E-commerce

Gradient

Boosting

Limited evaluation across

al. (2025) customer churn, product | customer dataset | achieved 90.67% churn | diverse business domains;
delivery, and prediction accuracy. future work should
recommendation investigate deep learning
prediction in e- and real-time CRM
commerce. systems.

Hu and Chen | Developed a  hybrid | 8,913 Achieved 97.2% | Requires validation on

(2025) SVM-COA and Fuzzy | WooCommerce accuracy with improved | larger and heterogeneous
Z-number model for | transactions retention decision | datasets; future work can
churn prediction and support. explore explainable Al
retention. models.

Altairey and Al- | Compared Logistic | 7,043  customer | Histogram Gradient | Performance depends on

Alawi (2024) Regression, Random | records Boosting achieved the | data  balancing; future
Forest, Gradient highest accuracy | research should address
Boosting, and Histogram (85.56%). class imbalance and
Gradient Boosting. feature optimization.

Faisal et al. | Evaluated multiple ML | Dairy customer | Random Forest | Domain-specific ~ dataset

(2024) algorithms  for  dairy | dataset achieved 87.26% | limits generalization;
customer churn accuracy and highest | future work should test
prediction. AUC. cross-domain applicability.

Rand N (2023) | Compared DT, RF, LR, | Telecom Hybrid Algorithm | Limited algorithm
and Hybrid Algorithm | customer dataset | achieved 95% accuracy. | diversity; future studies
for telecom churn should evaluate advanced
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prediction. ensemble and deep
learning techniques.
Galal et al. | Proposed a  voting | 10,000 banking | Voting classifier | Limited focus on model
(2022) classifier with | customer records | achieved 87% | interpretability and real-
hyperparameter  tuning prediction accuracy. time deployment; future
for digital banking churn work should incorporate
prediction. explainable and adaptive
Al models.

Research gaps: Although previous studies have applied various machine learning techniques for customer attrition
prediction, many focus on individual models and report limited predictive performance on diverse e-commerce
datasets. The current methods fail to effectively solve the class imbalance issues and fail to incorporate extensive
preprocessing steps with advanced ensemble learning techniques. Besides, the use of intelligent CRM with very
accurate churn prediction has not been well studied. Therefore, this study proposes a robust framework that combines
Z-score normalization, SMOTE, XGBoost, and Random Forest to improve the accuracy and reliability of customer
attrition prediction.

III. RESEARCH METHODOLOGY
The methodology proposed starts by acquiring the E-Commerce Customer Churn Dataset then proceeds with data pre-
processing, which involves the elimination of missing values, the conversion of categorical data to numerical through
label encoding, the normalization of numerical data using Z-score, and the balancing of the classes using SMOTE. The
processed dataset is split into training (70%) and testing (30%) sets, and XGBoost and Random Forest models are
trained to predict customer attrition. Finally, the models are evaluated using accuracy, precision, recall, F1-score, and
ROC curve analysis to identify the most effective approach for intelligent CRM-based customer churn prediction. Fig.
1 illustrates the proposed flowchart for Intelligent CRM for Customer Attrition Prediction using machine learning.
The following section presents a detailed description of each step involved in the proposed methodology:

A. Data Gathering and Analysis

The study uses the E-Commerce Customer Churn Dataset obtained from Kaggle, containing 5,630 customer records
with 20 features collected from June 2021 to November 2021. The dataset includes demographic, transaction, shopping
behavior, and customer activity attributes for predicting customer churn. Data visualizations such as bar plots and
heatmaps were used to examine distribution, feature correlations etc., are given below:

Eliminated redundant
attributes

Tmprovad data
istmcy and quality

Nadel Evaluation
e
Recall, F1 Seore .
And ROC Implementation of Model
Extreme Gradient Random
Results Baosting (XGBaost) || Forest(RF)

Fig. 1. Proposed flowchart for Intelligent CRM for Customer Attrition Prediction using machine learning
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Fig. 2. Bar graph of class distribution
Fig. 2 The bar chart shows that the majority of customers belong to the 0 (Tidak Churn) class, indicating that most
customers remained active, while a smaller proportion belongs to the 1 (Churn) class, representing customers who left
the e-commerce platform. This class imbalance indicates that there is likely more emphasis on customer retention than
on customer attrition in this dataset.
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Fig. 3. Correlation Matrix Heatmap

Figure 3 shows the relationships between the selected customer behaviour features, using a colour gradient that runs
from red for strong positive correlations, through colour to grey for weak positive and negative correlations, and white
for weak negative correlations. It assists in detecting feature relationships and in feature selection by presenting
variables with similar correlations prior to machine learning modeling.

B. Data Pre-processing
The E-commerce Customer Churn Dataset was used for data preparation, including cleaning and preprocessing. The
preprocessing steps included removing missing (null) values, eliminating redundant attributes, improving data
consistency and quality, followed by label encoding and normalization. The main preprocessing procedures are
summarized as follows:
* Removed missing (null) values: Missing or null values were identified and removed from the dataset. This
improved data completeness and prevented errors during model training.
* Eliminated redundant attributes: Irrelevant and duplicate attributes were eliminated from the dataset. This
reduced unnecessary complexity and enhanced computational efficiency.
* Improved data consistency and quality: The dataset was standardized to ensure consistent formatting and
reliable records. This enhanced overall data quality and supported accurate machine learning predictions.
* Label Encoding: Categorical variables were converted into numerical values using label encoding to make
the dataset suitable for machine learning algorithms. This transformation enabled efficient processing of non-
numeric features during model training.
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C. Z-Score Normalization

Data Normalization is a technique used to transform or standardize the data to have a similar distribution. The most
widely used method for data normalization is rescaling or min—max normalization and z-score normalization. In this
study, we have applied z-score normalization, a standardization technique with a mean of 0 and having a standard
deviation of 1. This scaling technique transforms the values centered around the average value with a unit standard
deviation. The z-score normalization is defined as given in Equation (1):

., E-M
= e (1)

E =
Om

Where,
E~' and E are new and old for each data entry, M is the mean, and 6_M is the standard deviation.

D. Data balancing using SMOTE

Data balancing addresses class imbalance by adjusting the class distribution to improve machine learning model
performance. In this study, the Synthetic Minority Over-sampling Technique (SMOTE) was applied to generate
synthetic samples for the minority (churn) class, reducing model bias and improving the accuracy, recall, and overall

predictive performance of the customer churn prediction model.
6000
4,651 4,651
5000 (50.0%) (50.0%)
4000

3000

COUNT
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1000

o
0 (No Churn)

1 (Churn)

CHURN

Fig. 4. Bar graph of class distribution SMOTE

Fig. 4 illustrates the balanced class distribution after applying SMOTE, with equal numbers of samples in the No Churn
(0) and Churn (1) classes. This balanced dataset reduces class imbalance and enables the machine learning model to
predict customer churn more accurately.

E. Data Splitting
The dataset was divided into 70% training data and 30% testing data for model development and evaluation.

F. Implementation of Model
The proposed CRM system for early identification of customer attrition in e-commerce implements Random Forest
(RF) and Extreme Gradient Boosting (XGBoost) models on the preprocessed.

A. Proposed Extreme Gradient Boosting (XGBoost) Model

The proposed XGBoost model predicts customer attrition by combining multiple decision trees through a gradient
boosting framework. The model constructs trees sequentially, where each new tree minimizes the prediction errors of
the previous ensemble. Regularization reduces overfitting and improves generalization. In this study, the XGBoost
classifier is trained using the preprocessed customer dataset after feature encoding, normalization, and SMOTE
balancing, enabling effective learning of customer attributes. The prediction function of the XGBoost model is
expressed as:
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K
9 = ka(xl-), fo€F (1)
k=1

where y” irepresents the predicted class of the ith customer, K denotes the total number of decision trees, f k is the
prediction generated by the k”thtree, x i is the feature vector of the customer, and F represents the space of all
regression trees. Equation (1) indicates that the final prediction is obtained by aggregating the outputs of all boosted
trees.

To optimize the model while preventing overfitting, X GBoost minimizes the following objective function:

L= ; Iy, 9:) + ;Q(fk) (@)

where 1(y_i,y" i)denotes the classification loss between the actual label y_i and the predicted output y~ i, while Q(f k)
is the regularization term controlling the complexity of each decision tree. Equation (2) ensures that the proposed
model achieves high predictive accuracy while maintaining robustness and reducing model complexity.

The trained XGBoost model produces the final customer attrition prediction by integrating the outputs of all optimized
trees. Owing to its boosting strategy, regularization mechanism, and efficient handling of non-linear relationships, the
proposed model effectively identifies customers at risk of churn and contributes to improved CRM decision-making.
The proposed XGBoost model was configured with n_estimators = 200, max_depth = 6, learning_rate = 0.10,
subsample = 0.80, colsample bytree = 0.80, min_child weight = 1, gamma = 0, objective = binary, and random_state =
42. These hyperparameter values were selected to improve prediction accuracy while reducing overfitting and
enhancing model generalization.

B. Proposed Random Forest Model

The proposed Random Forest (RF) model is used as an ensemble classification technique to predict customer attrition
by combining the outputs of multiple decision trees. Each tree is built using bootstrap samples and random feature
selection, reducing overfitting and improving prediction stability. The Random Forest classifier is trained on the
preprocessed and SMOTE-balanced customer dataset to capture customer behavior patterns. The prediction is obtained
through majority voting and is represented as:

y = mode{T,(x), T,(x), ... ... Ty} . (3)

where y”is the predicted customer class, T 1 (x),T_2 (x),...... ,T_N (x)represent the predictions of individual decision
trees, and N denotes the total number of trees in the forest. Equation (3) shows that the final prediction is determined by
the majority vote of all decision trees. Each decision tree is trained using a bootstrap sample of the original dataset,
which can be represented as:

D, c D, b=12,.... N . (B

where D is the original training dataset and D_b represents the bootstrap sample used to construct the b~ thdecision tree.
Equation (4) enables each tree to learn from different subsets of the data, thereby increasing the diversity and
robustness of the ensemble.

The proposed Random Forest model combines the predictions of multiple trees through majority voting to improve
classification performance, reduce variance, and enhance model stability for customer attrition prediction. The model
was configured with n_estimators = 200, max_depth = 20, min_samples_split = 2, min_samples_leaf = 1, max_features
= sqrt, criterion = gini, bootstrap = True, and random_state = 42 to achieve reliable prediction performance.
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Evaluation metrics

A confusion matrix is used to evaluate the proposed customer churn prediction model using True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN). These outcomes are used to compute accuracy, precision,
recall, and F1-score, which assess the predictive performance and reliability of the proposed model, as expressed in
Equations (5)—(8):

A _ TP+ TN .
Ccuracy_TP+Fp+TN+FN""'()
Precision = L 6
recision = TP .(6)

Recall = v 7
eca _TP+—FN()

1 _ox Precision X Recall 8
score = Precision + Recall = ™" +(8)

Accuracy is the ratio of correctly classified instances to the total number of instances. Precision measures the
proportion of true positive predictions among all positive predictions, while Recall represents the proportion of actual
positive instances correctly identified by the model. The Fl-score is the harmonic mean of precision and recall. The
ROC curve evaluates model performance by plotting the True Positive Rate (TPR) against the False Positive Rate
(FPR) at different classification thresholds.

IV. RESULTS AND DISCUSSION
This section presents the experimental setup and performance evaluation of the proposed XGBoost and Random Forest
(RF) models for intelligent CRM-based customer attrition prediction. Experiments were conducted using Python 3.10.6
in the Anaconda Jupyter Notebook environment on a system with an Intel Core i19-13900K CPU, 64 GB RAM,
NVIDIA RTX 4090 GPU, and Windows 11 Pro. The Kaggle E-commerce Customer Churn Dataset was used for
training and testing. The XGBoost model achieved 98.9% accuracy, 96.8% precision, 94.7% recall, and a 95.6% F1-
score, outperforming the RF model, which achieved 98.4% accuracy, 97.1% precision, 90.9% recall, and a 94.5% F1-

score.
Classifiction results of proposed models for Intelligent CRM for Customer Attrition Prediction
Matrix XGBoost Model RF Model
Accuracy 98.9 98.4
Precision 96.8 97.1
Recall 94.7 90.9
Fl1-score 95.6 94.5
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Fig. 5. Confusion Matrix for the Proposed Models
The confusion matrices of the proposed XGBoost and Random Forest (RF) models are presented in Figure 5. Both

models correctly classified most No Churn and Churn samples, with only a few misclassifications, demonstrating
strong predictive performance and effective customer attrition prediction.
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Fig. 6. ROC Curve for the Proposed Models
Figure 6 presents the ROC curves of the proposed XGBoost and Random Forest (RF) models for customer attrition
prediction. The XGBoost model achieved an AUC of 0.97, while the RF model obtained an AUC of 0.95,

demonstrating excellent classification performance and effective discrimination between churn and non-churn
customers.
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Fig. 8 P-R Curve for Proposed Models
Figure 7 presents the Precision—Recall (P-R) curves of the proposed XGBoost and Random Forest (RF) models. Both
models maintain high precision across different recall values, indicating strong classification performance and reliable
customer churn prediction with reduced false positive predictions.
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A. Comparative analysis

For the effectiveness evaluation of the proposed models a comparative analysis against the other machine learning
models is shown in Table III. The comparison is done between Logistic Regression (LR), Stochastic Gradient Boosting
(SGB), Naive Bayes (NB), Support Vector Machine (SVM), and Artificial Neural Network (ANN) employing
accuracy, precision, recall and F1-score as evaluation metrics. The proposed XGBoost model achieved an accuracy of
98.9%, precision of 96.8%, recall of 94.7%, and an F1-score of 95.6%, while the proposed Random Forest (RF) model
obtained an accuracy of 98.4%, precision of 97.1%, recall of 90.9%, and an Fl-score of 94.5%. These results
demonstrate that the proposed models provide highly reliable and effective customer attrition prediction, making them
well suited for intelligent CRM systems in e-commerce.

Table III. Comparison of Different Machine learning Models for Intelligent CRM for Customer Attrition Prediction

Model Accuracy | Precision | Recall | F1-
score
LR[39] 77 67 41 51
SGBJ[40] 79 74 69 70
NBJ[41] 83 83 83 83
SVM[42] 90 64 89 74
ANNT43] 92.09 93 98 95
Proposed 98.9 96.8 94.7 95.6
XGBoost
Proposed 98.4 97.1 90.9 94.5
RF

The proposed XGBoost and Random Forest (RF) models offer significant advantages for intelligent CRM-based
customer attrition prediction by delivering high classification accuracy and reliable customer churn identification. The
proposed XGBoost model achieved an accuracy of 98.9%, while the proposed RF model attained 98.4%, demonstrating
their ability to effectively learn complex customer behavior patterns and generate dependable predictions. Their strong
predictive capabilities help identify customers likely to churn at an early stage, enabling businesses to take proactive
steps to retain them, better manage customer relationships, and make informed business decisions.

V. CONCLUSION AND FUTURE STUDY

In recent years, intelligent customer relationship management has become an essential approach for improving
customer retention and supporting data-driven decision-making in the rapidly evolving e-commerce industry. This
study presented an intelligent CRM framework for the early identification of customer attrition using advanced
machine learning techniques. The proposed methodology integrated comprehensive data preprocessing, including label
encoding, Z-score normalization, and SMOTE-based class balancing, followed by the implementation of XGBoost and
Random Forest classifiers. Experimental results demonstrated that both ensemble models achieved excellent predictive
performance, with the proposed XGBoost model outperforming Random Forest by achieving 98.9% accuracy, 96.8%
precision, 94.7% recall, 95.6% F1-score, and an AUC of 0.97. These findings confirm that the proposed framework
effectively identifies customers at risk of churn, enabling proactive retention strategies, improved customer relationship
management, enhanced business decision-making, and increased long-term organizational profitability.

Future research may extend the proposed framework by incorporating deep learning and transformer-based models to
further improve prediction performance. Additionally, integrating explainable artificial intelligence (XAI), real-time
customer behavioral analytics, and multi-channel data sources can enhance model interpretability, adaptive decision-
making, and the effectiveness of intelligent CRM systems in dynamic e-commerce environments.
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