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Abstract

This study addresses the problem of bank customer churn prediction. By systematic data processing,
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visualization analysis, and feature engineering, a variety of machine learning (including logistic re-
gression, random forest, AdaBoost, and support vector machine) are constructed and evaluated based
on ROC curves, F1 scores, and other metrics. Core findings show that the random forest model per-
forms the best in dealing with data imbalance and capturing complex feature relationships (achieving
a F1 score of 0.8546 the test set), significantly outperforming the other models. The methodological
contribution lies in proposing a modeling framework that combines visualization exploration and fea-
ture optimization, emphasizing the critical roles of quality and derived features in prediction perfor-
mance. Research limitations include the singularity of data sources and the need for further validation
of the model’s generalization capability in specific business scenarios. This study provides data-
driven decision support for bank customer loyalty management.
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Table 1. Details of the attachment data
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FERAZ P RE L S short-customer-data.csv B S i e S AR
long-customer-train.csv I ZREE SR
KR RS S
long-customer-test.csv Ve

Table 2. Explanation of data indicators for long-term customer resource information

* 2. KRR ERES BRI

s FB YiHA
1 Customerld % 1D
2 CreditScore o B, BUEBORRWIE Al
3 Gender TR, 0 R Bk, 1Rtk
4 Age B AR
5 Tenure MK e, & PR AT, DU EAL
6 Balance AUM, %14 gt e
7 NumOfProducts 2 S i AR
8 HasCrCard FwPRAEEHRRS, BERAEEHRAL BA0
9 IsActiveMember FPESPRES, B TIERRE N L, B0
10 EstimatedSalary EYENINE PN
11 Exited BRSNS L, BN 0

Table 3. Explanation of short-term customer product purchase data indicators
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housing

loan
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B HAE IS 2 5, 235087 (no). J2(yes)
MNP AE IS 2 5, 235097 (no) 72 (yes)
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Figure 1. Heat map of correlation coefficients of variables
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Figure 2. Age-purchasing behavior group column chart
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Figure 3. Pie chart of occupation and purchasing behavior
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Figure 4. Box plot of call duration by group
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Figure 5. Line chart of age-churn ratio
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Figure 7. Stacked bar chart of churn by tenure
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Table 4. Distribution of account age
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Table 5. Distribution of customer financial assets
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Figure 8. Heatmap of asset phases and leakage
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Table 6. Construction rules for new and old customer activity feature
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Table 7. Construction rules for customer activity feature with different deposit amount
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Figure 9. ROC curve of the logistic regression model
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Figure 10. ROC curve of SMOTE oversampling logistic regression model
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Cross—Validation F1 Scores by Model
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Figure 11. Cross-validation F1 score chart of training data of the three types of models
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Figure 12. Bar plot of the ranking of feature importance in the random forest model
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