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Abstract

In the current era of increasingly fierce e-commerce competition, the problem of user churn has a
significant impact on the development of enterprises. Preventing customer churn is a key issue that
any enterprise needs to address. Therefore, predicting churn users has always been a hot topic in
academic research. This paper uses the data set of TikTok e-commerce user-related information to
construct decision tree, random forest, and XGBoost models respectively to predict whether users
will churn. The prediction results on the test set show that the XGBoost model has the best perfor-
mance in terms of AUC value, recall rate, and F1-measure. Subsequently, considering that the per-
formance of the XGBoost model is vulnerable to parameter influences, in order to further improve
its prediction accuracy, the Whale Optimization Algorithm (WOA) is introduced to globally optimize
the key parameters of XGBoost, such as learning rate, maximum tree depth, subsample rate, etc.
During the optimization process, the five-fold cross-validation method is adopted to ensure the gen-
eralization ability of the model and avoid overfitting. The experimental results show that, compared
with the original model, the XGBoost model optimized by WOA has an increase of 1.20% in the AUC
index, a 1.05% increase in accuracy, and a 0.97% enhancement in F1-value. It demonstrates stronger
predictive ability and higher reliability in the task of e-commerce user churn prediction, providing
a better technical solution for e-commerce platforms to accurately identify churn users and formu-
late effective retention strategies.
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Figure 1. Distribution map of user churn situation
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Figure 2. Correlation heatmap of feature attributes
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Figure 3. Confusion matrix diagram of three models
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Table 3. Comparison of indicators of three models
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Figure 4. ROC curve diagram of three models
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Figure 5. ROC curve diagram of WOA-XGBoost
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Table 4. Comparison chart of optimized model indicators
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Figure 6. WOA-XGBoost SHAP value analysis
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