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Abstract: The built environment significantly affects the passenger flow of rail transit. However, the
existing prediction methods for rail transit travel demand are mostly based on historical passenger
data without fully considering the multi-dimensional spatial functional attributes of the built
environment. An improved prediction model was proposed based on XGBoost—SHAP, and the
hyperparameters were adjusted through Bayesian optimization. Under the constraints of built
environment elements such as centrality and road network density within the 800-meter catchment
area of urban rail transit, a nonlinear prediction model was constructed. The ensemble learning
advantage of XGBoost was utilized to improve the prediction accuracy. SHAP was employed to
analyze the importance of built environment variable characteristics. A computational experiment

was conducted using Beijing’s rail transit as an example. The results show that the model performance
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of the XGBoost—=SHAP model in the three time periods is superior to other comparison models.

Factors such as parking lot density, betweenness centrality, and commercial area density have a

significant impact on travel demand. The study verifies the effectiveness and scientific nature of the

travel demand prediction method combining the built environment and machine learning, providing

an intelligent decision-making method for future site selection and planning of urban rail transit.
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Tab.4 Comparison of model prediction performance
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XGBoost  146.75 207.70 0.87 8.69
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