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Abstract : To improve the prediction accuracy of compressive bearing capacity for concrete—filled steel tubes
reinforced with internal latticed steel angles, this paper establishes a compressive bearing capacity
database containing 133 test samples. Eight parameters are selected as input features, including steel
tube diameter, wall thickness, member length, steel yield strength, concrete compressive strength,
angle steel width, angle steel thickness, and angle steel yield strength, with axial bearing capacity as
the output target. Three ensemble learning algorithms, namely Random Forest (RF), eXtreme Gradient
Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM), are employed to establish
prediction models. Bayesian optimization is adopted for adaptive hyperparameter tuning, and model
stability is evaluated through 20 randomized repeated experiments. The results indicate that the
XGBoost model achieves the optimal comprehensive performance, with an average coefficient of
determination R? of 0.9284, mean absolute error (MAE) of 322.61 kN, and root mean square error
(RMSE) of 502.87 kN across 20 repeated trials. Feature importance analysis of all three models
consistently identifies steel tube diameter, steel yield strength, and concrete compressive strength as
the key influencing parameters, with angle steel parameters demonstrating synergistic enhancement
effects. The research findings can provide reference for intelligent bearing capacity prediction of
concrete—filled steel tubes reinforced with internal latticed steel angles.

Keywords : Concrete-Filled Steel Tubes Reinforced with Internal Latticed Steel Angles; Bearing
Capacity Prediction; Ensemble Learning; Bayesian Optimization; XGBoost
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