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Landslide Susceptibility Assessment of Yunyang County Based on an Interpretable
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Abstract: To address the challenge of achieving both high predictive accuracy and strong interpretability in existing landslide susceptibility
assessment models, this study proposes an interpretable heterogeneous ensemble learning framework BO—-Stacking and applies it to
Yunyang County, a region characterized by frequent landslide occurrences. The model takes multilayer perceptron (MLP), extreme
gradient boosting (XGBoost) and histogram-based gradient boosting (HGB) as base models, uses logistic regression (LLR) as the
meta-learner to complete Stacking ensemble fusion, realizes adaptive hyperparameter tuning through Bayesian optimization (BO), and
introduces the SHAP algorithm to disassemble the model prediction mechanism and analyze factor contributions. The results demonstrate
that the BO-Stacking model achieves an AUC of 0.924 6 on the test set, outperforming all individual base learners. Among the
conditioning factors, slope is identified as the dominant driver of regional landslide susceptibility. The proposed framework provides
an effective solution for high—accuracy landslide susceptibility prediction and mechanism interpretation, offering valuable support for

landslide hazard identification and mitigation planning in reservoir areas.
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Fig.1 Technical flowchart of the research methodology
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