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Abstract: This study focuses on the issue of landslide susceptibility evaluation in environments with scarce landslide samples, aiming to explore
an accurate and stable machine learning algorithm. By analyzing landslides in Cangyuan County, Lincang City, Yunnan Province, we selected
LightGBM, random forest (RF) and support vector machine (SVM) three algorithms, and constructed a landslide susceptibility model using 11
key influence factors. The results showed that LightGBM model performed most prominently in predicting high-risk landslide areas, demonstrat-
ing a high degree of consistency with actual landslide points, especially in the eastern part of the county where landslides were more frequent.
The predictive accuracy of LightGBM model was fully validated in these high-risk areas. Through ROC curve evaluation, LightGBM model
achieved an AUC value of 0.836, significantly outperforming the RF and SVM models, which confirmed its robust predictive capability in data
scarce environments. Furthermore, the analysis of key influence factors revealed that river erosion, fault rupture zones, and human engineering ac-
tivities had a significant impact on landslide susceptibility. Therefore, it is recommended that LightGBM model be adopted as the preferred ap-
proach for landslide susceptibility evaluation, providing technical support for landslide prevention and mitigation efforts. Additionally, attention
should be paid to the stability of slopes along riverbanks, fault activity zones, and areas with frequent human engineering activities. Effective pro-
tective measures and enhanced monitoring should be implemented to ensure the stability of natural slopes and minimize potential disaster risks.
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