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1.0 Detailed statistical analysis methodology
Preprocessing
The LR assumption of linearity was assessed by removing one of the collinear variables with a Pearson’s correlation coefficient greater than 0.7 as done in other studies (e.g., Hong et al. 2020). Highly correlated variables with statistically significant levels (p < 0.05) were removed. The logistic regression assumption of independence was met by selecting an appropriate sampling methodology. Only one grid cell from inside each mapped landslide source zone was selected. Previous logistic regression studies have selected pixels based on the source zone centroid (Hussin et al. 2016; Lombardo and Mai 2018) or as a point near the landslide crown or toe (Pourghasemi et al., 2020). Here, representative values for the source zones were calculated as either the mode value for categorical data or median for continuous data, based on all pixels present in the source area. This methodology attempts to obtain as representative a value as possible while avoiding small-scale variations in parameters due to the fine data resolution.
Following the calculation of landslide data, non-landslide data points were down-sampled to achieve a 5:1 ratio with landslide points, which falls within the recommended range of 2 to 5 times more non-event data for rare-event studies (King and Zeng, 2001). To add additional importance to the correct classification of landslide points, a weight of 5 was applied to all landslide points in the database while a weight of 1 was applied to all non-landslide points.
Statistical analysis
Hyperparameter tuning for RF models was completed in two phases. First, a loose tuning with 50 iterations was completed prior to feature selection. A more intensive tuning with 100 iterations was completed after feature selection on the final model. For LR, the λ hyperparameter was estimated using 10-fold cross-validation on the training dataset, and the largest lambda value within 1 standard error of the minimum was selected. Loss during cross-validation was measured using the area under the receiver operator curve (AUC) metric.
RF explicit feature selection was assessed using the AUC filter, which quantifies the classification accuracy when each feature is used directly and separately for class prediction (Bommert et al., 2020). In the implemented framework, individual categories of RF categorical data could not be removed. Therefore, feature selection was not done for the second iteration of RF models in order to preserve relevant categorical data. Feature selection for both small and large LR models was completed implicitly using the LASSO regression.
All statistical models were run in the R software implemented on the Cedar Supercomputer at Simon Fraser University and accessed through the Digital Research Alliance of Canada. The ‘mlr3’ environment (Lang et al., 2019) was used because of the wide range of features, and the ability to produce both LR and RF models in the same environment. LASSO logistic regression was completed using the ‘glmnet’ package (Friedman et al., 2010). RF models were completed using the ‘ranger’ package (Wright and Ziegler, 2017) with tuning using ‘tuneRanger’ (Probst et al., 2019). The package ‘mlr3pipelines’ was used for data processing (Binder et al., 2021). The R package ‘mlr3spatial’ was used to generate susceptibility maps (Becker and Schratz, 2023).
A variety of metrics were used to evaluate the models on testing and training datasets. Receiver Operator Curves (ROC) are generated from sensitivity and specificity values at different classification thresholds. The classification error is calculated as the total misclassified observations over the total observations. The Binary Brier score measures differences between predicted probabilities of observations, and the recorded observations, with lower scores indicating more accurate models. Balanced accuracy assesses the weighted balanced accuracy and is commonly applied on imbalanced datasets (Lang and Binder, 2022).
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