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Abstract  8 

With the rapid growth of machine learning (ML) applications in landslide susceptibility 9 

mapping (LSM), many studies have relied on large and diverse datasets to improve predictive 10 

performance. However, in data-scarce regions, model transferability becomes challenging, and 11 

not all input variables contribute meaningful information to landslide prediction, leading to the 12 

well-known problem of “garbage in, garbage out”. Therefore, careful selection of physically 13 

meaningful predictors is essential. In this study, we develop a Random Forest–based framework 14 

for landslide mapping using topographic and climatic factors only as inputs. Notably, the model 15 

incorporates effective rainfall (𝐸𝑅), derived from a process-based hydrological model, and a 16 

recently proposed topographic metric, topographic source density (𝐷𝑡𝑠), that were not used in 17 

previous LSM studies. Results demonstrate that incorporating these predictors substantially 18 

improves model performance, achieving a receiver operating characteristic area under the 19 

curve (ROC-AUC) of 0.972. Overall, the findings suggest that a physically meaningful 20 

machine learning approach can reliably predict regional landslide susceptibility. 21 
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1. Introduction 26 

Landslides are among the most serious natural hazards worldwide. According to the World 27 

Bank data, nearly 3.7 million square kilometres of inland area on Earth are prone to landslides, 28 

affecting the lives of more than 300 million people (Dilley et al., 2005). Slope instability is 29 

governed by the complex interaction of topographic, climatic, hydrological, geological, and 30 

land-use factors, making the modelling of landslide occurrence particularly challenging at 31 

regional scales (Crozier, 1986; Guzzetti et al., 1999; Aleotti & Chowdhury, 1999; Sidle & 32 

Ochiai, 2006). In recent years, data-driven and machine-learning models have gained 33 

prominence in landslide susceptibility mapping (LSM) due to their ability to capture nonlinear 34 

and multivariate relationships among conditioning factors (Catani et al., 2013; Tien et al., 35 

2020). Ensemble approaches, particularly Random Forest, have proven effective in handling 36 

complex datasets and improving predictive performance. However, the strong emphasis on 37 

prediction accuracy often comes at the expense of physical interpretability (Reichenbach et al., 38 

2018). When a large number of correlated variables are supplied to a model, the algorithm may 39 

reproduce statistical associations without necessarily representing the underlying processes 40 

that govern slope instability. 41 

 42 

Machine-learning models learn only from the information provided to them, and predictors that 43 

are weakly related or physically irrelevant may still appear important if they improve statistical 44 

performance (Domingos, 2012; Reichenbach et al., 2018). Such practices risk prioritizing 45 

accuracy over understanding, leading to the well-known limitation of “garbage in, garbage out” 46 

(GIGO), where unreliable inputs undermine the robustness and interpretability of model 47 

outputs (Bishop, 2006; Korup & Stolle, 2014). This disconnect between predictive skill and 48 

process understanding underscores the need for parsimonious, process-informed, and 49 

physically meaningful predictor selection to ensure model reliability, transferability, and 50 

scientific insight, particularly in regions where training data are limited. 51 

 52 

Among the numerous factors influencing landslide occurrence, topographic and climatic 53 

variables represent the primary controls governing slope instability (Montgomery & Dietrich, 54 

1994; Sidle & Ochiai, 2006). Topographic factors define the long-term preconditioning of 55 

slopes through their influence on gravitational stress, runoff concentration, and erosion 56 

dynamics, whereas climatic factors regulate transient triggering mechanisms such as rainfall-57 

induced pore-water pressure and soil saturation (Bogaard & Greco, 2018; Iverson, 2000). 58 



Recognizing that topographic preconditioning and climatic triggering together control 59 

landslide occurrence, and that high-quality terrain and precipitation data are widely available 60 

at regional scales, this study evaluates the role of selected topo-climatic factors in landslide 61 

susceptibility mapping. Focusing on California, a region characterized by diverse terrain, 62 

pronounced climatic gradients, and frequent rainfall-induced landslides, the study developed a 63 

Random Forest based model to map the landslide susceptibility. By emphasizing both 64 

predictive performance and physical interpretability, this study aims to bridge the gap between 65 

data-driven modelling and process-based understanding of landslide susceptibility. 66 

 67 

2. Topo-Climatic Controls on Landslide Susceptibility 68 

Beyond their impact on human lives and infrastructure, landslides also reshape Earth’s surface, 69 

altering topography in remarkably short periods of time (Keefer, 1994; Korup et al., 2010). Yet, 70 

the same ever-evolving topography is itself a fundamental driver of slope instability 71 

(Montgomery & Dietrich, 1994). Although a landslide may appear to be a sudden event, its 72 

occurrence is rarely the result of a single day’s conditions. Rather, slope failure is typically the 73 

outcome of cumulative processes shaped over millions to billions of years (Larsen & 74 

Montgomery, 2012). Numerous studies have demonstrated a strong connection between 75 

topography and landslide occurrence (Fausto Guzzetti et al., 1999; Montgomery & Dietrich, 76 

1994; Reichenbach et al., 2018). Consequently, a wide range of topographic factors have been 77 

investigated to characterize landslide susceptibility (Reichenbach et al., 2018; Van Westen et 78 

al., 2006). 79 

 80 

As landscapes evolve through the interaction of several physical processes, they preserve 81 

signatures within their topography that reflect the processes shaping them (Howard, 1994; 82 

Raina et al., 2025; Tucker & Slingerland, 1997; Whipple & Tucker, 1999). One such signature 83 

that we previously proposed is topographic source density (𝐷𝑡𝑠), defined as the density of 84 

topographic source pixels within a landscape (Raina & Biswal, 2025). Topographic source 85 

pixels are the pixels from which flow is initiated in a DEM-based flow-routing framework. 86 

They differ from channel sources, which represent the initiation of a hydraulic channel and 87 

depend on various physical factors and, in practice, on the threshold used to define channel 88 

initiation. 𝐷𝑡𝑠 was shown to capture the balance between key landscape evolution processes 89 

and exhibits a strong climatic dependence. Because the same processes controlling its 90 

development also influence hillslope gradients, drainage organization, hydrologic flow paths, 91 



soil saturation, and pore water pressure, 𝐷𝑡𝑠 may additionally contain important information 92 

related to slope instability and landslide susceptibility. 93 

  94 

In addition to topography, climate and its variability exert strong controls on slope stability and 95 

landslide triggering, with precipitation and temperature serving as the dominant climatic 96 

drivers (Iverson, 2000; Sidle & Ochiai, 2006). In mountainous regions, many landslides are 97 

rainfall induced, reflecting the close coupling between hydrologic forcing and slope failure 98 

processes (Caine, 1980; F Guzzetti et al., 2007). On natural hillslopes, pore water pressures 99 

evolve dynamically in response to climatic variability and subsurface hydrologic processes 100 

(Bogaard & Greco, 2016; Iverson, 2000). Consequently, landslide initiation is often governed 101 

not only by instantaneous rainfall intensity, but also by the cumulative hydrologic response of 102 

the soil mantle to antecedent precipitation (Glade et al., 2000). This understanding has 103 

motivated the development of antecedent rainfall concepts, which incorporate rainfall history 104 

and hydrologic memory to better represent the transient buildup of pore water pressure 105 

preceding slope failure (Guzzetti et al., 2008). 106 

 107 

A fundamental concept in hydrology may relevant to these processes is effective rainfall (𝐸𝑅), 108 

defined as the portion of precipitation that contributes to runoff or streamflow generation 109 

(Beven, 2012; Biswal, 2016; Chow et al., 1988; Singh, 1988). However, not all rainfall reaching 110 

the ground follows the same hydrologic pathway. Part of the water is lost through evaporation, 111 

transpiration, or deep groundwater percolation, while another portion infiltrates into the soil 112 

and moves through subsurface flow paths of varying lengths and travel times (Beven, 2012; 113 

Dunne & Leopold, 1978). These differences in subsurface flow pathways are critical for 114 

landslide physics because infiltrated water controls the spatial and temporal evolution of pore 115 

water pressure within hillslopes (Bogaard & Greco, 2018; Iverson, 2000). Water retained 116 

within the soil mantle may increases soil saturation, reduces effective stress, and weakens slope 117 

materials, thereby promoting slope failure (Sidle & Ochiai, 2006). Therefore, incorporating 𝐸𝑅 118 

into landslide susceptibility assessment may provide a more physically meaningful 119 

representation of hydrologic triggering mechanisms. 120 

 121 

3. Study Area  122 

3.1. California: A Region of Climatic and Topographic Diversity 123 



In the present study, California, United States of America, was selected as the study area. 124 

Covering approximately 423,970 km², California encompasses some of the most diverse 125 

physical landscapes in North America. Elevation ranges from −86 m in Death Valley to over 126 

4,400 m at Mount Whitney, resulting in pronounced contrasts in climate, vegetation, and 127 

geomorphic processes (Persad et al., 2020; USGS, 2020). California is subdivided into eleven 128 

geomorphic provinces with distinct physiographic characteristics, as shown in Figure 1 129 

(Harden, 2004).  The state’s climate is equally heterogeneous and is broadly characterized by 130 

a Mediterranean regime, although precipitation exhibits strong spatial gradients from north to 131 

south and from coastal to interior regions (Dettinger et al., 2011). The combination of complex 132 

topography, strong climatic gradients, and frequent high-intensity rainfall events makes 133 

California one of the most landslide-prone regions in the United States (Keefer & Larsen, 134 

2007). This diversity of controlling factors provides an ideal natural setting for examining the 135 

role of topographic and climatic variables in LSM. 136 

 137 

Figure 1. Landslide Distribution Map Across the Geomorphic Provinces of California, 138 

highlights spatial clustering of landslides in the Coast Ranges, Sierra Nevada foothills, 139 

Transverse Ranges, and Peninsular Ranges, with minimal activity in the Central Valley and 140 

desert regions. 141 



4. Data and Methodology 142 

 4.1. Landslide Inventory 143 

A landslide inventory forms the foundation of any ML-based LSM (Fausto Guzzetti et al., 144 

1999; Van Westen et al., 2006). In this study, the landslide inventory was obtained from the 145 

United States Geological Survey (USGS) Landslide Inventory, Version 3 (point dataset), 146 

compiled under the National Landslide Hazards Program (NLHP) (USGS, 2025). The dataset 147 

provides spatial locations of documented landslides across the United States, together with 148 

information on landslide type, occurrence dates, source inventory, and confidence in the 149 

mapped landslide location and extent. 150 

4.1.Predictor Selection and Data Processing 151 

4.1.1. Topographical factors 152 

The conventional topographic factors considered in this study include elevation, slope, aspect, 153 

and profile curvature, which are among the most commonly used predictors in LSM (Guzzetti 154 

et al., 1999; Lee et al., 2025; Pourghasemi et al., 2012; Sharma et al., 2024). These four 155 

variables were used to develop the Conventional Topographic Model (CTM). To evaluate the 156 

contribution of topographic source density (𝐷𝑡𝑠), it was subsequently added as an additional 157 

predictor, and a separate Enhanced Topographic Model (ETM) was developed. All topographic 158 

factors were derived from the 30m SRTM DEM obtained from the USGS Earth Explorer. 159 

Slope, aspect, and profile curvature were derived from standard terrain analysis using ArcGIS 160 

hydrology toolbox, 𝐷𝑡𝑠 required an additional processing step. The DEM was subdivided into 161 

10 × 10-pixel sub-grids to create a consistent analysis unit. A flow-accumulation grid was then 162 

computed from this resampled DEM, and source pixels were identified as locations where the 163 

flow-accumulation value equals 0 (no upstream pixel is contributing flow). 𝐷𝑡𝑠 for each sub-164 

grid was calculated as the ratio of source pixels to the total number of pixels in the sub-grid, as 165 

shown in figure 2.  166 

 167 

Figure 2. Workflow for calculating topographic source density.  168 

4.1.2. Effective Rainfall Descriptors Based on the Dynamic Budyko Model 169 



To derive daily 𝐸𝑅, we used precipitation and temperature data from the Climate Prediction 170 

Centre (CPC) 0.25° global unified gauge-based daily gridded datasets, for the period 1979–171 

2018. Potential evapotranspiration (𝑃𝐸𝑇) was estimated using the Hargreaves & Samani  172 

(1985) method. Daily 𝐸𝑅 was estimated using the Dynamic Budyko framework (Biswal, 2016; 173 

Istalkar & Biswal, 2024). Unlike the classical Budyko curve, which links long-term mean 174 

precipitation and potential evapotranspiration, the Dynamic Budyko formulation operates at 175 

the daily scale by using the instantaneous dryness index to partition precipitation into 𝐸𝑅 and 176 

rainfall losses. This approach incorporates day-to-day variability in atmospheric demand and 177 

moisture conditions, enabling a physically consistent and computationally simple estimation 178 

of daily 𝐸𝑅. 179 

 180 

From the daily 𝐸𝑅 series, six statistical descriptors were derived to capture different 181 

hydrological aspects relevant to landslide triggering. 𝐸𝑅𝑝90, 𝐸𝑅𝑝95, and 𝐸𝑅𝑝99 represent the 182 

90th, 95th, and 99th percentiles of daily 𝐸𝑅, reflecting the impact of moderate to extreme 183 

rainfall events. 𝐸𝑅𝑚 represents the long-term average 𝐸𝑅, indicating the general wetness 184 

regime, while 𝐸𝑅𝑠𝑡𝑑  measures variability, capturing fluctuations that can contribute to stress–185 

strain cycles in hillslopes. 𝐸𝑅0, the fraction of days with nonzero 𝐸𝑅, serves as a proxy for the 186 

persistence of soil wetness and frequency of hydrologic loading. These six 𝐸𝑅 descriptors were 187 

subsequently combined with the topographic predictors to develop a Topo-Climatic Model 188 

(TCM). 𝐸𝑅100 was intentionally excluded because it represents a single maximum event and 189 

is therefore more sensitive to measurement errors, outliers, and exceptionally rare storms. 190 

Instead, 𝐸𝑅99 was used to capture extreme rainfall conditions more robustly while avoiding 191 

excessive influence of a single anomalous observation on the Random Forest model. 192 

 193 

4.2.Preparation of Landslide Binary Data 194 

The landslide inventory available for this study is point based, whereas LSM requires raster 195 

formatted data. To enable raster-based analysis, all predictor variables and the landslide 196 

inventory were first resampled and aligned to a common spatial resolution to ensure spatial 197 

consistency across datasets. A spatial resolution of 100 m was selected because it is 198 

representative of typical hillslope dimensions and is widely adopted in regional scale landslide 199 

susceptibility studies (Pourghasemi et al., 2012; Reichenbach et al., 2018; Van Westen et al., 200 

2006). Following spatial alignment, the point-based landslide inventory was converted into a 201 

binary raster. Each pixel of the inventory grid was assigned a value of 1 if it contained at least 202 



one mapped landslide point and a value of 0 otherwise, thereby distinguishing landslide from 203 

non-landslide areas. 204 

 205 

4.3. Implementation of the Random Forest Model 206 

Random Forest (RF) is an ensemble learning method introduced by Breiman (2001) that 207 

improves predictive performance by combining the outputs of multiple decision trees.  Here, 208 

Landslide susceptibility was modelled using a RF classification approach. The RF algorithm 209 

constructs a large number of decision trees using bootstrapped subsets of the training data, 210 

while a random subset of predictor variables is considered at each node split (Breiman, 2001). 211 

Final class predictions are obtained by aggregating the outputs of all trees, which reduces 212 

overfitting and enhances model robustness. The workflow adopted for RF-based LSM is 213 

illustrated in Figure 3. 214 

 215 

Figure 3. Workflow of the Random Forest–based LSM 216 

 217 

To optimize model performance and minimize overfitting, stratified 5-fold cross-validation 218 

was implemented within the training dataset, ensuring that the proportion of landslide and non-219 

landslide samples was preserved in each fold (James et al., 2021; Kohavi, 1995). 220 

Hyperparameter tuning was conducted using a grid-search approach by systematically 221 

evaluating combinations of the number of trees (n_estimators), the number of predictor 222 

variables considered at each split (max_features), and the maximum tree depth (max_depth). 223 

For each hyperparameter combination, the model was trained on four folds and validated on 224 



the remaining fold, repeating the process across all five folds. Model performance was assessed 225 

using the mean receiver operating characteristic area under the curve (ROC–AUC) obtained 226 

from the cross-validation runs (Fawcett, 2006). The hyperparameter combination yielding the 227 

highest mean ROC–AUC was selected as the optimal model configuration. Subsequently, the 228 

final RF model was trained using the complete training dataset and the selected 229 

hyperparameters, and its predictive performance was evaluated on the independent test dataset 230 

using standard classification metrics. The detailed workflow of the hyperparameter 231 

optimization is illustrated in Figure 4. 232 

 233 

Figure 4. Workflow for Random Forest hyperparameter optimization using grid search and 234 

stratified 5-fold cross-validation. 235 

 236 

A critical challenge in LSM is the issue of class imbalance, where the number of non-landslide 237 

pixels (majority class) greatly exceeds the number of landslide pixels (minority class) 238 

(Reichenbach et al., 2018). Such imbalance can bias machine-learning models toward the 239 

majority class, resulting in high overall accuracy but poor predictive performance for the 240 

minority class, which is the primary focus of susceptibility mapping (He & Garcia, 2009; 241 

Pourghasemi & Rahmati, 2018). To address this issue, a controlled down sampling strategy 242 

was applied during model training. All landslide pixels were retained, and an equal number of 243 

non-landslide pixels were randomly selected without replacement, resulting in a balanced 244 

dataset with a one-to-one ratio of landslide and non-landslide samples. The balanced dataset 245 



was used exclusively for model training, while the trained Random Forest model was 246 

subsequently applied to the complete set of grid cells across the study area. 247 

 248 

4.5. Model Performance Evaluation and Interpretation 249 

The performance of the Random Forest models was evaluated using standard classification 250 

metrics to assess their ability to distinguish between landslide and non-landslide pixels. The 251 

evaluation metrics used in this study are summarized in Table 1. In this context, true positives 252 

(TP) and true negatives (TN) represent correctly classified landslide and non-landslide pixels, 253 

respectively. False positives (FP) represent non-landslide pixels incorrectly classified as 254 

landslide pixels, while false negatives (FN) represent landslide pixels incorrectly classified as 255 

non-landslide pixels. The true positive rate (TPR), also referred to as recall or sensitivity, is 256 

calculated as: 𝑇𝑃𝑅 = 𝑇𝑃
𝑇𝑃+𝐹𝑁

 , and The false positive rate (FPR) is calculated as:𝐹𝑃𝑅 = 𝐹𝑃
𝐹𝑃+𝑇𝑁

. 257 

These two quantities are used to construct the receiver operating characteristic (ROC) curve, 258 

which provides the basis for calculating the area under the curve (ROC-AUC). 259 

 260 

Table 1. Summary of model evaluation metrics 261 
Metric Definition Formula Interpretation 

Accuracy Proportion of 

correctly classified 

samples 

 
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 

 

Measures overall 

classification 

performance 

Precision Proportion of 

predicted landslide 

pixels that are actual 

landslides 

 
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Higher values indicate 

a lower false alarm rate 

Recall  Proportion of actual 

landslide pixels 

correctly identified 

 
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Higher values indicate 

better detection of true 

landslides 

ROC-AUC Area under the 

Receiver Operating 

Characteristic curve 

𝐴𝑈𝐶 = ∑
(𝑇𝑃𝑅𝑖+𝑇𝑃𝑅𝑖+1)

2

𝑛−1

𝑖=1

(𝐹𝑃𝑅𝑖+1 − 𝐹𝑃𝑅𝑖) 

 

Discriminates landslide 

and non-landslide 

pixels across 

thresholds; values 

closer to 1 indicate 

better performance. 

 262 

Machine-learning models are often criticized for their “black-box” nature and limited 263 

interpretability, which can hinder their application in hazard assessment (K. Youssef et al., 264 



2023). To address this issue, model interpretability was examined using variable importance, a 265 

commonly applied machine-learning interpretation tool (Goldstein et al., 2015). Variable 266 

importance was quantified using the mean decrease in impurity metric, which measures the 267 

contribution of each predictor to reducing classification uncertainty across the ensemble of 268 

decision trees. 269 

 270 

5. Results  271 

5.1.  Role of Topographic Source Density and Effective Rainfall in Model Performance 272 

The results demonstrate a progressive improvement in landslide susceptibility prediction with 273 

the addition of physically meaningful predictors. The Conventional Topographic Model 274 

(CTM) achieved an accuracy of 0.776, precision of 0.794, recall of 0.812, and a ROC-AUC of 275 

0.837 (Table 2). These results indicate that conventional topographic variables provide a 276 

reasonable baseline for capturing terrain controls on landslide occurrence. The addition of 277 

topographic source density (𝐷𝑡𝑠) in the Enhanced Topographic Model (ETM) improved all 278 

evaluated performance metrics. Accuracy increased from 0.776 to 0.824, while precision and 279 

recall increased from 0.794 to 0.813 and from 0.812 to 0.854, respectively. The ROC-AUC 280 

also increased from 0.837 to 0.885. This improvement indicates that 𝐷𝑠 provides additional 281 

information beyond conventional topographic variables. A much larger improvement was 282 

observed when the effective rainfall (𝐸𝑅) descriptors were incorporated into the ETM to 283 

develop the Topo-Climatic Model (TCM) (Fig. 5). The TCM achieved an accuracy of 0.941, 284 

precision of 0.918, recall of 0.928, and a ROC-AUC of 0.972 (Table 2).  285 

 286 

Figure 5. Comparison of the predictive performance of the Conventional Topographic Model 287 

(CTM), Enhanced Topographic Model (ETM), and Topo-Climatic Model (TCM). 288 

Table 2. Performance comparison of landslide susceptibility models.  289 



Model Description Accuracy Precision Recall ROC-AUC 

Conventional 

Topographic Model 

(CTM) 

Four conventional topographic 

predictors: elevation, slope, aspect, 

and profile curvature 

0.776 
 

0.794 
 

0.812 
 

0.837 
 

Enhanced Topographic 

Model (ETM) 

Adds Topographic Source Density 

(𝐷𝑡𝑠) to the four conventional 

topographic predictors 

0.824 0.813 0.854 0.885 

Topo-Climatic Model 

(TCM) 

Adds statistical descriptors of 

effective rainfall (𝐸𝑅) to the 

enhanced topographic predictors 

0.941 0.918 0.928 0.972 

 290 

 291 

5.2.Feature Importance of Topo-Climatic Predictors 292 

Figure 6 summarizes the relative importance of the predictors used in the Random Forest models 293 

for ETM and TCM. Among all topographic predictors, elevation emerged as the most important 294 

predictors (Figure 6b). The 𝐸𝑅 descriptors collectively formed the most influential group of 295 

predictors, emphasizing the dominant role of hydrologic forcing in landslide initiation. Among 296 

all 𝐸𝑅 descriptors, 𝐸𝑅𝑚 exhibited the highest importance, followed by 𝐸𝑅𝑝99 and 𝐸𝑅0. These 297 

variables contributed substantially more to the model than the remaining 𝐸𝑅 descriptors. Among 298 

the traditional topographic predictors, 𝐷𝑡𝑠 exhibited higher importance than slope, profile 299 

curvature and aspect (Figure 6a), indicating it also contributes significantly to model 300 

performance and landslide susceptibility prediction. 301 

 302 

Figure 6. Mean Decrease in Impurity (MDI) feature importance for the (a) Enhanced 303 

Topographic Model (ETM) and (b) Topo-Climatic Model (TCM). 304 

 305 



5.3. Spatial Distribution of Landslide Susceptibility Across Geomorphic Provinces 306 

Moderately high susceptibility was also observed within the Klamath Mountains and Sierra 307 

Nevada, where approximately 16% and 15% of the terrain, respectively, fell within the high 308 

to very high susceptibility classes. In contrast, the Cascade Range displayed comparatively 309 

limited high susceptibility coverage, with only about 5% of the area classified as high to very 310 

high. Arid regions such as the Mojave Desert and Colorado Desert exhibited minimal 311 

susceptibility, with less than 1% of the terrain categorized as high to very high susceptibility. 312 

These areas were dominated by very low to low susceptibility classes throughout most of their 313 

extent. Overall, the spatial distribution of susceptibility closely follows California’s major 314 

mountain belts and regions of pronounced terrain dissection, whereas low susceptibility 315 

dominates the relatively flat and arid desert regions. 316 

 317 

Figure 7. Spatial distribution of landslide susceptibility across California and major 318 

geomorphic provinces derived from the Random Forest model. 319 

 320 



 321 

Figure 8. Proportional distribution of landslide susceptibility classes across major 322 

geomorphic provinces of California. Each stacked bar represents the percentage area within a 323 

province classified as very low, low, medium, high, and very high susceptibility. 324 

 325 

6. Discussion 326 

6.1. Performance of a Parsimonious Topo-Climatic Predictor Set 327 

In landslide susceptibility mapping (LSM), the ROC-AUC is widely regarded as one of the 328 

most informative performance metrics because it provides a threshold independent measure of 329 

model discrimination ability (Fawcett, 2006; Fausto Guzzetti et al., 2006). Reported ROC-330 

AUC values in susceptibility studies typically range from approximately 0.80 to 0.95, 331 

depending on the predictor set, modelling framework, spatial scale, and validation strategy 332 

employed (Merghadi et al., 2020; Reichenbach et al., 2018). Classical statistical approaches 333 

and early machine learning models generally occupy the lower to middle portion of this range, 334 

whereas more recent ensemble-based methods frequently achieve values exceeding 0.90 335 

(Pourghasemi & Rahmati, 2018; Youssef et al., 2015; Reichenbach et al., 2018). Although a 336 

small number of studies have reported ROC AUC values above 0.97, such exceptionally high 337 

performance is often associated with validation schemes susceptible to spatial autocorrelation 338 

effects, which can lead to optimistic estimates of predictive skill (Lee et al., 2025; Reichenbach 339 

et al., 2018; Sharma et al., 2024). 340 

 341 

Within this context, the presented topo-climatic model achieved a ROC AUC of 0.972, placing 342 

it near the upper range of reported regional scale landslide susceptibility models. More 343 

importantly, this performance was obtained using a relatively small set of physically 344 

meaningful predictors rather than a large collection of environmental variables. This finding 345 



suggests that effective representation of the dominant controls on landslide occurrence may be 346 

more important than simply increasing the number of predictors. The strong performance of 347 

the model indicates that the selected variables successfully capture both the long-term 348 

topographic preconditioning and the short-term hydrologic triggering mechanisms that govern 349 

slope failure. The ability of a parsimonious predictor set to achieve such high predictive 350 

performance further supports the value of process-informed variable selection and suggests 351 

that physically interpretable predictors can offer both scientific insight and predictive capability 352 

in landslide susceptibility modelling. 353 

 354 

6.2 Physical Interpretation of Highly Important Predictors 355 

Elevation emerged as a highly important predictor in our study, consistent with several 356 

previous landslide susceptibility studies (e.g., Halder et al., 2025; Kunwar et al., 2025; Yin et 357 

al., 2021; Rabby et al., 2023). However, elevation may not represent a direct causal control on 358 

landslide initiation; rather, it can act as an indirect proxy for multiple environmental and 359 

geomorphic controls, which vary systematically with altitude. Thus, its high importance may 360 

reflect its ability to integrate information from several landslide-controlling factors. 361 

 362 

As shown in Figure 6, the 𝐸𝑅 descriptors collectively exhibit the highest feature importance 363 

among all predictor groups, highlighting their substantial contribution to model performance. 364 

Beyond their predictive value, these variables also provide important insights into the 365 

hydrologic controls governing landslide occurrence. Slope failure is fundamentally driven by 366 

the evolution of pore water pressure within hillslopes, which is regulated by infiltration, 367 

subsurface flow, and soil moisture storage. 𝐸𝑅 directly influences these processes by 368 

controlling the amount of water available for soil saturation and pore pressure development. 369 

Among all 𝐸𝑅 descriptors, 𝐸𝑅𝑚𝑒𝑎𝑛 exhibited the highest importance, followed by 𝐸𝑅𝑝99 and 370 

𝐸𝑅0. This ranking suggests that long-term average hydrologic conditions exert the strongest 371 

control on regional landslide susceptibility, while hydrologic extremes and the frequency of 372 

hydrologically active conditions provide additional information regarding landslide triggering 373 

potential. The importance of 𝐸𝑅0 further emphasizes the role of rainfall persistence, showing 374 

that areas experiencing frequent wet days are more susceptible even when individual events 375 

are not extreme (Berti et al., 2012). Lower-ranked descriptors such as 𝐸𝑅𝑝95, 𝐸𝑅𝑝90, and 𝐸𝑅𝑠𝑡𝑑 376 

contribute less but still capture variability in rainfall intensity and dispersion that modulate 377 

slope response. Together, these findings indicate that landslide occurrence is influenced not 378 



only by short-duration extreme events but also by the cumulative effects of persistent moisture 379 

availability, emphasizing the critical role of hydrologic memory in controlling slope instability. 380 

 381 

6.3 Landslides Through the Lens of Geomorphology: The Role of Topographic Source 382 

Density 383 

Although in the model interpretation 𝐷𝑡𝑠 exhibits lower feature importance than elevation and 384 

the dominant 𝐸𝑅 descriptors (Figure 5), however, its contribution remains comparable to or 385 

greater than several commonly used topographic predictors. It is important to note that lower-386 

ranked predictors are not necessarily unimportant. Feature importance values indicate the 387 

relative contribution of each variable to landslide discrimination within the Random Forest 388 

model rather than their physical relevance (Breiman, 2001; Molnar, 2022). Variables with 389 

lower importance may still exert significant controls on landslide occurrence, but their 390 

explanatory power can be partially shared with stronger predictors. Because Random Forest 391 

prioritizes variables that most effectively separate landslide and non-landslide pixels across the 392 

entire study area, physically meaningful predictors may receive lower rankings when their 393 

effects overlap with dominant controls (Goldstein et al., 2015). 394 

 395 

To examine the relationship between landscape organization and slope instability, 𝐷𝑡𝑠 values 396 

were grouped into uniform intervals between 0 and 1, and the total number of landslides within 397 

each interval was computed (Figure 9a). Landslide occurrence concentrated within 398 

intermediate 𝐷𝑡𝑠 ranges. These 𝐷𝑡𝑠 ranges likely correspond to landscapes with sufficiently 399 

steep and dissected slopes that are more prone to failure. This may suggest that 𝐷𝑡𝑠 may capture 400 

fundamental aspects of landscape organization relevant to landslide susceptibility. To better 401 

understand the role of 𝐷𝑡𝑠 in the model, partial dependence plots (PDPs) were examined. PDPs 402 

provide insight into the marginal influence of an individual predictor while accounting for the 403 

average effects of all other variables in the model (Molnar, 2022). The PDP for 𝐷𝑡𝑠 (Figure 9b) 404 

reveals a distinctly non-linear relationship with landslide susceptibility. Predicted susceptibility 405 

initially increases with 𝐷𝑡𝑠 , reaches a maximum at intermediate values, and subsequently 406 

declines as 𝐷𝑡𝑠 increases further. 407 



 408 

Figure 9. (a) Frequency of recorded landslides within topographic source density (𝐷𝑡𝑠) 409 

intervals. (b) Partial dependence plot showing the effect of 𝐷𝑡𝑠 on the predicted probability of 410 

landslide occurrence estimated by the Random Forest model. 411 

 412 

This pattern is particularly noteworthy because it mirrors the empirical distribution of 413 

landslides shown in Figure 9a, where landslide occurrence is concentrated within intermediate 414 

𝐷𝑡𝑠 landscapes. Geomorphologically, this behaviour may reflect the balance between 415 

competing landscape evolution processes. Low 𝐷𝑡𝑠 landscapes are typically characterized by 416 

subdued relief and limited hillslope dissection, resulting in lower susceptibility to slope failure 417 

(Raina & Biswal, 2025). In contrast, intermediate 𝐷𝑡𝑠 landscapes represent terrains where 418 

hillslope gradients, drainage organization, and hydrologic connectivity are sufficiently 419 

developed to promote instability. At very high 𝐷𝑡𝑠, however, landscapes may become 420 

increasingly dissected and efficiently drained, reducing water accumulation and limiting the 421 

persistence of elevated pore water pressures that promote slope failure. This suggests that 422 

𝐷𝑡𝑠 captures meaningful geomorphic controls on landslide occurrence.  423 

 424 

6.4 Spatial Patterns of Landslide Susceptibility and Their Controls 425 

The susceptibility map (Figure 6) reveals a clear concentration of high and very high 426 

susceptibility zones within California's mountainous regions, particularly the Coast Ranges, 427 

Transverse Ranges, Peninsular Ranges, and parts of the Sierra Nevada. In contrast, extensive 428 

portions of the Central Valley and arid southeastern regions exhibit consistently low 429 

susceptibility. These spatial patterns indicate that landslide occurrence in California is strongly 430 

controlled by the interaction of topographic, climatic, and geologic factors. Topography exerts 431 

a primary control by regulating slope gradients, local relief, and landscape organization. 432 



Mountainous regions characterized by steep slopes and highly dissected terrain provide 433 

favourable conditions for slope instability, whereas the low-relief landscapes of the Central 434 

Valley exhibit limited susceptibility. These patterns are further reinforced by regional 435 

lithologic contrasts. California encompasses a wide range of geological materials, including 436 

weak sedimentary and mélange units within the Coast Ranges and more resistant granitic 437 

lithologies in the Sierra Nevada, which influence both weathering processes and slope stability 438 

(Jibson et al., 2000; Keefer, 1994). 439 

 440 

Climatic forcing further modulates these geomorphic controls. Annual precipitation exceeds 441 

2,000 mm in northern coastal and orographic regions, while desert provinces receive less than 442 

150 mm annually. In particular, atmospheric river events frequently deliver prolonged and 443 

intense precipitation that can generate widespread increases in soil moisture and pore water 444 

pressure, triggering both shallow and deep-seated landslides (Guzzetti et al., 2008; Ralph et al., 445 

2019). The high importance of 𝐸𝑅 descriptors in the Random Forest model reinforces the 446 

importance of antecedent wetness and cumulative hydrologic forcing in shaping regional 447 

susceptibility patterns.  448 

 449 

It is important to note that the present study extends beyond susceptibility map generation by 450 

explicitly quantifying the relative contributions of topo-climatic controls. The model's ability 451 

to assign low susceptibility to geomorphologically stable regions further demonstrates its 452 

specificity and reduces the risk of overprediction, a common limitation of regional-scale 453 

susceptibility assessments. While the current framework provides a static representation of 454 

landslide susceptibility, future studies should integrate dynamic precipitation forecasts and 455 

hydrologic predictions to develop time-varying hazard assessments. Such efforts are 456 

particularly relevant to mountainous regions such as the Sierra Nevada, where snowmelt-driven 457 

hydrological processes have been identified as important contributors to slope instability 458 

(Peterson et al., 2005). Future research should also investigate landslides within a landscape 459 

evolution framework to better understand how different stages of landscape development 460 

influence the frequency, magnitude, and spatial distribution of landslide events. 461 

 462 

6. Summary and Conclusions 463 

This study focuses on the role of topographic and climatic predictors in LSM, recognizing that 464 

terrain characteristics and hydroclimatic forcing represent the primary controls on slope 465 



instability. The Conventional Topographic Model (CTM), based on elevation, slope, aspect, 466 

and profile curvature, provided a reasonable baseline with a ROC-AUC of 0.837. Incorporating 467 

Topographic Source Density (𝐷𝑡𝑠) in the Enhanced Topographic Model (ETM) improved the 468 

ROC-AUC to 0.885, demonstrating that 𝐷𝑡𝑠 provides complementary geomorphic information 469 

beyond conventional topographic variables. The addition of effective-rainfall (𝐸𝑅) descriptors 470 

produced a substantial further improvement, with the Topo-Climatic Model (TCM) achieving 471 

a ROC-AUC of 0.972.  This improvement highlights the importance of incorporating process-472 

informed predictors into machine-learning frameworks.  473 

 474 

Feature-importance analysis further showed that 𝐸𝑅 descriptors provided the strongest 475 

predictive contribution, highlighting the importance of cumulative and persistent hydrologic 476 

conditions in explaining landslide susceptibility. Elevation also emerged as a highly important 477 

predictor, potentially reflecting its role as an indirect proxy for multiple environmental and 478 

geomorphic gradients. In addition, the nonlinear relationship between 𝐷𝑡𝑠 and landslide 479 

susceptibility, identified through partial dependence analysis and landslide-frequency 480 

distributions, suggests that landslide susceptibility varies with the degree of landscape 481 

organization. The concentration of landslides within intermediate 𝐷𝑡𝑠 ranges indicate that 482 

specific states of topographic organization may provide favourable conditions for slope 483 

instability. 484 

 485 

The spatial distribution of susceptibility classes reveals pronounced regional contrasts across 486 

California. High and very high susceptibility zones are concentrated in steep, tectonically 487 

active, and rainfall-exposed regions such as the Coast Ranges, Klamath Mountains, Sierra 488 

Nevada, and the Transverse and Peninsular Ranges. In contrast, low-relief and arid regions, 489 

including the Great Valley, Mojave Desert, Colorado Desert, Modoc Plateau, and Basin and 490 

Range provinces, are dominated by very low susceptibility, reflecting limited slope gradients 491 

and reduced moisture availability. These spatial patterns are physically consistent with 492 

established geomorphic and climatic controls on landslide processes. Overall, the present study 493 

demonstrates that integrating 𝐸𝑅 with topographic measures of landscape organization can 494 

substantially improve regional-scale landslide susceptibility assessment. Beyond improving 495 

predictive performance, the results highlight the importance of considering both hydrologic 496 

forcing and landscape structure in understanding landslide occurrence. The resulting model 497 

may provide a valuable basis for regional risk screening, disaster preparedness, and offers a 498 



transferable methodological framework for landslide hazard assessment. 499 
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