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Abstract 

Susceptibility mapping is critical in assessing shallow landslide hazard and sediment transport potential. Advancements in 

modelling techniques and the availability of high-resolution spatial data have continuously improved the performance of 

landslide susceptibility maps. Nevertheless, discrepancies between predicted susceptibility and observed landslide occurrence 15 

remain. In addition to shortcomings in model design and the incompleteness of landslide inventories, the accuracy and 

transferability of susceptibility models are critically limited by hidden variables, such as site-specific variability in soil 

development, that control the triggering process but are rarely available in inventories. Here we developed an extensive case 

study framework, and apply it to two uniquely detailed inventories in order to quantify the role of hidden variables, as well the 

effects of incomplete landslide inventories. The first inventory is a comprehensive regional dataset containing over 24,000 20 

mapped landslides across 5,939 km², and the second is a field-validated dataset of 734 landslides which includes detailed 

documentation of hidden variables. We trained two Random Forest machine learning models using a wide range of explanatory 

variables, including topography, land cover, soil properties, and climate. The first model was optimized for the first dataset, 

and achieved high predictive performance within its training domain (mean cross-validation of the area under the curve, AUC 

= 0.89). However, its accuracy decreased significantly (AUC = 0.74) when applied to the second dataset, highlighting 25 

limitations in transferability. The second model was optimized for the second dataset (AUC = 0.79). A comparison of the two 

models revealed that regional climatic and geologic data hindered transferability to remote regions because the relationship 

between available and hidden variables is not properly captured by the susceptibility model. We further analysed the predicted 

susceptibility values as a function of the site-specific information collected in the second database, to quantitatively explore 

the role of hidden variables. The analysis suggested that variables related to (i) subsurface heterogeneity and (ii) vegetation 30 

complexity govern landslide initiation, but are rarely accounted for in susceptibility models. Specifically, the models 

underestimated susceptibility in poorly developed soils and areas with uniform forest layering. This study underscores the 

necessity of a process-based understanding grounded in field observations to capture the full complexity of landslide failure 

mechanisms, relevant to landslide susceptibility modelling. 
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1 Introduction 35 

Shallow landslides fail along shallow slip surfaces of less than 2 m depth. Through the mobilization of sediment material, they 

act as important agents of hillslope erosion and contribute to the evolution of mountainous landscapes (Sidle and Ochiai, 2006; 

Burton and Bathurst, 1998). Shallow landslides cause significant damage and loss of life as their initiation locations are difficult 

to predict, and they can emplace with extremely rapid velocities (Hungr et al., 2014). Shallow landslides commonly initiate on 

steep slopes, particularly during intense rainfall or earthquake events (Baum and Godt, 2010). They may further evolve into 40 

destructive debris flows (Gabet and Mudd, 2006), which represent some of the most hazardous mass movement processes 

worldwide (Hong et al., 2007). To support hazard management and estimate sediment transport potential, susceptibility maps 

have emerged as essential tools (Fell et al., 2008), aiming to predict the spatial deposition of slope failure across a landscape 

(Corominas et al., 2014). Despite the substantial progress in improving the quality of susceptibility predictions across various 

fields of research, landslides continue to occur at unexpected locations, resulting in damage to infrastructure and buildings, 45 

loss of life. Understanding the reason for these limitations is critical to improving susceptibility mapping, but has been hindered 

by a lack of site specific data on sufficient spatial scales needed to quantify the physical mechanisms typically missed by 

current approaches.  The present study uses two unique datasets to overcome this limitation.   

State of the art susceptibility assessments are typically based on either physically (deterministic) or data-driven (probabilistic) 

models (Shano et al., 2020). Physically based models aim to reproduce slope failure processes by coupling subsurface 50 

hydrological flow with mechanical stability analyses (Montgomery and Dietrich, 1994; Rossi et al., 2013). Applied to regional 

scale, they are often limited by scarce information about the heterogeneity of hydrological and mechanical properties of the 

subsurface (Godt et al., 2008). Data-driven models correlate observed landslide locations with spatial explanatory variables, 

assuming that future landslides will be governed by the same factors as the observed landslides (van Westen et al., 2008). Such 

analyses commonly incorporate a wide range of explanatory variables, including morphology, climatic, pedologic, geologic, 55 

and land-use factors (Ado et al., 2022; Zhao et al., 2023). Advances in remote sensing have substantially improved the quality 

and spatial resolution of input data. Airborne  laser scanning, for example, enables detailed mapping of terrain and vegetation, 

producing high-quality digital elevation models (DEMs) and digital surface models (Ginzler et al., 2019; Liu, 2008; Swisstopo 

2025a). Combined with monitoring and modelling approaches, spatial datasets of climate and soil properties can be derived 

(Karger et al., 2017; Ma et al., 2019). In addition, satellite-based remote sensing provides global-scale Earth observation data, 60 

supporting the assessment of vegetation indices and land-cover information (Huang et al., 2024; Defries and Townshend, 

1999). Despite performance improvements resulting from the increasing availability of spatial geodata, large landslide 

inventories, and advances in machine learning algorithms (Merghadi et al., 2020; Ado et al., 2022), landslide susceptibility 

models remain inherently imperfect. 

Although many studies have investigated individual sources of model imperfection (described in detail in the next section), no 65 

study has systematically summarized and quantified the effect of these limitations on model performance. To address this, we 

investigate the main sources of model uncertainty using two susceptibility models trained and tested on two comprehensive 

https://doi.org/10.5194/egusphere-2026-2858
Preprint. Discussion started: 10 June 2026
c© Author(s) 2026. CC BY 4.0 License.



3 

 

landslide inventories from Switzerland. To do this, we first summarize the main sources of uncertainty and then give an 

overview of the datasets and methods we use to investigate them. We then present the results obtained using the two 

susceptibility models and discuss them in the context of the most important uncertainties when constructing data-driven 70 

susceptibility models.    

2 Background 

In landslide research, individual sources of model imperfection have been studied in detail and can be categorized into four 

primary groups: (a) limitations related to the model design, (b) limitations caused by incomplete landslide inventories, (c) 

limitations related to the transferability of models to unseen data, and (d) limitations arising from explanatory variables that 75 

cannot fully represent the environmental complexity controlling slope instability.  

The first group (a) includes modelling choices such as the selection of algorithms used to classify landslide susceptibility. 

Common approaches in data-driven susceptibility modelling include linear and logistic regression (e.g., von Ruette et al., 2011; 

Zweifel et al., 2021; Edrich et al., 2023), as well as machine learning algorithms such as Random Forest (Taalab et al., 2018; 

Kim et al., 2018), support vector machines (e.g., Pourghasemi et al., 2013), artificial neural network (e.g., Ermini et al., 2005; 80 

Kavzoglu et al., 2021) and hybrid modelling approaches (Nguyen et al., 2019; Jaafari et al., 2019). With increasing data 

availability and improved computational methods, many studies have shown that machine learning approaches often 

outperform common statistical models in landslide susceptibility classification (Huang et al., 2020; Goetz et al., 2015; Akinci 

and Zeybek, 2021). Among machine learning based methods, studies report that classification tree-based methods, such as 

Random Forest models are best at discriminating landslide susceptibility (Merghadi et al., 2020; Chicas et al., 2024; Liu et al., 85 

2023; Pourghasemi and Rahmati, 2018; Sun et al., 2023; Goetz et al., 2015). Beyond algorithm selection, landslide 

susceptibility mapping is sensitive to model design regarding the choice of mapping units and their resolution (Guzzetti, 2006; 

Erener and Düzgün, 2012). While raster-based mapping remains a popular choice due to its straightforward integration with 

geographical information system (GIS) data, such as DEMs or their derivatives, slope-unit-based mapping provides a more 

physically meaningful framework by capturing actual landslide geometries and the environmental conditions driving slope 90 

failure (Ba et al., 2018; Sun et al., 2023). The performance of these models is further dictated by the resolution of the units, as 

inappropriate sizes of grid cells or slope-units can fail to accurately represent the specific conditions relevant to landslide 

initiation (Karsa et al., 2019; Lee et al., 2004; Palamakumbure et al., 2015). This sensitivity extends to the sampling strategies 

used to define triggering and non-triggering areas used for modelling (Gu et al., 2024; Lai et al., 2019; Hong et al., 2019; Hong 

et al., 2024). 95 

Furthermore, the reliability of these data-driven assessments is limited by the quality of the landslide inventory itself (Huang 

et al., 2024; Titti et al., 2021; Mirus et al., 2020; Woodard et al., 2023). Systematic inventory incompleteness (b), often a 

byproduct of the acquisition method, introduces critical errors where missed landslides are incorrectly categorized as non-

landslide samples, thereby reducing the model's ability to discriminate between stable and unstable terrain (Steger et al., 2017; 
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van Westen et al., 2008). Similarly, inaccurate positioning of mapped landslides constrain the model’s capacity to represent 100 

actual environmental drivers of landslide susceptibility (Steger et al., 2016b). 

Limitations in spatial transferability (c) to unseen data is central to susceptibility mapping (Zhu et al., 2020), as a model's 

ability to generalize across independent regions is a relevant benchmark of its quality (Chung and Fabbri, 2003). In a standard 

machine learning workflow, datasets are typically partitioned into training, validation, and test sets. The training set fits the 

model, the validation set optimizes input features and hyperparameters, and the test set provides an unbiased evaluation of 105 

performance on geographically distinct data (Ripley, 2007). Previous studies have shown that limited spatial transferability 

may result from small training sample sizes (Petschko et al., 2014), incomplete landslide inventories (Steger et al., 2017) or 

incomplete explanatory data (Woodard et al., 2023). However, the specific role of individual environmental variables in 

hindering transferability remains poorly understood.  

Susceptibility assessments are further limited by the inherent incompatibility of explanatory variables to represent the 110 

heterogeneity of environmental conditions relevant to slope instability (d). Despite advancements in high-resolution remote 

sensing, current datasets primarily capture surface or near-surface conditions, failing to account for subsurface heterogeneity 

such as the spatial variability in soil properties, soil depth, and bedrock topography which exert first-order controls on where 

landslides initiate within the landscape (Fan et al., 2016;  Moradi et al., 2018; Lanni et al., 2013). These studies on such first-

order controlling factors are largely based on physical modelling and often lack empirical field observations of the required 115 

resolution. Moreover, these models typically do not represent complex soil structural features (Fusco et al., 2021) like soil 

macropores and fractures, formed by biological, physical, or chemical processes that can induce preferential flow (Beven and 

Germann, 1982). Such structures may either enhance stability through improved drainage or promote instability when flow 

networks become oversaturated, leading to increased pore-water pressure in the surrounding soil matrix (Uchida et al. 2001; 

Uchida 2004). Additional processes, including lateral water flow along the soil–bedrock interface (McDonnell, 2003), bedrock 120 

connectivity (Kosugi et al., 2006) and bedrock exfiltration (Brönnimann et al., 2013), further increase the complexity of 

subsurface hydrological controls on slope stability. Vegetation enhances slope stability through mechanical root reinforcement 

(Roering et al., 2003; Schwarz et al., 2011) and by influencing hydrological processes, including preferential flow, interception, 

evapotranspiration, and hydraulic conductivity, thereby affecting pore-water pressure dynamics (Ghestem et al., 2011; Graf et 

al., 2017). In forested systems, these effects are further controlled by forest structure, such as canopy cover and vertical 125 

layering, which regulate both hydrological processes and root reinforcement (Rickli et al., 2019; Bast et al., 2026). However, 

most susceptibility models still represent vegetation in a highly simplified manner due to constraints in large-scale data 

availability and resolution (Franklin, 1995; Bast et al., 2025), typically as presence–absence or land-cover classes (Piacentini 

et al., 2012; Neuhäuser et al., 2012), and rarely account for plant species-specific traits or forest structural characteristics 

relevant to slope stability (McGuire et al., 2016; Rickli et al., 2019). 130 
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3 Material and Methods 

We have designed our study and selected datasets in order to quantify the importance of three of the four types of model 

limitations described above. Model design limitations (a) were not examined in detail and were instead addressed through a 

structured study design informed by literature. Two comprehensive landslide inventories from Switzerland were used to train 

and test two different susceptibility models. In the first model (independent model), the landslide inventory from the canton of 135 

Bern, featuring more than 24’000 landslides was used for training and validation (model optimization), while the Shallow 

Landslide Database (SLD) featuring 734 landslides from diverse geographic regions of Switzerland served as an independent 

test dataset. In the second model (dependent model), the Bern inventory data was again used for training, but this time the SLD 

was used for both validation and testing, allowing information from the test dataset to influence model optimization.  

Performance comparison between the two inventories allowed to assess the effect of landslide inventory incompleteness (b). 140 

Transferability limitations (c) were quantified by analysing the performance of the independent model on the test data and by 

comparing the selected explanatory variables between the two models. Subsequently, susceptibility predictions of both models 

were compared to specific field-based observations from the SLD that cannot be represented at regional scale (termed “hidden 

variables”). False negatives, i.e. landslides occurring at locations predicted with low susceptibility and under systematic 

conditions linked to hidden variables highlighted fundamental limitations in how models represent predisposing conditions 145 

based on available explanatory variables (d). The landslide inventories, as well as the model training procedure, are described 

in detail in the following sections. 

3.1 Landslide inventories 

3.1.1 Canton Bern 

The landslide inventory of the Canton of Bern, compiled by Hählen (2024), includes 24,024 landslides. Of these, 19,895 were 150 

manually mapped at the release area centre using orthophotos from 1962 to 2021. The orthophotos have a ground resolution 

of 10 – 25 cm and were updated every three years; images prior to 1998 were available at 50 cm resolution and were updated 

every five years (Swisstopo, 2025c). The dataset was further supplemented by an event register of the Canton of Bern, adding 

4,129 additional landslide records (Hählen, 2024). Visual quality control indicated high positional accuracy of the mapped 

landslides. However, the degree of inventory incompleteness could not be quantified, particularly for landslides where deposits 155 

have been removed between orthophoto acquisitions or for landslides occurring in forests where vegetation may obscure 

geomorphic evidence (van Westen et al., 2008). 

The Canton of Bern is a suitable region for capturing the geographical heterogeneity of Switzerland due to the pronounced 

diversity in topographic, geological, climatic, and ecological conditions. It is the second-largest canton in Switzerland, 

covering an area of 5,939 km² and extending from the Jura Mountains in the north, across the Swiss Plateau, to the Alps in the 160 

south (Fig. 1). Elevation ranges from 399 m a.s.l. to 4,273 m a.s.l. Mean annual precipitation increases with altitude, from 

approximately 1,000 – 1,300 mm on the Swiss Plateau to about 2,500 mm in the Bernese Alps (MeteoSwiss, 2024). The 
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dominant lithologies include Jurassic limestone in the Jura Mountains; sedimentary rocks such as marl, conglomerate, and 

sandstone of the Molasse Basin in the Swiss Plateau; and limestone of the Helvetic nappes as well as plutonic and metamorphic 

rocks of the crystalline basement in the Bernese Alps.  165 

 

Fig. 1. Map of Switzerland highlighting the training area, i.e. the Canton of Bern. The seven geographical subregions (Hählen, 2024) 

are used for spatial cross-validation (red thin lines). The eight coloured regions correspond to the perimeters of the Shallow 

Landslide Database (SLD). Labels denote the regional names and the year of the landslide triggering rainfall event.  

3.1.2 Shallow Landslide Database (SLD) 170 

The Shallow Landslide Database (SLD; Rickli et al., 2016) is a unique dataset that allowed to quantify model transferability, 

and assess the role of hidden variables in susceptibility model performance. This event-based dataset has been compiled over 

the past 30 years from detailed field observations following heavy rainfall events associated with numerous shallow landslides. 

For each event, a perimeter was defined and all landslides with volumes exceeding 30 m³ were documented. In total, 734 

landslides were recorded across eight perimeters located in the northern and eastern Swiss Alps (Fig. 1), three of which are 175 

located within the Canton of Bern. To ensure independent testing, these three perimeters were only used for the test and 

excluded for model training. The documented landslides vary widely in size, ranging up to 2,600 m², with a median area of 

135 m². Of the total landslides, 407 occurred outside forested areas and 327 within forests. As the SLD inventory records only 
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the coordinates of the uppermost point of each landslide (head scarp), centroids and release areas were approximated using 

elliptical polygons based on reported release area, maximum length, maximum width, and slope aspect. 180 

 

3.2 Commonly used Explanatory Variables 

To train the susceptibility models, we considered a wide range of topographic, morphologic, climatic, pedologic, geologic and 

land-use explanatory variables (Table 1) that are commonly found in landslide susceptibility analyses (Ado et al., 2022; Chicas 

et al., 2024; Zhao et al., 2023). It should be noted that these variables were considered static, ignoring the fact that 185 

environmental conditions are constantly changing. A landslide may have occurred before or after the data was acquired. In the 

following, all 33 variables are described, together with their primary contributions to landslide susceptibility. Where direct 

spatial input data were unavailable, variables were derived using SAGA (Conrad et al., 2015), GDAL (GDAL/OGR 

contributors, 2025), QGIS (Dawson et al., 2025) and GRASS (GRASS Development Team, 2024) tools within QGIS (Table 

1). 190 

3.2.1 Topographical & Morphological variables (9 variables) 

Topographic and morphologic attributes were derived from a high-resolution (2 m) digital elevation model (DEM) provided 

by Swisstopo (2025a). Elevation was included as an explanatory variable to represent climatic controls on vegetation and soil 

types through variations in weathering rates (Egli et al., 2008). Slope gradient was computed as the maximum elevation 

gradient between neighbouring cells. Slope is widely regarded as a key variable representing gravitational forces acting within 195 

the subsurface (Budhu, 2015), and controls the availability of unconsolidated material susceptible to shallow landslide 

initiation (Moser, 1997). 

Aspect was transformed using a cosine function such that values of 0 represent north-facing slopes and values of 1 represent 

south-facing slopes, with intermediate aspects varying continuously. Aspect captures spatial variability in solar radiation, 

which influences hydrological and climatic conditions relevant to vegetation growth and slope stability (Gutiérrez-Jurado and 200 

Vivoni, 2013). Flow accumulation was computed considering sink filling by Wang and Liu (2006) and a multiple flow 

direction algorithm (Conrad et al., 2015). Flow accumulation represents the contributing upslope area draining into each raster 

cell and serves as a proxy for water accumulation within slopes. Planform curvature describes the concave (negative) or convex 

(positive) shape of a slope perpendicular to the direction of maximum gradient, whereas profile curvature describes curvature 

parallel to the slope direction. Planform curvature influences the convergence and divergence of surface flow, while profile 205 

curvature governs flow acceleration and deceleration (Zevenbergen and Thorne, 1987). General curvature represents the mean 

of planform and profile curvature and reflects overall surface bending.  Topographic wetness index (TWI) was defined as the 

natural logarithm of the upslope contributing area divided by the tangent of the local slope, whereas Topographic Position 

Index (TPI) was calculated as the elevation difference between a cell and the mean elevation of its surrounding neighbourhood. 

To adequately capture the surface roughness and geomorphological landforms relevant to slope stability, the neighbouring 210 
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area of consideration for the computation of the TPI was set to 3 x 3 surrounding grid cells (Neuhäuser et al., 2012; Piacentini 

et al., 2015). Together with curvature measures, TWI and TPI were included as explanatory variables to represent topographic 

controls on surface and subsurface hydrological flow paths (Nohani et al., 2019), as well as mechanical stresses acting within 

the subsurface. 

3.2.2 Vegetation variables (3 variables) 215 

To account for vegetation effects on slope stability, we incorporated a Swiss vegetation height map (Ginzler, 2023) and a 

national annual mean Normalized Difference Vegetation Index (NDVI) dataset (UniGeneva, 2019). In addition, raster cells 

were classified as forest when the minimum vegetation height exceeded 5 m (Unesco, 1973), while cells with lower vegetation 

height were classified as non-forest. Vegetation height serves as a proxy for root biomass and rooting depth (Heisse et al., 

2007), influencing slope stability through mechanical root reinforcement (Schwarz et al., 2011) and hydrological effects such 220 

as increased evapotranspiration. NDVI, in turn, reflects vegetation density and land-use characteristics (Dahigamuwa et al., 

2016). 

3.2.3 Geological variables (3 variables) 

To account for geological conditions affecting slope stability, we used the national GeoCover dataset (Swisstopo. 2025b) and 

extracted the main geological classes, which categorize the landscape into: (1) Quaternary unconsolidated material, (2) 225 

sedimentary rocks, (3) magmatic rocks, (4) metamorphic rocks, and (5) lakes and glaciers. Because shallow landslides 

predominantly occur in unconsolidated materials, this subclass was further subdivided—while retaining the other subclasses—

into moraine, loess, loamy colluvium, gravelly colluvium, river gravel, and alluvium, based on GeoCover information, and 

included as an additional variable (mixed geological classes). 

Classification is relevant for slope stability analyses because landslides may initiate either within bedrock, within the soil or 230 

at soil–bedrock interfaces, depending on mechanical and hydrological properties (Clarke and Burbank, 2011), and because 

bedrock lithology influences soil properties through weathering processes (Blume et al., 2016). In addition, hydrogeological 

classes from the same dataset were incorporated, classifying areas into different productivities of ground water resources. 

Hydrogeology influences slope stability by regulating infiltration, subsurface flow, and exfiltration between soil and bedrock 

(Onda et al., 2001). Although more detailed lithological and tectonic information is available in the GeoCover dataset, these 235 

variables were excluded because some categories are present only in the test dataset and not in the training dataset, which 

would prevent consistent model application. 

3.2.4 Climate variables (10 variables) 

Climatic variables were derived from the CHELSA dataset and include mean annual snow cover duration, potential 

evapotranspiration (PET), plant growing season length, and frost change frequency (Karger et al., 2017). Mean annual 240 

temperature and precipitation were obtained from a Daymet product (Thornton et al., 1997) based on MeteoSwiss observations 
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for the period 1981–2010 (MeteoSwiss, 2024). Climatic variables capture local and regional differences that influence shallow 

landslide susceptibility through their effects on vegetation, soil formation, and landscape evolution (Persichillo et al., 2017; 

Perron, 2017), as well as hillslope adaptation to rainfall intensity and frequency (Leonarduzzi and Molnar, 2020). To explicitly 

account for extreme rainfall conditions, spatial datasets of maximum rainfall intensity over 60-minute (Prec_60min_30y) and 245 

24-hour (Prec_24h_30y) durations with a 30-year return period were included (Fukutome et al., 2023). As additional variables, 

we normalized these values by dividing them by the local mean annual precipitation (Prec_60min_30y_per_mean and 

Prec_24h_30y_per_mean). 

3.2.5 Soil variables (5 variables) 

Soil properties were represented using soil texture maps from KOBO (2024), which provide sand, silt, and clay content for 250 

three depth intervals (0–30, 30–60, and 60–120 cm). To reduce dimensionality, depth-weighted mean values for each texture 

fraction were computed across the full soil profile. Bulk density was derived as a weighted mean from SoilGrids maps (Poggio 

et al., 2021),  available for six depth intervals (0–5, 5–15, 15–30, 30–60, 60–100, and 100–200 cm). Soil texture and bulk 

density influence both hydrological and mechanical soil properties relevant to slope stability (Fredlund and Rahardjo, 1993). 

In addition, soil depth was estimated using the sGIST approach (Catani et al., 2010), which relates soil thickness to slope 255 

gradient, profile curvature, and relative elevation within the contributing catchment. Topographic inputs for the soil depth 

mapping were derived from the downscaled SwissALTI3D DEM (Swisstopo 2023a), and catchments were delineated using 

HydroBASINS Level 8 sub-basins (Lehner and Grill, 2013). Soil depth affects shear and effective stresses along potential 

failure planes (Terzaghi, 1943) and controls soil water storage capacity and saturation dynamics (Lu and Godt, 2013). 

3.2.6 Proximity variables (3 variables) 260 

Proximity variables were obtained from the national topographic landscape model swissTLM3D (Swisstopo, 2025d), which 

contains more than 21 million mapped objects. Mapped roads and paths as well as waterways were used to compute the 

distance from each raster cell to the nearest road or nearest stream with the base QGIS vector tools “join attributes by nearest”. 

Distance to the nearest stream may illustrate the hydrological properties and saturation characteristics of the terrain (Lima et 

al., 2022). Areas intersecting roads or paths were additionally classified with the binary road variable. Distance to roads is 265 

commonly included in susceptibility analyses because landslides are often preferentially documented near roads (van Westen 

et al., 2008). Although this bias is not expected in our study due to comprehensive orthophoto-based mapping, roads may still 

influence slope stability through excavation, embankments, and altered drainage pathways (Guadagno et al., 2005). Roads can 

concentrate surface runoff and redirect water into hillslopes, thereby increasing localized subsurface infiltration (Montgomery, 

1994).  270 

Table 1. Overview of explanatory variables used for the susceptibility analyses, including the variable type, the original resolution 

of the data (before up-/downscaling), the tool used to compute the variable and the source of the variables. TWI stands for 

Topographic Wetness Index, TPI for Topographic Position Index, NDVI for Normalized Difference Vegetation Index and PET for 

potential evapotranspiration rate. Prec_60min_30y and Prec_24h_30y stand for extreme precipitation events with a return period 
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of 30 years in durations of 60 minutes or 24 hours, respectively; and Prec_60min_30y_per_mean as well as Prec_24h_30y_per_mean 275 
for these attributes divided by mean annual precipitation. The ‘x’ in Model 1 and Model 2 indicates if a variable was used in the 

independent model (here called Model 1) or the dependent model (here denoted as Model 2) 

Explanatory variable Model 1 Model 2 Type Resolution Tool Source 

Elevation x  Numerical 

 

2 m 

 

- SwissALTI3D 

(Swisstopo, 2025a) 

 

Slope gradient x x GRASS Development 

Team (2024) Aspect x x 

TWI x x 

Flow accumulation x x SAGA GIS (Conrad 

et al., 2015) Curvature profile x x 

Curvature planform x x 

Curvature general x x 

TPI 
x x 

(GDAL/OGR 

contributors, 2025) 

Vegetation height x x Numerical 10 m 

 

- Ginzler (2023) 

Forest x  Category > 5 m height 

NDVI x x Numerical 26 m x 38 m - UniGeneva (2019) 

Main geological classes x  Category Polygon 

shapefile 

 

- Geocover (Swisstopo, 

2025b) 

 

Mixed geological classes x  

Hydrogeological classes x  

Snow cover days x x Numerical 

 

~1000 m 

 

- CHELSA (Karger et al., 

2017) 

 

Mean PET x  

Frost change frequency x  

Growing season length  x 

Mean precipitation   100 m Daymet (MeteoSwiss, 

2024) Mean temperature  x 100 m 

Prec_60min_30y x x 1000 m Hydromaps (Fukutome 

et al., 2023) Prec_24h_30y x x 

Prec_60min_30y_per_mean x  

Prec_24h_30y_per_mean x  

Sand content   Numerical 

 

90 m 

 

- KOBO (2024) 

Silt content  x 

Clay content x x 

Bulk Density 
x  

250 m - Soil Grids (Poggio et 

al., 2021) 

Soil depth 
x x 

2 m  sGIST (Catani et al., 

2010) 

SwissALTI3D 

(Swisstopo, 2025a) 

Road   Category Line 

Shapefile 

 

- swissTLM3D 

(Swisstopo, 2025d) Distance to nearest road x  Numerical 

 

join attributes by 

nearest (Dawson et 

al., 2025) 

Distance to nearest stream 
x x 

3.3 Hidden Explanatory Variables 

To explore the role of hidden variables, i.e. those that cannot currently be represented accurately at a regional scale, we took 

advantage of the detailed field mapping presented in the SLD inventory. This inventory provides comprehensive information 280 
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on landslide dimensions, land use, local hydrology, soil profiles, bedrock depth, as well as geomorphology and vegetation 

characteristics that are much more detailed than provided in existent maps. For the purposes of this study, text-based variables 

used in the inventories (e.g. “brown earth over bedrock”) were simplified and converted into categorical variables (e.g. “brown 

earth”) through keyword extraction. Variables documented for fewer than 100 landslides and individual categories of these 

variables with less than 10 landslides were excluded to ensure a statistically sufficient sample size. Additionally, regional 285 

specific information, such as lithology and tectonic setting were omitted, as they only vary between the eight SLD perimeters 

and are therefore irrelevant to explain variations at small scales. 

In total, 23 categorical variables were retained to characterize the landslide environment (Table 2). Four variables were derived 

from soil profiles. Soil types were classified in the inventory according to the guidelines of the German Soil Science Society. 

The four soil types found in the inventory with at least 10 landslides—Brown Earth, Regosol, Rendzina, and Pseudogley—290 

correspond to the World Reference Base for Soil Resources classes Cambisol, Regosol, Leptosol, and Albeluvisol, respectively 

(Schad, 2023). Based on this classification, information on soil development was inferred. Poorly developed (raw) soils were 

defined as soils lacking a developed B horizon such as Regosol and Rendzina, while Brown Earth correspond to developed 

soils and Pseudogly to wet soils (Rickli et al., 2016). Poorly developed soils are typically either relatively young or have 

experienced inhibited development due to erosion or depositional processes, rockiness, or anthropogenic disturbances such as 295 

agriculture, logging, or litter removal (Blume et al., 2016; Duchaufour, 1982). Additional to the pedological soil type 

characterisation, soils were classified visually according to the Unified Soil Classification System class (USCS class). To 

integrate information on macropores, we defined a composite variable (macropores presence), classifying soils as: (1) no 

macropores – when no old root channels, soil fractures, mouse channels, or worm channels were observed; (2) few macropores 

– when pores were observed in one of the above named macropore classes; and (3) many macropores – when pores were 300 

observed in more than two classes.  

Eight variables characterize the vegetation in the surrounding area (100 x 100 m around the release area, Rickli et al., 2016). 

Vegetation habitat distinguishes between mesic, alternating moist and alternating mesic conditions. Meadow use intensity and 

meadow type (meadow or pasture) describe the agricultural use of vegetation of landslides occurring outside forests. Forest 

characteristics include forest mixture differentiating between coniferous and deciduous forests, forest canopy cover classifying 305 

the percentage of canopy coverage, and forest condition indicating damage from windthrow, bark beetles, or wildfire. Forest 

development classifies stands by dominant tree diameter, while forest layering describes vertical structural diversity. To 

simplify this variable, structurally complex forests were merged with multi-layered forests resulting in the two classes single-

layered and multi-layered forests (Bast et al., 2025) 

Three variables describe the landslide process, including whether the movement was translational or rotational (landslide 310 

mechanism), whether it occurred as a flow or slide process, and the position of the failure plane within the soil profile (slide 

plane interface). Two variables describe the hydrological conditions, with indication about the amount of water flowing at the 

time of field documentation as well as the overall wetness of the site. One variable characterizes the morphological setting of 

each landslide location, distinguishing between convex and concave terrain in both the horizontal and vertical slope directions 
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(morphological class). Three variables describe previous landslide activity in the surrounding area, including whether 315 

landslides are still visually detectable (signs old slides), if surrounding landslides occurred less than ten years ago (signs recent 

slides), and the observed intensity of nearby occurrences (intensity previous slides). Two variables capture geological 

information: one indicates the presence of interbedded rock layers, and the other documents the interpreted geological soil 

unit. 

Table 2. Overview of hidden variables from the shallow landslide database (SLD) used in the analysis. All variables are categorical 320 
variables describing local properties that may be relevant to slope stability. 

Hidden variable 

name 

Categories and number of samples per category (n) Variable 

domain 

Soil type brown earth (66), regosol (131), rendzina (67), pseudogley (13) Soil, 

pedological 

information 

Soil development developed (251), poorly developed (258), wet soil (26) 

USCS class silty clay CL (58), organic silt OL (36), clayey silt CL-ML (128), 

silty sand SM (97), clayey gravel (26), silty to clayey gravel GC-

GM (69), silty gravel GM (82) 

Macropores presence few (367), many (108) 

Vegetation habitat alternating mesic (104), alternating moist (44), mesic (79) Vegetation 

Meadow use intensity intense (82), moderate (162) 

Meadow type meadow (33), pasture (263) 

Forest mixture >80% coniferous (157), >80% deciduous (36), mixed stand (109) 

Forest canopy cover dispersed 20% (45), gappy 40% (62), loose 60% (74), normal 80% (

81), dense 90% (39) 

Forest condition damage area (60), old stand (83), damage area (12) 

Forest development 

stage 

mainly 20-35 cm (31), mainly 35-50 cm (62), 

mainly >50 cm (51), diverse mixture (68), young growth (65), pole 

timber (25) 

Forest layering single-layered (176), multi-layered (126), unstocked area (10) 

Slide plane interface in soil (224), soil / bedrock (257), topsoil / soil (80), in bedrock (19) Landslide 

Process Flow or slide process flow (172), slide (116) 

Landslide mechanism rotation (144), translation (398) 

Intensity previous 

slides 
clear signs (324), no clear signs (159) 

Previous 

Landslides 

Signs old slides no (194), yes (536) 

Signs recent slides no (683), yes (47) 

Amount of water flow none (229), little (118), medium (110), much (118)   Hydrological 

information Wetness of site moist (594), wet (56), dry (11) 

Morphological class horizontal concave (123), horizontal concave and vertical concave (

22), horizontal concave and vertical convex (48), horizontal convex 

Morphological 

information 
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(70), horizontal convex and vertical convex (37), 

uniform (262), vertical convex (112) 

Geological 

interbedding 

no (360), yes (370) Geological 

information 

Geologic soil unit moraine (47), slope debris (455), slope loam (59) 

 

3.4 Susceptibility model training 

Landslide susceptibility was modelled using the Random Forest algorithm (Cutler et al., 2012) in R (R-Core-Team, 2020). The 

Area Under the Curve (AUC) was used as performance metric. The AUC was derived from the receiver operating characteristic 325 

curves by successively varying the probability threshold in small increments. AUC values range from 0 to 1, where 1 indicates 

perfect discrimination and 0.5 corresponds to random prediction. As a widely used metric for susceptibility models, reported 

AUC values vary considerably among studies, typically ranging from about 0.7 to values close to 1 (Ado et al., 2022; Frattini 

et al., 2010). Although incorporating additional performance metrics, rather than relying solely on AUC, may provide a more 

robust evaluation of model quality, AUC offers a straightforward and comprehensive measure of a model’s predictive 330 

performance across all possible probability thresholds (Reichenbach et al., 2018; Lobo et al., 2008). 

Identical data preparation and training procedure was conducted for both the dependent and independent model. A raster grid 

with a spatial resolution of 10 m × 10 m was applied across the entire training and test study areas (Canton Bern and SLD 

study area perimeters), to which all explanatory variables were resampled. Variables with finer resolution were resampled to 

10 m using bilinear interpolation, whereas variables with lower resolution were disaggregated to a 10 m resolution (without 335 

interpolation). Information derived from vector datasets was rasterized and assigned to the corresponding grid cells (10 m 

resolution). Following the recommendations of (Reichenbach et al., 2018), the spatial resolution was selected to best represent 

the landslide type under investigation. Analysis of the SLD inventory indicates a median landslide area of 135 m². Accordingly, 

a grid resolution of 10 m × 10 m (100 m² per cell) was selected. According to information from the swissTLM3D dataset 

(Swisstopo, 2025d), raster cells corresponding to buildings, lakes, glaciers, and rock outcrops were excluded from the analysis, 340 

under the assumption that shallow landslides do not occur in these areas.  

For both the datasets (Canton Bern and SLD) a cell was classified as landslide-triggering if the centroid of a mapped landslide 

release area fell within it; all remaining cells were treated as non-triggering (Pourghasemi et al., 2020). To account for 

uncertainties in landslide delineation (Steger et al., 2016b) and to reduce potential spatial autocorrelation, different buffer 

zones were tested around landslide-triggering cells. However, no improvement in cross-validated model performance was 345 

observed (data not shown). Consequently, no buffer was applied in the analyses presented in this study.  

Both models were trained based on the Canton Bern inventory. The independent model was validated and optimized using a 

spatial cross-validation scheme. The training area of the Canton Bern was partitioned into seven geographically distinct regions 

(Fig. 1; Hählen, 2024). In the seven-fold cross-validation, each region was used once as the test set, while the remaining six 
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regions served as the training set. AUC performance metrics were computed for each fold and arithmetic means over all fold 350 

were derived. Cross-validation was used to optimize the Random Forest hyperparameters employing a grid-search approach 

to evaluate the optimal combination of hyperparameters using all available explanatory variables (Liu et al., 2023). The 

optimum was achieved with 150 classification trees, and the number of variables randomly selected at each node (mtry) was 

set to the square root of the total number of explanatory variables. The minimum number of samples in each terminal node 

was set to five, and no maximum tree depth was imposed. Several strategies were tested to address the imbalance between 355 

non-triggering and triggering samples, including undersampling the majority class, oversampling the minority class, class 

weighting, and stratified sampling (Chen et al., 2004). Among these approaches, stratification with a factor of one yielded the 

best performance, whereas the remaining parameters were kept at their default settings. This means that each individual 

decision tree was trained on an equal number of triggering and non-triggering samples, randomly selected from all available 

samples. Following hyperparameter optimization, the optimal combination of explanatory variables for the independent model 360 

(i.e.  the combination with the highest mean AUC of the cross validation) was identified by iteratively removing the least 

important variables based on permutation importance calculated on the cross-validation data.  

The dependent model was validated and optimized based on the SLD dataset using identical hyperparameters as the 

independent model. Similarly to the independent model, the optimal combination of explanatory variables was identified by 

iteratively removing the least important variable based on permutation importance calculated over the SLD dataset. The 365 

combination yielding the highest AUC applied to the SLD perimeters was selected. 

Ultimately, both models were separately trained with the optimal selection of explanatory variables based on the entire Canton 

Bern training area. Comparison of the two models revealed the influence of the selection of explanatory variables on 

transferability from the training to the distinct geographic regions of the SLD.   

3.5 Application on the test inventory  370 

Both the independently and the dependently trained models were applied to the test area to predict susceptibility of the SLD 

perimeter regions (Fig. 1). Model performance was evaluated using the AUC, computed both over the entire test area and 

separately for each perimeter. This allowed us to quantify the transferability of the Random Forest model to different perimeter 

regions from the SLD. To assess the influence of landslide inventory incompleteness on model performance, we evaluated 

whether the independent model produced different results when applied to the three SLD perimeters Napf_02, Napf_05, and 375 

Eriz_12 located within the canton of Bern (Fig. 1) using the more comprehensive Bern inventory instead of the SLD. While 

the SLD documents 159 landslides within these perimeters, the Bern inventory records 378 landslides, including most of those 

contained in the SLD. 

To assess whether hidden variables explain limitations in the explanatory variables, we analysed whether variations in 

predicted susceptibility were systematically related to hidden variable classes. Systematic trends —for example, higher 380 

predicted susceptibility for more developed than for less developed soils— suggest that the hidden variable influences landslide 
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occurrence in a way not captured by the model. Specifically, landslides in classes associated with low predicted susceptibility 

may explain the occurrence of false negatives.  

To quantify effects from individual hidden variables, we assigned each SLD landslide a susceptibility value from both models 

by calculating the area-weighted mean susceptibility across the estimated release area (Sect. 3.1.2), rather than using only the 385 

raster cell at the landslide centroid as in the performance analysis (Pourghasemi et al., 2020). Subsequently each landslide was 

ranked according to increasing susceptibility values. As rank-based statistics, we calculated eta-squared rank effect sizes (η²): 

η2 =
𝐻 − 𝑘 + 1

𝑛 − 𝑘
 

where H is a rank-based group difference measure as computed based on the Kruskal-Wallis (1952) test, k is the number of 

categories per variable, and n is the total number of samples. Effect sizes range from 0 to 1 and quantify the degree to which 390 

an individual hidden variable (for example the USCS class) can explain the variance in modelled susceptibility. Effect sizes 

of 0.01 to 0.06 indicate small effects, 0.06 to 0.14 moderate effects, and larger than 0.14 large effects (Ben-Shachar et al., 

2020). Boxplots display the susceptibility distribution for each individual category of the variables with the largest effect sizes, 

showing the interquartile range (Q1–Q3), the median, and whiskers extending to 1.5 times the interquartile range; values 

beyond this range are shown as outliers. Statistical differences between individual categories were competed by the Dunn’s 395 

test with the conservative Bonferroni p-value adjustment method (Dunn, 1964). The analysis was performed for both the 

independent and dependent model. Hidden variables with consistently high effect sizes across both models provide evidence 

that trends are systemic, rather than being artifacts of a single model affected by limited spatial transferability. 

4 Results 

4.1 Performance of the Independent model 400 

The optimized model resulted in a mean AUC of 0.89 across the seven cross-validation folds (Table 3), utilizing an optimal 

subset of 27 explanatory variables selected from the initial 33 (Table 1). Permutation-based feature importance (Fig. 2a) 

indicates that random shuffling of any retained variable would lead to a reduction in model performance. Slope gradient is by 

far the most influential predictor, causing an AUC decrease of 0.22 when permuted, followed by vegetation height and distance 

to the nearest stream. The average contribution of each explanatory variable is illustrated as partial dependence plots in 405 

Supplementary Material Fig. S1. 

When the training data was re-substituted as test data into the final trained model, the model achieved an AUC of 0.93, 

indicating limited overfitting of the training dataset (compare to the cross-validation AUC of 0.89). Despite this, when the 

independent model was tested against the eight SLD perimeters, the overall average performance was considerably lower 

(AUC = 0.74) and varied strongly among perimeters. Susceptibility values likewise differ substantially between perimeters 410 

(Fig. 2b). AUC values across individual perimeters range from 0.66 for the Sachseln_97 perimeter to 0.89 for the Eriz_12 

perimeter. The three perimeters located within the canton of Bern (Eriz_12, Napf_02, and Napf_05), which were excluded 
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from model training (Sect. 3.1.1), show comparatively higher average predicted susceptibility and AUC values up to 0.89, 

0.75 and 0.76, respectively. An example of the high spatial variability in susceptibility prediction is shown for the perimeter 

Sachseln_97 (Fig. 2c); maps of the other perimeters are provided in the Supplementary Material (Fig. S2) 415 

To assess the effect of landslide inventory incompleteness of the SLD, the model was subsequently tested on the three 

perimeters located within the canton Bern, using the Bern inventory instead of the SLD. The results showed similar 

performance for the more complete Bern dataset, with AUC values of 0.88, 0.79, and 0.79, respectively. 

 

Table 3. Comparison of area under the curve (AUC) performance for the different models and datasets. 420 

 Independent model Dependent Model 

 Area considered AUC Area considered AUC 

Training Canton Bern 0.93 Canton Bern 0.92 

Validation Cross-Validation 

on Canton Bern 

0.89 SLD perimeters 0.79 

Test SLD perimeters 0.74 SLD perimeters 0.79 
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Fig. 2. Overview of the independent model. (a) Feature importance, expressed as the decrease in area under the curve (AUC) metric 

resulting from random permutation of each explanatory variable. (b) Comparison of predicted susceptibility distributions of the 

landslides in the shallow landslide database (SLD) across the test perimeters, including individual AUC performances. (c) Landslide 425 
susceptibility map of the test perimeter Sachseln_97 (left) with a zoomed-in map to illustrate the high variability in susceptibility 

predicted by the model (right). 

4.2 Comparison of the Independent and Dependent Model 

The dependent model outperformed the independent model in the SLD test areas (AUC = 0.79 vs. 0.74, Table 3 and Fig. 3) as 

it can better represent small-scale susceptibility variation (compare Fig. 2c and Fig. 3c). Given the optimization on the test 430 

area, this improvement was expected; more informative however, was the comparison of the selected explanatory variables in 

the two models. Of the 33 available explanatory variables, the independent model relied on 27 variables to optimize 

performance in the Bern training area based on spatial cross-validation, whereas the dependent model selected only 19 
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variables to best represent the SLD test area (Table 1). None of the four categorical variables—hydrogeological classes, 

geological classes (main and mixed), and the binary forest attribute—used in the independent model were retained in the 435 

dependent model. In addition, elevation, bulk density, distance to the nearest road, and several climatic variables including 

mean potential evapotranspiration (PET), frost change frequency, mean precipitation, and both ratios between extreme and 

mean annual precipitation (Prec_60min_30y_per_mean and Prec_24h_30y_per_mean) were excluded. Conversely, the three 

variables silt content, growing season length, and mean annual temperature were included only in the dependent model.  

 440 

Fig. 3. Overview of the dependent model. (a) Feature importance, expressed as the decrease in area under the curve (AUC) metric 

resulting from random permutation of each explanatory variable. (b) Comparison of predicted susceptibility distributions of the 

landslides in the shallow landslide database (SLD) across the test perimeters, including individual AUC performances (c) Landslide 

susceptibility map of the test perimeter Sachseln_97 (left) with a zoomed-in map to illustrate the high variability in susceptibility 

predicted by the model (right). 445 
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4.3 The Role of Hidden Variables in False Negatives 

To assess whether hidden variables contribute to false negatives and systematically influence model transferability, effect sizes 

were computed using the Kruskal–Wallis test based on susceptibility predictions for the SLD dataset for both the dependent 

and independent models. Susceptibility predictions were compared with field information from the SLD and Fig. 4 summarizes 450 

the effect sizes of each hidden variable across both models. The effect sizes of the dependent model (Fig. 4a) were smaller 

than those of the independent model (Fig. 4b), which can be related to the higher performance of the dependent model, leading 

to smaller variation among susceptibility prediction of the SLD landslides. In both models, variables related to soil 

(pedological) and vegetation exhibited the highest effect sizes, with soil type, USCS class, soil development, slide plane 

interface, and forest layering consistently ranking among the six most influential variables. 455 

The susceptibility distributions of the categories of these five variables are shown for the dependent model in Fig. 5 (and in 

the Supplementary Material Fig. S3 for the independent model) for all perimeters combined (top row) and for individual SLD 

perimeters (all other rows). The latter allow assessment of whether overall variability can be explained by susceptibility 

differences between perimeters. The analysis focuses on results from the dependent model, which is less affected by 

transferability issues than the independent model (Sect. 4.2). The differences between individual categories of the hidden 460 

variables were generally small due to the relatively low effect sizes of this model (maximally 0.06, Fig. 4a). Particular attention 

is given to categories associated with relatively low predicted susceptibility, as these may indicate conditions insufficiently 

captured by the model.  

Landslides occurring in Rendzina and Regosol soils were predicted to have lower susceptibility than those triggered in Brown 

Earth soils (Fig. 5, first column). This pattern can largely be attributed to the Sachsln_97 perimeter, which contained most of 465 

the soil-type information. Landslides in poorly developed soils (such as Rendzina and Regosol) exhibited significantly lower 

predicted susceptibility (p < 0.05) compared to those in more developed soils (e.g., Brown Earth). This trend was consistent 

across individual perimeters with at least 10 landslides (Fig. 5, second column). Comparison between soil development and 

soil depth information from the SLD indicated significantly greater soil depths in developed (median depth ≈ 0.8 m) compared 

to poorly developed soils (median depth ≈ 0.5 m). Landslides in silty gravel (GM) and silty sand (SM) corresponded to the 470 

highest susceptibility (Fig. 5, third column), while the soil class organic silt (OL) was predicted with the lowest susceptibility 

(statistically significant: p < 0.05). Comparisons within individual perimeters show similar, yet insignificant, trends due to the 

comparably lower number of samples in each category. Overall, there is no systematic trend that coarser nor finer grained 

USCS-soil classes are better or worse predicted by the dependent model.  

Significantly higher susceptibility (p < 0.05) was associated with slide planes at the interface between topsoil (humus or organic 475 

layer) and soil, compared to failures at the soil–bedrock interface or entirely within the soil material (Fig. 5, fourth column). 

This variation can largely be explained by susceptibility differences between the perimeters. Only the Napf_05 perimeter 

showed a significant trend with lower susceptibility predicted for failure within the soil layer, compared to failure at the 

interface between topsoil and soil. Predicted susceptibility was generally lower for landslides in single-layered forests than in 
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multi-layered forests (see Fig. 5, fifth column). However, no statistically significant differences were observed for any of the 480 

parameters. 

 

 

Fig. 4. Ranked effect sizes (η²) indicating the proportion of variance in predicted landslide susceptibility explained by individual 

hidden variables extracted from the shallow landslide database (SLD). For each variable, the number of samples (n) and the number 485 

of individual categories (L) are reported. Highest ranking variables of both models are marked with an asterisk (*) and susceptibility 

values of the individual categories are shown in Fig. 5. 
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Fig. 5. Distribution of predicted susceptibility values based on the dependent model of the hidden variables with the highest effect 

sizes (Fig. 3), shown as compound overall perimeters (top row) and separately for each SLD perimeter (bottom rows). Lowercase 490 
letters denote statistical significance (p < 0.05) based on Dunn’s test with Bonferroni p-value adjustments; distinct letters indicate 

significant differences between groups within the same category and perimeter. Unified Soil Classification System (USCS) are sorted 

from fine-grained to coarse-grained classes: CL = silty clay, OL = organic silt, CL-ML = clayey silt, SM = silty sand, GC = clayey 

gravel, GC-GM = silty to clayey gravel, GM = silty gravel. 

https://doi.org/10.5194/egusphere-2026-2858
Preprint. Discussion started: 10 June 2026
c© Author(s) 2026. CC BY 4.0 License.



22 

 

5 Discussion 495 

5.1 General Model performance and Study Limitations  

The wide range of explanatory variables available for Switzerland from public repositories (Sect. 3.2) contribute to the 

relatively high performance of the independent model with a mean cross-validation AUC = 0.89 (compared to international 

studies e.g. Merghadi et al., 2020; Rossi et al., 2010). However, such comparisons must be made with caution as the 

performance strongly depends on the model design. As outlined in Sect. 2, several factors may influence performance, 500 

including the choice of algorithm (Pourghasemi and Rahmati, 2018; Goetz et al., 2015), mapping unit (Erener and Düzgün, 

2012; Ma et al., 2023), spatial resolution (Karsa et al., 2019; Lee et al., 2004) and sampling strategy (Gu et al., 2024; Lai et 

al., 2019). While the effects of these choices on performance metrics are an important subject, practical considerations and the 

usability of resulting susceptibility maps must be taken into account (Goetz et al., 2015; Reichenbach et al., 2018). 

To this end, we developed a susceptibility model approach to investigate limitations that are less commonly considered. 505 

Although other modelling approaches may achieve higher predictive performance, our aim was to highlight limitations that 

may apply not only to the selected method but more broadly to landslide susceptibility research. However, we note that these 

limitations are not independent of the chosen model design, which introduces uncertainty to the overall study framework. 

Additional sources of uncertainty are related to the use of AUC as the performance metric. While AUC enables straightforward 

evaluation independent of a susceptibility cut-off threshold, its absolute value must be interpreted with caution (Lobo et al., 510 

2008). For example, including easily classifiable areas such as plains artificially inflate model performance (Steger et al., 

2017). In addition, areas predicted with high susceptibility, but no observed landslides (false positives) do not necessarily 

indicate incorrect predictions. Instead, the observation period may have been too short for triggering conditions to occur 

(Huang et al., 2024; Zêzere et al., 2009). This is particularly relevant for highly localized rainfall events that trigger landslides 

only in limited parts of the landscape, as observed in the SLD inventories (Rickli, 2001). In such cases, AUC values may be 515 

relatively low even though predictions of localized high susceptibility are realistic. Furthermore, data-driven models trained 

in areas that have not yet experienced landslides—but may fail in the future—are also biased in learning true landslide causes. 

5.2 Inventory Incompleteness Limitations 

The training and validation inventory of the canton Bern includes more than 24,000 landslides across 5,939 km², providing a 

dense and comprehensive dataset for model development (Petschko et al., 2014). To study the influence of landslide inventory 520 

incompleteness, we applied the independent model on the two individual inventories considering identical perimeters areas 

(both datasets were excluded from model training). Applying the model to the Bern inventory (AUC = 0.88, 0.79, 0.79 for 

Eriz_12, Napf_05, and Napf_02) instead of the SLD (0.89, 0.76, 0.75) produced comparable results. Although the SLD 

inventory contains significantly fewer landslides (159 instead of 378) documented after single extreme rainfall event, landslide 

inventory incompleteness only had a minor influence on the lower performance of the test on the SLD (AUC = 0.74). The 525 

analysis, however, does not evaluate the degree of inventory incompleteness of the Bern training data and its overall effect on 
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model performance. Although the inventory combines both visually identifiable landslides from regularly updated high-

resolution orthophotos as well as reported landslide from an official inventory (Sect. 3.1.1), the inventory cannot be considered 

complete. Incompleteness of landslide inventories is inherent to all databases (Steger et al., 2017; van Westen et al., 2008). 

With visually mapped landslides based on orthophoto having been shown to incompletely document landslide occurring in 530 

forest, because forest stands may cover the geomorphic features (Jacobs et al., 2017), while public reports may overrepresent 

landslides closer to infrastructure (Liechti et al., 2022; Steger et al., 2016a). 

5.3 Transferability Limitations 

The primary cause of reduced test performance of the test compared to the training (AUC = 0.74, compared to 0.89) is related 

to limited model transferability to distinct geographic regions with contrasting environmental conditions. Von Ruette et al. 535 

(2011) analysed model transferability using a subset of the SLD by training a logistic regression susceptibility model on the 

Napf_05 perimeter and applying it to the independent perimeters Napf_02 (AUC = 0.72), Entlebuch_05 (AUC = 0.69), and 

Appenzell_02 (AUC = 0.82). These performance values are comparable to those obtained in this study for the independent 

model using a Random Forest model trained on the Bern inventory (AUC = 0.75, 0.70, and 0.76, respectively). In the present 

study we further found that perimeters located within the training area (though excluded from training) exhibit substantially 540 

higher median predicted susceptibility and performance (mean AUC = 0.80) than perimeters outside the training region (mean 

AUC = 0.70; Fig. 2). Similarly, cross-validation performance is considerably higher (mean AUC = 0.89), due to the spatial 

proximity between training and validation folds and the use of a single inventory. These findings indicate that the model is not 

overfitted; rather, it is well calibrated for environments similar to the training region but struggles to generalize to areas with 

differing geographic, climatic, and geological conditions.  545 

Comparing the independent (AUC = 0.74, trained on Bern, optimized to cross validation) to the dependent model (AUC = 

0.79, trained on Bern, optimized for the SLD) revealed that the lower performance of the former model may reflect a non-

optimal selection of explanatory variables. The optimized dependent model relied on 19 rather than 27 variables, excluding 

specifically all categorical predictors as well as many regional geology- and climate-related variables (Table 1), while most 

numerical variables relevant to describe small-scale variation were retained. These results suggest that incorporating regional 550 

(climatic and geologic) information does not necessarily improve prediction accuracy in independent areas. Instead, regional 

variables may reduce model transferability when the training and test regions are geographically distinct. 

5.4 Influence of Non-Represented Environmental Variables 

Even though mismatches can partly be explained by previously discussed limitations in transferability, they are evident in both 

the training and testing datasets and were often observed in close proximity to correctly predicted landslides. 555 

Detailed analyses of hidden SLD variables indicated that these predictive gaps are likely linked to critical factors absent from 

large-scale spatial datasets. Variables attributed to soil and vegetation information yielded highest effect sizes (Fig. 4) with 

consistent —albeit partly weak—trends across perimeters (Fig. 5). These findings support the interpretation that subsurface 
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heterogeneity and vegetation structure act as locally relevant controls on slope stability, contributing to residual model errors 

that cannot be resolved at the current spatial scale, a point that warrants further discussion and explanation. The variations of 560 

the hidden variable slide plane interface could be attributed to susceptibility differences between individual perimeters (Fig. 

5) and was therefore not further discussed. 

5.4.1 Subsurface Heterogeneity 

Landslides in poorly developed soils were predicted with significantly lower susceptibility than well-developed soils (p < 0.05, 

Fig. 5). Poorly developed soils were not only less well predicted by our model but are also slightly more common in our 565 

database compared to developed soils (258 vs. 251). Given that soil development is time-controlled (Duchaufour, 1982) and 

that the last glacial maximum dates back to the Würm glaciation (19,000 - 24,000 years), sufficient time would generally have 

been available for soil development in the study area (Hartmann and Blume, 2024). The frequent occurrence of landslides in 

poorly developed soils therefore warrants closer examination. 

One potential controlling key effect of soil development is soil depth. Landslides in Rendzina soils, which are characterized 570 

by a shallow depth to bedrock, were predicted with significantly lower susceptibility than landslides in Regosol and Brown 

Earth (Fig. 5). Across all 509 landslides with available soil depth information, those occurring in developed soils initiated at 

statistically significantly greater depths (median ≈ 0.8 m) than those in poorly developed soils (≈ 0.5 m). Compared to deeper 

soils, shallow soils have lower water storage capacity and saturate more rapidly, accelerating suction loss and pore-water 

pressure buildup during rainfall (Godt et al., 2009; Callahan et al., 2020). This likely contributes to the higher failure probability 575 

of shallow soils (Peres and Cancelliere, 2016). While the DEM-based soil depth proxy used as an explanatory variable (sGIST; 

Catani et al., 2010, Sect. 3.2.5) indicated a similar trend with a lower median soil depth index in poorly developed compared 

to developed soils (median ≈ 0.06 and 0.08 respectively; Fig. S4), this variable did not sufficiently capture the local complexity 

relevant to failure processes. 

Furthermore, finer-grained soils (higher silt and clay content) can be related to reduced shear strength, as soils tend to be better 580 

mechanically supported by larger grains compared to soils with predominantly fine grains (Vallejo, 2011) and since the 

reduction in soil suction during infiltration is stronger in fine-grained soil (Lu et al., 2010). Although no systematic trend was 

observed across the different USCS soil classes, landslides occurring in the fine-grained class organic silt (OL) were least well 

represented by the model. In contrast, landslides in the coarse-grained classes silty sand (SM) and silty gravel (GM) were best 

predicted by the dependent model with significantly highest susceptibility (Fig. 5).  585 

Beyond texture, soil structure—particularly macropore networks—plays a critical role in subsurface hydrology. Preferential 

flow paths are typically better developed in older soils, promoting efficient lateral drainage, whereas younger soils tend to 

exhibit predominantly vertical flow (Hartmann and Blume, 2024). Accordingly, only 13 landslides with many macropores 

were found in poorly developed soils in the SLD, compared to 92 in developed soils. While higher permeability can enhance 

drainage and stability, strong contrasts can promote slope failure during intense rainfall. For example, if highly permeable 590 
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layers are superimposed by layers with low permeability, or when highly permeable layers narrow downhill, sudden increases 

in pore-pressure accumulation may occur (Rickli, 2001). 

Finally, soil development is closely linked to bedrock weathering (Blume et al., 2016). Bedrock beneath poorly developed 

soils is likely less weathered due to reduced time exposure, forming sharp hydrological and mechanical contrasts at the soil–

bedrock interface. Such interfaces can concentrate subsurface flow and promote pore-pressure buildup and low-shear-strength 595 

horizons. The stability of these interfaces is strongly lithology dependent. Advanced weathering does not necessarily indicate 

stabilization. For instance, heavily weathered marl bedrock can form fine-grained layers with unfavourable geotechnical 

properties, as observed in the Sachseln perimeter (Rickli, 2001).  

Although local bedrock properties are known to strongly influence slope stability (Roda-Boluda et al., 2018; Selby, 1982; 

Moon et al., 2026) this study considered only broad geological units. Information which only differs regionally such as 600 

lithological variations, could not be represented in large-scale susceptibility models, due to their inherent limitation of 

summarisation trends over larger areas. On the other hand, the explanatory variables included in the model cannot capture 

actual small-scale subsurface heterogeneity. While the factors discussed here illustrate some of this complexity, many 

additional controls on slope stability, such as the effect of spatial and temporal heterogeneity of soil wetness (Ray et al., 2011) 

or soil aggregate stability (Bast et al., 2015; 2016) , remain unresolved by the field information available in the SLD. 605 

5.4.2 Vegetation Complexity 

Vegetation exerts a strong control on shallow landslide susceptibility, and the explanatory variables vegetation height and 

NDVI used in this study could not capture the full complexity of vegetation effects on slope stability. In both the dependent 

and the independent model, forest layering was among the hidden variable exhibiting highest effect size (Fig. 4). Landslides 

occurring in multi-layered forest were better represented by the susceptibility model by predicting slightly higher susceptibility 610 

than for landslides occurring in single-layered forests. However, it must be noted that the differences between multi-layered 

and single-layered forest is only statistically significant in the independent model (Fig. S3), but not in the dependent model 

(Fig. 5). 

Single-layered forests are often composed of monospecific stands of similar age, which tend to exhibit more uniform root 

distributions (Ma and Chen, 2017). Mechanical reinforcement in such systems is concentrated within a limited soil depth where 615 

root density is highest. Interfaces between these uniformly rooted layers and root-free soil horizons may represent zones of 

reduced shear strength and increased instability. Additionally, single-layered forests typically exhibit lower canopy 

interception due to a comparatively smaller leaf area index (Bequet et al., 2012), resulting in increased peak infiltration during 

rainfall events. At the same time, reduced evapotranspiration rates of single-layered forests (Večeřa et al., 2019) can lead to 

higher antecedent soil moisture conditions prior to rainfall events, which induce prior stress on slope stability (Wicki et al., 620 

2020; Halter et al., 2025a and 2025b).  

In contrast, multi-layered and loose forests are characterized by a diverse vertical structure with a wide range of tree heights 

(Bast et al., 2025), which in turn results in a broader distribution of root diameters and rooting depths (Schmidt et al., 2001). 
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This structural diversity promotes a mechanically reinforcing root network that spans through the soil profile, with water 

percolating and draining efficiently along root channels. Understory and ground vegetation further contribute to slope stability 625 

by protecting the soil surface from erosion and enhancing soil aggregate stability (Zhang et al., 2018; Miyata et al., 2009). 

It should be noted that forest layering and canopy cover represent only limited aspects of vegetation complexity. Beyond these 

attributes, vegetation influences landslide susceptibility through multiple mechanisms that were not captured by the 

explanatory variables used in this study nor by any hidden variable contained in the SLD. For example, studies have shown 

that local slope stability strongly depends on plant species, due to differences in mechanical root reinforcement (Bischetti et 630 

al., 2009; Schmidt et al., 2001) and canopy interception (Deguchi et al., 2006). Tree density further modulates the stabilizing 

effect of vegetation, with larger tree gaps generally associated with reduced slope stability (Bast et al., 2026; Moos et al., 

2016). 

5.5 Dynamic Slope Interactions and Implications for Landslide Susceptibility Modelling 

The importance of vegetation and subsurface development further highlights the crucial role of time in understanding 635 

continuously evolving landscapes. In this study, explanatory variables were treated as static, representing conditions at a single 

point in time (van Westen et al., 2008). As a result, these variables may not adequately reflect the specific environmental 

conditions at the moment of landslide occurrence. Incorporating time-updated explanatory variables could help address this 

limitation by capturing the dynamic nature of subsurface conditions, vegetation, and landscape morphology, which evolve in 

response to both natural processes and human activities (Jones et al., 2021). 640 

Furthermore, the processes and factors that form and shape the environment, and thereby influence slope stability, are 

dependent on each other. In the context of this discussion, soil development is fundamentally coupled with vegetation 

dynamics, as biological activity enhances both chemical and physical weathering rates (Blume et al., 2016). Fully developed 

soils can occur only in conjunction with advanced stages of vegetation succession; conversely, vegetation succession is 

inherently linked to the degree of soil development (Duchaufour, 1982). Landslide susceptibility must be understood within 645 

the framework of a dynamic earth system which constantly evolves and in which interacting processes influence one another 

(Sidle and Bogaard, 2016).  

In complex natural systems, landslide failure may be controlled by different dominant factors at different locations, or by the 

interaction of multiple factors. Insight into hidden variables enable a unique opportunity to study these factors, however they 

cannot unravel the many multi-dimensional complexity relevant to slope stability. Although advanced machine-learning 650 

models attempt to capture dependencies among explanatory variables, they cannot yet represent the full complexity of natural 

systems, underscoring the continued need for process-based understanding. While physically based models explicitly aim to 

reproduce this complexity, their application at large spatial scales and high resolution remains computationally constrained. 

Moreover, they may be even more sensitive to incomplete surface and subsurface information than data-driven approaches 

(Godt et al., 2008). This highlights the importance of acquiring detailed and timely-updated high-quality environmental data. 655 
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Comprehensive in-situ measurements and advanced remote-sensing technologies represent promising steps towards reducing 

these limitations. 

6 Conclusion 

Based on literature review, four major limitations of data-driven landslide susceptibility models were identified. Three of these 

limitations (b-d) were studied through a case study framework based on two independent landslide inventories and two model 660 

approaches trained with Random Forest: 

a. Model design limitations relate to non-optimal modelling choices, such as the selection of the model algorithm, mapping 

units, spatial resolution, and sampling strategy. As many studies have examined these aspects in detail, we relied on 

established best practices to develop a robust study design. Beyond predictive performance, the reliability and practical 

usability of the resulting susceptibility maps must be considered. 665 

b. The influence of inventory completeness limitations was assessed by comparing model performances using two 

inventories with different levels of detail. The results indicated that incompleteness of the SLD test dataset only slightly 

reduced prediction accuracy. However, the potential impact of incompleteness in the training inventory remained 

unresolved, and positional inaccuracies may introduce biases during model training. 

c. Applying the trained susceptibility models to geographically distinct test regions revealed major limitations in 670 

transferability. While the models achieved high predictive performance within the training area (mean cross-validation 

AUC = 0.89), performance decreased substantially when applied to independent test areas (AUC = 0.74 for the 

independent model and 0.79 for the dependent model), with uncertainty increasing with distance from the training domain. 

Comparison between the independent model (trained and optimized on the training area) and the dependent model 

(optimized for the test area) further showed that the selection of explanatory variables strongly affects transferability. 675 

Regional climatic and geological variables that improved performance within the training area reduced model 

generalization to remote regions. 

d. Hidden variables from 734 landslides documented in field investigation revealed that the subsurface heterogeneity and 

vegetation complexity could not sufficiently be represented by the explanatory variables. Specifically, landslide 

susceptibility was underestimated in poorly developed and in single-layered forests. Advanced soil development may 680 

enhance slope stability through greater soil depth, increased water storage capacity, and delayed pore-pressure buildup. 

In addition, well-developed soil structures with abundant macropores likely promote efficient subsurface drainage. Single-

layered forests exhibit more uniform root distributions, lower canopy interception, and reduced evapotranspiration. These 

factors lead to weaker mechanical root reinforcement, increased water infiltration, and higher antecedent soil moisture, 

all of which can reduce slope stability. 685 
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We conclude that, although research in the field of landslide susceptibility has greatly improved the quality and reliability of 

model predictions, uncertainties remain. Particularly we emphasize the need for detailed and complete landslide inventories 

for accurate modelling as well as high-resolution spatial datasets to better represent the complexity of surface and subsurface 

conditions controlling slope stability. Advances in remote sensing will be crucial for both data-driven and physically based 690 

approaches, as both depend on accurate characterization of above- and below-ground conditions at fine spatial resolution. To 

advance landslide research, this study underscores the continued need for process-based investigations grounded in field 

observations. 
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