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Abstract. Rainfall-induced landslides (RIL) are a major hazard in the Southern Andes, threatening lives, infrastructure, and 7 

ecosystems. Early warning systems require accurate predictive models, yet; however, their effectiveness is constrained by 8 

heterogeneous data availability and the lack of universal design standards. This study develops a systematic framework for 9 

identifyingto identify the most influential features controlling landslide generation, by integrating local soil, climatic, and 10 

topographic datasets. A national landslide inventory was expanded with buffer control samplingusing Buffer Control Sampling 11 

and PU BaggingPUBagging to improve the representation of non-landslide cases, yielding a robust database of 3,148 instances 12 

with 136 variables. Feature selection was performed using Classification and Regression Trees (CART) and, in parallel, 13 

Genetic Algorithms (GA), followed by evaluation with both approaches evaluated using Support Vector Machines, Random 14 

Forest, and XGBoost classifiers. Results highlight precipitation, slope, and soil hydraulic properties—particularly bulk density 15 

and saturated water content—as recurrent critical predictors. GA-based models significantly outperformed CART, with GA-16 

RF and GA-XGB achieving the lowest error rates (10.95%) while using compact feature sets. These findings underscore the 17 

potential of evolutionary feature selection to enhance predictive accuracy while reducing data complexity, and they provide 18 

actionable insights into which variables should be prioritizedprioritised in monitoring networks. By emphasizing both shallow 19 

and deep soil moisture dynamics, thisThis work contributes to the design of more reliable and region-specific early warning 20 

systems for rainfall-induced landslides, emphasising the role of shallow and deep water storage features in mountainous 21 

environments. 22 
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1 Introduction 25 

Rainfall-induced landslides (RIL) pose a significant threat to communities worldwide, causing loss of life, property damage, 26 

and disruption of essential infrastructure. As climate change continuesRIL occurrence and magnitude are expected to alter 27 

intensify under changing climatic conditions, as alterations in precipitation patterns worldwide, the frequency and severity of 28 

these events are likely to regimes increase, making it imperative to monitor the conditions the likelihood of hydrologically 29 

driven slope failures. Despite substantial progress in landslide research, the development of reliable early warning systems that 30 

trigger such disasters. The current manuscript proposes a mitigate their effect is still under development due to limited data 31 

and the absence of standardised approaches for identifying the key environmental controls on slope instability. In this context, 32 

the present study advances a systematic methodology to establishfor determining the maindominant features that control 33 

landslide generation. Quantification and measurement ofgoverning landslide initiation using as study case the Southern Andes. 34 

Establishing and quantifying these controlling variables is essential for improving monitoring strategies, enhancing predictive 35 

capabilities, and ultimately strengthening risk-reduction efforts in susceptible landscapes. 36 

 37 

Recent studies have established that quantitative and data-driven methodologies markedly enhance the robustness and 38 

predictive skill of landslide models (Kumar et al., 2023; Merghadi et al., 2020). Within this framework, Steger et al. (2022) 39 

demonstrate that control landslide generationforecasts are crucial to effectively monitoring landslides, as they provide the 40 

necessary data to predict occurrences and assess risks associated with these geological hazardsfundamentally constrained by 41 

the precision and representativeness of input data, showing that precipitation exerts seasonally variable controls on slope failure 42 

and therefore requires high-quality climatic observations. Complementary studies underscore the pivotal role of numerical 43 

simulations in landslide hazard assessment integrating geotechnical uncertainty to quantify the failure mechanisms and 44 

potential impacts (Jia et al., 2023; Fustos-Toribio et al., 2022; Fustos-Toribio et al., 2025). Moreover, hydrological modelling 45 

efforts further confirm the centrality of rainfall dynamics, with rainfall-driven frameworks demonstrating strong capability in 46 

the prediction of shallow landslides (Bezak et al., 2019). Collectively, these works highlight a critical need for methodological 47 

refinement that moves beyond broad variable inclusion and instead isolates the most influential features governing landslide 48 

initiation, thereby enabling the development of more accurate, transparent, and operationally meaningful predictive models. 49 

Various studies have demonstrated that integrating quantitative approaches can significantly enhance landslide prediction 50 

models (Schlögl et al., 2025; Lu et al., 2024; Kumar et al., 2023; Ma et al., 2021; Merghadi et al., 2020). In Steger et al. (2022), 51 

the authors emphasise the importance of accurate input data and model transparency in predicting shallow landslides, 52 

highlighting that seasonal precipitation patterns influence landslide triggers differently across seasons, thereby necessitat ing 53 

precise data collection and analysis. Similarly, some works emphasise the role of numerical simulations in evaluating landslide 54 

risks, which allows the incorporation of uncertainty factors in geotechnical engineering, thus facilitating a quantitative 55 

assessment of potential landslide consequences (Jia et al., 2023). Furthermore, hydrological modelling methodologies use 56 
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rainfall data to predict shallow 30 landslides (Bezak et al., 2019), underscoring the importance of temporal data in 57 

understanding landslide dynamics. 58 

Landslide generation is a complex, multi-variable process drivengoverned by a criticalthe interplay of geological, climatic, 59 

and anthropogenic factors, exhibiting significant global and regional with substantial spatial variability in the key variables 60 

dominant controls (Chen et al., 2024; Fidan et al., 2024). While topography is a fundamentalTopography constitutes a primary 61 

conditioning factor; however, its relative importanceinfluence can be overshadowedsubordinated by local conditions, such as 62 

subsurface dynamics, particularly rapid changesvariations in soil moisture at specific depths, particularly forwhich are 63 

especially relevant in rainfall-triggered landslidesfailures (Margaño et al., 2025; Fustos-Toribio et al., 2025). Additional 64 

contributors such as lithology, drainage density, and structural discontinuities interact with triggering mechanisms—most 65 

notably intense or prolonged precipitation—to determine slope stability. Consequently, landslide susceptibility assessment 66 

becomes inherently challenging, as it must incorporate a large number of interdependent variables whose combined effects are 67 

difficult to disentangle (Margaño et al., 2023; Zighmi et al., 2025). The central methodological difficulty lies in processing 68 

this heterogeneous information and isolating the variables that most strongly control landslide initiation. 69 

Climate change further exacerbates this complexity. Increasing temperatures and shifts in precipitation regimes are already 70 

amplifying the frequency and intensity of hydrological extremes, elevating landslide hazard in susceptible regions (Crozier, 71 

2010). Such dynamics are particularly evident in mountain belts like the Himalayas, where accelerated glacial melt and 72 

heightened rainfall intensity have led to pronounced increases in slope failures (Ballabh et al., 2014). At the same time, human-73 

induced landscape alterations, including deforestation, urbanisation, and land-use change, destabilise natural soil structures 74 

and modify drainage networks, increasing the likelihood of failure under otherwise moderate hydrological forcing (Xu et al., 75 

2024; Wang et al., 2023). Additional  76 

The convergence of these natural and anthropogenic drivers underscores the need for region-specific, data-driven approaches 77 

capable of distinguishing the most influential conditioning and triggering factors, including . Stand out the topographic 78 

influence in landslide susceptibility (Lin et al., 2016; Lin et al., 2017)), meanwhile soil moisture emerges as a critical factor 79 

on a global scale, particularly in regions prone to rainfall-triggered landslides (Maragaño-Carmona et al., 2025). Additionally, 80 

geological characteristics such as lithology and drainage density, are crucial conditioning factors that interact with triggering 81 

mechanisms such aslike extreme precipitation to initiate landslide events. The assessment of landslide susceptibility is 82 

inherently challenging because of the numerous, interrelated variables that complicate the development of events (Bisht and 83 

Rawat, 2023). Such precisions are essential for developing accurate predictive models. Therefore, becomes critical to establish 84 

the main variables that could control a landslide to improve landslide susceptibility , operationally relevant predictive models 85 

(Maragaño et al., and for designing effective landslide early warning and risk-management strategies.2023; Zighmi et al., 86 

2025). The core difficulty lies in effectively processing this heterogeneous data and identifying the most influential variables. 87 
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To address this multi-variable complexity and enhance predictive accuracy, advanced methodologies are employed, such as 88 

hybrid feature selection approaches that combine optimisation algorithms, like Genetic Algorithms (GA),must be combined 89 

with classification techniques, like Classification and Regression Trees (CART), to refine model inputs and achieve more 90 

precise, actionable spatial predictions (Nguyen et al., 2017). For instance, Lin et al. (2016, 2017) note that while topography 91 

is often emphasised in landslide susceptibility models, soil moisture emerges as a critical factor on a global scale, particularly 92 

in regions prone to rainfall-triggered landslides. Additionally, geological characteristics such as lithology and drainage density 93 

are crucial conditioning factors that interact with triggering mechanisms like precipitation and seismic activity (Bisht and 94 

Rawat, 2023Kumar et al., 2023; Ge et al., 2022). 95 

Climate change further complicates the landscape of landslide drivers, as increasing temperatures can lead to more intense and 96 

frequent rainfall events, thereby heightening landslide risks in susceptible areas (Crozier, 2010). This is particularly evident in 97 

regions like the Himalayas, where rapid glacial melt and increased precipitation contribute to heightened landslide activity 98 

(Ballabh et al., 2014). Conversely, in areas like the Southern Andes, seismic activity plays a more pronounced role, with 99 

earthquakes serving as significant triggers for landslides (Marc et al., 2016; Fan et al., 2021). Moreover, human activities such 100 

as deforestation, urbanisation, and land-use changes exacerbate the vulnerability of slopes to landslides by altering natural 101 

drainage patterns and destabilising soil structures (Xu et al., 2024; Wang et al., 2023). The interaction of these diverse factors 102 

highlights the need for region-specific assessments and models that take into account local geological and climatic conditions, 103 

as well as anthropogenic influences, to predict and manage landslide hazards worldwide accurately. 104 

Landslides in the Southern Andes are predominantly influenced by a combination of geological, climatic, and tectonic factors 105 

that interact to create a complex landscape prone to instability. (Fustos et al., 2021; Ochoa et al., 2024;  Maragano-Carmona 106 

et al., 2025). The region’s geological composition, characterised by steep slopes and diverse lithologies, plays a significant 107 

role in landslide susceptibility. Studies indicate that the presence of certain rock typesweak lithology along the margin and the 108 

geomorphological features of the terrain cancould predispose areas to landslides, particularly during seismicextreme 109 

precipitation events (PánekMaragano-Carmona et al., 2022; Serey et al., 2019). Seismic activity is a critical trigger for 110 

landslides in this region, as evidenced by the correlation between earthquake occurrences and landslide events (Serey et al.,  111 

2019, 2020). The 2010 Maule earthquake, for instance, led to numerous landslides, underscoring the impact of seismic forces 112 

on slope stability. 113 

2025). Additionally, climatic factors, particularly rainfall, are pivotal in triggering landslides in the Southern Andes. Research 114 

has shown that intense and prolonged rainfall events significantly increase the likelihood of landslides, especially in areas 115 

lacking adequate drainage systems (Fustos-Toribio et al., 2022; Islam et al., 2021). The development of rainfall-induced 116 

landslide early warning systems (RILEWS) has been proposed as a means to mitigate the risks associated with these events. 117 

However, such systems are not yet operational in the Southern Andes (Fustos-Toribio et al., 2022). Furthermore, the interaction 118 
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between vegetation and slope stability is also noteworthy; while vegetation can stabilise slopes, its removal or degradation can 119 

lead to increased landslide occurrences (Vorpahl et al., 2012). 120 

MachineTo understand the impact of geomorphological, hydrological and geotechnical features in landslide susceptibility 121 

delimitation, machine learning (ML) has emerged as a pivotal tool in landslide research, particularly in the development of 122 

region-specificregional susceptibility analysis or early warning systems (Merghadi et al., 2020; Ma et al., 2021; Lu et al., 2024; 123 

Fustos-Toribio et al., 2022). The complexity of landslide phenomena, influenced by various geological and climatic conditions, 124 

requires tailored approaches to make accurate predictions. Recent studies indicate that ML models, such as Support Vector 125 

Machines (SVM) (Huang et al., 2018), Random Forests (RF) (Park and Kim, 2019), and Extreme Gradient Boosting (XGB) 126 

(Yang et al., 2024), among others, outperform traditional statistical methods in terms of predictive accuracy and robustness 127 

(Li et al., 2019; Bravo-López et al., 2023). Approaches that integrate various ML techniques have been shown to enhance 128 

spatial agreement in mapping landslide susceptibility, thus improving the reliability of predictions (Adnan et al., 2020; Bravo-129 

López et al., 2023). Feature selection plays a crucial role in optimising model performance by identifying the most relevant 130 

variables that contribute to landslide occurrences, thus reducing noise and enhancing interpretability (Halder et al., 2025; Ge 131 

et al., 2024; Nirbhav et al., 2023; Yousefi et al., 2024; Pham et al., 2020). This not only improves classification performance 132 

but also provides keys to understanding the phenomenon and deciding which variables to monitor. Many strategies can be 133 

used to perform the selection: filter methods select features based on statistical criteria obtained from their individual behaviour 134 

while wrapper methods evaluate the contribution of feature subsets on the classification performance, finally, embedded 135 

methods perform feature selection internally during model training through algorithm-specific mechanisms related to the 136 

specific ML model (Theng and Bhoyar, 2024; Guyon and Elisseeff, 2003). Another important challenge is the definition of 137 

negative examples. Regional data scarcity complicates the development of ML models, and this limitation is exacerbated by 138 

the fact that available databases typically contain only positive cases, requiring negative samples to be defined empirically. 139 

Consequently, it becomes essential to adopt appropriate strategies to construct balanced datasets. Buffer Control Sampling and 140 

PUBagging (Positive-Unlabeled Bagging) has been effectively used to address this issue (Gu et al., 2024; Wu et al., 2021). 141 

 142 

This manuscript presents a substantial and innovative contributionmethodological framework to understandingunderstand the 143 

complex and dynamic processes of landslide generation in the Southern Andes (38-–42°S), employing for the first time a 144 

rigorous, data-driven methodology in this region. We expectaim to delimitateidentify and delineate the mainkey variables that 145 

must be regarded asconsidered in the Southern Andes to understand the adequately characterise landslide triggering and 146 

controlcontrolling conditions. To improve the performance and explainability of the machine learning models, two feature-147 

selection strategies were applied in parallel: a filter-based approach that ranks the features according to their importance, using 148 

an innovative deployment of Machine Learning (ML) techniques based on Classification and Regression Trees (CART) and), 149 

and a wrapper-based approach employing Genetic Algorithms (GA), allowing a meticulous feature selection (CITA) from) for 150 

feature-subset optimisation. Both strategies were evaluated using different classification techniques, enabling a detailed 151 
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assessment of the relative importance of climatic variables, soil properties, toand geological features. This targeted feature 152 

selection process is vital for identifying the true local critical factors that govern slope instability in this climatically active and 153 

geologically heterogeneous environment, effectively translating complex hydro-geomorphological processes into quantifiable 154 

variables. The prioritised factors are then strategically repurposed as high-quality proxies to refine and improve variable 155 

mapping, enabling a crucial regional-to-local scale approach that captures the spatial variability of landslide susceptibility. The 156 

provision of an in-depth, data-validated analysis of the critical variables that interplay among triggering mechanisms will 157 

support the design of next-generation, ML-based monitoring networks and accurate early warning systems (EWS) for this 158 

vulnerable mountain range. 159 

2 Study zone 160 

To test our development, weWe consider a sparse data area, focused in the Southern Andes, spanning latitudes from 38°S to 161 

43°S (Fig.Figure 1). The area presents a unique and complex geological and climatological landscape that significantly 162 

influences soil moisture dynamics and mass wasting processes. This region is characterized by a diverse geological 163 

composition, including volcanic rocks, sedimentary formations, and glacial deposits, contributing to various soil types and 164 

structures. The interplay of these geological features with climatic conditions creates a dynamic environment that is crucial for 165 

understanding hydrological processes.The diverse geological composition of the study area yields a complex landscape, 166 

formed by numerous relief changes related to volcanic and glacial processes during the Holocene and more recently, influenced 167 

by different-scale mass wasting processes (Maragaño et al., 2025; Fustos-Toribio et al., 2022, 2025). From a geological 168 

perspective, the area has a wide range of lithological units, encompassing volcanic rocks (andesites, basalts), metamorphic 169 

rocks (Horton et al., 2018), sedimentary formations, and glacial deposits (Rabassa and Clapperton, 1990; Cuzzone et al., 2024). 170 

This variability introduces potential soil sources from weathered rocks and sediment sources that will send their material to  171 

sedimentary environments to the subduction area along the central valley. However, the amount of the source is still poorly 172 

quantified.  173 Con formato: Fuente: Times New Roman
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 174 

Figure 1. Study zone. Left: National-scale map indicating the spatial coverage of the database. Middle: Zoom to study 175 

zone with geology as background, showing the heterogeneity of media in this study. Right: Rainfall-induced landslide 176 

(orange) and weather stations (blue) demonstrating the reduced spatial coverage. 177 

The geological framework of the Southern Andes is predominantly shaped by tectonic activity, resulting in a range of rock 178 

types, including andesites, basalts, and sedimentary rocks. Stand out the volcanic activity, where this area contributed to 179 

volcanic eruptions, ranging from plinian to strombolian, which formed tephra deposits with different mineralogies (Moreno-180 

Yaeger et al., 2024). The tephra degradation during the Holocene triggered high soil variability, characterised by different 181 

textures and water retention capacities, which could control the landslide triggering processes. Moreover, the different soil 182 

textures generated from lithological and tephra deposits control the water storage and the following organic matter content.  183 

The area was covered by two pulses of glacial periods (Cuzzone et al., 2024), which modified the relief and eroded previous 184 

deposits leaving young soils prone to be affected by landslides on the eastern side. Meanwhile, ancient soils are present in the 185 

western area, creating a good contrast between soil ages. The presence of glacial deposits from the last glacial maximum has 186 

resulted in the formation of heterogeneous soil profiles, which vary in texture and composition throughout the region. 187 

 (Vasquez-Antipan et al., 2025). These geological characteristicsfeatures influence the water retention and drainage properties, 188 

thereby affecting soil moisture levels and slope susceptibility to mass wasting events. Understanding the geological context 189 

ismain control of the soil features becomes essential for assessing the stability of slopes and predicting potential landslide 190 

occurrences. MoreoverIn addition to the wide range of lithological and soil properties and features existing in the area, the 191 

climate of the Southern Andes shows a high variability, exhibits an extreme range of climates, from arid to humid, influenced 192 
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by altitude, latitude, and prevailing weather patterns. of western winds and atmospheric rivers (Tetzner et al., 2025). The region 193 

experiences a range of climatic conditions, from arid to humid, with significantmain precipitation occurringamount occurs 194 

primarily in the austral winter months. This variability leads to distinct wet and  (May-September), reaching over 4,000 195 

mm/year. The summer dry seasons, profoundly affecting modify soil moisture dynamics at different depths, with an unknown 196 

control. Moreoverimpact on landslides. Recently, climate change poseshas posed additional challenges, as shifts in 197 

precipitation patterns and increased frequency of extreme weather events may exacerbate soil erosion and landslide risks.  198 

The area is highly influenced by volcanic eruptions of different styles, ranging from plinian to strombolian. These eruptions 199 

generate different volcanic soils derived from the degradation of tephra during the Holocene. Differences in texture, moisture 200 

retention capacity, and organic matter content characterise soil variability in the Southern Andes. The region hosts a range of 201 

soil types, including Andosols, which are rich in volcanic ash and exhibit high moisture retention, and more sandy or gravelly 202 

soils that drain quickly. This variability complicates the prediction of soil moisture levels and their influence on slope stability. 203 

Current knowledge gaps exist about the specific relationships between soil texture, moisture dynamics, and susceptibility to 204 

mass loss. 205 

Despite the wealth of geological and climatological data available, significant gaps remain in our understanding of soil 206 

moisture dynamics and their parametric controls, which could control mass wasting. Specifically, there is a need for 207 

comprehensive studies that integrate geological, climatic, and soil data to develop a holistic understanding of how these factors 208 

interact to influence soil moisture levels and slope stability. Additionally, the impact of invasive species on soil moisture  and 209 

erosion processes has not been extensively studied, presenting an opportunity for future research to explore these interactions. 210 

 211 
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Figure 1. Study zone. Left: National-scale map indicating the spatial coverage of the database. Middle: Zoom to study 212 

zone with geology as background, showing the heterogeneity of media in this study. Right: Rainfall-induced landslide 213 

(orange) and weather stations (blue) demonstrating the reduced spatial coverage. 214 

Nowadays, accurately assessing landslide risk in this region presents significant challenges. The high variability in multiple 215 

variables introduces a complex dynamic that acts as a primary control on slope stability, which is currently poorly understood. 216 

The interplay of these varying variables creates a highly dynamic environment where the key relationships governing stability  217 

can change dramatically over short distances. The study area has been affected by large-scale mass wasting events (Fustos-218 

Toribio et al., 2021; Ochoa-Cornejo et al., 2024; Maragano et al., 2025; Vasquez-Antipan et al., 2025), underscoring the need 219 

to develop a robust early warning system and enhance assessment accuracy. This requires comprehensive, integrated studies 220 

to create models that fully incorporate geological, climatic, and soil data, including the often-overlooked parametric controls, 221 

enabling a reliable landslide early warning system. A network of advanced sensors is needed to monitor real -time changes in 222 

all the variables across the varying lithological units. However, it needs to focus on the main variables, which have not yet 223 

been established.  224 

3 Database 225 

To rigorously assess the interplay between rainfall intensity, soil moisture, and geological factors that underlie landslide 226 

occurrences, it is essential to construct a comprehensive and reliable database. We designed and developed databases that 227 

synthesise data sets, including meteorological records, modelled soil moisture, and detailed hydraulic soil properties. We used 228 

an approach to establish the critical conditioning factors that could be systematically captured and quantified, thereby prov iding 229 

a solid empirical foundation for subsequent machine learning-based risk assessments. In constructing the database, 230 

considerable attention was paid to data quality, temporal resolution, and spatial consistency, which are critical for capturing 231 

the transient nature of the environmental processes leading to landslides in the Southern AndesThe construction of the database 232 

was guided by constraining the data to high quality, considering the exact emplacement of the landslide and the date it occur red. 233 

This constrains the compiled dataset to ensure an extensive temporal distribution and high spatial consistency across the ful l 234 

spectrum of lithological and climatic features within the study area. This deliberate selection allowed capture the range of soil 235 

and lithologic features under different hydrometeorological and climatic conditions in the Southern Andes. The selected data 236 

provided a robust framework for analysing the dynamic relationships between hydrological, geological, and climatic controls 237 

in landslide generation. 238 

 239 

We considered the soil moisture, precipitation, (PP), and slope from the ERA5 database (ERA5, 2023), one of the most widely 240 

used climate datasets, with 10km resolution. The slope was obtained by combining the ERA5 database with high-resolution 241 

digital elevation models. from the shuttle Radar Topography Mission (SRTM), at 30 meters spatial resolution (NASA JPL, 242 
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2013). The Chilean soil properties were extracted from the CLSoilMaps database (Dinamarca et al., 2023). The ERA5-Land 243 

dataset corresponds to the land component of the European Centre for Medium-Range Weather Forecasts' (ECMWF) fifth-244 

generation reanalysis, executed under the Copernicus Climate Change Service (C3S) mandate, being generated via offline, 245 

high-resolution integrations of the ECMWF land surface model, CHTESSEL. The offline generation approach offers improved 246 

temporal consistency in land surface fields, thereby representing global water and energy cycles more accurately (Muñoz-247 

Sabater et al., 2021). The dataset delivers approximately 50 variables essential for describing hydrological and surface energy 248 

processes, including soil moisture, runoff, snow cover, skin temperature, evapotranspiration, and land carbon fluxes at high 249 

resolution, providing a 9 km global horizontal resolution in comparison to 31 km and 80 km resolutions of ERA5 and ERA-250 

Interim, respectively. The currently accessible public record spans from January 1981 to the present, subject to a typical latency 251 

of 2–3 months. To mitigate boundary discontinuities, each stream is preceded by multi-year spin-up periods. However, residual 252 

inconsistencies are acknowledged, particularly within variables with long memory, such as deep soil moisture and permanent 253 

snow regions. The internal consistency of ERA5-Land is intrinsically tied to its reliance on ERA5 for meteorological forcing, 254 

through a 4D-Var data assimilation system. Near-surface air temperature, pressure, and humidity are, however, corrected for 255 

elevation discrepancies between the ERA5 and ERA5-Land grids utilising daily lapse rates. Validation against diverse 256 

observational datasets, including in situ networks, satellite products, and hydrological records, unequivocally demonstrates 257 

that ERA5-Land surpasses ERA5 performance in the representation of soil moisture, temperature, runoff, and lake dynamics 258 

(Muñoz-Sabater et al., 2021; Bonshoms et al., 2022; Yilmaz et al., 2023). Moreover, we utilised the new CLSoilMaps database, 259 

an improvement over global soil databases in Chile. CLSoilMaps provides spatially explicit and high-resolution predictions of 260 

critical soil physical and hydraulic properties specifically for continental Chile and its shared transboundary basins with 261 

Argentina. The database was rigorously developed using Digital Soil Mapping (DSM) techniques within the SCORPAN 262 

framework (McBratney et al., 2003), trained on over 4,000 soil profile observations that encompass diverse and historically 263 

underrepresented ecosystems, including those in the Andes and Patagonia. Modelled soil attributes include clay, sand, and 264 

bulk density, with silt content derived indirectly from these parameters. Hydraulic properties, such as field capacity, permanent 265 

wilting point, and available water capacity, were estimated using the well-established Rosetta V3 pedotransfer function (Zhang 266 

and Schaap, 2017). The predictions were executed using Random Forest algorithms that incorporated over 200 environmental 267 

covariates, spanning climate, topography, and satellite-based reflectance indices, and adhered to the six standardised depth 268 

intervals (0–200 cm) stipulated by the GlobalSoilMap project. 269 

We used a rainfall-induced landslide database developed using the Xterrae database (https://www.xterrae.cl/) maintained by 270 

the National Geology and Mining Service (SERNAGEOMIN) of Chile. Positive landslide events were obtained from this 271 

source, while negative cases were generated using a Buffer Control Sampling (BCS) strategy (Gu et al., 2024). In this approach, 272 

a buffer zone of 100 meters was established around each landslide event, and sampling points were extended outward up to a 273 

20-kilometrekilometer radius. This distance was intentionally chosen, given the 10-kilometrekilometer resolution of the 274 

climatological variables, which enablesenabling the capture of spatial variability inof the precipitation and soil moisture 275 
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content, thereby differentiating between landslide and non-landslide conditions. Subsequent refinement of the negative 276 

examples was performed usingvia a modified PU Bagging (Positive-Unlabeled Bagging)PUBagging (Gu et al., 2024), which 277 

buildsbuilt on the idea of bagging (bootstrap aggregating) by repeatedly sampling subsets of the unlabeled data and combining 278 

them with the positive set to train multiple base classifiers. Each subset is treated In our setting, many candidate negative 279 

samples can exhibit characteristics that are very similar to the positives, and including them could make the decision boundary 280 

more difficult to find and the classification unnecessarily more complex. PUBagging provides a way to mitigate this risk by 281 

leveraging the positive set and treating each subset as if the unlabeled instances were negative (which may introduce noise), 282 

and by aggregating the predictions across many such classifiers, PUBagging reduces the bias introduced by this assumption 283 

and improves robustness. The final decision is typically made through majority voting or averaging across these classifiers. 284 

Here, a Random Forest model, —trained exclusively on positive examples, —was used to evaluate the negative cases. Negative 285 

instances yielding a prediction score above 0.5 were removed, ensuring a more robust set of non-landslide cases. 286 

 287 

 288 

 289 

 290 

 291 

 292 

 293 

 294 

Table 1. List of Variables available in the databases. AvMoist: Available moisture =θ_{FC} − θ_{PWP} (cm³ cm⁻³); 295 

AWC: Available water capacity (mm); Bulk:  bulk density of the fine fraction (g cm⁻³); Clay/Silt/Sand: textural fractions 296 
(%); FC: field capacity at 330 kPa (cm³ cm⁻³); PWP: permanent wilting point at 1500 Kpa (cm³ cm⁻³); θ_s: saturated 297 
water content (cm³ cm⁻³); θ_r: residual water content (cm³ cm⁻³); ksa: saturated hydraulic conductivity (cm day⁻¹); n, α: 298 
van Genuchten shape parameters ( - ,cm⁻¹); Vmoist:volumetric soil moisture (cm³ cm⁻³); PP: precipitation (mm); slope: 299 
terrain slope (degrees); Tex_Class: soil textural class (%); PIRange_X: prediction-interval range for property X (_Bulk: 300 
g/cm⁻³; _Clay: %; _Sand: %); Total_AWC: depth-integrated AWC (mm).  301 

File abbreviation Description unit 

alpha𝛼 "alpha" shape parameter (SD) 1/cm 

AvMoist Available Moisture at FC-PWP cm3/cm3 

AWC Available water capacity at FC-PWP mm 

Bulk bulk density of the fine fraction g/cm3 

Clay Clay content % 

FC Field capacity at 330kPa cm3/cm3 

Tabla con formato
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ksatksa saturated hydraulic conductivity cm/day 

n "n" shape parameter - 

PIRange_Bulk prediction intervals for Bulk density g/cm3 

PIRange_Clay prediction intervals for clay properties % 

PIRange_Sand prediction intervals for sand properties % 

PP Daily precipitation mm 

PWP Permanent wilting point at 15000kPa cm3/cm3 

Sand Sand content % 

Silt Silt content % 

slope slope degrees 

Tex_Class soil textural classes % 

theta_r𝛳r residual water content cm3/cm3 

theta_s𝛳s saturated water content cm3/cm3 

Total_AWC Sum of AWC across all depths mm 

VMoist MoitureMoisture value g/m3 

 302 

 303 

Table 2. Symbols used to represent the soil variables designation. Depth suffixes: a = 0-5 cm; b = 5-15 cm; c = 15-30 304 
cm; d = 30-60 cm; e = 60-100 cm; f = 100-200 cm. An underscore “_” denotes the mean across depths; a dot “.” denotes 305 
the standard deviation. 306 
Table 1. List of Variables available in the databases 307 

Symbol MeaningDepth 

a 0–5cm 

b 5–15cm 

c 15–30cm 

d 30–60cm 

e 60–100cm 

f 100–200cm 

_ meanMean vealue 
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. standard deviation 

Table 2. Symbols used to represent the soil variables designation. 308 

 309 

 310 

After excluding rowsrecords with missing values from the initial 3,388 recordsentries, the final database comprises 3,148 311 

examples, withincluding 1,618 positive and 1,530 negative instances. Each record includescontains 136 normalised feature 312 

columns and a 137than additional column indicating the binary landslide statusoccurrence. Although explicit vegetation 313 

indices, such as NDVI, were not part ofincluded in the dataset, the effects of vegetation effects are implicitly incorporated 314 

through predicted soil properties that are influenced by NDVI measurements, reflecting parameters likesuch as organic matter 315 

content and soil moisture. Notably, approximately 95% of the data is concentrated withinin the Los Lagos and Los Ríos 316 

regions, providingresulting in a regionally focused dataset for furthersubsequent analysis. 317 

4  Methodology 318 

ToHere, we present the methodology used to examine the intricate relationships between rainfall intensity, soil moisture, and 319 

soil characteristics in rainfall-induced landslide generation, as well as to support the development of robust monitoring 320 

networks and reliable early warning systems for landslides, we proposeas well as to identify the most significant variables in 321 

landslide detection.. First, highly correlated variables were removed from the initial database. Then, twoboth filter and a 322 

wrapper parallel feature selection strategies were applied: a filter and a wrapper approach.. Finally, optimised data sets were 323 

used to design the landslide classifiers, as . All this process is shown in Fig.Figure 2. 324 

The filterCART-based filter method utilises a Classification and Regression Tree (CART) to rankranks variables based on 325 

their individual discriminatory power between positive and negative cases (AzadAsad et al., 2024). In contrast, the GA-based 326 

wrapper-based approach optimises a subset of features by evaluating their combined contribution to classification performance. 327 

In this case, the subset optimisation is performed through a genetic algorithm (GA) that evolves to find the best feature 328 

combination that minimises an objective function (GhoshKatoch et al., 2023). The2020). This objective function was designed 329 

to reduce the number of selected variables and the classifier error, evaluated using three models: Support Vector Machines, 330 

Random Forest, and XGB. The filter and the wrapper strategies will bewere independently evaluated by assessing the quality 331 

of the optimised datasets through the performance of thesethe classifiers, ensuring a consistent estimation of the relevance of 332 

each contributing variable. 333 
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 334 

 335 

Figure 2. General methodology to identify the most relevant variables in landslide estimation: first, correlated variables 336 

are removed. Then, two feature selection methods (Filter and Wrapper) are applied. Finally, different classifiers are 337 

trained and validated using the selected features. The best subsets of features are obtained from the best classifiers 338 

performance. 339 

 4.1  Correlation analysis 340 

Before performing the feature selection and because several features measure the same variable at different depths, it was 341 

necessary to perform a correlation analysis to remove the more correlated variables. (Figure 2). Eliminating correlated variables 342 

in machine learning is important because they provideallows to reduce redundant information, which increases model 343 

complexity without adding valueinformation. Moreover, high correlation may cause issues like multicollinearity in linear 344 

models, leading to unstable coefficients, increaseincreasing the risk of overfitting and hidehiding the importance of other 345 

features, thus negatively affecting generalizationgeneralisation. 346 

Figure 3 showspresents the correlation map of the wholecomplete database, where thewith variables are ordered as describe 347 

in according to Table 1 with their different depths and Fig.. Figure 4 shows the correlation values of the remaining variables, 348 

after filtering theremoving highly correlated ones. In Fig. 3 it can be seen that there is a high correlationfeatures. As shown 349 

in Figure 3, strong correlations are observed within subgroups of variables like, as expected, the same variables at different 350 

depths, but also theas well as between average moisture (AvMoist) with theand available water capacity (AWC) for example. 351 

Of), among others. From the initial set of 136 features, applying a correlation threshold of |0.9| led toresulted in the removal 352 
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of 8883 highly correlated features, resulting invariables, yielding a reduced set of 53 175 features for subsequent filteringfilter- 353 

and wrapper-based selection. The remaining variables are presentedlisted in Table 3. 354 

 355 

Figure 3.  356 

Figure 3. Correlation Matrix formatrix of the 136 variables. It can be observed as, highlighting groups of redundant 357 

features, some of them due to the same variables measured at different depths. All the variables are redundant.listed in 358 

Tables 1 and 2.  359 
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 4.2  Feature Selection 360 

The core of this study lies in feature selection, aiming to identify the most influential variables involved in landslide generation 361 

in the Southern Andes. Feature selection reduces model complexity, accelerates training, enhances 362 

generalizationgeneralisation, and improves interpretability while mitigating overfitting (Ge et al., 2024; Ebrahimi et al., 2025; 363 

Zheng et al., 2021). To ensure robustness and consistency, we adopt redundant feature selection procedures considering both 364 

filter and wrapper methods (Song et al., 2025). TheAs stated before, the filter method is based on CART while the wrapper 365 

method assesses through GA feature subsets collectively, leveraging classifier performance to guide selection. 366 

 367 

Figure 4. Correlation matrix for the 53 less correlated variables (correlation under the threshold of |0.9|). These less 368 

correlated variables are presented in Table 3. 369 
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 370 

Table 3. List of the 53 less correlated variables that remained after the correlation filtering process. The correlation 371 

threshold was |0.9|. 372 

  373 

α.a Clay.a  ksat_e  PIR_Cl.a   Silt.c        𝛳s_c 

𝛼_a   Clay.b  ksat_f  PIR_Cl.b   Silt.f        𝛳s_e   

𝛼_b   Clay.c  n_a  PIR_Cl.c   slope         VMoist       

𝛼_c   FC.a  n_b  PIR_Sa.a   Tex_Cl.a      

AvMoist.a  FC.b  n_c  PIR_Sa.c   Tex_Cl.b      

AvMoist.b  FC.e  n_e  PIR_Sa.e   Tex_Cl.c      

AvMoist.e  ksa.b  n_f  PP            Tex_Cl.e     

Bulkd.a  ksat_a  PIR_Bd.a  PWP.a         Tex_Cl.f      

 

alpha.a ksat_b PP 

alpha_a ksat_c PWP.a 

alpha_b ksat_e PWP.c 

alpha_c ksat_f PWP.f 

AvMoist.a n_a Silt.c 

AvMoist.b n_b Silt.f 

AvMoist.e n_c slope 

Bulkd.a n_e Tex_Cl.a 

Bulkd.b n_f Tex_Cl.b 

Bulkd.e PIR_Bd.a Tex_Cl.c 

Clay.a PIR_Bd.b Tex_Cl.e 

Clay.b PIR_Bd.e Tex_Cl.f 

Clay.c PIR_Cl.a theta_s_a 

FC.a PIR_Cl.b theta_s_b 

FC.b PIR_Cl.c theta_s_c 

FC.e PIR_Sa.a theta_s_e 

ksat.b PIR_Sa.c VMoist 

ksat_a PIR_Sa.e 
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Bulkd.b   ksat_b  PIR\_Bd.b  PWP.c    𝛳_s\_a     

Bulkd.e   ksat_c  PIR\_Bd.e  PWP.f         𝛳s_b     

 374 

4.2.1 CART filter method 375 

This method was applied to filter out less significant variables in the estimation model by recursively partitioning the data set 376 

using a decision tree algorithm (Fig.Figure 5). Each node in the resulting tree is split based on the feature that best separates 377 

the data into distinct classes, ranking variables according to their individual contribution to accurate classification. In the 378 

CARTbasedCART-based filtering strategy, the variables that appear deeper in the decision tree are considered less significant, 379 

as theybeing split into fewer samples than those selected near the root. Consequently, these lower-ranked features can be 380 

discarded to retain only the most informativesignificant ones. However, while CART effectively identifies and ranks individual 381 

features, it does not assess the combined contribution of multiple variables. 382 

 383 

Con formato: Fuente: Times New Roman

Con formato: Título 3

Con formato: Fuente: Times New Roman

Con formato: Sangría: Izquierda:  0", Derecha:  0", Espacio
Después:  0 pto, Interlineado:  1.5 líneas, Borde: Superior:
(Sin borde), Inferior: (Sin borde), Izquierda: (Sin borde),
Derecha: (Sin borde), Entre : (Sin borde)

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman



 

 

19 

 

Con formato: Normal

 384 

Figure 5. Filter method: general structure of the CART feature selection process. First the database is prepared and the 385 

the Decision Tree is trained using the global database. The features are sorted based on their importance scores obtained 386 

in the training process. A threshold is defined to retain the top features. At the end of the process a new dataset is created, 387 

containscontaining only the CART selected top features. 388 

To perform the split, the The Gini Index (or Gini Impurity) metric was used to split the database (Eq. 1), measuring how "). 389 

An assessment of the pure" is the dataset at a node during the tree-building process. was carried out. It supports the split at 390 

each step selecting the features thatallowing to reduce the impurity in the decision nodes. 391 

C 392 

 Gini = 1−
X

p2
k (1) 393 

k=1 394 

where,Equation (1) has pk that represents the proportion of samples in a node that belong to class k, and C is the number of 395 

classes (two in this case). The Gini Index ranges from 0 (a pure node, where all samples belong to one class) to 0.5 (maximum 396 

impurity for binary classification, where samples are evenly distributed between the two classes). Finally, the importance of 397 

each feature is calculated as the average of the impurity reductions it achieves across all the nodes in the model. 398 

The CART design involves tuning seven hyperparameters. The maximum depth of the tree, is adjusted 399 

with discrete values: 400 

 200 max_depth ∈ {3, 4, 5, 6, 7, 8, 10, 12, 15}.}. The minimum number of samples to divide the data set, and the 401 

minimum number of leaves of the separation, are defined with min_samples_split ∈ {2, 3, 4, 5, 7, 10, 15, 20} and 402 

min_samples_leaf ∈ {1, 2, 3, 4, 5, 7, 10},}, respectively. The maximum number of features considered at each split, 403 

max_features, is chosen from {sqrt,log2,none}. If None, then nodes are expanded until all leaves are pure or until all leaves 404 
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contain less samples than min_samples_split. Additionally, class_weight balances class weights, the minimum fraction of a 405 

leaf is set as min_weight_fraction_le 205 {0.0,, 0.1, 0.2, 0.3}, and the minimum impurity reduction is defined as 406 

min_impurity_decrease ∈ {0, .0,0.01, 0.05, 0.1}. 407 

 4.2.2  GA wrapper method 408 

Genetic algorithms are optimizationoptimisation techniques inspired by natural selection, where an evolution process improves 409 

a set of solutions over successive generations. The process begins with a random initial population of potential solutions 410 

represented as "chromosomes", each formed by a set of encoded parameters called genes. These solutions are evaluated using 411 

a fitness function, which measures how well they perform on the target task. After evaluation, the fittest solutions of each 412 

generation have a greater chance of being selected to "reproduce", using genetic operators like crossover (combination of the  413 

chromosomes) and mutation (randomly altering a gene). These operators introduce variation, which allows the algorithm to 414 

explore new parts of the solution space. Over multiple generations, less optimal solutions are naturally discarded and the 415 

population evolves toward the best solution. In the present study, the chromosome is defined as a sequence of M bits, where 416 

M is the number of features remaining after correlation (53 features) and each location in the chromosome corresponds to a 417 

specific feature. A 1 in location m indicates that this feature will be considered in the classifier design, while a zero indicates 418 

the absence of this feature. At the beginning the values of the chromosomes of the first population were random, so each 419 

chromosome proposes a random combination of the features. The evaluation of each chromosomethe chromosomes (that is, 420 

the evaluation of each combination of featuresthe feature combinations) is carried out using thea fitness function, which 421 

assigns a fitness value. to each chromosome. In our casethis study, the fitness valuesvalue is composed ofderived from the 422 

classification error and a value an additional penalty term that penalizes the number of enabled features, so thatdiscourages 423 

the selection of large feature sets. This formulation forces the GA seeks the best to seek optimal classification performance 424 

withusing a smallreduced number of variables, to simplifythereby simplifying the classification models and to 425 

defineidentifying the most relevant features. The fitness value assigned to each chromosome is  given by Equation 2. The 426 

classifiers were implemented using SVM, RF and XGB. The general structure of the GA feature selector is presented in 427 

Fig.Figure 6. 428 

The fitness value assigned to each chromosome is given by Eq. 2. 429 

 (2) 430 

where NSF is the number of selected features for a chromosome. The Error index is calculated as: 431 

  ( expressed in Equation 3). 432 
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  (3) 433 

where FP are the false positivespositive landslides, while FN are the false negative, that is the non detected 434 

landslides and N the total number of examples. 435 

 436 

 437 

Figure 6. Wrapper method: general structure of the GA feature selection process. The process begins with a population 438 

of randomly generated feature subsets, which are used to train classifiers and evaluate their performance. IfWhile the 439 

stopping criteria are not met, a new population is generated based on the performance of the previous generation, and 440 

the evaluation process is repeated. The process continues until either the optimal performance is achieved or the 441 

maximum number of generations is reached. At the end of the process, the output is a database containing the wrapper 442 

optimizedoptimised feature subset. 443 

The performance of a genetic algorithm depends on the careful tuning of its hyperparameters. In this study, the population size 444 

was set to 50 chromosomes, ensuring sufficient genetic diversity to explore the solution space effectively. The algorithm was 445 

allowed to evolve for a maximum of 300 generations, providing ample opportunity for convergence toward an optimal feature 446 
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subset. For the selection mechanism, we employed tournament selection with a tournament size of 3, favoring fitter 447 

chromosomes while maintaining selection pressure. Crossover was performed using a two-point crossover method, in which 448 

two parent chromosomes are randomly selected and genetic material between two crossover points is exchanged to produce 449 

two offspring. The crossover probability PCros defines the likelihood that a pair of chromosomes undergoes crossover. Mutation, 450 

which introduces random variability and helps prevent premature convergence, was controlled by the mutation probability 451 

PMut and a bit-flip probability PFlip, which governs the likelihood of flipping individual bits within a chromosome. The overall 452 

probability of a bit being mutated is calculated using Eq.Equation 4. 453 

PBitMutation = PMut ×PFlip (4) 454 

Finally, we implemented an operator to maintain a record of the best individuals across generations, ensuring that 455 

highqualityhigh quality solutions are preserved throughout the evolutionary process. The crossover (PCros), mutation (PMut) and 456 

flip (PFlip) probabilities were set in a trial and error method, where each evolution was performed with different values and the 457 

best fitness defined which probabilities were the best ones. The genetic algorithm was then executed several times. 458 

4.3  Classification Methods 459 

To estimate rainfall-induced landslides (RIL), classifiers were developed using the feature sets obtained from both the filter 460 

and wrapper selection methods. In the case of the CART-based filter method, classifiers served solely to evaluate the predictive 461 

power of the preselected features. However, in the wrapper-based approach, classifiers played a dual role: they acted both as 462 

the objective function guiding the genetic algorithm’s optimizationoptimisation and as the evaluators of each candidate feature 463 

subset’s performance. This dual function required the implementation, training, and comparison of over a thousand models to 464 

identify the most effective feature combination. 465 

The study systematically developed and refined several SVM, RF and XGB classifier models. For each model type, a grid 466 

search was employed to explore a range of hyperparameters, and three-fold cross-validation was used to evaluate model 467 

performance and mitigate the risk of overfitting. The subsequent sections provide a comprehensive description of the model 468 

255 configurations and the methodological criteria for feature selection. 469 

 4.3.1Support Vector MachinesMachine 470 

SVMs are classification algorithms that find the best-separating hyperplane in high-dimensional space, 471 

handling nonlinear data with kernel functions. They’reThey are effective for small to moderate datasets with 472 

many features, offering good control over overfitting through regularization.regularisation. However, 473 

they’rethey are computationally expensive for large datasets and harder to interpret than 260the tree-based 474 

methods. Our SVM classifier was designed using 3-fold cross-validation and required tuning two 475 

hyperparameters: 476 
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 the cost constant C = 2α, where α ∈ [−5, 8], which controls the trade-off between empirical error and classifier complexity; 477 

and the RBF kernel width σ = 2β2β, where β ∈ [−7, 5], which was adjusted for the Gaussian function. 478 

 4.3.2  Random Forest 479 

RF classifiers are designed using an ensemble of decision trees with bagging to improve 480 

model accuracy and robustness to overfitting. The RF model was tuned with 9 481 

hyperparameters: number of trees (n_estimators ∈ {100, 200, 300, 500}), maximum depth 482 

(max_depth ∈ {3, 5, 7, 10, 15, 20}), minimum samples to split (min_samples_split ∈ {2, 5, 10, 483 

15, 20}) and leaf (min_samples_leaf ∈ {1, 2, 4, 6, 8}), maximum features max_features, is 484 

chosen from {sqrt, log2, all}, maximum leaves (max_leaf ∈ {50, 100, 200}), minimum weight 485 

fraction (min_weight_fraction_leaf ∈ {0.0, 0.1, 0.2}), and minimum impurity reduction 486 

(min_impurity_decrease ∈ {0.0,, 0.01, 0.05}). We evaluated bootstrapping and non 487 

bootstrapping strategies 270 to build the trees. 488 

 4.3.3  Extreme Gradient Boosting 489 

XGB model was designed to capture subtle relationships between variables, leveraging its 490 

strengths in handling large datasets and complex interactions. The XGB model was tuned 491 

with 7 key hyperparameters: number of trees n_estimators ∈ {100, 200, 300, 500}), maximum 492 

depth (max_depth ∈ {3, 5, 7, 9, 11, 13}), minimum child weight (min_child_weight ∈ {1, 3, 5, 493 

7}), minimum loss reduction (gamma ∈ {0, 0.1, 0.2, 0.3, 0.4}), learning rate (learning_rate ∈ 494 

{0.01, 0.05, 0.1, 0.15, 0.2}), L1 regularizationregularisation term (reg_alpha ∈ {0, 0.1, 0.5, 1.0}), 495 

and L2 regularizationregularisation term (reg_lambda ∈ {0.1, 0.5, 1.0, 1.5 ,2.0}). These 496 

hyperparameters were optimizedoptimised to balance model complexity and prevent 497 

overfitting, ensuring the XGB model performed accurately and robustly. 498 

 5 Results 499 

To understand the relationship between rainfall intensity, soil moisture, and soil hydraulic features in 500 

landslide generation, we present an in-depth analysis of the conditioning factors that influence landslide 501 

occurrence in a region of the southern Andes (38–42°S). After exploring various machine learning models 502 
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with different feature configurations, we observed notable differences in performance depending on the 503 

features subsets. This process helped identify which combinations of features and modeling approaches best 504 

captured the underlying data structure of the data. The results reveal that the dynamic interactions among 505 

rainfall intensity, soil moisture patterns, and geological characteristics are significant at the determined 506 

exploration depth of the soil, based on the database used during feature selection. 507 

  The following section presents the results, highlighting the most promising models and the impact of feature selection on the 508 

performance of susceptibility estimation performance. 509 

 5.1  Feature selection 510 

OurThe results presented in Table 4 show differing model performance across classifiers and feature selection methods (Table 511 

4).. The CART approach achieved its best error rate of 26.67% using a relatively large feature set of 15 variables, including 512 

swallowing variables such as the average moisture at 0–5 cm and, clay content at 5–15 cm and slope. In contrast, the GA-513 

based feature selection methods (GA -SVM, GA -RF, and GA -XGB) delivered improved performance using fewer features. 514 

Figure 7 illustrates an example of the GA-RF convergence over 300 generations, while Figure 8 presents the most active 515 

features throughout this evolutionary process. 516 

Both GA -RF and GA -XGB achieved the lowest error rates of 10.95%, with 6 and 9 features, respectively. Common to both 517 

models were the consideration of slope and precipitation variables. At the same time, GA -RF also included shallow variables 518 

such as bulk density at 5–15 cm and available moisture. The feature selection using GA -XGB proposeproposed the use of 519 

shallow variables at 5-15 cm of bulk density of the fine fraction and the shape parameter of the retention curve and saturated 520 

water content (θs). The GA -SVM method achieved an error rate of 21.98% using 8 features (with C = 2 and σ = 0.125),, and 521 

selected variables such as the Van Genuchten parameter at 0–5 cm, Average moisture at 60–100 cm, and slope. 522 

There is some overlap in the features selected by GA -RF and GA -XGB—both models include 523 

precipitation, slope, Volumetric moisture, and shallow bulk density (5-15 cm), suggesting that these are key 524 

indicators for rainfall-induced landslide assessment. However, differences in feature sets indicate distinct 525 

modelling perspectives. GA -RF uniquely selected saturated hydraulic conductivity at the first centimetre (0-526 

5 cm) and depth of Permanent wilting point at 100-200 cm, pointing to a focus on near-surface hydraulic 527 

behaviour and deeper root-zone water retention. In contrast, GA -XGB favoured variables like shape 528 

 parameter of SWRC at 5-15 and 100-200 cm, soil textural classes at 100–200 cm, and saturated water content at 0-5 cm and 529 

15-30 cm, suggesting a broader interest in soil texture and porosity across both shallow and deep layers.  530 

Compared to the CART approach, the GA-based methods selected more compact and targeted feature sets while delivering 531 

superior predictive performance. While CART relied on a larger number of features, GA  -RF and GA -XGB focused on key 532 

physical properties such as slope and Bulkd.b, which are highly relevant for landslide modeling. These findings highlight  the 533 

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Sangría: Izquierda:  0", Primera línea:  0",
Derecha:  0", Espacio Después:  0 pto, Interlineado:  1.5
líneas, Borde: Superior: (Sin borde), Inferior: (Sin borde),
Izquierda: (Sin borde), Derecha: (Sin borde), Entre : (Sin
borde)

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Título 2

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato ...

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato ...

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman

Con formato: Fuente: Times New Roman



 

 

25 

 

Con formato: Normal

strength of GA-based wrapper feature selection, capturing the interactions between variables, isolating the most meaningful 534 

and in our case enhancing landslide prediction accuracy by leveraging both shallow and deep soil characteristics.  535 

the strength of GA-based feature selection in isolating meaningful variables and enhancing landslide prediction accuracy by 536 

leveraging both shallow and deep soil characteristics. 537 

 538 

Figure 7. Genetic Algorithm Convergence: the curves show the population’s average performance (Mean) and the 539 

best individual’s performance (Best) across an evolution of 300 generations. 540 
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 541 

Figure 8. Most selected features across an evolution of 300 generations.  542 

 543 

Table 4. Results of the evolution: best sets of variables obtained for each evolution according to the classifier and their 544 
best errors obtained on the test set 545 

Discriminator Parameters Hyperparameters Feature Selection Best Error (%) 
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CART PCros : −: − 

PMut : −: − 

PFlip : −: − 

max_depth: 15 

min_samples_split: 4 

min_samples_leaf: 1 

max_features: None 

class_weight: balanced 

min_weight_fraction_leaf: 0.0 

min_impurity_decrease: 0.0 

AvMoist.a, Clay.b, Clay.c, ksat_e, 

PIRange_Bulkd.b, PIRange_Bulkd.e, 

PIRange_Clay.c, PIRange_Sand.c, 

PIRange_Sand.e, PP, n_a, n_c, slope, 

theta𝛳_s_e, 

VMoist 

26.67 ± 3.45 

GA_SVM PCros : 0.8 

PMut : 0.2 

PFlip : 0.5 

C: 2 σ : 

0.125 
alpha𝛼.a, AvMoist.e, Clay.a, PIR_Cl.c, PP, slope, 

theta𝛳_s_b, VMoist 

21.98 ± 3.39 

GA_RF PCros : 0.6 

PMut : 0.3 

PFlip : 0.3 

n_estimators: 200 

max_depth: 20 

min_samples_split: 2 

min_samples_leaf: 1 

max_features: sqrt 

min_weight_fraction_leaf: 0.0 

min_impurity_decrease: 0.0 

bootstrap: True 

Bulkd.b, ksat_a, PP, PWP.f, slope, VMoist 10.95 ± 2.44 

GA_XGB PCros : 0.8 

PMut : 0.3 

PFlip : 0.5 

n_estimators: 500 

max_depth: 7 

min_child_weight: 1 

gamma: 0.0 

learning_rate: 0.2 

reg_alpha: 0 

reg_lambda: 0.5 

Bulkd.b, n_b, n_f, PP, Tex_Class.f, slope, 

theta𝛳_s_a, theta𝛳_s_c, VMoist 

10.95 ± 2.44 
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 546 

Figure 7. Genetic Algorithm Convergence 547 

 548 

Figure 8. Evolution 549 

5.2 Classification 550 

The features selected by the different methods were used to train and test classifiers implemented with the three models - SVM, 551 

RF and XGB - to compare them. The results are presented in Table 5, providing a comprehensive overview of their 552 

performance under two distinct conditions: Non PU BaggingPUBagging and PU BaggingPUBagging. The evaluation metrics 553 

include accuracy and recall with their respective confidence intervals, both of which are critical for assessing the effectiveness 554 

of these classification models. InTable 5 shows that the Non PU Bagging category,best-performing model in terms of recall 555 

was the classifiers demonstrated notable performance.one obtained using the features selected through GA-RF. The SVM 556 

achieved an accuracy of 0.735 with a standard deviationconfidence interval of ± 0.029, and a recall of 0.749 ± 0.041. The 557 

XGB model outperformed the SVM, recording an accuracy of 0.873 ± 0.020 and a recall of 0.885 ± 0.028, indicating its strong 558 

predictive capability. The Random Forest classifier exhibited the highest performance among the three , with an accuracy of 559 

0.879 ± 0.020 and a recall of 0.901 ± 0.027. These results suggest that all classifiers were effective in identifying instances 560 

from the dataset, with Random Forest showing the best overall performance. In the PU Bagging category, the classifiers 561 
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maintained strong performance, although there were slight variations compared to the Non PU Bagging results. The SVM 562 

recorded an accuracy of 0.769 ± 0.0284 and a recall of 0.809 ± 0.0372, indicating an improvement in its predictive ability with 563 

PU Bagging. The XGB model achieved an accuracy of 0.862 ± 0.022 and a recall of 0.889 ± 0.028, which, while slightly lower 564 

than in the Non PU Bagging scenario, still reflects robust performance. The Random Forest classifier, however, showed a 565 

decrease in accuracy to 0.856 ± 0.023 and a recall of 0.881 ± 0.028, suggesting that while it remained effective, the application 566 

of PU Bagging may have introduced some variability in its performance. models, achieving an accuracy of 0.879 ± 0.020 and 567 

a recall of 0.901 ± 0.027.  568 

The RandomForest discriminator results A Wilcoxon signed-rank test showed that the difference between RF and SVM—569 

both with and without PUBagging—is statistically significant (p-value = 1.23×10⁻²⁷). In contrast, no significant difference was 570 

observed between RF and XGB under either sampling strategy (p-value > 0.56). These findings indicate that all classifiers 571 

performed wellwere effective in both scenariosidentifying landslide and non-landslide instances, with Random Forest and 572 

XGBoost consistently demonstrating the highest accuracy and recall. The application of PU Bagging appears to have had a 573 

mixed impact on classifierstrongest overall performance, enhancing some models while slightly reducing the effectiveness of 574 

others. These findings highlight. Moreover, the importance of evaluating different modelingcomparison between PUBagging 575 

and Non–PUBagging strategies and their configurations to optimizerevealed no statistically significant differences, suggesting 576 

that PUBagging did not substantially alter the classifiers’ general predictive ability. 577 

The superior performance in classification tasks. Future research should explore the underlying factors 578 

contributing to these performance variations and consider additional techniques for further enhancing 579 

model accuracy and recall. 580 

The model performance shows good agreement. Our results showed that the best-performing model is the XGB 581 

classifier 582 

335 utilizing Genetic Algorithm (GA) optimization under the "PU Bagging" approach, achieving an 583 

accuracy of 0.896 ± 0.019 and a recall of 0.886 ± 0.026. Conversely, the worst-performing model is the 584 

Support Vector Machine (SVM) classifier with GA optimization and "No PU Bagging," which recorded an 585 

accuracy of 0.735 ± 0.029of RF and a recall of 0.749 ± 0.041. 586 

The comparison of these models underscores the stark contrast in their performance. The XGB model 587 

demonstrates a significant advantage with a difference of 0.149 in accuracy and 0.137 in recall compared 588 

to the SVM with GA (No PU Bagging). 589 

This disparity further highlights thetheir effectiveness of the XGB model in capturing complex, 590 

nonlinear relationships. Additionally, within the dataset. Although GA optimization applied to both-based 591 

optimisation improved all models suggests that, while the, SVM has a robust foundational framework, it 592 

may struggle to leverage hyperparameter tuning effectivelyappears less capable of fully exploiting such 593 
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optimisation when compared to the inherent capabilities of more flexible and expressive structures of RF 594 

and XGB. Studies have shownPrevious studies indicate that while SVMSVMs can achieve favorable 595 

performance metrics in more straightforwardperform competitively on simpler datasets, its but tend to lose 596 

effectiveness diminishes in more complexheterogeneous or high-dimensional contexts unless it is coupled 597 

with subjected to extensive parameter optimization (Huang et al., 2019). 598 

Ouroptimisation or trained on larger datasets. The recall results reflected the strengths of these models in identifying true 599 

positive instances. XGB’sreinforce this interpretation, as RF and XGB achieve higher recall articulatesthan SVM, indicating a 600 

better capacitystronger ability to minimizeminimise false negatives than the SVM’s recall performance.. This characteristic is 601 

crucialparticularly critical in applications where the detectionidentification of true positive cases is prioritized, —such as 602 

potential landslide casesrainfall-induced landslides—is essential for early warning and risk mitigation. Figure 9 presents RIL 603 

estimation in an example map of the Chilean study regions, showing how ML systems can support the identification of risk 604 

zones in landslide early-warning applications. 605 

 6  Discussion 606 

Accurate Landslidelandslide forecasting enables early warnings, allowing authorities and communities to 607 

take preventive measures, such as evacuations or slope stabilizationstabilisation, to reduce risk. It also 608 

supports better land-use planning and disaster preparedness, contributing to long-term resilience against 609 

geological hazards. Ultimately, landslide forecasting is a critical tool for safeguarding lives and promoting 610 

sustainable development in high-risk areas. 611 

 For the first phase of feature selection, expert analysis was considered, along with setting a correlation elimination threshold 612 

of |0.9|. Subsequently, two strategies were employed to finalizefinalise the feature selection: CART and a Genetic Algorithm.  613 

 614 

 615 

Table 5. Results for Non PU BaggingPUBagging and PU BaggingPUBagging models with different discriminators 616 
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 618 

 619 

Discriminator Database Classifier Accuracy Recall 

CART 

No PUBagging 

SVM 0.740 ± 0.043 0.781 ± 0.058 

XGB 0.860 ± 0.036 0.877 ± 0.045 

RF 0.800 ± 0.039 0.830 ± 0.049 

PUBagging 

SVM 0.763 ± 0.045 0.809 ± 0.057 

XGB 0.862 ± 0.035 0.880 ± 0.046 

RF 0.835 ± 0.039 0.889 ± 0.044 

GA -SVM 

No PUBagging 

SVM 0.783 ± 0.026 0.812 ± 0.034 

XGB 0.880 ± 0.021 0.887 ± 0.028 

RF 0.875 ± 0.021 0.883 ± 0.029 

PUBagging 

SVM 0.791 ± 0.025 0.835 ± 0.032 

XGB 0.870 ± 0.021 0.874 ± 0.029 

RF 0.876 ± 0.021 0.890 ± 0.027 

GA-RF No PUBagging SVM 0.735 ± 0.029 0.749 ± 0.041 
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XGB 0.873 ± 0.020 0.885 ± 0.028 

RF 0.879 ± 0.020 0.901 ± 0.027 

PUBagging 

SVM 0.769 ± 0.028 0.809 ± 0.037 

XGB 0.862 ± 0.022 0.889 ± 0.028 

RF 0.856 ± 0.023 0.881 ± 0.028 

GA-XGB 

No PUBagging 

SVM 0.759 ± 0.027 0.795 ± 0.037 

XGB 0.875 ± 0.021 0.889 ± 0.028 

RF 0.861 ± 0.021 0.881 ± 0.029 

PUBagging 

SVM 0.781 ± 0.025 0.786 ± 0.034 

XGB 0.896 ± 0.019 0.886 ± 0.026 

RF 0.873 ± 0.021 0.872 ± 0.030 

 620 

 621 

 622 
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Figure 9. Example Probability of RIL in the Southern Chile Area 623 

6.1 Main controls in mass wasting generation 624 

The accurate determination of parameters to monitor in rainfall-induced landslides is critical for effective risk assessment and 625 

management. As rainfall is a primary trigger for landslides, understanding the hydrological and geotechnical factors that 626 

influence slope stability is essential. Studies have shown that specific topographic parameters, such as slope angle, soil 627 

moisture content, and rainfall intensity, significantly correlate with landslide occurrences (Emberson et al., 2022; Novellino et 628 

al., 2021). 629 

For instance, the integration of machine learning techniques with hydrological data has enhanced the predictive capabilities of 630 

landslide susceptibility models, allowing for a more nuanced understanding of how varying rainfall patterns affect slope 631 

stability (Novellino et al., 2021; Mondini et al., 2023). Moreover, the identification of key parameters is not only vital for 632 

immediate hazard assessment but also for long-term monitoring and mitigation strategies. Research indicates that rainfall 633 

anomalies and their spatial patterns can provide insights into potential landslide activity, thereby facilitating timely 634 

interventions (Marc et al., 2019; Wang et al., 2020)). The dynamic nature of rainfall events necessitates continuous monitoring 635 

of these parameters to adaptively manage landslide risks, especially in regions prone to extreme weather conditions (Bordoni 636 

et al., 2015; Yang et al., 2024). Furthermore, the application of remote sensing technologies has proven effective in capturing 637 

real-time data on rainfall and its impact on slope stability, thus improving the accuracy of landslide predictions (Kirschbaum 638 

and Stanley, 2018; Gariano et al., 2015). 639 

370 Our results allowed us to identify the recurrent variables related to rainfall-induced landslides in the Southern Andes. 640 

Specifically, we observed that precipitation, slope, and volumetric moisture (VMoist) are repeatedly selected features (Table 641 

4). This recurrence suggests that these parameters capture key underlying characteristics crucial to achieving robust predict ive 642 

performance. In particular, the consistency of these features across standard decision tree approaches and genetic algorithm–643 

enhanced methods indicates their stability and high predictive relevance. Our results show consistency with the particular 644 

conditions of 375 the Southern Andes, where the interaction between volumetric moisture (VMoist) and slope angle 645 

significantly influences landslide generation by affecting the shear strength and stability of the soil mass. High VMoist 646 

indicates near-saturated soil conditions, which lead to increased pore water pressures and a reduction in matric suction. These 647 

hydrological effects decrease the effective stress in the soil, thereby reducing its shear strength —a critical factor that 648 

predisposes slopes to failure. In regions with steep slopes, the gravitational forces acting downslope are significantly 649 

heightened, amplifying the destabilising effects of high moisture content, such as San Jose de Maipo (Maragaño et al., 2023), 650 

Osorno Volcano (Fustos-Toribio et al., 2022) and Villa Santa Lucia (((Somos et al., 2020),(; Ochoa et al., 2025)).). 651 

Another key variable selected by the automatic feature selection allowed for the reflection of the central control of the Southern 652 

Andes. The soil moisture contents in the 0-5 cm layer showed a critical variable in initiating infiltration when rainfall impacts 653 
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these layers. These automatic selection shows concordance with the processes of water movement control proposed by 654 

Maragaño et al. (2023), where high moisture content significantly influences local pore water pressures, a factor that has been 655 

directly linked to reduced shear strength and slope failure (Cheng et al., 2022). Similarly, deeper measurements, such as those 656 

denoted by variables with suffixes between 60 up to 200 cm could capture the infiltration dynamics and moisture storage 657 

capacity that modulate the transmission of rainfall energy and fluid pressure through the soil profile. WeFustos-Toribio et 658 

al., 2025). Our results suggest considering the incorporation of depth-specific measurements to ensure that the models capture 659 

both the rapid near-surface processes and the more delayed responses in the underlying zones. Consequently, the synthesised 660 

feature sets, along with well-tuned hyperparameters for each classifier, not only optimise predictive performance (as 661 

evidenced by the reported best errors) but also reveal the relative. 662 

 6.2  Lesson learned about classification 663 

Using a selection features approach, we performperformed a susceptibility landslide assessment focused 664 

on the Southern Andes (Table 5). 665 

 Our results generated a landslide susceptibility modelling considering the depth-dependent heterogeneity of soil properties 666 

and their impact on the landslide controls. The use of different classifiers (e.g., CART, GASVM, GARF, GA -SVM, GA-RF, 667 

GA-XGB) with tuned hyperparameters attests to the complexity of modelling the interaction between multilayered soil 668 

properties and water infiltration dynamics. An accurate selection of features from various depths helps to predict transient 669 

hydrological responses—, for example, rapid saturation of near-surface layers followed by a more gradual moisture 670 

redistribution in deeper layers (YaoMaragano-Carmona et al., 2025). Our results allowed us to constrain the data necessary to 671 

perform landslide susceptibility for the Southern Andes, if required, at a better scale into the future. We interpret the results of 672 

the selected features into the landslide classification as the interplay between soil physical properties such as texture (content 673 

between 5-30 cm, two layers) and saturated hydraulic conductivity up to 100 cm, which are known to be depth-dependent and 674 

dependent on the soil moisture content. 675 

The quality of the results achieved for the Southern Andes landslide assessment using machine-learning classifiers must be 676 

considered in light of the inherent variations in density information and database quality. Previous studies in South America 677 

encourage improving the landslide database and its controlling factors due to reduced records along history (Fustos-Toribio et 678 

al., 2022; Sepúlveda and Petley, 2014). Moreover, no unique classifier method guarantees optimal performance for all datasets; 679 

model performance is heavily influenced by the distribution and quality of the input data (Gu et al., 2024). The presented 680 

results reveal that, while all classifiers delivered strong performance, nuances such as the slight improvement for Support 681 

Vector Machine (SVM) under Proportional Upweighting (PU) BaggingPUBagging and the marginal reduction of accuracy for 682 

Random Forest in the same condition underscore the sensitivity of these methods to changes in data handling and sampling 683 

strategies (Zhang et al., 2024; Zhou et al., 2023).. Our findings demonstrate that a promising classifier can achieve effective 684 
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performance even with a limited database when supported by robust density information and high-quality underlying data 685 

(Table 5). 686 

Stand outAlthough the similar performance of GA–RF and GA–XGB, they differ in practical trade-offs. GA–RF is 687 

computationally lighter and easier to interpret, favoring operational applications, while GA–XGB is less interpretable but more 688 

robust in heterogeneous environments, as it may capture more complex interactions. This complementary perspective may 689 

underscore the importance of applying ensemble classifiers for operational landslide forecasting. 690 

Random Forest classifier, which demonstrates the highest accuracy and recall in the Non PU BaggingPUBagging condition—691 

achieving 0.879 accuracy and 0.901 recall. It appears to be the more robust choice for landslide susceptibility mapping in 692 

regions where data quality is consistent. HoweverAlthough the difference is not significant, its slight performance reduction 693 

in the PU BaggingPUBagging scenario suggests that in heterogeneous environments, it may be beneficial to consider additional 694 

strategies to mitigate variability. Techniques such as ensemble stacking or hybrid integration, which capitalise on the strengths 695 

of multiple algorithms, could further enhance predictive performance, as shown in other studies (Huang et al., 2022 )).). 696 

Therefore, while Random Forest seems preferable based  on current evidence, an adaptive framework that dynamically 697 

incorporates ensemble methods might better serve the Southern Andes, where environmental conditions and data quality may 698 

fluctuate (Gu et al., 2024). 699 

Future developments must focus on reducing uncertainty in landslide assessments by refining the data 700 

acquisition process and enhancing model robustness. Possibilities include improved non-landslide sampling 701 

strategies, expanding our proposed approach, and integrating remote sensing data to capture finer spatial 702 

details, thereby stimulating advances in model performance (Gu et al., 2024). Moreover, the incorporation 703 

of hybrid ensemble techniques and closer analysis of spatial patterns can contribute to more reliable 704 

landslide susceptibility maps (Huang et al., 2022). These developments are crucial for enhancing early 705 

warning systems in the Southern Andes, as improved classifier accuracy and reliability directly translate 706 

into better disaster risk management and timely interventions. The current results offer a promising 707 

background, a continued focus on data quality improvement and methodological enhancements is essential 708 

for advancing landslide early warning systems in this region. 709 

 710 

 711 

However, the limitations of this study are related to the fact that the model performance is conditioned by inventory 712 

completeness and by the strong spatial concentration of records, which may limit transferability beyond the most represented 713 

regions. In addition, correlations among depth-dependent soil variables and potential spatial autocorrelation can inflate 714 

apparent performance if not controlled through spatially independent validation. Finally, the static predictors used here may 715 

not fully capture short-term hydrological transients preceding landslides, and uncertainty quantification remains limited. These 716 
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aspects should be addressed through expanded inventories, spatial cross-validation, and incorporation of near-real-time 717 

hydrometeorological observations. 718 

 719 

6.3 Future scope 720 

The impact of climate change on mass wasting events cannot be ignored. Recent studies showed evidence that increased 721 

precipitation and temperature fluctuations significantly affect sediment yield and debris flow activity in alpine regions 722 

(Hirschberg et al., 2021). Future changes in precipitation patterns will urge the implementation of a monitoring framework 723 

that incorporates climatic variables alongside geotechnical measurements to adapt to changing conditions effectively. 724 

The necessity for broader monitoring networks with well-defined variables is paramount in the context of rainfall-induced 725 

landslides. Rainfall-Induced Landslidesinduced landslides are predominantly triggered by prolonged and intense rainfall, 726 

which underscores the importance of capturing detailed hydrological and geological data to enhance predictive capabilities (Li 727 

et al., 2021; Fusco et al., 2022). A comprehensive monitoring system that includes variables such as soil moisture, pore water 728 

pressure, and rainfall intensity can significantly improve the understanding of slope stability dynamics and the conditions 729 

leading to landslide initiation (Abraham et al., 2020; Segoni et al., 2018). For instance, the integration of hydrological 730 

monitoring with rainfall data has been shown to refine rainfall thresholds for landslide forecasting, thereby enabling more 731 

accurate early warning systems (Teza et al., 2022; Vaz et al., 2018). 732 

Moreover, implementing advanced technologies, such as remote sensing and machine learning, can 733 

facilitate real-time data collection and analysis, allowing for timely interventions in high-risk areas (Mondini 734 

et al., 2023; Froude and Petley, 2018). 735 

The development of automated systems that utilize continuous monitoring of critical parameters can enhance the reliability 736 

of landslide predictions, as demonstrated by recent studies that have successfully employed deep-learning techniques to 737 

forecast landslide occurrences based on rainfall and soil conditions (Abraham et al., 2019; Qiao et al., 2020). However, as 738 

stated before, while the proposed classifiers showed strong performance (Abraham et al., 2019; Qiao et al., 2020), their 739 

effectiveness is constrained by the quality of the database, which in this domain is challenged by data scarcity, sparsity, and 740 

features availability. This affects that the models may not readily generalise to other regions, or even fully capture the evolving 741 

dynamics within the study area. Finally, their limited transparency underscores the need for further validation and for 742 

integration with physically based models to enhance interpretability and reliability, in particular to consider the meteorological 743 

dynamics. Thus, future work should focus on validating these models across diverse regions and integrating them with 744 

physically based approaches to enhance both their robustness and interpretability. Additionally, establishing a network of 745 

monitoring stations across diverse geomorphological environments can provide valuable insights into the varying responses 746 
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of slopes to rainfall, thereby improving the generalizabilitygeneralisability of predictive models (Kuradusenge et al., 2020; 747 

Bortolozo 450 et al., 2024). 748 

 7  Conclusions 749 

We evaluated the performance of machine learning models—Support Vector Machines (SVM), Random 750 

Forest (, RF), and Extreme Gradient Boosting (XGBoostXGB) to predict landslide susceptibility in the 751 

southern Andes (38–42°S). The Southern Andes has a high soil variability that does not allow for deep 752 

instrument monitoring. Therefore, we determined the), selecting domain-relevant geotechnical, 753 

hydrological, and geomorphological variables and applied advancedthrough feature selection techniques, 754 

including Genetic Algorithms (GA) and Positive-Unlabeled (PU) Bagging. We were able to systematically 755 

identify and optimise the most informative predictors for rainfall-induced landslides. 756 

Our results demonstrate that models  (CART and GA). The GA–optimised using Genetic Algorithmsmodels, particularly 757 

GA-RF and GA-XGB, significantly outperformoutperformed baseline methods, such as CART with conventional feature 758 

selection. Notably, GA RF and GA XGB achievedachieving the lowest classification errors (10.95%). Moreover, %) with 759 

compact feature sets highlighted the potential of evolutionary algorithms to enhancethat improved both the accuracy and 760 

efficiency of susceptibility assessments. Our models’ results consistently identified. Across experiments, slope, precipitation, 761 

and near-surface soil hydraulic properties—particularlyespecially bulk density and saturated water content—emerged as the 762 

most critical factors influencing landslide initiation. Future instrumental developments must consider these 763 

variables,rainfall-induced landslides, underscoring their importance for future monitoring and landslide assessment. 764 

Our findings also underscore the importance of incorporating both shallow and deep soil moisture characteristics, 765 

as well as 766 

465 soil retention curve parameters, to better capture better the complex subsurface dynamics that precede slope failure. The 767 

differences in feature prioritisation between GA -RF, GA -XGB, and GA -SVM reflect distinct modelling philosophies: while 768 

RF and XGB emphasised shallow hydraulic traits and retention thresholds, SVM gave greater weight to deeper soil moisture 769 

indicators and retention curve shape parameters. 770 

From an operational early warning perspective, the compact GA-selected feature sets reduce monitoring complexity by 771 

prioritising a small number of high-impact variables (precipitation, slope, and depth-specific soil hydraulic/moisture 772 

indicators). This supports more cost-effective station design and variable selection, while maintaining low error rates. The 773 

identified shallow-versus-deep moisture controls also provide guidance for sensor placement (near-surface and deeper soil 774 

moisture) in mountainous catchments prone to rainfall-triggered failures. 775 

We conclude that integrating data-driven models with physically meaningful features provides a robust 776 

framework for en- 777 
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470 hancingenhancing early warning systems and regional risk assessments. The superior performance of GA-optimised 778 

ensemble models suggests that future efforts should prioritise hybrid strategies that combine expert knowledge with automated 779 

feature selection. These approaches are particularly valuable in data-scarce environments, offering scalable solutions to inform 780 

risk management and decision-making in mountainous regions vulnerable to rainfall-triggered landslides. 781 

 782 

1.1 Subsection (as Heading 2) 783 

Quisque cursus massa sed urna congue, ac convallis neque consectetur. Proin faucibus neque non metus mollis, suscipit 784 

pretium nisl blandit. In hac habitasse platea dictumst. 785 

1.1.1 Subsubsection (as Heading 3) 786 

In placerat dictum urna ut interdum. Proin faucibus neque non metus mollis, suscipit pretium nisl blandit. In hac habitasse 787 

platea dictumst. Nam laoreet augue eu odio eleifend, non posuere quam pulvinar. Integer sit amet leo vitae nisl facilisis tri stique 788 

calculated following Eq. (1): 789 

𝑌 =
∆𝑀0

∆[𝑖𝑠𝑜𝑝𝑟𝑒𝑛𝑒]
 ,            (1) 790 

where ∆𝑀0 is Ut rutrum, sapien et vulputate molestie, augue velit consectetur lectus, bibendum porta justo odio lobortis ligula. 791 

In in urna nec arcu iaculis accumsan nec et quam. Integer ut orci mollis, varius justo vitae, pellentesque leo. Ut. 792 

1.2.2 Subsubsection (as Heading 3) 793 

In pharetra massa dictum gravida scelerisque. Sed vitae purus eget purus tincidunt accumsan ut at magna. 794 

2 Section (as Heading 1) 795 

Sed ullamcorper venenatis quam, ut aliquet augue iaculis quis. Mauris at elit quis magna cursus accumsan non vel nisi. Aliqua m 796 

felis ipsum, interdum sed massa id, efficitur eleifend est. Pellentesque convallis, metus vel mattis molestie, ipsum diam 797 

pulvinar lorem, eget interdum urna sem et leo. 798 

 799 
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 800 

Figure 1: An example for accurate data representation & universal readability of figures. 801 

 802 

Nullam at posuere quam, ut tincidunt ante. In a elementum mauris. Lorem ipsum dolor sit amet, consectetur adipiscing elit. 803 

Donec facilisis mauris ante, ac accumsan augue venenatis et. Duis feugiat lacus gravida pulvinar finibus. Maecenas a sapien 804 

vel velit posuere lobortis a eu mi. Fusce id turpis hendrerit, tempor neque ut, auctor ante. 805 

Despite the limitations related to the spatial reproducibility of the results, the main contribution of this work lies in proposing 806 

a method that can be scaled according to data availability and applied to region-specific contexts, enabling the identification 807 

of meaningful variable sets for areas with similar geological or climatic conditions. 808 

 809 

Code availability. The code used for feature selection and classification is available upon request from the corresponding author.  810 

Data availability. The landslide database and soil property data are available from the Chilean National Geology and Mining Service 811 

(SERNAGEOMIN) and CLSoilMaps database respectively. Climate data from ERA5 is publicly available through the Copernicus Climate 812 

DataStore. 813 

Author contributions. All authors contributed to the study conception and design. Data collection, depuration and analysis were performed 814 

by [Ivo Fustos and Millaray Curilem]. Machine learning implementation was carried out by [Manuel Labbé]. Geological interpretation was 815 

480 provided by [Ivo Fustos and Mario Pooley]. All authors contributed to the writing and revision of the manuscript. 816 
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