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Abstract Landslides pose a significant threat to human lives and property. Evaluating dynamic changes in landslide
susceptibility under climate change can provide decision-making support for future landslide risk reduction and mitigation.
Using historical landslide inventories (2008—2023) and a random forest algorithm, this study developed an annual-scale
landslide susceptibility model to assess spatiotemporal patterns of landslide susceptibility across inhabited areas of China
under different simulated scenarios. The results showed that the model achieved excellent performance (AUC = 0.96), with
annual precipitation being the most influential factor (16% contribution). Compared to the baseline (1950-2014), landslide
susceptibility within inhabited areas of China is projected to increase under future climate conditions. By the late 21st century
(2076-2100), national mean annual precipitation is expected to rise by 59—111 mm, corresponding to an expansion of 4.9 x
10* - 1.2 x 10° km? in areas with median to very high susceptibility within inhabited areas across SSP scenarios. Spatially,
increased susceptibility is expected mainly in the border region between the South China bedrock hills region (SC) and the
Southwest karst mountain region (SW), the inhabited parts of the eastern permafrost region of the Qinghai—Tibet Plateau
(Tibet), and the Northwest Loess Plateau region (Loess) near the Taihang Mountains, with SSP5-8.5 further amplifying
susceptibility toward the end of the century. These findings underscore the necessity of proactive landslide risk management

in these identified hotspots to mitigate escalating landslide threats.

1 Introduction

Rainfall-induced landslides rank among the world's most destructive geohazard processes (Gutiérrez et al., 2015), having
claimed over 48,000 documented lives globally between 2004 and 2016 (Emberson et al., 2020, 2021; Froude and Petley,
2018). China faces particularly severe impacts, with landslide-related fatalities averaging 600 annual deaths since 2000—
accounting for nearly 25% of the country's natural disaster mortality (Lin et al., 2022; Lin and Wang, 2018). Climate change
is expected to exacerbate this threat through increased frequency and intensity of extreme precipitation events (Gariano et al.,

2017; Kirschbaum et al., 2020), potentially elevating regional landslide susceptibility and associated risks. A comprehensive
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understanding of future susceptibility patterns is therefore critical for developing effective, climate-resilient landslide
mitigation strategies.

Landslide occurrence results from the interplay between static predisposing factors and dynamic triggering conditions. Recent
advances in susceptibility modelling have increasingly incorporated time-dependent variables to better capture spatiotemporal
patterns of landslide susceptibility and occurrence. Currently, landslide susceptibility mapping (LSM) methodologies fall into
four main categories: physical models, expert-driven models, statistical models, and machine learning models (Chang et al.,
2019; Li et al., 2019). Among these, machine learning algorithms have demonstrated particular effectiveness in landslide
susceptibility modelling due to their capability to capture both linear and nonlinear relationships between causative factors and
landslide occurrence (Merghadi et al., 2020). Commonly employed machine learning approaches include random forest (RF),
support vector machines (SVM), Extreme gradient boosting (XGBoost), convolutional neural networks (CNN), logistic
regression (LR), k-nearest neighbours (KNN), and long short-term memory networks (LSTM) (Avand et al., 2019; Hakim et
al., 2022; Huang et al., 2023; Jin et al., 2022; Zhang et al., 2023). RF algorithm has gained particular attention in this field due
to its distinctive advantages. First, its parallel computing architecture enables efficient processing of large datasets, while the
ensemble approach of multiple decision trees significantly enhances both training efficiency and prediction accuracy. Second,
RF incorporates a built-in feature importance evaluation module that assesses variable significance through permutation-based
comparison with prediction outcomes (Zhao et al., 2018). Extensive studies have confirmed RF's superior performance in
landslide susceptibility assessments (Chen et al., 2017; Dou et al., 2019; Hong et al., 2019; Reichenbach et al., 2018).

In recent years, LSM has increasingly been combined with climate-change scenarios. The aim is to assess how the spatial
distribution of rainfall-triggered landslide susceptibility may change across future climate scenarios and time periods. Existing
work can be broadly grouped into three types. First, physically coupled approaches combine outputs from global climate
models (GCMs) or regional climate models (RCMs) with physically based slope-stability models to examine climate-change
impacts on landslides (Hiirlimann et al., 2022; Peres and Cancelliere, 2018). Typical models and applications include the Fast
Shallow Landslide Assessment Model (FSLAM) (Hiirlimann et al., 2022), the Transient Rainfall Infiltration and Grid-Based
Regional Slope-Stability model (TRIGRS) (Alvioli et al., 2018), and associated landslide warning models (Ciabatta et al.,
2016). Second, threshold methods extract rainfall indicators related to triggering from climate scenarios (e.g. daily rainfall and
antecedent cumulative rainfall), and then apply historical or scenario-based thresholds to quantify threshold exceedance (e.g.
exceedance frequency or counts); these results are used to update landslide susceptibility (Lin et al., 2022; Wang et al., 2021).
Third, downscaled climate variables or rainfall-derived indicators are fed into machine-learning frameworks to produce time-
slice susceptibility maps (Park and Lee, 2021; Viet Du et al., 2023). Machine learning captures both linear and non-linear
relationships and handles high-dimensional data with complex interactions. It also facilitates the integration of multi-source
remote-sensing data and large-area samples, making it particularly suitable for regional-to-national scale susceptibility studies.
Despite continued methodological advances, several key limitations remain in landslide susceptibility studies that incorporate
climate-change scenarios. On the one hand, the incompleteness and spatial-temporal biases of historical inventories—due to

limited event reporting and archival standards—can undermine the representativeness of training samples and inject substantial
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uncertainty into model predictions (Lin et al., 2021). This issue may be more pronounced at the national scale (Du et al., 2020).
On the other hand, the future climate projections from CMIP6 feature relatively low spatial resolution, and inter-model
differences persist among different simulation outputs (Dobler et al., 2024; John et al., 2022). This can further increase the
uncertainty of future landslide susceptibility predictions (Reichenbach et al., 2018).

To mitigate these uncertainties, this study developed an annual landslide susceptibility model based on 20082023 landslide-
related records from the Ministry of Natural Resources of China. Considering the spatial representativeness of the inventory,
the modelling, validation and prediction were restricted to inhabited areas of China. The model employs an RF algorithm with
feature engineering, combined with statistically downscaled climate projections from NASA Earth Exchange Global Daily
Downscaled Projections (NEX-GDDP-CMIP6), to quantify future changes in rainfall-induced landslide susceptibility under
different climate change scenarios. The results can provide critical insights for climate-adaptive land management and

landslide risk-reduction strategies in vulnerable inhabited regions.

2 Materials
2.1 Landslide inventory

This study uses the national geohazard records of China for 2008—2023, provided by the Ministry of Natural Resources of the
People’s Republic of China, as the basic dataset for landslide susceptibility modelling and future trend analysis. The dataset
was compiled annually and covers the whole of China each year, rather than only small areas affected by individual events.
Therefore, the study area of each annual inventory is the whole of China. It includes the occurrence time and spatial location
of landslides, debris flows, and collapses, which were collectively analysed as rainfall-induced landslide-related records in this
study. The dataset includes both post-event records of occurred landslide-related geohazards and geohazard potential sites.
The records of occurred hazards form a post-event inventory of landslide-related geohazards, compiled through post-event
field investigation and verification by professional geological survey teams organized by local governments, together with
multiple sources of information such as remote-sensing interpretation and UAV surveys, and then reported level by level. The
dataset is mainly used for hazard verification, loss assessment, hazard identification, risk management, and geohazard
prevention and control. Therefore, the recorded landslide-related records are mainly distributed in areas where slope failures
may pose risks to people, infrastructure, or assets. The investigation and compilation procedures followed the industry
technical specification, “Specification of Geological Hazard Risk Survey and Assessment (1:50,000)”. The minimum
identifiable landslide area in the inventory is approximately 10 m?. Because the dataset was compiled annually within a unified
national reporting framework, the standards for investigation, identification, recording, and compilation were generally
consistent across years. However, because these operational records are mainly compiled for hazard verification, loss
assessment, risk management, and geohazard prevention, their spatial representativeness is more defensible in areas with

human presence. Therefore, the modelling domain of this study was restricted to inhabited areas of China, rather than the entire
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national territory. As a nationwide operational geohazard dataset, it may still be affected by differences in regional accessibility,
reporting practices, and investigation intensity, which may lead to some underreporting in remote areas or for small-scale
events. Fig. 1 presents the spatial distribution of landslide-related records in the dataset. More detailed information is provided

in Fig. S1 in the Supplementary Materials.
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Figure. 1: Spatial distribution of rainfall-induced landslide-related records, inhabited-area extent, and major geomorphic
regions in China. The grey background denotes the inhabited-area extent, which was used to define the study area. Because
the landslide-related records are post-event operational inventory data compiled from human-inhabited areas, restricting the
analysis to the inhabited-area domain improves the consistency among the inventory, positive samples, and negative samples.
This restriction helps maintain sample representativeness within the selected study area and reduces the influence of inventory
incompleteness in sparsely inhabited regions. Geomorphic region boundaries were obtained from https://geocloud.cgs.gov.cn/.
NE: Northeastern wetland ecology region; Yangtze: Huang-Huaihai-Yangtze River Delta plain region; SC: South China
bedrock hills region; Loess: Northwest Loess Plateau region; SW: Southwest karst mountain region; NW: Northwest arid

desert region; Tibet: permafrost region of the Qinghai-Tibet Plateau.

2.2 Landslide influencing factors

In this study, 14 factors that may influence landslide susceptibility were selected (Table 1), with their spatial distributions

provided in Fig. S2. All variables were resampled to a resolution of 1 km x 1 km. For continuous variables such as elevation



and distance to river, we used bilinear interpolation, while for discrete variables including lithology and land use type, we
115 employed mode sampling. Specifically, taking land cover as an example, the original land-cover data had a spatial resolution
of 30 m. For each 1 km grid cell, all 30 m land-cover pixels within the cell were counted by category, and the category with
the highest frequency was assigned as the representative land-cover type of that 1 km cell. This approach avoids generating

artificial class values and ensures that the resampled categorical variables retain their physical meaning.

Table 1: Datasets and their corresponding landslide influencing factors. “-” indicates no time-series information.

Data Type Dataset Resolution Prl;lrlilz); Influencing Factor
GLiM 1:3750,000 - Lithology
. GEM GAF-DB Vectors - Distance to fault
Geological Features 4 . d
Global Seismic Hazard Map 0.04° - 75-year return perio
PGA
Elevation
Slope
Geomorphometric SRTM Digital Elevation Data 90 m ) TwI
Features Version4 Curvature
Plan curvature
Profile curvature
1-km Monthly Precipitation Dataset
P, Tkm  1950-2023 Annual total
‘ precipitation
Hydrological Features NEX-GDDP-CMIP6 0.25° 1950-2100
Five-level River Dataset of China 1:1,000,000 - Distance to river
China's Land-Use/Cover Datasets
(CLCD) 30 m 2008-2023 Landcover
MOD13Q1.006 Terra Vegetation
Environmental Features Indices 250 m 2008-2023 NDVI
16-DayGlobal250m
Open Street Map Global Primary Vectors ) Distance to road

Roads

120

2.2.1 Geological factors

Fault structures and lithological characteristics may affect slope stability by weakening the structural integrity of rock masses.

Under the combined influence of earthquakes and heavy rainfall, geologically vulnerable areas are more likely to experience
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slope failure. This research combines three geological elements. First, the distance to fault was calculated. This calculation
used the Euclidean Distance tool in ArcGIS Pro. The data were sourced from the Global Active Faults Database (GAF-DB),
which contains spatial information for 13,500 faults (Styron and Pagani, 2020). The database is available at
https://github.com/GEMScienceTools/gem-global-active-faults. Second, lithology was represented using the Global
Lithological Map (GLiM), compiled by the International Union of Geological Sciences (IUGS). The GLiM geodatabase was
obtained from https://www.dropbox.com/scl/fi/5v00i8op7a9brmn4qeg8b/LiIMW_GIS-2015.gdb.zip. This dataset has a scale
of 1:3,750,000. It describes the engineering geological properties of surface rock layers (Hartmann and Moosdorf, 2012). Third,
the 475-year return period peak ground acceleration (PGA) was adopted to characterize the long-term influence of seismic
activity on slope stability. This indicator is not intended to represent earthquake-triggered landslides, but rather to describe
long-term geological structural changes induced by seismic activity. Such changes may persist over time and increase the
susceptibility of slopes to failure under intense or prolonged rainfall. Within this framework, earthquakes are regarded as
influencing factors that modify geological structures, rather than as direct triggering mechanisms of landslides. Therefore, the
PGA return period is incorporated as a long-term seismic background factor in rainfall-induced landslide susceptibility
modelling (Leshchinsky et al., 2021). The 475-year RP PGA spatial distribution data came from Johnson et al. (2023). This

dataset can be accessed and downloaded from https://hazard.openquake.org/gem.

2.2.2 Geomorphometric factors

Geomorphometric factors are the main factors controlling the spatial distribution of surface runoff and soil moisture movement.
They are also important predisposing factors for rainfall-induced slope failures. This study selects five geomorphological
factors: elevation, slope, curvature, plan curvature, and profile curvature. The elevation data are sourced from the fourth edition
of the Shuttle Radar Topography Mission (SRTM V4) digital elevation database provided by NASA (Jarvis et al., 2008), and
the other four topographic factors were calculated based on ArcGIS Pro. The SRTM V4 dataset is available at
https://srtm.csi.cgiar.org.

2.2.3 Hydrological factors

We selected three hydrological factors for this study: annual total precipitation, distance to river, and the topographic wetness
index (TWI). Precipitation data were obtained from the "China 1 km Resolution Monthly Precipitation Dataset (1901-2023)"
provided by the Qinghai-Tibet Plateau Science Data Centre (Ding and Peng, 2020; Peng et al., 2017, 2018, 2019). This dataset
was obtained from https://doi.org/10.5281/zenodo.3114194. In this study, TWI was calculated based on SRTM V4 using the
hydrological analysis tools in ArcGIS Pro. The river system affects slope stability through two primary mechanisms. First,
riverbank erosion can compromise slope structural integrity. Second, the distance to river factor indirectly modulates slope
instability by influencing surface runoff energy and erosion intensity. We employed the five-level river dataset of China at a
1:1,000,000 scale, which is available from https://open.geovisearth.com. We then generated the distance-to-river map using

the Euclidean Distance tool in ArcGIS Pro.
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2.2.4 Environmental factors

Land cover and Normalized Difference Vegetation Index (NDVI) influence the occurrence of landslides by affecting surface
runoff and infiltration. For example, areas with extensive vegetation cover have more permeable surfaces, while areas with
urban land have large impermeable surfaces and lower infiltration rates. Land cover data is sourced from China's Land-
Use/Cover Datasets (Yang and Huang, 2023), which is available at https://zenodo.org/records/15853565. The NDVI was
calculated by averaging all available MOD13Q1 V6 NDVI images from 2008 to 2023 in Google Earth Engine (Didan, 2021),
which are available at https://doi.org/10.5067/MODIS/MOD13Q1.061. Human activities may indirectly affect landslides by
altering topography and land cover. For instance, road construction often involves cutting through slopes, weakening slope
stability, and damaging soil and rock structures, which increases landslide susceptibility. In this study, road network data for
China was obtained from OpenStreetMap (www.openstreetmap.org). The distance to road was then calculated using the

Euclidean Distance tool in ArcGIS Pro.

2.2.5 Simulation data

High-resolution climate projections from the NEX-GDDP-CMIP6 dataset (0.25° spatial resolution) were used to drive the
simulation of future landslide susceptibility within the inhabited-area modelling domain of China (Thrasher et al., 2022). This
dataset was obtained from https://registry.opendata.aws/nex-gddp-cmip6. This study comprehensively selects three typical
shared socioeconomic pathway (SSP) scenarios: SSP1-2.6 (sustainable development path), SSP2-4.5 (middle-of-the-road path),
and SSP5-8.5 (high carbon emission path). These scenarios cover simulation output data from 31 General Circulation Models
(GCMs). The study compares the spatial and temporal variation characteristics of mean annual precipitation during the
historical baseline period (1950-2014) and future periods: near-term future (2026-2050), mid-term future (2051-2075), and
long-term future (2076-2100). It should be noted that this study focuses on national-scale, long-term variations in annual
landslide susceptibility, rather than on the detailed representation of individual landslide-related records or localized extreme
rainfall triggering mechanisms. Within this spatial-temporal framework, the primary objective is to identify the relative spatial
patterns and long-term evolution of landslide susceptibility under different climate change scenarios. Previous studies have
shown that, at large spatial scales and over long-term periods, CMIP6 climate model outputs can be used to characterize overall
trends in climate-change-related landslide processes (Duan et al., 2025; Lin et al., 2022). Building on this framework, this
study adopts NEX-GDDP-CMIP6 data, which preserve long-term climate change signals while providing higher spatial

resolution; therefore, data at this resolution are suitable for landslide susceptibility assessment under climate change.
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3 Methodology
3.1 Framework for this work

The assessment of rainfall-triggered landslide susceptibility within inhabited areas of China under climate change is structured
into six key steps (Fig. 2): (1) extracting landslide-related records from the inventory and generating negative samples by
random sampling within the inhabited-area modelling domain and outside buffer zones around recorded locations; (2) applying
feature selection techniques to identify the conditioning factors from landslide conditioning variables; (3) constructing a feature
matrix by extracting static and dynamic conditioning factors at each sample point, and dividing the dataset into training (70%)
and testing (30%) sets; (4) training and optimizing an annual landslide susceptibility model using the RF algorithm; (5) LSM
for both historical and future periods by applying downscaled climate projections under different climate change scenarios; (6)
analysing the spatiotemporal changes in landslide susceptibility within inhabited areas of China under various climate change

scenarios.
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Figure. 2: Methodological framework of this study

3.2 Extraction of positive samples and generation of negative samples

All officially documented landslide-related records were spatialized in ArcGIS Pro, resulting in 93,935 point-based records,
all of which were retained as positive samples. This is because the inventory represents post-event operational geohazard

records collected through on-site investigation and reporting procedures. The inhabited-area mask was used to define the
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modelling and prediction domain and to constrain the generation of negative samples. Each recorded location was treated as
one point-based positive sample for model training. A 3 km buffer was then established around each recorded location. It
should be noted that the pixels within these buffers were not converted into additional positive samples. Instead, the buffers
were used only as exclusion zones to prevent negative samples from being selected too close to recorded locations, where the
absence of documented landslide-related records may be uncertain. Negative samples were randomly generated within the
inhabited-area modelling domain and outside all buffers around the recorded locations. The number of negative samples was
set to twice the number of positive samples. Therefore, the 1:2 ratio refers to the number of point-based training samples,
rather than to the total number of pixels within the buffers. The larger number of negative samples was used to better capture
the environmental heterogeneity of stable areas while maintaining a manageable and relatively balanced training dataset.
Because true absence locations are generally not directly available in landslide susceptibility modelling, the selection of
negative samples can substantially affect model performance and prediction reliability (Zhu et al., 2019; Guo et al., 2024). To
ensure the representativeness of negative samples, they were generated only within areas with human presence. Human
presence was defined using the WorldPop R2025A population dataset. The population data were converted into a binary
inhabited-area mask, in which grid cells with human presence were assigned a value of 1 and grid cells without human presence
were assigned a value of 0. This binary mask was used only to constrain the inhabited-area modelling domain and negative
sample generation (Bondarenko et al., 2025). Population data are publicly available at https://hub.worldpop.org/. To maintain
temporal consistency, each negative sample was randomly assigned a year between 2008 and 2023 according to the temporal

distribution of the positive samples.

3.3 Feature selection

Feature selection is an essential preprocessing step for high-dimensional data analysis, visualization, and modelling. In this
study, two methods were employed for feature selection to enhance computational efficiency while preserving the accuracy of

the model: Pearson correlation coefficient and tolerance (TOL) and variance inflation factor (VIF).

3.3.1. Pearson correlation coefficient

To quantify the linear relationship between features, the Pearson correlation coefficient was computed. A correlation was
considered strong and statistically significant if the absolute value of the correlation coefficient (|r]) exceeded 0.7 and the
associated p-value was less than 0.05. When such highly correlated features were identified, we addressed potential
multicollinearity by removing one of the redundant features. This approach provides a quantitative means of identifying and
mitigating multicollinearity among input features (Li et al., 2022).
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Here, 1 is the Pearson correlation coefficient; n is the sample size; X and Y are the variables; X and Y are the sample means

of X and Y, respectively; o, and o, are the sample standard deviations.

3.3.2. Tolerance and variance inflation factor

A strong linear relationship between two influencing factors may reduce a model's predictive accuracy. To diagnose potential
multicollinearity, TOL and VIF are widely used. Multicollinearity is indicated when TOL < 0.1 and VIF > 10. In such cases,
variables exhibiting high collinearity should be removed (He et al., 2021; O’brien, 2007; Roy and Saha, 2019). The specific

formulas are as follows.

TOL = 1-R%(i =1,2~-m), ©)

1

2
1-R?

VIF =

3)

Here, R? represents the coefficient of determination obtained by regressing the ith independent variable on the remaining

m — 1 independent variables.

3.4 Generation of a feature matrix

Relevant features were extracted for each sample point. Dynamic variables were obtained by constructing a time-series three-
dimensional matrix (time X location x variable) in Python. Static variables, such as elevation and slope, were extracted using
the Extract Multi Values to Points tool in ArcGIS Pro. All extracted variables were then integrated into a single feature matrix

for model training.

3.5 RF algorithm

RF is an ensemble learning algorithm that improves predictive performance by building and aggregating multiple decision
trees (Breiman, 2001). The algorithm employs bootstrap aggregation, whereby each tree is trained on a randomly drawn
bootstrap sample from the original dataset, and at each node, a random subset of features is selected for splitting. This
randomization process promotes model diversity and robustness, enhancing accuracy and reducing sensitivity to noise and
outliers (Stumpf and Kerle, 2011). By averaging the results of multiple trees, RF effectively reduces variance and the risk of
overfitting, making it more robust than individual decision trees. In addition, RF can efficiently handle high-dimensional
datasets and categorical variables with minimal preprocessing or encoding. Importantly, RF provides feature importance
measures, which facilitate the identification of key variables influencing model predictions (Bureau et al., 2003). These
strengths make RF particularly suitable for tasks such as landslide susceptibility mapping, where high accuracy, robustness,

and interpretability are essential.
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3.6 Model training and performance evaluation

Accurate evaluation of the RF model is essential for predicting future changes in landslide susceptibility. In this study, we
employed several widely used evaluation metrics, including accuracy, precision, recall, F1-score, the receiver operating
characteristic (ROC) curve, and the area under the curve (AUC). These metrics are derived from the confusion matrix (M and
M.N, 2015), with values closer to 1 indicating better model performance. Specifically, the ROC curve visualizes the trade-off
between the false positive rate (FPR) on the x-axis and the true positive rate (TPR) on the y-axis.

For model development and validation, we randomly split the dataset into training (70%) and testing (30%) subsets. RF model
was trained on the training subset, and all performance metrics were evaluated on the independent testing subset to avoid
overfitting. Model hyperparameters were optimized and set to n_estimators = 886, max_depth = 20, max_features = "sqrt",
and min_samples_split = 6, using the Gini index as the splitting criterion.

TP+TN

Accuracy = oo rverprn @
Precision = —— , (®)]
TP+FP
Recall = TPR = —4— | (©6)
TP+FN
F1 — score = L, 7
2TP+FP+FN
FPR = 2, ®)
FP+TN

Here, TP (true positive) and TN (true negative) represent the number of positive and negative samples that are correctly
classified, respectively. FP (false positive) refers to the number of negative samples that are incorrectly classified as positive

samples, while FN (false negative) refers to the number of positive samples that are incorrectly classified as negative samples.

3.7 Assessment of future landslide susceptibility

We selected 31 GCMs from the NEX-GDDP-CMIP6 dataset. Each of these models includes the SSP1-2.6, SSP2-4.5, and
SSP5-8.5 scenarios. Then, we evaluated the performance of these models against historical observations using the root mean
square error (RMSE) to identify those suitable for China (Table S1). Subsequently, based on the selected models, we
constructed a multimodel ensemble of annual precipitation, which was used to establish the historical baseline and to project
future landslide susceptibility under different climate scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5) and future periods,
including the near-term future (2026-2050), mid-term future (2051-2075), and long-term future (2076-2100). To further
account for uncertainty in rainfall-induced landslide susceptibility inhabited areas of China, we applied a 95% confidence
interval derived from the T-distribution. The landslide susceptibility classes were defined based on the mean susceptibility
map of the historical baseline period. Specifically, annual landslide susceptibility maps from 1950 to 2014 were first averaged

pixel by pixel to generate the baseline mean susceptibility map. The Jenks natural breaks method was then applied to this
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baseline map to classify landslide susceptibility into five levels: very low, low, median, high, and very high. The corresponding
thresholds were 0-0.0086, 0.0086—0.2582, 0.2582-0.4617, 0.4617-0.6769, and 0.6769-1.0, respectively. To ensure
comparability across different periods and climate scenarios, the classification thresholds derived from the baseline period
were consistently applied to all subsequent susceptibility assessments. Finally, we assessed the impact of climate change on
landslide susceptibility by analysing the changes in susceptibility relative to the baseline period across the different future

periods and climate change scenarios.

4. Results
4.1 Selection of conditioning factors

First, Pearson correlation coefficients were used to select the most suitable landslide influencing factors from 12 continuous
variables. The correlation coefficients among these 12 factors are shown in the correlation matrix (Fig. 3(a)). A strong positive
correlation was observed between plan curvature and curvature (r = 0.85, p < 0.05); therefore, curvature was removed to avoid
multicollinearity. To further verify whether the remaining 11 continuous variables and 2 categorical variables were suitable
for landslide susceptibility modelling, multicollinearity tests were conducted (Fig. 3(b-c)). All factors had TOL values greater
than 0.1 and VIF values less than 10, indicating no multicollinearity among the 13 influencing factors. The final selected
factors included annual total precipitation, TWI, elevation, 475-year RP PGA, NDVI, plan curvature, profile curvature, slope,

distance to road, distance to fault, distance to river, landcover, and lithology.
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Figure. 3: The results of feature selection in this study: (a) Pearson correlation coefficients between landslide influencing
factors (“x’ indicates no significant linear relationship [p value > 0.05]) (b) TOL and VIF for different landslide influencing
factors. M: Lithology, N: Landcover.

4.2 Model evaluation

Model performance evaluation is a crucial component in the analysis of future rainfall-induced landslide susceptibility. In this
study, 30% of the sample data were utilized as a test set to assess the performance of the RF model. As illustrated in Fig. 4,
model performance was visually analysed through the ROC curve and the confusion matrix. The RF model demonstrated good
predictive performance, with an AUC value as high as 0.96. In the test set, the model achieved an accuracy of 0.89, a precision
0f 0.87, arecall of 0.80, and an F1 score of 0.83, validating its robust predictive performance. Additionally, through the analysis
of Gini coefficients in the RF model, we explored the interpretability of the model. The results revealed that annual total
precipitation was the key factor influencing model predictions, with a contribution rate as high as 16%, significantly higher

than other factors. Slope contributed 12% and elevation contributed 10% to the model (Fig. S3).
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Figure. 4: Performance evaluation of the RF model. (a) The ROC curve demonstrates the model’s classification capability,
with an AUC of 0.96. (b) The confusion matrix provides a detailed breakdown of the prediction results, including the numbers

of correctly and incorrectly classified samples in each category.

4.3 Influence of key factors on landslide susceptibility

We analysed the relationship between landslide susceptibility and key influencing factors within inhabited areas of China
during the historical baseline period (1950—2014). The top six continuous variables identified by RF importance ranking were
categorized, and the area proportions of each category within different landslide susceptibility classes were calculated (Fig. 5).
The results show that mean annual precipitation, slope, and NDVI are strongly positively correlated with landslide
susceptibility. In areas with mean annual precipitation greater than 800 mm, the proportions of very high, high, and median
susceptibility zones are 82.64%, 86.56%, and 75.33%, respectively (Fig. 5a). Landslide susceptibility also increases markedly
with slope. In areas with slopes steeper than 20°, the proportions of very high, high, and median susceptibility zones reach
51.43%, 34.38%, and 20.57%, respectively (Fig. 5b). Similarly, in regions where NDVI exceeds 0.5, these proportions are
84.46%, 79.80%, and 66.57%, respectively (Fig. 5f). These findings indicate that high landslide susceptibility is closely
associated with humid environments, steep terrain, and relatively high NDVI values. Elevation exhibits a nonlinear relationship
with landslide susceptibility, with higher susceptibility concentrated in low-elevation regions. Specifically, 65.53%, 64.27%,
and 55.08% of the very high, high, and median susceptibility zones are distributed below 1000 m (Fig. 5c). Landslide
susceptibility is generally higher within 0—50 km of faults, decreases at intermediate distances, and shows a secondary increase
at 200-500 km (Fig. 5e). The relationship between 475-year RP PGA and landslide susceptibility is nonlinear (Fig. 5d). In
general, areas with very high and high susceptibility are more concentrated in the lowest PGA class, while their proportions

decrease in the intermediate classes and increase slightly again in the highest PGA class. This suggests that seismic background
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conditions may not act as a direct trigger of rainfall-induced landslides, but may indirectly increase slope sensitivity to

subsequent rainfall by damaging geologic structures and reducing slope stability.
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Figure. 5: Area proportions of landslide susceptibility classes across different categories of the top six continuous variables
within inhabited areas of China during the historical baseline period (1950-2014): (a) mean annual precipitation, (b) slope, (¢)
elevation, (d) 475-year RP PGA, (e) distance to fault, and (f) NDVI. Colours indicate susceptibility levels from very low to
very high.

We further analysed the effects of multi-factor combinations on the spatial distribution of landslide susceptibility within
inhabited areas of China during the historical baseline period (1950-2014). Using the top three variables ranked by feature
importance derived from the RF model (mean annual precipitation, slope, and elevation), we calculated the area proportion of
regions with median to very high landslide susceptibility under different combinations, and visualized the results as heatmaps
(Fig. 6). In the precipitation—slope combinations (Fig. 6a), the proportion of median to very high susceptibility areas generally
increases with increasing slope, and this tendency becomes more pronounced under relatively high precipitation conditions.
The highest value (96.33%) is observed in areas with slopes greater than 30° and mean annual precipitation of 800—1200 mm.
In the precipitation—elevation combinations (Fig. 6b), high susceptibility is mainly concentrated in areas with relatively high
precipitation, the effect of elevation is nonlinear; the maximum proportion (93.71%) is observed in areas above 3000 m with

precipitation of 800—1200 mm. The elevation—slope combinations (Fig. 6¢) further indicates that highly susceptible areas tend
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to occur where steep slopes coincide with relatively low and high elevations. In particular, the 0—500 m and 2000-3000 m

elevation ranges exhibit higher landslide susceptibility under steep-slope conditions.
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Figure. 6: Area proportions (%) of median to very high landslide susceptibility within inhabited areas of China during the
historical baseline period (1950-2014), based on combinations of key continuous variables: (a) mean annual precipitation and
slope, (b) mean annual precipitation and elevation, and (c) elevation and slope. Each cell represents the proportion of areas
with median to very high susceptibility (classes 3—5) within the total area corresponding to that specific combination of factor

ranges.

4.4 Future precipitation changes

Fig. 7 shows projected changes in mean annual precipitation across China and its geological environmental zones under three
climate scenarios and future periods, relative to the baseline. Overall, multimodel ensemble simulations show that future mean
annual precipitation across China exhibits an increasing trend. The relative increases and associated uncertainties are greater
under the SSP5-8.5 than under the SSP1-2.6 and SSP2-4.5. Compared to the near-term (2026—2050) and mid-term future
(2051-2075), the long-term future (2076-2100) generally shows larger increases. According to projections from the NEX-
GDDP-CMIP6 multimodel ensemble, mean annual precipitation in China is expected to increase by 59 mm, 63 mm, and 111
mm under the SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively, during the long-term future from 2076 to 2100. These
correspond to increases of 10.46%, 11.18%, and 19.14% relative to the baseline.

Projected changes in mean annual precipitation exhibit substantial spatial heterogeneity across different geological
environmental zones. In the NW, where the baseline mean annual precipitation is only 136 mm, the relative increase in future
mean annual precipitation remains low. During the long-term future under the SSP5-8.5, the increase is 59 mm. In geological
environmental zones where baseline mean annual precipitation ranges from 400 to 900 mm, the relative increases in mean
annual precipitation are generally higher, particularly in the Tibet and Yangtze. For instance, during the long-term future,
under the SSP5-8.5, the largest increases are projected in these regions, reaching 170 mm and 147 mm, respectively. In the

Southern region including SC and SW, where baseline mean annual precipitation exceeds 1000 mm, the absolute increase is
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relatively smaller compared to areas with baseline mean annual precipitation between 400 and 1000 mm. In the geological

environment division, the associated uncertainties are the highest.
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Figure. 7: Changes in multimodel mean annual precipitation under different future scenarios and time periods relative to the
baseline (1950-2014). Bars represent the mean change derived from the multimodel ensemble, while error bars indicate the
95% confidence interval, reflecting the uncertainty in projected mean annual precipitation. The value in the upper right corner

of each panel represents the mean annual precipitation during the baseline period.

4.5 Future landslide susceptibility

Fig. 8(a) illustrates the spatial distribution of landslide susceptibility within inhabited areas of China during the baseline period
(1950-2014). The results show that approximately 61.34% of the inhabited-area modelling domain exhibited low to very low
susceptibility, primarily located in northern Tibet, southern NW, the northwestern Loess, and central NE. Regions with median
to very high susceptibility accounted for 38.66% of the total simulated area, mainly distributed across SC, SW, eastern Tibet,
and the Loess—Taihang Mountain area. Notably, in the SC, approximately 70.42% of the area was exposed to median to very
high landslide susceptibility. Fig. 9 illustrates the increase in the area of median to very high landslide susceptibility zones

within inhabited areas of China compared to the baseline period across future scenarios and periods. Overall, the spatial extent
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of median to very high susceptibility zones is projected to expand under all future scenarios and periods. The expansion is
more pronounced under SSP5-8.5 compared to SSP1-2.6 and SSP2-4.5. In addition, long-term future shows a more significant
increase in susceptibility area than near-term and mid-term future. In the baseline period, the proportion of median to very
high susceptibility areas within the inhabited-area modelling domain is 38.66%. During the long-term future under the SSP5-
8.5, it increases to 40.98%, corresponding to a spatial expansion of approximately 1.2 x 103 km?,

At the regional scale, all geological environmental regions within inhabited areas show an increasing trend in the extent of
median to very high landslide susceptibility areas. The Loess and the SW exhibit the most significant expansion (Fig. 8, Fig.
9, and Fig. S4). In the baseline period, the proportion of areas with median to very high susceptibility in these regions is 10.07%
and 79.81%, respectively. During the long-term future under the SSP5-8.5, these proportions increase to 17.38% and 81.85%,
corresponding to area increases of 5.9 x 10* km? and 2.2 x 10* km?. These expansions mainly occur in northern SW, and
around the Taihang Mountains in the Loess (Fig. 8 and Fig. S4). During the long-term future under the SSP5-8.5, other regions
such as SC, Tibet and NE also show increases. According to the multimodel ensemble averages, the areas of median to very
high susceptibility in these regions increase by approximately 1.6 x 10* km?, 1.4 x 10* km?, and 8.3 x 10* km?, respectively,
compared to the baseline. The expansions are mainly located in northern SC, eastern Tibet and southern NE. The NW and

Yangtze show relatively small increases in median to very high susceptibility areas based on the ensemble mean. (Fig. 8).
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Figure. 8: Spatial pattern of landslide susceptibility within inhabited areas of China during (a) the baseline period (1950—

Low

2014), and (b) the long-term future (2076—2100) under the SSP5-8.5, and (c) the spatial change in susceptibility between the
two periods. In panel (c), increased susceptibility indicates that the susceptibility class under SSP5-8.5 is higher than that
during the baseline period, no change indicates that the susceptibility class remains unchanged, and decreased susceptibility

indicates that the susceptibility class becomes lower.
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Figure. 9: Changes in the area of regions with median to very high landslide susceptibility within inhabited areas of China
under different future periods and SSPs, relative to the baseline period. Bars represent the multimodel ensemble mean changes,

and error bars indicate the 95% confidence interval of the ensemble mean.

4.6 Revealing the relationship between landslide-related records and conditioning factors

To further investigate the relationship between landslide-related records and conditioning factors, this study selected the top
nine conditioning factors based on feature importance rankings from a random forest model for a graded statistical analysis
(Fig. 10). For continuous variables, the natural break method was applied for classification, and landslide frequencies were
calculated for each interval. Here, the total samples consisted of landslide-related records and negative samples generated at
twice the number of positive samples. The results showed a clear positive relationship between annual total precipitation and
landslide frequency (Fig. 10a). Landslide frequency generally increased with annual precipitation and exceeded 50% when
annual precipitation was greater than 1147 mm. Landslide frequency increased markedly with slope and exceeded 60% when

the slope was greater than 25° (Fig. 10b). In terms of elevation, the landslide frequency exhibited an M-shaped pattern with
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increasing altitude. The frequency was lowest in the -217-112 m elevation range, at only 16%, whereas it reached a peak in
the 2338-3514 m elevation band, with the highest value of 59% (Fig. 10c). For the 475-year return period PGA, rainfall-
induced landslides were mainly concentrated in the low-value intervals, while the frequency showed a secondary increase in
some high-value intervals. This may suggest that seismic background conditions indirectly influence rainfall-induced
landslides by weakening slope stability (Fig. 10d). Landslide-related records were more numerous near fault lines, especially
within 0—40 km. However, landslide frequency did not decrease monotonically with fault distance and reached relatively high
values in some intermediate-distance intervals (Fig. 10e). NDVI, which reflects vegetation coverage, showed an increasing
trend in landslide frequency as NDVI values increased. When NDVI exceeded 0.56, landslide frequency was generally greater
than 45% (Fig. 10f). Profile curvature showed a pattern of higher landslide frequency at both ends and lower frequency in the
middle: the frequency was lowest in the near-zero interval (-0.02—0.01), at only 15%, but increased markedly toward both
negative and positive extreme ranges, reaching as high as 70%. This suggests that nearly planar slopes are relatively stable,
whereas strongly concave or convex slopes are more susceptible to rainfall-induced instability (Fig. 10g). TWI showed a
negative correlation with landslide frequency: as TWI increased, the frequency decreased continuously from 60% in the low-
value interval of 14.2—-15.9 to 1.5% in the high-value interval of 25.8 and above. This indicates that landslide-related records
are more likely to occur in areas with lower TWI (Fig. 10h). Among all lithological types, siliciclastic sedimentary rocks (ss)

contained the largest number of landslide-related records, with 26,298 cases (Fig. 10i).
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Figure. 10 Relationship between positive and negative samples and conditioning factors. (a) Precipitation: Annual total
precipitation, (b) Slope, (c) Elevation, (d) 475-year return period PGA, (e) Distance to Fault, (f) NDVI, (g) Profile curvature,
(h) TWI, and (i) Lithology. The red line represents the landslide frequency, calculated as the proportion of positive samples

among all samples within each classified interval.

5. Discussion

This study investigated the future trends of rainfall-induced landslide susceptibility within inhabited areas of China under
various climate change scenarios using SSP1-2.6, SSP2-4.5, and SSP5-8.5 from the NEX-GDDP-CMIP6 climate dataset. An
RF model, trained with a relatively complete landslide inventory, was employed for this analysis. In the landslide susceptibility
modelling, we focused on rainfall-triggered landslide-related records. During model construction, landslides, collapses, and

debris flows were grouped into a single “landslide-related category” category, which is a common practice in landslide
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inventory compilation. To assess the influence of this merging, we compared the susceptibility maps derived from the grouped-
category model with those from a landslide-only model. The two maps showed a relatively high degree of consistency
(Pearson’s r = 0.924; MSE = 0.187), indicating that the merging had a relatively small impact on the overall spatial pattern of
susceptibility within the inhabited-area modelling domain, although minor numerical differences remained (Fig. S5). In
addition, we compared susceptibility maps produced using two different non-landslide sampling strategies: random sampling
across the whole study area and sampling restricted to areas with human presence. The results revealed substantial differences
between the two approaches. When non-landslide samples were randomly generated across the whole of China, susceptibility
tended to be overestimated in densely recorded regions, such as SC and SW, while being underestimated in sparsely recorded
regions, such as NW and Tibet (Fig. S6). This was also reflected in the feature-importance results, where whole-area random
sampling led to lower importance of geomorphological and lithological factors (Fig. S3). This is likely because the landslide
inventory used in this study was compiled by integrating post-event investigations and annual geological hazard potential-site
surveys, and these records are relatively more concentrated in areas with human settlements and activities. Under such
conditions, randomly generating non-landslide samples across the entire study area may incorrectly treat poorly surveyed or
uninhabited regions as true negatives, thereby amplifying the effect of spatial inventory incompleteness and increasing the
uncertainty and spatial bias in susceptibility mapping results (Reichenbach et al., 2018). Therefore, for inventories such as the
one used in this study, in which records are more concentrated in areas with human presence, negative samples may be better
generated within inhabited areas to reduce spatial sampling bias.

In landslide susceptibility modelling, this study incorporated annual total precipitation as one of the precipitation-related
predictors. It should be noted that monthly precipitation may better represent antecedent rainfall and soil saturation. However,
in the context of this study, annual total precipitation can be regarded as a representation of the regional long-term
hydroclimatic background: it reflects overall precipitation regimes and their interannual variability and may influence the
spatial patterns of landslide susceptibility within inhabited areas through its effects on hydro-environmental conditions,
including soil moisture, vegetation cover, and slope stability (Reichenbach et al., 2018; Lin et al., 2021). In addition, the
landslide inventory released for this study includes only the year of occurrence; the month and day of occurrence are not
available. This limits the ability to establish a temporally consistent linkage with monthly or daily antecedent precipitation
indices. The use of annual total precipitation helps maintain temporal comparability between the precipitation indicator and
the landslide timing resolution and serves as a proxy for long-term wetness conditions. Previous studies at national or regional
scales have also commonly adopted annual-scale precipitation variables (e.g., annual total precipitation or multi-year mean
annual precipitation) as climatic background factors to provide a broad-scale constraint in landslide susceptibility modelling
(Reichenbach et al., 2018; Lin et al., 2021). The feature importance results of this study indicated that annual total precipitation
had the highest contribution, which further highlighted the importance of this variable within the inhabited-area modelling
domain (Fig. S3). In addition to precipitation, geomorphological factors also showed high importance, with slope, elevation,
profile curvature, and TWI ranking second, third, seventh, and eighth, respectively. This suggests that terrain morphology and

terrain-controlled hydrological processes play important roles in the spatial association between landslide-related records and
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conditioning factors. Landslide-related records were more likely to be associated with relatively steep slopes and in low-
elevation settings under different environmental backgrounds. In such areas, unfavorable terrain conditions and runoff
accumulation may promote slope failure. In addition, the relatively high importance of the 475-year return period PGA suggests
that seismic background conditions may act as an indirect conditioning factor for rainfall-induced landslides. Past strong
ground motion may weaken geological structures and reduce slope stability. NDVTI also showed relatively high importance,
which may reflect humid hilly and mountainous environments where increased soil moisture, elevated pore-water pressure,
and runoff convergence can further enhance landslide triggering probability (Li and Duan, 2024). Lithology is also an
important conditioning factor because differences in material strength, weathering resistance, and hydrological properties
among lithological units can affect slope stability and landslide susceptibility.

Based on these inputs and the RF framework, our projections indicate an overall increase in China's landslide susceptibility
within inhabited areas of China in the future compared to the baseline. This increase is particularly notable under the SSP5-
8.5 scenario during the long-term future. These results are consistent with previous research. For example, Du et al. (2025)
predicted increased rainfall-induced landslide susceptibility in southern Jiangxi Province using generalised additive models
(GAMs). Similarly, Guo et al. (2023) projected an increase in shallow landslide susceptibility in Wanzhou County based on
the fast shallow landslide assessment model (FSLAM). Lin et al. (2022) also found a potential increase in future landslide
susceptibility and frequency across China using a generalized additive mixed effects model (GAMM). These studies
collectively support our finding of a growing trend in future landslide susceptibility. Furthermore, we analysed regional
variations within the inhabited-area modelling domain by dividing China into seven distinct areas. Our analysis revealed
specific regional changes in landslide susceptibility. In particular, the border region between SC and SW, eastern Tibet, and
the Loess—Taihang Mountain area were identified as key regions where landslide susceptibility is likely to intensify, especially
under SSP5-8.5.

The quality of landslide inventories is a key source of uncertainty in large-area susceptibility mapping. It is generally assessed
along three dimensions: positional accuracy, thematic accuracy, and completeness. Regarding positional accuracy, previous
studies have shown that, once the landslide extent is correctly delineated, using either the scarp or a random location within
the mapped extent as the locational reference does not significantly affect the overall susceptibility results (Margottini et al.,
2013; Petschko et al., 2013). However, since the scarp is more readily identifiable, adopting it as a consistent locational
reference can reduce positional uncertainty and thereby improve the spatial accuracy and reliability of susceptibility mapping.
Therefore, the landslide points in our study were based on the scarp as the locational reference. Thematic accuracy refers to
the correctness of attributes assigned to individual records, such as geohazard type, material involved, and estimated depth.
Completeness refers to how close the landslide distribution represented in the inventory is to the ground truth. Two forms of
incompleteness are particularly relevant to this study. First, small landslides, due to their limited spatial extent and ephemeral
morphological expression, are often difficult to capture in national-scale inventories, leading to systematic omissions or under-
reporting. To examine this issue, modelling and mapping were performed within the inhabited-area modelling domain after

randomly removing 50% and 100% of the small-landslide samples, respectively (Fig. S7). Relative to the results based on the
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complete inventory, the exclusion of small-landslide records had a pronounced effect on susceptibility: susceptibility decreased
markedly in SC, whereas it increased markedly in Tibet and SW. When only 50% of small landslides were removed, the overall
susceptibility pattern remained highly consistent with that from the complete inventory. Second, spatial completeness may
vary among regions. In SC and SW—where landslides are frequent and research attention is high—inventory records are
relatively adequate. By contrast, in NW, NE, and Tibet, constrained by terrain conditions, data accessibility, and limited
monitoring capacity, landslide samples are relatively scarce (Fig. S8) (Liu et al., 2013; Liu and Miao, 2018). To examine this
issue, we randomly removed 50% and 75% of the samples in NW, NE, and Tibet and then performed modelling and mapping
(Fig. S9). Relative to the complete-inventory results, these sample-poor regions exhibited an overall decrease in susceptibility
as more samples were removed, whereas regions with sufficient samples showed almost no change. Based on the above
experiments, we suggest that future national-scale landslide inventories should adopt the scarp as a consistent locational
reference, improve the thematic quality of individual record attributes, and continuously supplement records in under-sampled
regions, thereby improving inventory quality and enhancing the robustness and reliability of susceptibility-mapping results.
Currently, CMIP6 GCMs are widely used to explore the impact of climate change on landslides. This study integrated the
latest NEX-GDDP-CMIP6 GCM dataset, encompassing SSP1-2.6, SSP2-4.5, and SSP5-8.5. These three scenarios were
selected to provide a representative range of future socioeconomic and radiative forcing conditions, thereby spanning a broad
range of plausible future precipitation changes. This design enabled us to examine how rainfall-induced landslide susceptibility
may evolve under contrasting but plausible climate pathways and to characterize the range of possible national-scale outcomes.
This dataset offers globally downscaled scenarios from CMIP6 simulations at a 0.25° x 0.25° resolution. It employs bias
correction and spatial disaggregation techniques, incorporating ground observations and raw GCM data for downscaling
(Thrasher et al., 2022), thereby enhancing resolution while preserving long-term climate trends (Thrasher et al., 2012). This
higher-resolution future climate dataset enabled a more precise assessment of rainfall-induced landslide susceptibility under
climate change. First, we selected climate models suitable for the China region by comparing historical observed and simulated
precipitation using RMSE. Following this selection, we employed a multimodel ensemble method to project future landslide
susceptibility within the inhabited-area modelling domain. To quantify the associated uncertainty, we used a 95% confidence
interval based on the t-distribution. These steps helped reduce uncertainty in future landslide susceptibility projections.
Furthermore, this study used future climate data to analyse landslide susceptibility under low, medium, and high
socioeconomic development scenarios. This framework can be combined with future population and economic conditions to
assess the potential impact and risks of future landslides on human society (Emberson et al., 2020; Gariano and Guzzetti, 2016).
Consequently, the findings of this research provide a robust data foundation for further investigation into the potential
socioeconomic risks and impacts associated with future landslides. In addition, we acknowledge that projection uncertainty
generally increases toward later periods (e.g., 2051-2075 and especially 2076-2100). Our results are interpreted as scenario-
dependent envelopes of plausible long-term change rather than deterministic predictions for specific years.

This study systematically assesses the spatial distribution and future trends of rainfall-induced landslide susceptibility within

inhabited areas of China and its geological environmental regions under climate change at a national scale. By integrating a
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nationwide operational landslide-related record set and employing high-resolution precipitation data from NEX-GDDP-
CMIP6, this study helps reduce uncertainties associated with historical landslide records and future rainfall projections. The
proposed framework helps improve the accuracy and reliability of large-area landslide susceptibility assessment within
inhabited areas. The results provide scientific support for landslide risk management and climate-change adaptation strategies
in inhabited areas.

The main limitations of this study are as follows: (1) Although the RF model achieved strong predictive performance, future
landslide susceptibility projections remain subject to several sources of uncertainty. Different GCMs may produce different
precipitation projections, which directly affect the simulated changes in rainfall-induced landslide susceptibility. This
uncertainty was partly addressed by using a multimodel ensemble and reporting the 95% confidence interval of the ensemble
mean. Additional uncertainties may arise from the landslide inventory, sampling strategy, RF model training process, and
susceptibility classification thresholds. In particular, inventory incompleteness and spatial reporting bias have been recognized
as important sources of uncertainty in landslide susceptibility prediction modelling (Huang et al., 2024). The random training—
testing split used in this study provides a general assessment of model predictive performance. In future work, spatially
structured validation methods, such as spatial block or region-based cross-validation, could be further explored to provide
additional insights into model transferability and the spatial robustness of landslide susceptibility projections (Pohjankukka et
al., 2017; Roberts et al., 2017). Therefore, the projected susceptibility changes should be interpreted as scenario-based
tendencies rather than deterministic predictions. (2) This research developed an annual-scale future landslide susceptibility
model for inhabited areas of China. However, short-duration intense rainfall is a recognized critical trigger for rainfall-induced
landslides, and analysing the seasonal variability of precipitation could provide further insights into future landslide
susceptibility changes (Lin et al., 2021). Future advancements in global navigation satellite systems (GNSS) and aerospace
remote sensing (RS) technologies, which enable the acquisition of more precise spatiotemporal information on landslide-
related records and enhance the dynamic representation of landslide influencing factors, hold the potential to improve
modelling reliability. Consequently, future work could explore monthly landslide susceptibility changes within inhabited areas
of China and its geological environmental regions under climate change, building upon improved landslide inventories and
incorporating data from these advanced technologies. (3) The resolution constraints of the future climate model data introduce
a limitation in predicting landslide susceptibility across various future periods and scenarios. This may limit the ability to
accurately capture localized precipitation patterns. As a result, this could lead to either underestimation or overestimation of
local landslide susceptibility, thereby increasing uncertainty in susceptibility projections. (4) As a large-area analysis within
China's inhabited-area modelling domain, the modelling was conducted using influencing factors at a 1 km resolution, which

may not fully capture local heterogeneity and could increase prediction uncertainty.
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6. Conclusion

This study combined the latest NEX-GDDP-CMIP6 climate projections with a RF model to assess future changes in landslide
susceptibility within inhabited areas of China and its geological environmental regions under different climate scenarios. The
model demonstrated good performance, with an overall accuracy of 0.89, precision of 0.87, recall of 0.80, F1-score of 0.83,
and an AUC of 0.96. These results indicate that the model effectively captures spatial patterns of landslide susceptibility within
the inhabited-area modelling domain. Among all variables, annual total precipitation contributed the most to the model's output,
with a relative importance of 16%. Under the selected scenarios, China's mean annual precipitation is projected to increase by
59 to 111 mm by the end of the 21st century. Compared to the baseline period, this change is expected to result in an increase
of 4.9 x 10* to 1.2 x 10° km? in the area classified as having median to very high landslide susceptibility within the inhabited-
area modelling domain. These increases are more pronounced in the long-term future and under SSP5-8.5. Spatially, several
regions are projected to become more vulnerable. Notably, the border region between SC and SW, eastern Tibet, and the
Loess—Taihang Mountain area are projected to be the main hotspots of intensified landslide susceptibility, with the most
pronounced expansion of median to very high susceptibility zones occurring in these areas. These regions should be prioritized

in future landslide susceptibility assessments and climate change adaptation strategies within inhabited areas.
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