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Introduction: Intelligently determining the co-seismic landslide hazard is crucial 
for post-seismic risk assessment and disaster reduction management.
Methods: This study proposes an integrated emergency mitigation management 
system for co-seismic landslide hazard assessment and the rapid output of 
thematic maps at a national-scale. By integrating five key aspects of geo-
environmental data—topography, active tectonics, land use, ground vibration, 
and rainfall, as well as co-seismic landslide samples associated with the nine 
identified seismic events in China between 1920 and 2024, a Trans-unit grid with 
regular points sampling method is developed and combine it with a gradient 
boosting decision tree binary classification prediction model to forecast and 
visualize co-seismic landslide hazard with 500 m spatial resolution accuracy 
in China. Furthermore, an ArcPy-based emergency script program is created 
to facilitate post-seismic landslide hazard management applications, including 
epicenter localization, hazard thematic maps, and the rapid generation of 
statistical information.
Results: Our results indicate that the distribution of co-seismic landslide hazard 
is primarily influenced by seismic tectonics. Areas with medium to high hazard 
probability degree are predominantly located in large active rupture zones, 
uplifted mountain systems, and along basin margins.
Results: The research findings provide scientific methods and technical support 
for pre-seismic hazard early warning in communities, as well as post-seismic 
emergency management aimed at mitigating and reducing landslide risks. 
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 1 Introduction

Co-seismic landslides (CSLs) are a common and destructive type of secondary 
earthquake disaster, often causing severe casualties and economic losses (Xu and 
Huang, 2008; Huang, 2009; Xu et al., 2010; Wang et al., 2015; Guo et al., 2017; 
Zhou et al., 2023). In regions with complex topography and active tectonics, such as 
the Qinghai–Tibetan and Yunnan–Guizhou plateaus, seismic shaking frequently triggers 
large-scale and highly destructive CSLs, as demonstrated by the 2008 Wenchuan and 
2013 Lushan earthquakes (Yin, 2008; Fan et al., 2018; Wang et al., 2021; He et al., 2021;
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Duan et al., 2023; Jin et al., 2023). Their sudden and widespread 
occurrence makes rapid field investigation difficult and delays 
emergency response. Therefore, conducting CSLs hazard 
assessments in advance, quantifying hazard probabilities, and 
identifying high-hazard areas are essential to support timely 
decision-making and post-seismic emergency management.

Landslide hazard generally refers to the probability of 
destructive slope failures in a given area and time, and is 
typically characterized in terms of spatial, temporal, and scale 
dimensions (Varnes, 1984; Starosolszky, , 1989; Scheidegger, 1994; 
Murck et al., 1997). Hazard assessment builds on this framework, 
involving quantitative analysis of geologic conditions and 
probabilistic estimation of landslide occurrence to reveal 
regional distribution patterns (Wang and Wu, 2008; Liu, 2019; 
Perrone et al., 2020; Sun et al., 2020; Pham et al., 2021; 
Bai et al., 2023). For CSLs, temporal prediction often relies on 
deterministic or probabilistic seismic hazard analysis, which 
incorporates seismic source parameters, recurrence models, and 
ground motion attenuation relationships (Corominas et al., 2014). 
At the slope scale, the Newmark sliding block model and its variants 
use geotechnical properties such as cohesion (c), friction angle 
(φ), and unit weight (γ) to quantify slope response under seismic 
loading. These soil-based models have been widely applied in 
CSLs hazard prediction worldwide (Jibson and Michael, 2009; 
Li et al., 2019; Fu et al., 2023). Spatial prediction, often referred 
to as susceptibility assessment, evaluates the probability of CSLs 
occurrence under specific geological and geomorphic conditions 
(Brabb, 1984). The data-driven models, including machine learning 
and deep learning approaches, have been increasingly employed 
to extract features from large geospatial datasets and improve 
predictive accuracy across vast regions (Guzzetti et al., 1999; 
Guzzetti et al., 2006; Cascini, 2008; Hervás and Bobrowsky, 2009; 
Reichenbach et al., 2018; Raja et al., 2017; Mind’je et al., 2019; 
Regmi et al., 2014; Riedel et al., 2015; Guzzetti et al., 2005). 
By contrast, the scale component of CSLs hazard remains less 
clearly defined. Existing studies focus on parameters such as 
landslide frequency, velocity, runout distance, and affected area, 
or adopt density indices of landslide points and surfaces as proxies 
(Guzzetti et al., 1999; Guzzetti et al., 2006; Cascini, 2008; Hervás and 
Bobrowsky, 2009; Reichenbach et al., 2018). However, such measures 
reflect spatial intensity rather than intrinsic physical magnitude, 
which limits their use in regional hazard calculation. As a result, 
large-scale CSLs hazard assessments often emphasize spatial and 
temporal dimensions, while scale analysis remains more applicable 
to individual case studies.

According to the above framework of CSLs hazard assessment 
analysis, previous national-scale CSLs hazard assessment studies 
are limited in spatial resolution and predictive capability 
(Wang et al., 2021; Xu et al., 2019a). These traditional approaches 
often fail to fully exploit the information embedded in geospatial and 
geological condition data, such as topography, active structures, land 
use, and rainfall, which are critical for identifying high-hazard areas 
(Alzubi et al., 2018; Dressler et al., 2018; Al-Akhras et al., 2020). 
Moreover, existing hazard maps are typically static and cannot 
be rapidly updated after seismic events, thereby limiting their 
usefulness for emergency response. This underscores the need 
for high-resolution, data-driven models that integrate multiple 

environmental and geological factors to provide accurate and timely 
CSLs hazard predictions at the national-scale.

In recent years, various machine learning models have been 
applied to landslide susceptibility and hazard assessment, including 
Logistic Regression, Random Forest, Support Vector Machine, 
XGBoost, and deep learning-based models (Guzzetti et al., 1999; 
Guzzetti et al., 2006; Cascini, 2008; Hervás and Bobrowsky, 2009; 
Reichenbach et al., 2018; Raja et al., 2017; Mind’je et al., 2019; 
Regmi et al., 2014; Riedel et al., 2015; Guzzetti et al., 2005). 
While deep learning models often achieve high predictive 
accuracy, they usually require large volumes of training data, 
extensive parameter tuning, and substantial computational 
resources, which limits their applicability for nationwide-scale 
modeling and rapid emergency response. Random Forest and 
XGBoost models exhibit strong nonlinear fitting ability but may 
suffer from reduced interpretability and increased sensitivity to 
hyperparameter configuration when applied to large, heterogeneous 
geospatial datasets. Considering the requirements of national-
scale CSLs hazard assessment—namely, large sample size, multi-
source heterogeneous features, computational efficiency, and 
interpretability for emergency decision-making—this study adopts 
the gradient boosting decision tree (GBDT) model. GBDT combines 
multiple weak learners to capture complex nonlinear relationships 
while maintaining relatively low sensitivity to data dimensionality 
and noise. In addition, GBDT provides clear feature importance 
measures, facilitating physical interpretation of the dominant 
controlling factors of CSLs hazard, which is particularly important 
for hazard analysis and emergency management applications.

This study develops a nationwide CSL hazard assessment 
framework integrating GBDT modeling with ArcPy-based 
automation. Five categories of conditioning factors are considered: 
topography, active structures, land use, seismic ground motion, and 
rainfall, with special emphasis on geotechnical and geomorphic 
controls that directly influence slope stability. Using a 500 m grid, 
the framework generates high-precision hazard predictions and 
produces rapid thematic maps for earthquakes of magnitude ≥4. 
Unlike existing tools such as SVM-LSM Toolbox and ALSA (Li and 
Lan, 2024; Huang W. et al., 2022), which focus primarily on regional 
susceptibility mapping or factor importance analysis, our system 
integrates the entire national-scale hazard workflow, including data 
preprocessing, GBDT-based prediction, natural-break classification, 
iterative epicenter-buffer statistics, automated map scaling, and 
batch export of maps and statistics. By leveraging predefined MXD 
templates, the platform automatically updates map layouts, legends, 
and coordinates, enabling scalable, reproducible, and emergency-
oriented outputs. This integrated workflow provides unique 
operational advantages for rapid post-earthquake decision-making 
and nationwide CSL hazard management. 

2 Data

2.1 CSLs dataset

In this research, a total of CSLs datasets from nine typical 
seismic events across China (1920–2024) are compiled through 
pre-interpretation and extensive data collection, including CSLs 
distribution, scale, and geometric characteristics (Xu et al., 2019a; 
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TABLE 1 The CSLs database for typical seismic events from 1920 to 2024 in China.

Serial 
no.

CSLs cases

Seismic 
date

Epicenter 
(County, 
province)

Magnitude CSLs 
no.

Figure no. Data source

Production method

Reference Remote 
sensing 
image 

interpretation

Field 
investigation

1 1920/12/16 Haiyuan, Ningxia 8.5 1256 Figure 1a National Tibetan 
Plateau Science 

Data Center 
(2025)

√

2 2008/05/12 Wenchuan, 
Sichuan

8 15,341 Figure 1b Du et al. (2020) √ √

3 2013/04/20 Lushan, Sichuan 6.6 15,546 Figure 1c Xu et al. (2015) √ √

4 2013/07/22 Minxian, Gansu 6.6 415 Figure 1d

Huang et al. (2023)

√

5 2016/01/20 Menyuan, Qinghai 6.4 255 Figure 1e √

6 2017/08/08 Jiuzhaigou, 
Sichuan

7.0 4834 Figure 1f √

7 2019/10/27 Xiahe, Gansu 5.7 89 Figure 1g √

8 2022/05/12 Luding, Sichuan 6.8 5007 Figure 1h Chen et al. (2025) √ √

9 2024/04/03 Hualian, Taiwan 7.4 8189 Figure 1i Pacheco et al. (2023) √ √

Huang Y. et al., 2022; Chen et al., 2025) (Table 1; Figure 1). The 
events are selected based on three criteria: (i) sufficiently high 
magnitude (Ms ≥ 6.0) to trigger landslides, (ii) availability of high-
precision landslide inventories verified by remote sensing and field 
surveys, (iii) diverse environmental and seismic characteristics, 
including thrust, strike-slip, and normal faulting mechanisms. This 
dataset captures a wide range of ground motion, topographic, 
geological, and climatic conditions, enhancing the robustness and 
national-scale applicability of the model. The dataset is subsequently 
normalized and used as input for the CSLs hazard assessment model.

2.2 Geo-environmental dataset

Previous studies have shown that the CSLs hazard development, 
destabilization, and damage processes are affected by the complex 
interaction mechanism between the seismic dynamic triggering 
effect and the regional disaster-conceiving geo-environmental 
conditions (Fan et al., 2018; Xu et al., 2012; Zhu et al., 2013; Li, 2019). 
Specifically, such triggering effects of rainfall in the post-earthquake 
period can further influence the deformation process of CSLs, 
intensifying the long-term hazardous effects of CSLs (Zhao, 2019; 
Tong et al., 2025). Therefore, taking the whole of China as the 
assessment area, this study selectes six continuous and three discrete 
standardized assessment indicators that are widely applied globally 
and have proven effectiveness, ultimately constructing a dataset 
encompassing five major assessment dimensions: topography, active 
tectonics, land use, ground vibration, and rainfall (Table 2). The 
six continuous assessment features include elevation, elevation 

difference, slope, slope profile curvature, aspect, and average annual 
rainfall. The three discrete evaluation features comprise distance to 
fault, land use type, and PGA zoning, which determine the basic 
protection intensity.

Among the assessment figures, the digital elevation model 
(DEM) adopts the ALSO World 3d-30m DEM with a spatial 
resolution of 100 m × 100 m from the Japan Earth Observation 
Satellite (JEOS), and the elevation, elevation difference, slope, slope 
profile curvature, and aspect are derived from secondary processing 
of this DEM. The fault distribution database is acquired from the 
National Data Center for Detection of Seismically Active Faults 
(https://www.activefault-datacenter.cn/), and 11 buffer zones are 
established on both sides of each fault, including 0–1 km, 1–2 km, 
2–3 km, 3–4 km, 4–5 km, 5–6 km, 6–7 km, 7–8 km, 8–9 km, 
9–10 km, > 10 km, which are then combined to define distance 
to fault feature. The land use classification is based on the LP 
DAAC NASA Terra/Aqua satellite MODIS MCD12Q1 dataset, 
from NASA and the United States Geological Survey (USGS) 
EROS Center. This study calculates the 20-year average of national 
land-use pixels (1 January 2001–1 January 2020), grouped into 
five major categories: forest (evergreen and deciduous, coniferous, 
and broad-leaved, mixed forest), grassland and shrub (savannah, 
open = /dense shrub, grassland), cultivated land and built-up 
surfaces (farmland, mixed farmland-natural vegetation, wetland, 
urban areas), bare land, and water bodies (permanent accumulation 
or glaciers). The PGA zoning values of basic defence intensity 
are obtained from the Chinese ground vibration parameter zoning 
map (https://www.gb18306.net/), which divides the national area 
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FIGURE 1
The CSLs distribution for the nine typical seismic events in the study area at the national-scale. (a) 1920 Haiyuan earthquake (M8.5). (b) 2008 
Wenchuan earthquake (M8.0). (c) 2013 Lushan earthquake (M6.6). (d) 2013 Minxian earthquake (M6.6). (e) 2016 Menyuan earthquake (M6.4). (f) 2017 
Jiuzhaigou earthquake (M7.0). (g) 2019 Xihe earthquake (M5.7). (h) 2022 Luding earthquake (M6.8). (i) 2024 Hualien earthquake (M7.4).

into six site classes: 0.1 g, 0.05 g, 0.15 g, 0.2 g, 0.3 g, and 0.4 g. 
The ERA5-Land Monthly Averaged dataset from the European 
Center for Medium-Range Weather Forecasts (ECMWF) (https://
cds.climate.copernicus.eu/) provides the average annual rainfall, 
computed nationally over the period from 1 January 1994 to 31 

December 2023. Considering the high storage and computational 
demands for nationwide assessment, the final dataset is resampled 
to a 500 m × 500 m spatial resolution, resulting in 9932 (rows) × 
8698 (columns) × 9 (features) nationwide data values after repeated 
processing and integration of all features.
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TABLE 2 The geo-environmental features statistics of the CSLs hazard assessment at the national-scale.

Serial no.

Geo-environmental conditions Data features

Category Features Count Interval Type Source Format Volume Initial 
resolution

1

Topography

Elevation (m)

-

−237–8341

Continuous
JAXA ALOS 

World 3d 
30 m DEM

.tif

18.59 GB

100 m

2 Elevation 
difference (m)

0–2619

3 Slope (°) 0–90

4 Aspect (°) 0–360

5 Slope profile 
curvature

−93949–4356

6 Active 
tectonics

Distance to 
fault (Km)

11 0–1, 1–2, 2–3, 
3–4, 4–5, 

5–6,6–7, 7–8, 
8–9, 9–10, > 

10

Discrete

National 
Seismic 

Activity Fault 
Detection 

Data Center

30 m

7 Land use Land use type 5 Forest, 
grassland and 

shrub, 
cultivated land 

and 
manufactured 
surface, bare 
land, water 

body

National 
Aeronautics 
and Space 

Administration, 
USGS

500 m

8 Ground 
vibration

PGA zoning 
(g) of basic 

defence 
intensity

6 0.1, 0.05, 0.15
0.2, 0.3, 0.4

China Ground 
Shaking 

Parameter 
Zoning Map 

Five 
Generation 

Map

.shp 30 m

9 Rainfall Average 
annual rainfall

- 0.4–393 Continuous European 
Center for 
Medium-

Range 
Weather 
Forecasts

.tif ∼0.1°

3 Methodology

3.1 Sampling method

In this study, two types of sampling objects are considered: 
CSLs and non-CSLs. Both types have an equal number of spatial 
sample points and follow consistent feature-sampling procedures. To 
ensure comparability in seismic ground motion conditions between 
CSLs and non-CSLs, non-CSLs samples are randomly sampled 
within seismic impact zones where peak ground acceleration (PGA) 
≥ 0.08 g. This threshold is generally regarded as the lower limit 
at which seismic ground motion begins to significantly affect 
slope stability, thereby enabling the identification of potential 
zones susceptible to CSLs (Xu et al., 2019b). This sampling 
strategy aims to obtain stable slope locations with comparable 
seismic conditions that remain undamaged, thereby avoiding 
interference from low seismic background levels during model 
training. Additionally, non-CSLs samples are maintained at a 

minimum spatial distance of 100 m from CSLs samples to minimize 
the effects of spatial autocorrelation and slope boundary effects 
(Xu et al., 2019a; Zhao, 2019). Therefore, this study randomly 
generates non-CSLs points within the nine seismic zones where PGA 
≥0.08 g while maintaining a minimum sample distance of 100 m 
between points (Xu et al., 2019a).

All assessment features are categorized into continuous and 
discrete types, depending on whether the feature values are 
continuous or not, and are sampled accordingly. To extract 
representative values from CSLs polygons, the polygons are first 
regularized to maximize spatial resolution. Two novel sampling 
strategies are then applied: a unique unit grid with regular discrete 
sampling points and a trans-unit grid with regular discrete sampling 
points (Figures 2b,d). These methods also encompass the unique 
unit grid with form center point and trans-unit grid with form center 
point approaches (Figures 2a,c), minimizing errors introduced 
when representing an entire CSLs by a single center point. Using 
these strategies, point values are extracted from the feature datasets 

Frontiers in Earth Science 05 frontiersin.org

https://doi.org/10.3389/feart.2026.1742129
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org


Gao et al. 10.3389/feart.2026.1742129

FIGURE 2
Four sampling methods for CSLs samples. (a) Unique unit grid with form center point. (b) Unique unit grid with regular discrete sampling points. (c)
Trans-unit grid with form center point. (d) Trans-unit grid with regular discrete sampling points.

generated in the previous step (9932 (rows) × 8698 (columns) × 9 
(features)).

The proposed sampling framework ensures uniform feature 
extraction across large CSLs surfaces, particularly when a CSLs 
spans multiple grid units. By reducing sampling-induced errors, it 
improves the representativeness, reliability, and consistency of the 
national-scale CSLs dataset. 

3.2 Assessment method

Currently, the utilization of big data-driven machine learning 
methods is one of the mainstream methods in CSLs hazard 
assessment, which can automatically learn and construct models 
for predictive patterns at the national-scale under the conditions 
of massive data volume, diverse data features, and complex data 
structure, thereby avoiding the forecasting capability shortcomings 
of the traditional physical and mathematical-statistical models in 
terms of modeling rules and complex data processing on the wide-
area scale (Xu et al., 2019b; Yaseen, 2023). This study utilizes 
the binary classification integration model in the classic GBDT of 
machine learning models to conduct a national hazard assessment of 

CSLs within China. GBDT has lower dependencies on the number 
of training samples, spatial resolution, and hardware resources, and 
offers better interpretability, making it more suitable for national-
scale modeling that integrates multiple types of environmental 
factors. The primary principle of this model is to gradually reduce 
the error of the loss function along the gradient direction of 
the previous iteration process through multiple iterations, thereby 
obtaining the optimal prediction model with the smallest loss 
function value. The primary computational procedures and steps of 
the model are as follows:

Construct the initialized minimization loss function F0(x) for 
i CSLs training samples {x1, y1, x2, y2, xi, yi} (i = 1…n) during
training:

F0(x) = argmin
n

∑
i=1

Loss(yi, pi) (1)

Loss(yi, pi) = −
n

∑
i=1

Loss[yi log pi + (1 − yi) log(1 − pi)] (2)

pi = 1
1 + e−F0(x)

(3)
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In the above Equations 1–3, Loss(yi, pi) is the logarithmic loss, yi
is the actual label value corresponding to the value of xi of the CSLs 
training sample, and pi is the initialized probability prediction of the 
positive class sample of F0(x).

To minimize the loss function value of the prediction model, 
the pseudo-residuals gi

m between the actual labelled values and 
the predicted values of the current model are calculated and fitted 
separately during the m iterations of training (Equation 4):

gi
m = yi − pi (4)

Furthermore, applying the least squares fit to gi
m, then the 

predicted value of hm(x) for each CSLs sample after the mth iteration 
of training is Equation 5:

hm(x) = argmin
n

∑
i=1

(gi
m − h(xi))

2 (5)

Update of the mth training model Fm(x):

Fm(x) = Fm−1(x) + νhm(x) (6)

Taking Fm(x) as a CSLs hazard prediction model FM(x), that is, 
Equation 6 is deformed as:

FM(x) = F0 +
M

∑
m=1

νhm(x) (7)

In the above Equation 7, ν is the learning rate, adopting the initial 
default value of 0.1. Converting the Sigmoid probability distribution 
function to FM(x) yields the ultimate predicted probability value of 
the CSLs hazard (Equation 8):

p = 1
1 + e−FM(x)

(8)

Simultaneously, this study utilizes the variance inflation test 
(VIF) and information gain (IG) to test the independence of the 
linear correlation relationship for all pregnant geo-environmental 
condition data, thereby avoiding model input error and enhancing 
the explanatory ability of the prediction model. In which:

VIF = 1
1 − R2 (9)

IG(Y|X) = E(X) − E(Y|X) (10)

In the above Equations 9, 10, VIF is used to measure the 
degree of multicollinearity among the independent variables in a 
regression model (Abeysiriwardana and Gomes, 2022). R2 denotes 
the coefficient of determination between the kth feature condition 
variable and the variable. The larger the value of VIF, the more 
serious the multicollinearity between the variables, and the stability 
of the model decreases when VIF > 5; the variables leading to 
significant covariance must be deleted (Merghadi et al., 2020). E(X)
is the entropy value of the CSLs (occurrence uncertainty), which 
is the conditional entropy value of the CSLs under the feature 
conditions. While IG > 0 indicates that the more information the 
variable has, the more important it is to the model. The selected 
feature values in this study all satisfy IG > 0 and VIF < 5, which can 
be directly adopted as input variables for the model.

Due to the large sample size at the national-scale and 
the presence of noise and spatial heterogeneity in the data, 

this study employs a relatively shallow and regularized GBDT 
architecture to enhance model robustness and generalization 
capability. Hyperparameters are selected through k-fold cross-
validation on the training data, using the area under the receiver 
operating characteristic (ROC) curve (AUC) to evaluate the 
performance of different parameter combinations. Specifically, the 
number of estimators (N_estimators) is set to 300, and the maximum 
depth of each tree (Max_depth) is limited to 5 to prevent overfitting 
caused by overly complex tree structures. Each leaf node is 
required to contain at least 30 samples (Min_samples_leaf), and the 
maximum number of leaf nodes (Max_leaf_nodes) is set to 12 to 
further regularize the model and mitigate the impact of local noise. 
Additionally, as key parameters controlling GBDT convergence and 
loss reduction, the learning rate (Learning_rate) and subsampling 
rate (subsample) are set to 0.1 and 0.8, respectively (Table 3). The 
final optimized model is then evaluated on the testing dataset, 
with the ROC curve, AUC, recall, precision, accuracy, and F1 score 
reported to assess the overall performance of the model.

By integrating the CSLs samples, geo-environmental features 
datasets, and assessment methods described above, the main 
implementation workflow and technical framework of the study is 
established and as illustrated in Figure 3.

3.3 Emergency thematic mapping

After applying the natural breakpoint method to classify the 
national CSLs hazard probability into distinct hazard levels, the 
resulting zoning map serves as the base map for generating seismic 
emergency thematic maps. In this study, the automatic thematic 
map generation and statistical information platform consists of 
three components: configuration parameters, automatic spatial data 
processing, and information statistics and output (Figure 4). Firstly, 
using ArcPy scripting and a local geodatabase (.gdb), a layer 
of epicenter elements is automatically created by calibrating the 
longitude and latitude of the acquired epicenter. Subsequently, 
one or more radius values centered on the epicenter elements 
are defined as reference ranges for seismic impact analysis. The 
platform then iteratively calculates the area ratio of different CSLs 
hazard levels within each radius. During each iteration, previously 
generated layers are deleted to maintain consistency in the result. 
Simultaneously, the mapping scale is automatically adjusted, and 
the layout view of the thematic maps is updated in prefabricated 
DataFrame templates within the.mxd project files, including element 
symbols, coordinates, and legend. Eventually, the thematic maps 
and their associated statistical information for all specified radii are 
uniformly exported to the designated output path (Algorithm 1).

4 Results

4.1 Seismic tectonics and CSLs hazard 
distribution

The predicted CSLs hazard distribution and its visualized 
patterns indicate regional heterogeneity and a strong geospatial 
correlation, broadly following major geographical divisions 
of China: the four major basins (Qinghai-Tibetan, Yunnan-
Guizhou, Loess and Inner Mongolia plateau), the three major 

Frontiers in Earth Science 07 frontiersin.org

https://doi.org/10.3389/feart.2026.1742129
https://www.frontiersin.org/journals/earth-science
https://www.frontiersin.org


Gao et al. 10.3389/feart.2026.1742129

TABLE 3 The final hyperparameter values for the GBDT model in the study area.

CSLs hazard assessment model Serial no. Hyperparameter Default value Final value Search space 

GBDT

1 N_Estimators 100 300 (50, 500)

2 Max_Depth None 5 (1, 100)

3 Min_Sample_Leaf 1 30 (1, 100)

4 Max_Leaf_Nodes factor number 9 (2, 17)

5 Learning_Rate 1.0 0.1 (0.1, 1.0)

6 Subsample 1.0 0.8 (0.5, 1.0)

FIGURE 3
The main implementation routes and technical flow chart of the CSLs hazard assessment.

plateaus (Talimu, Zhungar, and Sichuan Basin), and the three 
major plains (Songliao, Huabei, and Middle-lower Changjiang 
river plains) (Figure 5).

Among them, high hazard probability degree areas are 
primarily located on the central and western plateaus, including 

internal uplifted mountain systems and peripheral basin-mountain 
transition zones, such as the west of Tibetan Plateau, the southern 
edge of the Gangdis Mountains, the Himalayas, the transitional 
margin from the Sichuan Basin to the Tibetan Plateau, the western 
Sichuan plateau and the northeast Yunnan-Guizhou plateau 
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FIGURE 4
Technical framework of ArcPy-based thematic mapping for emergency response of CSLs hazard assessment.

mountain region, the Xing’anling area, the southeast coastal hills, 
Hainan Wuzhishan, and the Central Mountain Range of Taiwan. 
These regions are characterized by steep topographic relief, active 
ruptures, and complex seismic tectonics, making them particularly 
susceptible to CSLs.

In addition to the overall consistency of the research findings 
with the geospatial patterns, seismic tectonics exerts a strong control 
on the spatial distribution of the CSLs hazard. The influence of active 
faults is particularly evident: hazard levels vary systematically with 
fault zone characteristics, and CSLs are not randomly distributed 
along rupture belts but tend to cluster at special tectonic locations. 
In this study, four significant distribution patterns are identified: 
(a) Hazard levels are elevated at intersections and convergence 
zones of major fault systems with different orientations, such as 
the triangular junction of the north-east-east Altun Tagh and the 
north-west-oriented East Kunlun faults, the convergence area of 
the north-west-oriented Nanbeihe-Boli and the north-east-oriented 
Yilan-Itong faults; the north-west-oriented Yarlung Zangbo fault in 
southern Tibet, and the Yadong-Gulu fault zones (Figures 6a–c); 
(b) Bending sections of large fault zones often correspond to 
medium–high hazard degree, exemplified by the 1920 Haiyuan 8-
magnitude seismic event along the curved northern Qilian fault, 
as well as bends in the Liupanshan, Lajishan, and Guanggaishan-
Dieshan faults (Figures 6d–f); (c) Segments with higher activity rates 
display greater hazard degree, such as the northwestern section of 
the Litang fault compared with its southeastern section (Figure 6g); 
(d) Partially occluded fault zones also exhibit elevated hazard degree, 
such as the Liupanshan fault (Figure 6d).

Furthermore, high CSLs hazard probability zones are 
concentrated in the boundary transition belts of faulted or composite 
basins and within the active fault systems that surround them. These 
zones are typically located at lateral uplifts near basin terminations, 
where transverse fault connections link adjacent basins. Examples 

include the eastern end of the Yinchuan-jilantai composite graben, 
the western end of the Weihe fault basin, and the lateral uplift 
between the Weihe fault basin and adjacent depressions. Within 
these boundary regions, active ruptures strongly influence the 
uplift amplitude, and the topographic contrast with subsiding basin 
interiors favours the development of medium-to high-hazard degree 
zones along orogenic uplifts.

In summary, these hazard concentrations align with tectonic 
domains characterized by strong seismicity, specifically faulted 
basins and their bounding fracture zones. Notably, the 2008 
Wenchuan 8-magnitude seismic event occurred along the western 
edge of the Sichuan basin, while the 1556 Shaanxi Huaxian 8-
magnitude seismic event struck the northern margin of the Qinling 
Mountains and the Weihe basin. These findings support the broader 
tectonic pattern of “active faults–faulted basins–strong seismicity” as 
a controlling framework for CSLs hazard in China. 

4.2 Emergency thematic mapping case

According to the quick-report information released by the 
China Earthquake Network Center and the USGS, this study 
implemented the rapid output of CSLs hazard thematic maps and 
statistical data for seismic magnitudes ≥4. Taking the 6.8-magnitude 
seismic event of Dingri County, Tibet, on 7 January 2025, which 
caused 126 deaths and severely affected about 61,500 people as 
an example (Abeysiriwardana and Gomes, 2022; Xu et al., 2025) 
(Figure 7), the CSLs hazard level thematic maps are produced 
within a short period after seismic occurrence, demonstrating the 
efficiency of the proposed system (Figure 8). In terms of practical 
application, the results of this study have undergone professional 
validation and confirm the capacity of our approach to provide 
timely and practical support for seismic induceed hazard emergency
management.
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Algorithm: Thematic mapping quick output for 

seismic emergency management

1 Process: input parameter parsing

a. Read the path, latitude, and longitude of 

the epicenter, the list of buffer distances, and 

the output catalogue parameters for the CSLs 

hazard probability map

2 b. Split the buffer distance string into a 

list of integers

3 c. Check the existence of the output folder 

and intermediate folder

4 Process: creates the epicenter point

5 a. Read the spatial coordinate reference 

system of the CSLs hazard probability map

6 b. Create a WGS 84 coordinate epicenter point 

layer by latitude and longitude

7 c. Project the point to the spatial 

coordinate reference system of the CSLs hazard 

probability map

8 d. Update the epicenter point layer

9 e. If no epicenter point layer exists in 7, 

create a new point element class

10 f. If there is an epicenter point layer in 

7, insert a new epicenter point and clear the 

existing epicenter point elements

11 Process: creates an arbitrary radius boundary 

plane for the epicenter

12 a. Delete the existing epicenter arbitrary 

radius range boundary plane

13 b. Create a new element layer to store the 

buffer boundary plane

14 c. Iterate over each radius to calculate the 

number, area, and percentage of images for each 

level of the CSLs hazard probability map

15 Process: mapping and statistical output

16 a. Control map zoom and layer update

17 b. Read the MXD project file and DataFrame

18 c. Setting the scale size and scaling the 

epicenter position to the center of the data frame

19 d. Refresh the layer catalogue and map view:

20 d-1. Write a statistics file

21 d-2. Open a UTF-8 encoded text file

22 d-3. Write epicenter coordinates and 

statistics information, and output them

23 e. Thematic map output:

24 e-1. Delete the temporary crop 

raster layer

25 e-2. Export the current map view as a 

local picture (.png)

Algorithm 1. The seismic emergency thematic mapping output logic 
architecture for CSLs hazard assessment.

4.3 Model validation

To further examine the relationships among the features, 
this study comprehensively compares the VIF, IG, and feature 
importance in the GBDT model (Figure 9). The results indicate 
that different features generally exhibit consistent patterns in 
terms of multicollinearity, information contribution, and model 
interpretability. Among them, terrain-related features such as 
slope, slope profile curvature, elevation, and elevation difference 
generally exhibit high IG values (9.56–9.58), indicating a strong 
discriminatory power regarding the occurrence of CSLs. However, 
their feature importance in the GBDT model remains moderate 
(0.045–0.061), suggesting these features primarily function as 
foundational terrain constraints for CSLs development rather than 
dominant controlling factors. Elevation accounted for the highest 
proportion (0.150) in feature importance, indicating that differences 
in topographic relief at the national-scale have a significant 
amplifying effect on the spatial distribution of CSLs. Although 
distance to fault, basic defence intensity, and PGA zoning exhibit 
relatively lower IG values (1.57–2.22), their feature importance 
remains comparatively high (0.072–0.092). This indicates that 
tectonic conditions, human-engineered defenses, and seismic 
intensity exert direct and irreplaceable control over the occurrence 
probability in the triggering process of CSLs. In contrast, both the 
IG values and feature importance of average annual rainfall, land 
use type, and aspect remain relatively low, accompanied by low VIF
values, indicating that these features provide limited independent 
and effective information for CSLs prediction at the national-
scale. Overall, the research findings demonstrate consistent results 
between VIF, IG, and feature importance metrics, confirming that 
the model effectively mitigates multicollinearity while retaining 
topography-structure-seismicity control factors with clear physical 
significance, thereby enhancing the interpretability of CSLs hazard 
assessments at the national-scale.

To reasonably evaluate model performance, this study 
establishes an explicitly balanced dataset and its partitioning 
method, comprising 50,932 CLSs samples and 50,932 non-CLSs 
samples, maintaining a 1:1 ratio to ensure balanced representation 
of positive and negative samples. CLSs and non-CLSs samples 
are derived from the data shown in Table 1 and regions with 
PGA ≥0.08 g. Furthermore, all sample labels undergo spatial 
correlation with nine features before being integrated into a unified 
sample dataset (Table, 2). Simultaneously, all sample datasets are 
randomly partitioned into a 70% training set (71304 samples) for 
parameter learning and model fitting of the GBDT model, and 
a 30% test set (30560 samples) for evaluating model generalization 
performance, thereby avoiding overfitting bias caused by training set
evaluation.

The classification performance of the CSLs hazard assessment 
model is evaluated on the testing dataset using the ROC curve 
along with accuracy, precision, recall, and F1-score. The ROC curve 
quantifies performance through the AUC, where values closer to 1 
indicate stronger predictive capability and more reliable assessment 
results (Beguería, 2006; Torizin et al., 2022). The curve is plotted with 
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FIGURE 5
The map of CSLs hazard degree and its distribution with 500 m spatial resolution across China.

the true positive rate (TPR) on the x-axis and the false positive rate 
(FPR) on the y-axis, defined as:

TPR = Recall = TP
TP + FN

(11)

FPR = FP
FP + TN

(12)

Accuracy = TP + TN
TP + FN + FP + TN

(13)

Precision = TP
TP + FP

(14)

F1 − score = 2 × Precision × Recall
Precision + Recall

(15)
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FIGURE 6
Spatial distribution characteristics of CSLs hazard along active fault belts.

In the above Equations 11–15, T and F denote true 
(CSLs) and false (non-CSLs) results of the CSLs prediction, 
respectively. P and N represent the positive (CSLs category) 
and negative (non-CSLs category) cases. The confusion matrix 
is constructed using true positives (TP), true negatives 
(TN), false positives (FP), and false negatives (FN). The 

results show that the proposed CSLs hazard assessment 
model achieves an AUC of 0.74, with accuracy, precision, 
recall, and F1-score values ranging between 0.71 and 0.73, 
demonstrating stronger performance and providing more 
reliable and authentic CSLs hazard predictions for practical 
applications (Figure 10).
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FIGURE 7
Field investigation of the 7 January 2025, 6.8 magnitude seismic secondary hazards in Dingri County, Tibet. (a) Destroyed community housing; (b,c)
Slope failure; (d) Damaged slope road and guardrail.

FIGURE 8
Case of CSLs hazard assessment thematic map near the epicenter of the 6.8-magnitude seismic event in Dingri County, Tibet.
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FIGURE 9
The VIF (a), IG (b), and feature importance (c) value calculated by the GBDT model in the study area.

5 Discussion

The spatial distribution of CSLs hazard revealed in this study 
highlights the heterogeneous nature of CSLs and underscores 
the complex coupling effects of topography and tectonics. From 
a topographic perspective, regions with pronounced relief and 
geomorphic diversity—particularly highlands and mountain 
transition zones—concentrate gravitational potential energy and 
local stress, rendering slopes more susceptible to failure under 
seismic shaking. In areas where the slope orientation aligns 
with the main shock propagation direction, seismic waves may 
induce resonance or amplify shear stresses, thereby increasing 
the probability of CSLs occurrence. Tectonic structures exert 
equally significant control. Intersections, bends, and highly active 
segments of faults can concentrate seismic energy and enhance 
stress conditions in fractured zones, which in turn increases the 
likelihood of triggering a CSLs. Elevated hazard is also observed 
along the boundaries of rifted basins and transitional tectonic zones, 

where differential uplift and subsidence create favourable conditions 
for slope failure. These findings indicate that the spatial pattern of 
CSLs is not random but is strongly influenced by fault geometry, 
activity, and basin-margin topography. Significantly, the high-
hazard zones identified largely overlap with regions of historical 
strong earthquakes, reaffirming the intrinsic link between seismic 
activity and CSLs triggering.

The uncertainty of CSLs hazard assessment also originates from 
factors including the completeness of the CSLs catalog, sampling 
methods, feature resolution, and model parameterization processes. 
Specifically, variations in landslide inventory quality—such as 
differences in image resolution, interpretation accuracy, and field 
validation coverage—can substantially affect model training. Lower-
quality inventories may omit small-scale or concealed landslides, 
leading to underrepresentation of certain terrain types and potential 
bias in the learned relationships between conditioning factors and 
landslide occurrence. Consequently, model predictions trained on 
uneven or incomplete inventories may underestimate local hazard 
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FIGURE 10
The ROC curve, AUC value, and classification performance index of the CSLs hazard assessment model.

probabilities, particularly in regions with complex terrain. For 
this study, CSLs data at the national-scale are primarily derived 
from remote sensing interpretation and field survey data. Due to 
limitations imposed by different types of remote sensing imagery, 
image resolution, interpretation accuracy, and survey conditions, 
some small-scale and concealed CSLs may not have been cataloged. 
As a result, CSLs samples within the local assessment area may 
exhibit spatial omissions, which could introduce biases that affect 
prediction accuracy. Secondly, the selection and sampling strategy 
for non-CSLs also influences the absolute estimation of model 
output probabilities to some extent, particularly when spatial 
clustering occurs among CSLs. This uncertainty primarily manifests 
as fluctuations in local probability values. To mitigate such errors, 
this study proposes a novel sampling method: a unique unit 
grid with regular discrete sampling points and a trans-unit grid 
with regular discrete sampling points (Figure 2). Additionally, the 
resampling of all input data to a 500 m grid, while necessary for 
nationwide uniformity, may smooth fine-scale local variations and 
potentially underestimate hazard in small high-risk patches. Despite 
this, the macro-spatial patterns and relative hazard distribution 
across large tectono-geomorphic units are preserved, as high-
probability zones remain concentrated in terrain transition zones 
and near active fault zones with high seismic intensity (Figures 5, 
6). The nine input features for the GBDT model primarily originate 
from nationally resampled raster data with a unified resolution 
(Table 2). The spatial resolution and temporal representativeness 
of these data may be insufficient to capture local-scale or real-
time dynamic processes fully. Simultaneously, localized features in 
the data are smoothed during resampling, thereby affecting the 
precise quantification of these characteristics. However, findings 
from feature importance and predictive results indicate that the 
occurrence and spatial distribution of CSLs at the national-scale are 
primarily governed by active faults, seismic intensity, and macro-
topographic patterns (Figures 5, 9). High-probability hazard zones 
are predominantly distributed in terrain transition zones and near 
active fault zones with high seismic intensity (Figures 5, 6). These 
geomorphological-tectonic units exhibit strong scale stability and 

are relatively insensitive to moderate variations in data resolution. 
Consequently, changes in the resolution of model input features 
may primarily affect the predicted probability values at grid cell 
pixels, potentially underestimating high hazard levels in localized 
areas, while having a limited impact on the overall spatial pattern 
of hazard. Notably, the PGA employed in this study is based on 
probabilistic seismic hazard analysis results derived from long-
term exceedance probabilities. This metric reflects the statistically 
implied potential seismic motion level rather than the actual seismic 
motion distribution of specific earthquake events. Consequently, 
the research findings characterize the statistical correlation of 
CSLs occurrences within the historical period, rather than the 
fully dynamic physical triggering process that underlies them. 
Furthermore, the uncertainty in CSLs hazard prediction results is 
also related to model parameterization, as different hyperparameter 
settings may lead to variations in model complexity and probability 
calibration (Feng et al., 2022; Xing et al., 2023; Abbas et al., 2023; 
Rong et al., 2020). This study enhances model stability and 
generalization capabilities under conditions of large sample sizes 
and spatial heterogeneity by integrating multiple weak learners 
from GBDT ensemble learning to capture nonlinear relationships, 
thereby reducing sensitivity to individual samples (Table 3). 
Consequently, model parameter uncertainty primarily manifests as 
local adjustments to predicted probabilities, without significantly 
altering the relative spatial distribution of hazard magnitudes, which 
is consistent with the predicted outcomes.

Based on the above analysis, it is concluded that the 
aforementioned uncertainties—including inventory quality, 
sampling strategy, and input data resolution—primarily affect the 
absolute magnitude of the probability values for CSLs hazard, 
while having a limited influence on its relative spatial distribution 
patterns. The primary explanation lies in the fact that the coupled 
effects of multiple dominant controlling factors determine the 
occurrence mechanism of synchronous CSLs. Specifically, areas 
with high CSLs hazard probability predominantly concentrate 
in regions where topography, tectonic conditions, and seismic 
motion conditions are disadvantageous. Conversely, areas with 
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low CSLs hazard probability cluster in regions characterized by 
gentle topography, weak tectonic activity, and low seismic intensity 
(Figures 5, 6). Therefore, the outcome of hazard prediction is 
primarily dominated by pronounced structural control, while 
uncertainty mainly influences the fine-scale variations in probability 
values within individual grid cells.

From the perspective of emergency response and risk 
management applications, although uncertainty may affect the 
precise probability distribution of specific location grids, the 
focus of emergency response procedures and hazard assessment 
outcomes in this study lies more on identifying potential high-
hazard probability areas at the national-scale and within the 
broad epicentral region. Therefore, the hazards prediction results 
from this study retain high reliability and practical value for 
identifying macro-spatial patterns and post-earthquake hazard 
zones. These findings provide a scientific basis for disaster 
monitoring, early warning, and hazard mitigation strategies in 
seismically active regions. 

6 Conclusion

1. This study systematically integrates five aspects of geo-
environmental features, including topography, active 
tectonics, land use, ground vibration, and rainfall for 
CSLs hazard assessment. By incorporating datasets 
from nine representative seismic events and nationwide 
environmental variables into a big data-driven GBDT 
binary classification model, the CSLs hazard prediction and 
visualization with a 500 m spatial resolution across China are 
successfully achieved.

2. The findings demonstrate that CSLs hazard distribution is 
significantly correlated with geospatial patterns, primarily 
influenced by tectonic activity. High-hazard degree zones 
are mainly concentrated in regions characterized by 
extensive active faults, uplifted mountain systems, and basin-
mountain transition zones, which also align with areas of 
historical strong seismic activity. In contrast, low-hazard 
degree regions are primarily situated in interior basins and
plains.

3. From an application perspective, this study develops an 
ArcPy-based methodology that enables rapid post-seismic 
CSLs hazard assessment, thematic map generation, and 
automatic output of statistical reports. These achievements 
provide practical technical support for post-seismic 
emergency hazard management, rapid disaster prevention and 
mitigation planning, and emergency risk control decision-
making.
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