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Abstract: This study focuses on the landslide susceptibility assessment in Maerkang City, Sichuan
Province. Twelve evaluation factors, including terrain relief and slope, were selected for analysis. The
study employs the Information Value-Analytic Hierarchy Process (IV-AHP), Random Forest (RF),
Extreme Gradient Boosting (XGBoost), as well as hybrid models IV-RF and IV-XGBoost to evaluate
landslide susceptibility and explore the differences between traditional methods, machine learning
models, and hybrid models. The findings indicate that traditional statistical analysis models exhibit
relatively low prediction accuracy. While machine learning models (RF and XGBoost) improve
accuracy, they suffer from overfitting and poor interpretability. To address these issues, this study
adopts hybrid models that integrate the strengths of both traditional statistical methods and machine
learning approaches, demonstrating superior accuracy in landslide susceptibility assessment. Based
on field survey data and multiple model predictions, it was observed that in high-altitude areas of
western Sichuan Province, landslides tend to exhibit a certain degree of concealment, making them
difficult to detect during data collection. This leads to discrepancies between sample data and actual
conditions, thereby affecting the accuracy of prediction results. The findings provide a reliable
scientific basis for landslide disaster prevention and management, while also highlighting future
research directions, including the application of hybrid models, the enrichment of sample data, and
the analysis of the applicability of different assessment methods.

Keywords: seismic landslide susceptibility; IV-AHP; Random Forest; XGBoost; hybrid models

0. Introductory

At 00:03:09 Beijing Time on June 10, 2022, an Ms5.8 earthquake occurred in Maerkang City, Aba
Tibetan and Qiang Autonomous Prefecture, Sichuan Province (32.27°N, 101.82°E), with a focal depth
of 10 km. After 1 hour, 25 minutes, and 45 seconds, another earthquake of Ms6.0 struck the same area
(32.25°N, 101.82°E) at a focal depth of 13 km, with an epicentral distance of only 2.6 km from the first
event. After an additional interval of 1 hour, 58 minutes, and 26 seconds, a third earthquake of Ms5.2
occurred (32.24°N, 101.85°E) with a focal depth of 15 km[1]. As of 23:59 on June 14, a total of 2267
earthquakes had been recorded in the Maerkang region, including one Ms6.0 earthquake, two
earthquakes of magnitude 5.0-5.9, four earthquakes of magnitude 4.0-4.9, seven earthquakes of
magnitude 3.0-3.9, and 2253 earthquakes below magnitude 3. Hereafter, this sequence of earthquakes
is referred to as the “Maerkang Ms6.0 earthquake swarm.” The earthquakes and their induced
secondary disasters affected Maerkang City and surrounding areas, causing incalculable casualties
and property losses[2].

Landslide susceptibility assessment involves analyzing evaluation factors using predictive
models to derive susceptibility values for evaluation units, which are then classified to obtain

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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landslide susceptibility zoning[3]. This process emphasizes the relationship between historical
landslide disasters and various influencing factors such as geology, topography, geomorphology, soil
characteristics, and human activities, with the goal of estimating the likelihood of landslides in
specific areas[4,5]. In recent years, geological disasters have caused increasing losses to society,
making the accurate assessment of landslide susceptibility an important research task. At present,
statistical analysis-based methods have become the mainstream approach for landslide susceptibility
assessment, which can be broadly categorized into classical statistical methods and machine learning
(ML)-based methods. Traditional statistical models can effectively reflect the development patterns
of landslides when applied to susceptibility assessment. However, they tend to overestimate the
extent of high and very high susceptibility zones, resulting in low prediction efficiency. In contrast,
ML models exhibit higher accuracy and practical applicability but suffer from a lack of guidance in
non-sample selection and are prone to overfitting when input features correspond directly to
evaluation factor attributes. Moreover, the reliability and accuracy of single-model predictions are
difficult to ensure in regions with complex geological and geomorphological conditions[6,7].

In this study, the Information Value-Analytic Hierarchy Process (IV-AHP) model was selected
as a representative of traditional statistical analysis methods, while the Random Forest (RF) and
Extreme Gradient Boosting (XGBoost) models were chosen as representatives of tree-based ML
models. Furthermore, IV-RF and IV-XGBoost hybrid models were introduced to integrate the
advantages of statistical analysis and machine learning approaches. Given the complex natural
geographic conditions of the study area, twelve evaluation factors—terrain relief, slope, curvature,
rock hardness, NDVI, TWI, SPI, PGA, distance to roads, distance to water systems, distance to faults,
and land use type—were selected as indicators for assessing landslide susceptibility in the study
area[8-10]. The study then predicted the spatial distribution probability of landslides induced by the
Maerkang Ms6.0 earthquake swarm to achieve a more accurate evaluation of regional landslide
susceptibility. Additionally, the accuracy of the five models was compared, and the strengths and
weaknesses of machine learning and traditional statistical methods were further explored.

1. Overview of the Study Area

Maerkang City is located at the southern end of the northwestern Sichuan Plateau and belongs
to the plateau canyon region. The terrain is an irregular rectangle, gradually decreasing in elevation
from northeast to southwest (Figure 1).

§0°00"E 9000 120°0'0"E 150°00"E ) ) ) ) . ) . ) | 10200E

ISOOUN L

L 100N

Legend
China

Sichuan e M le

m

T T T T T T
90°0'0"E. 120°0°0"E
X 100°00"E K L 100

N

Pt

S

TN

L 000N |
30%'0"N
N

I *1® Epicentre [
DEM(m)
5189

2129

Legend

Sichuan Y )
Aba Tibetan and Qiang Autonomous Prefecture
I Barkam 085 170 340
—

50"

km

25°00"N
L

gl
100°0'0"E 110°00"E 102°0°0"E

Figure 1. Distribution of the earthquakes and rupture zones of the Malcolm earthquake cluster.

The area is characterized by continuous mountain ranges and steep valleys, with a complex
geological structure dominated by Triassic formations, including sandstone, slate, and metamorphic
rocks. The average elevation of Maerkang City exceeds 3000 m, with the overall landscape forming a
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typical plateau characterized by high terrain, consisting of hummocky plateau surfaces and dissected
mountain summits. The mountains are higher in the south and lower in the north, while river valleys
exhibit a northwest-to-southeast gradient. The primary mountain and river orientations follow a
northwest-southeast trend.

The earthquake sequence occurred at the junction of the southern segment of the Longriba Fault
and the Songgang Fault, within the Bayan Har Block, a region with relatively complex tectonics. The
area is characterized by rugged mountains with significant elevation differences between ridges and
valleys, reaching 1800-2300 m. More than 40 anticlines are distributed within the region, with
frequent occurrences of structural compounding, making it an area of active moderate to small
earthquakes. The Songgang Fault Zone trends approximately northwest[11], with the Bayan Har
Block bordered by the Longriba Fault Zone (Figure 1). To the east lies the secondary Longmenshan
Block, consisting of the Changan Fault, Loucun Fault, and Jinsha Fault. This fault system originates
on the northern slopes of Mengbi Mountain, south of Maerkang, extends northwestward along the
Jiamuzu River after intersecting the Songgang Fault, and continues through the regions of Dalcang
and Ruo’ergai. The area exhibits intense tectonic uplift, deeply incised river valleys, significant
topographic relief, diverse landform types, and well-developed active faults[12-14]-

According to the landslide inventory interpreted after the earthquake, the seismic swarm
induced a total of 1142 landslides, including 891 small-scale landslides, 242 medium-scale landslides,
9 large-scale landslides, and no extremely large landslides. Most of these were soil landslides, with
landslide materials primarily consisting of silty clay, blocky gravel soil, and gravel soil.

2. Data and Methods

This study aims to assess the landslide susceptibility of Maerkang City using the RF, XGBoost,
IV-AHP, IV-RF, and IV-XGBoost models. By conducting a comparative analysis of the strengths and
weaknesses of machine learning methods and traditional statistical analysis methods, the study seeks
to develop hybrid models to further enhance prediction accuracy. The specific workflow is illustrated

in Figure 2.
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Figure 2. research process.
2.1. Data

Domestic and international studies on the influencing factors and factor selection of earthquake-
induced landslides have been extensive, mainly focusing on the combined effects of seismic action,
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topography, geological structure, and hydrological conditions, with indicator selection also revolving
around these four aspects[15-17].

Based on the disaster-pregnant conditions of landslides, 12 evaluation factors were selected from
six aspects: topography, earthquake, hydrology, human activities, geological structure, and
environmental geological characteristics, as shown in Table 1.

(1) Topographic data: Based on the study area’s DEM data with a spatial resolution of 12.5m,
topographic relief, slope, and curvature were extracted using ArcGIS.

(2) Hydrological data: The study area’s SPI and TWI were obtained through hydrological
processing of the 12.5m DEM data using ArcGIS, and the distance to rivers was obtained by
processing river data using the “multi-ring buffer” function.

(3) Seismic data: The PGA vector data for the study area was obtained by clipping the peak
ground acceleration of this earthquake (released by the China Earthquake Networks Center) using
ArcGIS.

(4) Human activities: Road data for the study area was extracted from 1:250,000 basic geographic
information data, and the distance to roads was obtained by processing road data using the “multi-
ring buffer” function.

(5) Geological structure: Fault zone data and stratum rock data for the study area were obtained
from the Resource and Environment Science and Data Center of the Chinese Academy of Sciences
(http://www.resdc.cn/), and the distance to fault zones was obtained after coordinate conversion. The
rock hardness was classified according to the qualitative classification standard table for rock
hardness levels.

(6) Vegetation coverage data: The NDVI for the study area was calculated using the near-
infrared and far-infrared bands of Landsat8 with a resolution of 30m from August 2022, when
vegetation was most abundant. The land use type vector data for the study area was obtained by
clipping global 30m land cover data (http://www.globeland30.org/home/background.aspx).

Table 1. Statistical tables of data sources.

Category Feature Factor Indicator Meaning Data Source
Indicates the degree of
Slope/(°) slope and surface
inclination
Topoeranh Indicates the local DEM (12.5m resolution),
pography Curvature variation in surface Geospatial Data Cloud
undulation
Topographic Indicates the variation in
Relief/(m) elevation difference
Distance to Distance Based on 1:2.50’000 bE'iSIC
. . geographic information
Rivers/(m) to rivers
data
. Indicates soil moisture
Hydrology Topographic 1
Wetness Index content an(.:l .humldlty DEM (12.5m resolution),
conditions Geospatial Data Cloud
Stream Power Indicates the erosion effect p
Index of water flow on slopes
Indlca}tes the tmpact of the Based on data released by
. Peak Ground maximum amplitude of .
Seismic . L L the China Earthquake
Acceleration/(gal) seismic acceleration time
. Networks Center
history on slopes
. Based on 1:250,000 basic
Human Distance to . . .
. Distance to roads geographic information
Activities Roads/(m) d
ata
Geological Distance to Distance to faults Based on data released by
Structure Faults/(km) the China Geological



https://doi.org/10.20944/preprints202503.0600.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2025

Survey Data Service
Platform

Rock Hardness

Indicates the hardness of

Based on geological maps
and rock hardness level
qualitative classification
tables downloaded from

different rock types the China Geological
Survey Data Service
Platform
Indicates different land
Land Type types affecting slope
Environmental development Based on Landsat8 remote
Geological Normalized Indicates vegetation sensing image data,
Characteristics Difference & Geospatial Data Cloud
Vegetation Index grochh z.and coverage
& within a range
(NDVI)
(@)slope (bNDVI (©PGA

(d)SPI

(g)distance from river (h)distance to fault

(j)rock-hardness

(k) curvature

g

(f) distance from road

(i)degree of topographic relief

(land type

Figure 3. Characteristic factor map.

2.2. Research Methods

2.2.1. Information Value-Analytic Hierarchy Process (IV-AHP)

Integrating the Analytic Hierarchy Process (AHP) with the Information Value (IV) model has
become a well-established approach in recent years. This method effectively addresses the
subjectivity inherent in expert judgment while mitigating the uncertainties caused by data noise in


https://doi.org/10.20944/preprints202503.0600.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 March 2025

the IV model. As a result, it provides a more reliable framework for analyzing coseismic landslide

susceptibility.
In the IV model, the information value I;for a specific evaluation factor X;is calculated as
follows:
N;/N
; = In 1

where: S represents the total number of evaluation units in the study area; S; is the number of units
containing the evaluation factor X;; N denotes the total number of units in the study area where
landslides have occurred; N; is the number of landslide-affected units within a specific category of
factor X;.

After obtaining the information value I; for each factor using the IV model, AHP is applied to
compute the weight W; of each factor. The weighted total information value is then derived by
summing the products of each factor’s information value and its corresponding weight[18,19].
Landslide susceptibility zones are classified based on the magnitude of the weighted total
information value, calculated as follows:

=" wi " Y )
=1 = L S/S

where: | represents the total information value of an evaluation unit; W; is the weight assigned to

the i — th factor; I; is the information value of the i — th factor.

In the AHP method, a judgment matrix A = (aii)nxn is constructed, where aj;; represents the
relative importance of factor i compared to factor j. Typically, a 1 —9 scale is used to assign values.
After constructing the judgment matrix, the square root method is employed to compute the
maximum eigenvalue Ap,x and the corresponding eigenvector.

The eigenvector W = (W, W,, -+, W)T, which represents the initial weights of the factors, is
calculated as follows:
\[ l_[] 1 a1]

Zk 1\/1_[] 1 Akj

where each component Wj corresponds to the initial weight of the respective factor. Subsequently,
the maximum eigenvalue A, is computed using;:

_ 1N (AW,
A max — _; VVI (4)

(3)

where (AW); represents the i — th component of the vector AW.

2.2.2. Extreme Gradient Boosting (XGBoost)

XGBoost is an extension of the Gradient Boosting Decision Tree (GBDT) that incorporates
regularization (L1, L2) to prevent overfitting, supports parallel computation for enhanced efficiency,
handles missing values, and provides feature importance scores. The model fits the residuals between
the predicted values from the previous decision tree and the actual observed values. Through
multiple iterations, the residuals are approximated to the observed values, and the prediction results
from multiple decision trees are weighted and summed to obtain the final[18,19] prediction.
Assuming T decision trees are trained, f;(x) represents the prediction result of the i — th decision
tree for sample X, and w, represents the weight of the i —th decision tree, the final prediction §
from the XGBoost model for sample X is calculated as:

y= Z oy fr (%) (5)
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In XGBoost's practical application, the model learns the structure of each decision tree (i.e., the
specific form of f;(x)) and their corresponding weights w,. During the prediction phase, the sample
X is input into each decision tree, and the corresponding prediction results f,(x) are aggregated
using the learned weights w, to obtain the final prediction value §. In the landslide susceptibility
assessment, the predicted value § represents the landslide susceptibility score for the region where
the sample is located.

In susceptibility evaluation, XGBoost takes input features, learns their relationship with disaster
occurrence, and outputs a susceptibility score. By initializing the model, optimizing iteratively, and
controlling regularization, it generates a high-precision prediction model suitable for modeling
complex nonlinear relationships. The optimal weight at the leaf node is the weight corresponding to
the leaf node that minimizes the objective function. The optimal weight w; calculation is as follows:

Ziel i Ji
Wi = ‘z—th (®)
S g
where g; and h; are the first and second derivatives of the loss function, respectively; I; is the
sample set belonging to the j — th leaf node; A is the regularization parameter.

XGBoost minimizes the loss function iteratively by adding tree models and introduces a
regularization term to control the complexity of the model. The composite objective function that
integrates loss and model complexity is given by:

T
L® = Z [G-w- + z (H; + A)w?] +yT # (7)
] 2\ ]
j=1
where: G; and H; are the accumulated first and second derivatives of the samples in the j — th leaf
node; w; is the weight of the j — th leaf node; 4 and y are regularization parameters that control
the model’s complexity.

2.2.3. Random Forest (RF)

Random Forest (RF) is an ensemble learning algorithm that constructs multiple decision trees
and combines their prediction results to improve overall accuracy. It randomly selects several subsets
from the original dataset as training sets. For each training set, a decision tree is built using a random
subset of features. This process helps reduce overfitting. Each decision tree is trained using its
corresponding training set until a stopping criterion is met.

During the training process of the random forest, due to the random subset selection for each
decision tree, some data are not used for training a particular decision tree. These data are referred
to as out-of-bag (OOB) data. The OOB error is used to assess the model’s performance[21,22]. The
OOB error is calculated as:

N
OOBError = %Z err; (8)
i=1
where: N is the total number of samples; err; indicates whether the prediction for the i — th sample
using decision trees trained without that sample is correct (if the prediction is correct, err; = 0; if the
prediction is incorrect, err; = 1).

By calculating the OOB error, the generalization ability of the random forest model can be
evaluated without additional cross-validation. A lower OOB error suggests better model
performance. When predicting new data, the final prediction is determined by combining the training
results from each decision tree through voting or averaging, in line with the Bagging ensemble
concept.

2.2.4. IV-XGBoost and IV-RF Coupling Models
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The coupling models primarily utilize the IV model to integrate data from different factors and
their classifications, compensating for the blind selection of non-landslide samples in RF or XGBoost
models. These models can uncover hidden patterns in the data. The coupling process is reflected in
two aspects: Random selection of non-landslide samples from the very low or low susceptibility areas
in the IV model; Inputting the information value processed by the IV model into the data of RF or
XGBoost. By using the information value, the models effectively reduce feature redundancy,
significantly enhancing both model performance and interpretability[23].

2.2.5. Model Accuracy Evaluation

(1) Accuracy, precision, recall , F1 score, KC and MCC

An important part of landslide susceptibility assessment is model validation and performance
evaluation. Typically, the performance of binary classification models is assessed using a confusion
matrix. The confusion matrix consists of four parameters: True Positive (TP) represents the number
of instances where the model predicts a landslide and the actual event is a landslide; False Negative
(FN) represents the number of instances where the model predicts a non-landslide but the actual
event is a landslide; False Positive (FP) represents the number of instances where the model predicts
a landslide but the actual event is a non-landslide; True Negative (TN) represents the number of
instances where the model predicts a non-landslide and the actual event is a non-landslide[24]. Based
on these parameters, the performance of each model is evaluated using six statistical indicators:
accuracy, precision, recall, F1 score, Kappa coefficient (KC), and Matthew’s correlation coefficient
(MCC). Table 2 presents the description of each indicator.

Table 2. Model Accuracy Evaluation Indicators.

Index Formulas Description
TP + TN Calculating the percentage of
Accuracy samples that were accurately
TP+ FP+TN+FN predicted.
TP Calculating the TP sample
Precision — percentage in each predicted
TP+ FP positive sample.
TP Calculating the TP sample’s
Recall _— percentage in each true positive
TP+ FN sample.
2 x Precision X Recall Representing the accuracy and
F1 Score — recall harmonic mean, with a
Precision + Recall range of values from -1 to 1.
Py—P,
1-P,
TP+TN
KC Py = TP+ FN + FP+TN Checking consistency and

measuring classification precision

.

_ (TP + FN)(TP + FP) + (TN + FN)(FP + TN)
B (TP + FN + FP + TN)?2

Describing the correlation
TP X TN — FP X FN coetticient between the actual
classification and the predicted
‘/(TP +FP)(TP + FN)(TN + FP)(TN + FN) classification, with a value range
of -1to 1.

MCC

(2) ROC values and AUC curves
The True Positive Rate (TPR) is shown on the vertical axis of the Receiver Operating
Characteristic (ROC) curve, and the False Positive Rate (FPR) is shown on the horizontal axis. It
displays how well the model performs at various classification thresholds. The percentage of negative
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samples that are mis predicted as positive is known as the False Positive Rate, whereas the percentage
of positive samples that are accurately predicted as positive is known as the True Positive Rate. The
model performs better the closer the ROC curve is to the upper left corner. The Area Under the Curve
(AUC), which offers a thorough assessment of the model’s performance, is the area under the ROC
curve. The model’s predictive performance is equal to random guessing when the AUC value is zero.
The model is said to be fully capable of differentiating between positive and negative samples when
the AUC value is 1. The predictive performance of the model is better when the AUC value is near
1[25].

2.2.6. Comprehensive Comparative Analysis

To comprehensively evaluate the performance of each model, this study conducted a systematic
and comprehensive comparison. In terms of accuracy evaluation, in addition to calculating the
common indicators mentioned above, multiple rounds of cross-validation were also performed. The
dataset was randomly divided into multiple subsets, with each subset selected as the test set while
the remaining data was used as the training set. This process was repeated multiple times, and the
accuracy indicators of each model were calculated for different data splits and averaged. This
effectively reduced the impact of dataset partitioning differences on the evaluation results, making
the accuracy evaluation more reliable.

In the result evaluation comparison, not only were the predicted landslide susceptibility class
distributions of each model compared, but the prediction differences for the same region were also
analyzed in depth. For high-susceptibility areas, special attention was paid to the number of
landslides predicted by each model and their distribution density; for low-susceptibility areas, the
focus was on the stability of model predictions. At the same time, by combining the actual geological,
topographical conditions and historical landslide data of the study area, the rationality of the model’s
predictions was assessed. The onsite landslide survey data was analyzed to determine whether the
model could accurately reflect the high landslide risk characteristics of regions with complex
geological structures and steep terrain, and whether the low-risk predictions in areas with flat terrain
and stable geological conditions were reasonable. Through this comprehensive comparison, a deeper
understanding of the strengths and weaknesses of each model can be gained, providing strong
evidence for model selection and optimization.

3. Results and Analysis

3.1. Selection and Construction of the Indicator System

This study identifies the primary factors controlling the occurrence of co-seismic landslide
disasters as both background and external conditions. Background conditions refer to the
fundamental factors that influence the occurrence of co-seismic landslides, including topography and
landforms, geological structures, hydrogeology, and stratigraphy. External conditions refer to the
triggering factors that cause co-seismic landslides, mainly including earthquake intensity and human
engineering activities. Based on this selection rationale, the study chooses 12 key factors for the co-
seismic landslide susceptibility assessment system, including slope, vegetation cover index (NDVI),
peak ground acceleration (PGA), stream power index (SPI), topographic wetness index (TWI),
distance to roads, distance to faults, distance to rivers, topographic relief, curvature, land type, and
rock hardness[26,27] These factors are then classified according to the actual conditions (Table 3).

Table 3. Vulnerability Factor Indicator System Grading Scale.

Category Feature Factor Factor Classification
Slope/ (°) <16°,16°~~32°,32°~48°,48°~64°,>64°
Topography Curvature <9,-9~-3,-3~-1, -1~1, >1

Topographic Relief/(m) <36,36~72,72~107,107~143,>143
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10 of 18
Distance to Rivers/(m) <<300,300~600,600~900,900~1200,1200~1500,>1500
T hic Wet
Hydrology Opographic Yetness <0.2,0.2~0.4,0.4~0.6,0.6~0.8,50.8
Index
Stream Power Index <0.2,0.2~0.4,0.4~0.6,0.6~0.8,>0.8
Seismic Peak Ground <0.1,0.10~0.15
Acceleration/(gal)
Human Activities Distance to Roads/(m) <100,100~200,200~300,300~400,400~500,500~600,>600
Distance to Faults/(km) <1,1~2,2~3,3~44~5,5~6,6~7,7~8,>8
Geological Structure
Rock Hardness Extremely Soft Rock, Soft Rock, Moderately Soft Rock,
Moderately Hard Rock, Hard Rock
. Cultivated Land, Forest, Grassland, Shrubland, Tundra,
Environmental Land Type

Artificial Surface, Bare Land

Geological N lized Diff
. ormalized Difference
Characteristics <0.2,0.2~0.4,0.4~0.6,0.6~0.8,>0.8
Vegetation Index (NDVI) ’ ’ ? ’

This study constructs a hierarchical model to decompose complex issues into factors at different
levels. For the factors at the same level, pairwise comparisons are used to construct a judgment
matrix. The principal eigenvalue and eigenvector of the judgment matrix are calculated using the
square root method, which leads to the initial weights of the factors. After performing a consistency
check to ensure the rationality of the judgment matrix, the final weights of the factors are determined.
The constructed judgment matrix is shown in the Table 4.

Table 4. Weights assigned to each factor.

A C D E F G H I J K L weights
A 1 3 2 3 3 2 3 3 2 2 3 2 0.1653
B 3 2 2 2 12 12 1)2 2 4 3 0.0949
C 1 3 2 2 /3 1/4  1)2 2 1/2 1/2  0.0578
D 1 3 12 12 12 1/3 1/2 1/2 1/2 0.0408
E 1 12 14 12 1/3 1/3 1/2 1/3  0.0334
F 1 13 12 173 2 1/2 1/2 0.0509
G 1 1 1/2 3 0.1169
H 1 1/2 3 3 3 0.1108
I 1 3 0.1308
J 1 1/2 1/3  0.0444
K 1 1/2  0.0557

—

1 0.0715

A: Slope B: NDVI C: PGA D: SPI E: TWI F: Distance to Roads G: Distance to Rivers H: Distance to Faults I:
Topographic Relief J: Curvature K: Land use type L: Rock Hardness.

Through consistency judgment, the results show that A_max is 14.3241 and the consistency ratio
is 0.0707. This proves that the weights are valid and meet the consistency check requirements.

A correlation analysis was conducted on the 12 selected evaluation indicators to identify the
most predictive factors and improve the model’s prediction accuracy. Using the Correlation Plot
plugin of Origin drawing software, a correlation matrix for the 12 evaluation indicators was created
(Figure 4). Red represents positive correlation, while blue represents negative correlation. The
intensity of the colors is directly related to the magnitude of the correlation coefficient. From the
figure, it can be observed that all the correlation coefficients of the evaluation factors are below 0.45,
indicating a relatively weak correlation. This suggests that the interaction between the factors is
minimal, and the selected evaluation factors are reasonable for the model.
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Figure 4. Correlation analysis of debris flow evaluation fact.

3.2. Analysis of Susceptibility Results

Based on the processed evaluation factors and relevant vector data obtained from the landslide
point catalog and field investigations, 1,142 landslide points were obtained using the spatial join tool
in ArcGIS. A total of 1,142 non-landslide points were generated, forming a landslide-non-landslide
dataset. 70% of the sample set was used for model training, and the remaining 30% was used for
model testing[28]. The trained RF, XGBoost, IV-RF, IV-XGBoost, and IV-AHP models were used to
predict the landslide susceptibility values. The final landslide susceptibility value range was [0,1].
The natural breaks method was applied to classify the landslide susceptibility index, resulting in
regional landslide susceptibility evaluation maps for the five models, as shown in Figure 5.
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Figure 5. Landslide susceptibility grading chart.
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Table 5. Statistics of landslide susceptibility class and landslide density for different models.
o Area Area Number of Proportif)n landsl.ide
Model Classification Jkm? proportion /%  landslides of landslide density
/% /(ind/km?)

Very low 2685.72 40.50 46 4.03 0.02

Low 1996.84 30.11 182 15.94 0.09

XGBoost Moderate 1137.61 17.16 234 20.49 0.21

High 540.51 8.15 272 23.82 0.50

Very high 270.44 4.08 408 35.73 1.51

Low 2828.27 42.65 166 14.54 0.06

RF Moderate 1043.52 15.74 220 19.26 0.21

High 371.12 5.60 247 21.63 0.67

Very high 281.72 4.25 482 4221 171

Very low 809.66 12.21 51 4.47 0.06

Low 2652.86 40.01 279 24.43 0.11

IV-AHP Moderate 1653.05 24.93 201 17.60 0.12

High 1142.98 17.24 288 25.22 0.25

Very high 372.56 5.62 323 28.28 0.87

Very low 1846.53 27.85 89 7.79 0.05

Low 2788.65 42.05 152 13.31 0.05

V- Moderate 1289.09 19.44 206 18.04 0.16
XGBoost -

High 405.25 6.11 210 18.39 0.52

Very high 301.60 4.55 485 42.47 1.61

Very low 2109.99 31.82% 27 2.36% 0.01

Low 2831.62 42.70% 175 15.32% 0.06

IV-RF Moderate 1044.82 15.76% 182 15.94% 0.17

High 362.60 5.47% 240 21.02% 0.66

Very high 282.10 4.25% 518 45.36% 1.84

From Table 5 and Figure 6, it is evident that compared to traditional statistical analysis methods,
the predictive accuracy of machine learning methods is relatively higher. This is mainly reflected in
two aspects: first, the number of landslides predicted in the extremely high and high susceptibility
zones is higher in the two machine learning models than in the information-based AHP model. In
terms of disaster density, the information-based AHP model predicts a disaster density of 0.87
incidents/km?, while the XGBoost and RF models predict disaster densities of 1.51 incidents/km? and
1.71 incidents/km?, respectively. This indicates that machine learning algorithms provide predictions
that are closer to the actual situation than traditional statistical methods.

When comparing the coupled models with machine learning models, the IV-XGBoost and IV-
RF coupled models predict significantly more landslides in the high and extremely high susceptibility
zones compared to XGBoost and RF models. The landslides predicted in the extremely high and high
susceptibility zones by IV-XGBoost account for 60.86% of the total landslides, and by IV-RF, they
account for 66.38% of the total. In comparison, the landslides predicted in these zones by XGBoost
and RF account for 59.55% and 63.84%, respectively. This shows that the coupled models exhibit
better predictive ability in high-risk areas.

In terms of disaster density, the coupled models show higher disaster densities in the extremely
high and high susceptibility areas compared to machine learning models, indicating that the
predictive accuracy of the coupled models is higher in these high-risk zones. However, in lower
susceptibility areas, the IV-XGBoost model predicts a disaster density of 0.05 incidents/km?, while
the XGBoost model predicts a disaster density of 0.02 incidents/km?. This discrepancy may be due to
overestimating landslides in the extremely low and low susceptibility zones during the calculation,
leading to an overprediction or misclassification.
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Figure 6. Statistical Chart of Vulnerability Classification.

Overall, machine learning models show more conservative predictions in low susceptibility
areas, which reflects their more robust performance, making them better suited for accurate
predictions in low-risk areas. In contrast, the coupled models further improve predictive accuracy,
making them more accurate and intuitive for predicting landslides in high-risk areas, which is more
aligned with disaster prediction needs.

3.3. Model Accuracy Validation

The five landslide susceptibility assessment models used in this study were trained and tested
using a single dataset, with 70% of the data used for training and 30% for testing. Model performance
metrics, including accuracy, precision, recall, F1 score, KC, MCC, and values of TP, FN, FP, and TN,
were calculated (Table 6).

Table 6. Statistics of model performance metrics.

Modle XGBoost IV-XGBoost AHP-1V RF IV-RF
KC 0.4889 0.5048 0.3757 0.4071 0.4485
MCC 0.4935 0.5123 0.3779 0.4224 0.4718
PoA 0.3423 0.3514 0.3857 0.4505 0.4505
Accurancy 0.7479 0.7563 0.6912 0.7101 0.7311
Precision 0.7684 0.7912 0.6919 0.7625 0.7813
Recall 0.6577 0.6486 0.6143 0.5495 0.5495

Figure 8 displays the ROC curves of the five models for landslide susceptibility assessment. The
ROC curve is generated by progressively lowering the landslide susceptibility threshold and
obtaining the coordinates of the corresponding points on the curve. The closer the curve is to the
upper left corner, the more landslides are concentrated in areas with higher risk and narrower ranges,
leading to a larger AUC value and better predictive performance. In this study, the AUC value of the
IV-AHP model was 0.739, lower than the AUC values of the RF and XGBoost models, which were
0.798 and 0.799, respectively. In contrast, the coupled models IV-RF and IV-XGBoost achieved AUC
values of 0.815 and 0.823. Overall, from the landslide susceptibility evaluation across the five models,
the coupled models performed the best.
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Figure 8. Model AUC value vs. ROC curve.

3.4. Factor Significance Analysis

Effective landslide disaster prevention and mitigation strategies depend on identifying the key
disaster-causing factors, which may be caused by many interrelated and complex factors. In this
susceptibility assessment, the IV-AHP model, Random Forest model, XGBoost model, IV-XGBoost
model, and IV-RF model were used. The factor importance for the IV-AHP model was calculated
using statistical methods (Table 3). This process integrates expert knowledge and subjective
judgment to determine the importance of evaluation factors in susceptibility assessment, reflecting
pure subjectivity.

On the other hand, machine learning models rely on machines to automatically mine the
underlying relationships between features and outcomes based on large amounts of data, and then
calculate factor importance. Different machine learning models and coupled models have distinct
characteristics in terms of calculation logic and data processing methods, which leads to some
differences in the ranking of factor importance. These differences reflect the models’ varying
understanding of the role of different factors and provide a multidimensional perspective for in-
depth analysis of susceptibility influencing factors.

The 12 selected influencing factors in this study have varying degrees of impact on landslide
occurrence. Based on the machine learning models, the information value was calculated and used
as evaluation factors to form coupled models. The importance analysis of the factors for machine
learning models and coupled models is shown in Figure 9, where shown that the importance scores
and rankings of the different factors vary greatly in each model. RF and XGBoost assess feature
importance based on their unique algorithms, while IV-RF and IV-XGBoost, combined with
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information value optimization, select features with better discriminative power. These differences
reflect the comprehensive influence of model principles, data characteristics, and parameter settings.
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Figure 9. Order of importance of factors.

4. Discussions

Based on the comparison of evaluation results, the coupled model demonstrates superior speed
and accuracy compared to the traditional Information Value method and standalone machine
learning methods. This provides a significant advantage for the rapid and precise assessment of
earthquake-induced landslide-prone areas. However, the coupled model is not without flaws.
Through field investigations and data analysis of highly susceptible regions identified by the model,
some limitations of this approach have also been observed.

Selecting the best-performing coupled model from preliminary studies, Caodeng Township was
chosen as the investigation area. The analysis revealed that high susceptibility zones accounted for
45% of the county’s total area. Data analysis indicated that there were 496 landslides in this region,
among which 408 (82.25%) were located in high and very high susceptibility zones, while 88 (17.75%)
were situated in areas with moderate-to-low susceptibility (Figure 10). Although the accuracy is
within an acceptable range, it is necessary to explore the actual causes of these errors to further
improve model precision.

Data analysis and field investigations have helped identify some potential reasons for these
discrepancies. As shown in the figure, an inverse relationship between elevation and landslide
occurrence was observed, suggesting that the model’s errors are primarily concentrated in higher-
altitude areas. Through an in-depth analysis of the evaluation methodology and field surveys, we
further identified two potential reasons for this phenomenon.
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sensitivity areas in Cao Po Township.

The first issue is the concealment of high-altitude landslides. As shown in Figure 11, landslides
A, B, and C are located in high-altitude areas with low or very low susceptibility. These regions are
characterized by minimal human activity, distance from river systems, and high levels of vegetation
or snow cover, which often result in lower susceptibility assessment outcomes. However, due to the
tensile stress exerted along mountain ridges, these landslides tend to develop concealed crack
propagation, and seismic activity accelerates their occurrence. Secondly, the accuracy of machine
learning models is highly dependent on the sample data. The adaptability of different methods varies
across different environmental conditions, making a more comprehensive and accurate dataset
indispensable. Additionally, analyzing the applicability of different models to various conditions
should be a key focus in future research.
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Figure 11. Interpretation of satellite imagery of the earthquake induced landslides in Cao Deng Township.

5. Conclusions

This study focuses on the comparative analysis of landslide susceptibility assessment models.
The findings indicate that the traditional information value model has notable limitations in accuracy.
Since it is based on fixed weights and simple statistical relationships, it struggles to fully capture the
dynamic interactions among influencing factors in complex geological environments, thereby
restricting its precision in landslide susceptibility evaluation.

Compared to traditional statistical methods, machine learning approaches demonstrate
significant improvements in accuracy. With their strong nonlinear fitting capabilities, these models
can uncover hidden complex patterns within data. However, machine learning methods are not
flawless —they are prone to overfitting, exhibit weak generalization ability for small sample datasets,
and have poor interpretability, making it difficult to directly understand the specific impact
mechanisms of different factors on landslide susceptibility.

In contrast, hybrid models integrate the advantages of both traditional statistical and machine
learning methods, achieving a complementary effect. On the one hand, they enhance interpretability
by leveraging the theoretical foundation of statistical methods. On the other hand, they utilize the
efficient data processing and pattern recognition capabilities of machine learning to improve
adaptability to complex data. The hybrid models outperform both individual approaches in accuracy,
providing a more precise evaluation of landslide susceptibility and offering a more reliable scientific
basis for landslide disaster prevention and mitigation.
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