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Abstract

Landslides are a prevalent geological hazard in China, posing significant threats to life
and property. Landslide susceptibility assessment is essential for disaster prevention,
and the quality of non-landslide samples critically affects model accuracy. This study
takes Yongxin County, Jiangxi Province, as a case, selecting ten susceptibility factors and
applying the Random Forest (RF) model with six non-landslide sampling methods for
comparison. Results indicate that non-landslide sample selection substantially influences
model performance, with the RF model using the IV method achieving the highest accuracy
(AUC = 0.9878). SHAP analysis identifies NDVI, slope, lithology, land cover, and elevation
as the primary contributing factors. Statistical results show that RF_IV non-landslide
sample predictions are lowest, mainly below 0.18, with a median of 0.18, confirming that
the IV method effectively excludes landslide-prone areas and accurately represents non-
landslide regions. These findings provide practical guidance for landslide risk managers,
local authorities, and policymakers, and offer methodological insights for researchers in
geological hazard modeling.

Keywords: non-landslide samples; sampling methods; landslide; susceptibility assessment;
random forest

1. Introduction
Landslides are among the most widespread and destructive geological hazards world-

wide, not only being numerous, widely distributed, and highly destructive in China but
also occurring frequently across the globe, leading to significant casualties and property
losses [1,2]. Landslide susceptibility assessment refers to the evaluation of the likelihood or
impact of landslide occurrences under the geological structure and topographic conditions
of a study area, which is essential for disaster prevention, mitigation, and spatial safety
planning [3–5]. Early landslide susceptibility assessments were primarily based on qualita-
tive evaluations using expert judgment [6]. With the continuous development of Remote
Sensing, Geographic Information System and Global Positioning System technologies, the
variety, timeliness, and accuracy of data have significantly improved, providing a rich data
foundation for regional landslide susceptibility assessments [7–9]. As a result, an increas-
ing number of scholars have introduced mathematical statistics concepts and, through
interdisciplinary approaches, developed landslide susceptibility evaluation models based
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on geographic information systems (GIS) to conduct quantitative analyses [10,11]. Repre-
sentative models include the Information Value (IV) method [12,13], Certainty Factor (CF)
method [14], Frequency Ratio (FR) method [15,16], Logistic Regression model [17,18], and
Geographically Weighted Regression model [19]. In recent years, with the rapid develop-
ment of artificial intelligence technologies, more scholars have adopted machine learning
models for landslide susceptibility assessment, such as Decision Trees (DT) [20,21], Logistic
Regression Decision Tree algorithms [22], Support Vector Machine [23,24], RF [25–28], and
Gradient Boosting Decision Trees [29]. Compared to statistical models, machine learning
can significantly reduce the influence of subjective factors and offers stronger non-linear
modeling capabilities, fewer assumptions, higher prediction accuracy, and greater automa-
tion [30–32]. Among the various machine learning algorithms, the RF model stands out due
to its excellent performance. RF is robust to missing and outlier values and can maintain
high prediction performance in complex data environments [33–35].

When using machine learning models for susceptibility assessment, a sample set
of both landslide and non-landslide instances is required. The quality of the sample
set directly influences the model’s learning ability and the final prediction results [36].
Generally, landslide samples are obtained from identified landslides or potential hazard
areas, with historical sources playing a crucial role in providing reliable records and long-
term perspectives for susceptibility assessment [37,38]. Some scholars also collect landslide
data through field surveys, while the selection of non-landslide samples has not been
sufficiently considered. If non-landslide samples are selected from areas with high landslide
frequency or substantial noise, it will directly affect the model’s performance [39–41]. As a
result, increasing attention has been given to methods for selecting non-landslide samples.
Common methods for selecting non-landslide samples include: (1) directly collecting non-
landslide samples through random sampling across the entire region [41]; (2) collecting non-
landslide samples outside a buffer zone defined by landslide samples [39,40]; (3) selecting
non-landslide samples from low-slope or plain areas [42]; (4) using statistical, unsupervised,
or semi-supervised methods to initially identify areas with very low and low susceptibility,
then selecting non-landslide samples from these regions [43]. However, these methods
have limitations and may lead to uncertainties in the susceptibility assessment results. For
example, although random selection of non-landslide samples across the entire region is
convenient, it may result in the selection of non-landslide samples from landslide-prone
areas [44]. While selecting non-landslide samples from a buffer zone around landslide
samples is convenient, the size of landslides varies across regions, and even within the same
region, landslides can be of different sizes. There is no uniform standard for defining the
buffer zone, and such samples may include potential landslide-prone areas, thus affecting
the reliability of non-landslide samples [33,44]. Selecting non-landslide samples from low-
slope areas only considers the slope factor, but landslides are the result of the combined
influence of multiple factors, and this method may lead to data imbalance [41]. Recognizing
the limitations of non-landslide sample selection in landslide susceptibility evaluation,
some scholars have proposed using statistical or semi-supervised methods to extract
non-landslide samples. These methods involve initially identifying a susceptibility zone
and then selecting non-landslide samples from areas with very low or low susceptibility,
ensuring the accuracy of non-landslide samples [45,46]. However, most studies only test a
single non-landslide sampling method and lack systematic comparisons between different
methods. From an international research perspective, the selection of non-landslide samples
is also a critical issue in landslide susceptibility assessment worldwide. Numerous studies
have adopted diverse strategies in different countries and regions, including selecting
areas with low susceptibility based on topographic statistics, analyzing remote sensing
imagery, or using machine learning methods to automatically identify low-susceptibility
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zones [38,47–49]. In this study, the research is limited to six non-landslide sample selection
strategies for the following reasons: these methods encompass random sampling, buffer
zone methods, low-slope area sampling, and statistical or semi-supervised approaches,
covering different categories. This allows for a systematic comparison of the influence of
various non-landslide sampling strategies on landslide susceptibility assessment results,
providing a scientific and comparable basis for sample selection in the study area. Therefore,
selecting an appropriate method for obtaining non-landslide samples remains a challenge
for improving landslide susceptibility assessment performance.

Therefore, this study selects Yongxin County in Jiangxi Province, China as a case
study to systematically evaluate different non-landslide sampling approaches. Building
upon previous research, we employ six distinct sampling methods: (1) Random Sampling,
(2) Systematic Sampling, (3) Buffer-based Sampling, (4) FR, (5) IV, and (6) CF to construct
various non-landslide sample sets. A Random Forest-based landslide susceptibility as-
sessment model is developed to evaluate susceptibility across the study area. Through
comprehensive comparisons of model accuracy and result reliability among different sam-
pling approaches, this study aims to: (1) assess the effectiveness of various non-landslide
sampling methods, (2) identify the optimal sampling strategy, and (3) generate high-quality
landslide susceptibility maps. The findings will provide crucial baseline data for disaster
prevention and mitigation planning, offering both methodological insights and practical
applications for landslide risk management.

2. Material and Methods
2.1. Study Area

The study area, Yongxin County, is located in the western part of Jiangxi Province
(113◦49′32′′–114◦28′53′′ E, 26◦43′48′′–27◦13′39′′ N) (Figure 1), with Jiangxi situated in
southeastern China on the southern bank of the middle and lower Yangtze River. It is
situated on the eastern wing of the central segment of the Luoxiao Mountains, in the upper
reaches of the He Shui River. The county enjoys a favorable geographic location with
well-developed transportation, including key routes such as the Quan-Nan Expressway
and National Highway 319. The terrain is predominantly mountainous and hilly, with the
southern and northern parts being higher and the central region being lower. The landform
types are diverse, mainly including the Zhongshan landform formed by tectonic uplift and
the structure-erosion hilly landform, etc. The climate is subtropical monsoon dry, with an
average annual rainfall of 1552.7 mm, and the precipitation is mainly concentrated from
April to June. The river system in the area is well-developed, mainly composed of dense
river networks formed by the tributaries of the He Shui River. The complex geological
structure, coupled with factors such as concentrated precipitation, has led to frequent
landslides in this county. It is one of the areas with relatively prominent landslides in
Jiangxi Province, and the situation of disaster prevention and control is severe.

2.2. Data
2.2.1. Data Collection

For the landslide susceptibility assessment in this study, the evaluation factors were
systematically categorized into four major groups: engineering geology, topographic char-
acteristics, engineering geology, and human engineering activities. Based on previous
research findings, we selected ten critical evaluation factors: elevation, slope gradient,
aspect, lithology, distance to faults, NDVI, land use type, distance to roads, mean annual
precipitation, and distance to rivers. The comprehensive dataset collected for this analysis
includes: 333 landslide inventory points obtained through remote sensing interpretation
and field surveys (spatial distribution shown in Figure 1), Multiple geospatial datasets
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encompassing: Lithological; Fault; Road; Digital Elevation Model (DEM); NDVI; Meteo-
rological records; Land use. The detailed specifications and sources of these datasets are
presented in Table 1. All data coordinate systems have been converted to World Geodetic
System 1984 (WGS84). This multi-source data integration provides a robust foundation for
conducting accurate susceptibility assessment in the study area.

Figure 1. Study area location and spatial distribution map of landslide samples (DEM is SRTM3
Version 4).

Table 1. The main data used in this study.

Number Data Introduction Source Purpose Coordinate System

1 Sentinel-2 data
Sentinel-2 Level-2A

multispectral imagery (with a
10 m spatial resolution raster)

European Space Agency
website (https://earth.esa.

int/eogateway/catalog)

used for extracting NDVI
data and constructing

landslide
characteristic factors

World Geodetic System
1984 (WGS84)2 Land use data 10 m spatial resolution raster Analysis of landslide

characteristic factors

3 Meteorological data 1 km spatial resolution raster https://gpm.nasa.gov
Used for extracting the
characteristic factor of
average annual rainfall

4 Lithology Polygonal vector data Yongxin County Natural
Resources Bureau

Landslide
characteristic factor

China Geodetic
Coordinate System 2000

5
1:50,000 Geological

Hazard Risk
Survey Results

Text, Vector Yongxin County Natural
Resources Bureau

Analyze the historical
landslide characteristics of

the study area

6 Fault linear vector data Yongxin County Natural
Resources Bureau Construct landslide

characteristic factors by
converting to raster imagery

through Euclidean
distance calculation.

7 River linear vector data Yongxin County Natural
Resources Bureau

8 Road linear vector data Yongxin County Natural
Resources Bureau

9 DEM 5 m spatial resolution raster Yongxin County Natural
Resources Bureau

Extract landslide
characteristic factors such as
elevation, slope, and aspect.

2.2.2. Data Processing

The selection of evaluation factors in this study took into account previous research
results and was closely integrated with the actual situation of the study area [37,44]. It
systematically covered four major categories and 10 factors that control the development
of landslides, including engineering geological foundation, topography and landform
conditions, hydrological triggering effects, and human activities’ influence. The aim was to
comprehensively represent the ‘internal conditions–external triggers’ physical mechanism
of landslide occurrence. The rock properties and the distance from the fault reflect the

https://earth.esa.int/eogateway/catalog
https://earth.esa.int/eogateway/catalog
https://gpm.nasa.gov
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strength and structural integrity of the rock mass; elevation, slope and aspect control the
gravitational force and hydrological processes; the annual average rainfall and the distance
from the river affect the groundwater and the stability of the slope; NDVI, land use type
and the distance from the road reflect the vegetation’s role in stabilizing the slope and the
disturbance to the slope caused by human engineering activities.

Based on ArcGIS software, elevation and slope and aspect data were extracted from the
collected DEM data. The distances to faults, rivers, and roads were calculated as continuous
raster layers by computing the Euclidean distance from the corresponding vector data,
and the results were smoothed using the Kriging interpolation method. The NDVI was
derived from Sentinel-2 imagery (with an original resolution of 10 m) and resampled to
5 m using the bicubic convolution method. It should be noted that the resampling process
does not truly enhance the spatial resolution; rather, it interpolates coarser-resolution
pixels into smaller units to better align spatially with other factors. Land use data were
also resampled to 5 m using the Kriging spatial interpolation method. Considering that
landslides in the study area are predominantly small in scale, all conditioning factors were
ultimately unified to a 5 m spatial resolution to better capture local topographic features.
In terms of factor classification, this study refers to the research results of Ke C et al. [37],
dividing the distances to faults, rivers, and roads into 6 levels according to the intervals of
[0, 200], (200, 400], (400, 600], (600, 800], (800, 1000], and (1000, +∞); the other factors were
automatically divided into 5 levels using the natural break point method (Jenks natural
breaks) combined with the statistical distribution characteristics of the data. This method
can maximize the similarity within groups and the difference between groups, avoiding
the subjectivity of the classification process, and is widely used in the research of factor
classification in geoscience environments. The factor classification results are shown in
Figure 2. Due to significant differences in the values of the factors, normalization is applied
to all evaluation factors.

Figure 2. Cont.
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Figure 2. Landslide characteristic factors ((a) lithology, (b) distance from the fault, (c) elevation,
(d) NDVI, (e) slope, (f) distance from the road, (g) distance from the river, (h) mean annual precipita-
tion, (i) aspect, (j) landcover).

2.3. Method

The landslide susceptibility assessment workflow is shown in Figure 3. Based on
333 landslide sample points, non-landslide sample points are selected at a 1:1 ratio. Six non-
landslide sample point sampling methods—random method, buffer zone method, rule-
based method, FR method, IV method, and CF method—are employed. Firstly, the sample
points are divided into training and validation datasets at a 7:3 ratio. Then, based on the
RF model, hyperparameter optimization is performed using grid search, and models are
trained using different non-landslide sample sampling methods. Finally, precision analysis
is conducted using a confusion matrix, accuracy, precision, recall, F1 score, ROC curve, and
SHAP model, followed by a rationality analysis of the evaluation results to determine the
optimal non-landslide sample sampling method.

The hardware environment for the training, validation, and testing process includes
an Intel (R) Core (TM) i7-11700k 8-core processor (manufactured by Intel Corporation,
purchased in Nanchang, Jiangxi, China), an NVIDIA GeForce RTX 3080 Ti 12 GB graphics
card (manufactured by NVIDIA Corporation, purchased in Nanchang, Jiangxi, China), and
128 GB Hynix DDR4 memory (manufactured by SK Hynix Inc., purchased in Nanchang,
Jiangxi, China). The software environment consists of Python 3.8, which is compiled using
Jupyter Notebook (Anaconda3).
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Figure 3. The technical process for evaluating magnetic sensitivity based on different non-slide samples.

2.3.1. Sampling Method of Non-Landslide Samples

The random method randomly selects non-landslide sample points from the study
area [37,50]. The buffer zone method, based on buffer zone analysis, creates a 1000 m
buffer around all landslide sample points [37,51], and non-landslide sample points are then
randomly selected outside the buffer zone. The rule-based distribution method constructs
a grid for the study area according to the required number of non-landslide sample points.
In this study, to ensure the spatial uniform distribution of non-slide sample points and to
guarantee that the number of non-slide samples generated matches that of slide samples,
the required number of rows and columns for the grid units within the study area range is
calculated. A 23-row by 24-column grid is built, and grids outside the study area, or those
extensively outside the study area, are removed. A point is randomly generated within each
grid, avoiding landslide areas, and this point is used as a non-landslide sample point. The
FR method involves first calculating the frequency ratios of each evaluation factor, and then
summing up all the factor frequency ratios to obtain the Landslide Susceptibility Index (LSI).
The natural discontinuity point method is used to divide it into five levels of prone areas:
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extremely low, low, medium, high, and extremely high. The resulting map of landslide LSI
zoning is obtained (as shown in Formulas (1) and (4)). Then, non-landslide sample points
are selected in the extremely low- or low-susceptibility zones [52–54]. The Information
Value Model (IV) and Certainty Factor Model (CF) are similar to the FR method, where
non-landslide sample points are selected from the extremely low- and low-susceptibility
zones of their calculated susceptibility zoning maps [41] The calculation formulas are
as follows:

FR =
Ni/N
Si/S

(1)

IV = ln
Ni/N
Si/S

(2)

CF =

{ Pa−Ps
Pa(1−Ps)

, Pa < Ps
Pa−Ps

Pa(1−Ps)
, Pa ≥ Ps

(3)

LSIFR =
n

∑
i=1

FRi (4)

LSIIV =
n

∑
i=1

IVi (5)

LSICF =
n

∑
i=1

CFi (6)

The formula represents the study area, “i” represents a certain type of evaluation
factor. Si denotes the total area of the region classified by a specific factor, N refers to the
total number of landslide in the study area, Ni is the number of landslides occurring within
the range classified by the factor, I represents the amount of information in the evaluation
unit, and Pa is the conditional probability of landslide occurrence in the factor classification
data a. In practical studies, this can be represented by the ratio of the number of (or area of)
landslides in factor classification a to the total area of classification a. Ps indicates the ratio
of the total number (or area) of in the entire study area to the total area of the study area.
LSIFR, LSIIV and LSICF represent the LSI values based on frequency ratio, information
content, and coefficient of determination models, respectively. FRi, IVi, CFi represent the
FR, IV, and CF values corresponding to the i-class evaluation factors.

2.3.2. Random Forest

Random Forest is an ensemble learning method proposed by Leo Breiman in 2001 [55],
designed to address the overfitting issue encountered by a single decision tree when
handling complex data. It enhances model accuracy and robustness by combining the
predictions of multiple decision trees. The core construction of Random Forest includes:
using Bootstrap sampling to generate the training data for each decision tree, employing
random feature selection to reduce the correlation between trees, and ultimately aggregating
the predictions of all trees through voting or averaging, as shown in Figure 4. Random
Forest is known for its strong resistance to overfitting, high accuracy, ability to handle large
datasets, feature importance evaluation, robustness to noise and outliers, and support for
parallel processing. However, a key drawback is its higher computational cost, especially
when dealing with a large number of trees, which can increase both training and prediction
time. Due to these advantages, it has been widely applied in various fields, particularly
excelling in classification tasks. In addition, grid search is a commonly used method for
hyperparameter optimization. Hyperparameters refer to the parameters that must be set
before model training, such as the number of trees, maximum depth, or splitting criteria
in a random forest, which significantly affect model performance. The principle of grid
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search is to systematically generate combinations of hyperparameters within a predefined
range in a grid-like manner, train and validate the model for each parameter set, and
then compare the performance (often through cross-validation) to identify the optimal
parameter combination [56,57].

 
Figure 4. The schematic diagram of the Random Forest algorithm. The blue circle symbols in the
figure represent nodes.

2.3.3. Evaluation Index of Accuracy

In this paper, accuracy, precision, recall, F1 score, and ROC curve are used to compre-
hensively evaluate the reliability of the machine learning model [58,59].

(1) Confusion Matrix

The confusion matrix is commonly used to assess the performance of classification
models. Through the confusion matrix, accuracy, precision, recall, and F1 score can be
calculated (As shown in Tables 2 and 3). These evaluation metrics provide a comprehen-
sive reflection of the model’s classification effectiveness [60,61]. The detailed calculation
formulas are as follows:

Table 2. Confusion matrix.

/ / Prediction Result

Actual situation

class Positive Negative

Positive TP FN

Negative FP TN

Table 3. Model evaluation index system.

Number Evaluation System Computing Formula

1 Accuracy ACC = TP+TN
TP+TN+FP+FN

2 Precision PRE = TP
TP+FP

3 Recall REC = TP
TP+FN

4 F1-score f 1 = 2×PRE×REC
PRE+REC
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In this context, TP represents the number of correctly predicted landslide sample
points, FP represents the number of incorrectly predicted landslide sample points, TN rep-
resents the number of correctly predicted non-landslide sample points, and FN represents
the number of incorrectly predicted non-landslide sample points.

(2) ROC Curve

This paper uses the ROC curve to evaluate the predictive performance of the suscepti-
bility assessment model. This metric reduces the interference from different test datasets
and helps assess the model’s generalization ability. Since the ROC curve itself cannot
clearly distinguish the superiority of classifiers, the area under the ROC curve (Area Under
the Curve, AUC) is introduced as the evaluation criterion [62,63]. The AUC is generated
by calculating sensitivity (the proportion of correctly predicted landslide sample points)
and specificity (the proportion of correctly predicted non-landslide sample points). The
ROC curve shows specificity on the x-axis and sensitivity on the y-axis. The AUC value
ranges between 0 and 1, with higher values generally indicating better predictive accuracy
of the model; however, values that are too close to 1 do not necessarily imply excellent
model performance, as they may indicate potential overfitting. Therefore, AUC should be
interpreted in conjunction with other metrics and validation methods [64].

(3) SHAP Model Calculation Principle

This paper adopts the SHAP (Shapley Additive Explanations) model to explain
the internal workings and feature selection mechanism of the susceptibility assessment
model [65–67]. SHAP is a game-theoretic explanation method that uses Shapley values
to measure the contribution of each feature to the model’s prediction. To calculate the
Shapley value, a series of feature subsets is generated to cover all possible feature combina-
tions. For categorical features, SHAP typically treats different categories as independent
features, thereby analyzing complex feature relationships. The calculation formula is as
follows [41,68]:

ϕi = ∑
S⊆N{i}

|S|!(n − |S| − 1)!
n!

[ f (S ∪ {i})− f (S)] (7)

In the formula, ϕi represents the contribution of the i-th evaluation factor, N is the
total number of evaluation factors, S is the subset of predictive features, f (S ∪ {i}) denotes
the model result containing the i-th evaluation factor, and f (S) represents the model
result without the i-th evaluation factor. The contribution of each evaluation factor to the
model’s prediction is quantified, and the sum of the Shapley values for each input feature
is calculated.

f (x) = ϕ0 + ∑i=1
M ϕi (8)

In the formula, f (x) represents the model’s prediction result for sample x; ϕ0 is
the mean prediction for all training samples (the constant in the explanation model); ϕi

represents the contribution of the i-th evaluation factor to the model’s prediction result (the
Shapley value), and M is the number of evaluation factors.

3. Results
3.1. Distribution of Non-Landslide Point Samples

The landslide susceptibility indices (LSI) derived from the FR, IV, and CF methods
were uniformly classified into five levels using the Jenks natural breaks method. To evaluate
the performance of these methods, the Area Under the Curve (AUC) values were calculated,
thereby ensuring the reliability of the selected non-landslide samples. The results showed
that the AUC values for FR, IV, and CF were 0.8120, 0.8235, and 0.8044, respectively.
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Although these values are lower than those obtained from the machine learning models,
they still provide a meaningful reference.

Non-landslide sample points were selected using the six methods described in
Section 2.3.1, and the spatial distribution map of these points is shown in Figure 5. Figure 5a
shows the randomly selected non-landslide sample points within the study area; Figure 5b
represents the random selection of one non-landslide sample point within each grid;
Figure 5c shows the random selection of non-landslide sample points outside the 1 km
buffer zone established around landslide sample points. Additionally, the FR, IV, and CF
values for each evaluation factor were calculated (Table 4), and the landslide susceptibility
grid map was derived using Formulas (4)–(6). The map was classified into five levels using
the natural breaks method, and non-landslide sample points were randomly selected in the
very low- and low-susceptibility zones (Figure 5d–f).

Figure 5. Selection of non-landslide sample points by different methods ((a) Random selection method,
(b) Buffer selection method, (c) Rule selection method, (d) Frequency ratio selection, (e) Information
selection method, (f) Determination coefficient selection method).

Table 4. Statistical analysis results of susceptibility of each evaluation factor.

Evaluation Factor Grading Interval Number of Landslides FR IV CF

lithology metamorphic rock 77 0.6806 −0.3848 −0.3186
carbonatite 54 2.6100 0.9594 2.0793

clasolite 174 1.2714 0.2401 0.2560
magmatite 28 0.4494 −0.8000 −0.6741

Fault distance
(m) (0, 200] 73 1.6140 0.4787 0.2838

(200, 400] 43 1.0967 0.0923 0.6513
(400, 600] 35 1.0281 0.0277 −0.0344
(600, 800] 19 0.6419 −0.4434 −0.6041
(800, 1000] 27 1.0949 0.0907 0.0998

>1000 136 0.8486 −0.1641 −0.1354
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Table 4. Cont.

Evaluation Factor Grading Interval Number of Landslides FR IV CF

Elevation (m) (0, 69] 23 0.9598 −0.0411 −0.0949
(69, 117] 39 0.9214 −0.0818 −0.0019

(117, 160] 73 1.3954 0.3332 0.7391
(160, 204] 126 0.8404 −0.1739 −0.2004
(204, 254] 72 1.1169 0.1105 −0.0972

Slope
(◦) (0, 14] 13 0.1529 −1.8779 −0.8865

(14, 33] 47 0.9222 −0.0810 −0.2071
(33, 52] 116 2.0657 0.7255 0.9495
(52, 69] 124 1.8448 0.6124 1.1963
(69, 88] 33 0.4481 −0.8027 −0.6488

aspect horizon 0 0.0000 0.0000 −1.0000
north 0 0.0000 0.0000 −1.0000

northeast 4 0.1457 −1.9264 −0.9466
east 30 0.7571 −0.2782 −0.5145

southeast 63 1.2811 0.2477 0.2944
south 101 2.6549 0.9764 2.0951

southwest 78 2.8607 1.0511 2.6100
west 42 1.0997 0.0950 −0.2732

northwest 15 0.3284 −1.1134 −0.8962
Annual rainfall

(mm) (1488, 1526] 237 1.4638 0.3811 0.4430

(1526, 1570] 64 0.7610 −0.2731 −0.1876
(1570, 1628] 23 0.4509 −0.7965 −0.4684
(1628, 1708] 7 0.2822 −1.2652 −0.8740
(1708, 1880] 2 0.1789 −1.7210 −0.9157

River distance
(m) (0, 200] 42 1.9600 0.6730 1.0349

(200, 400] 28 1.4682 0.3840 0.5975
(400, 600] 28 1.3604 0.3078 1.0491
(600, 800] 31 1.4584 0.3774 0.5194
(800, 1000] 15 0.7119 −0.3398 −0.4167

>1000 189 0.8232 −0.1946 −0.2498
NDVI (0, 0.22] 31 2.4309 0.8883 4.1690

(0.22, 0.37] 220 9.3440 2.2347 8.3501
(0.37, 0.48] 58 0.8229 −0.1949 −0.5237
(0.48, 0.57] 23 0.1875 −1.6739 −0.8962
(0.57, 0.78] 1 0.0097 −4.6402 −0.9933

Road distance
(m) (0, 200] 95 3.0577 1.1177 2.7311

(200, 400] 34 1.2211 0.1998 0.6002
(400, 600] 25 0.9852 −0.0149 −0.3121
(600, 800] 30 1.2969 0.2600 0.2874
(800, 1000] 17 0.8087 −0.2123 −0.1707

>1000 132 0.6453 −0.4381 −0.4724
Land cover woodland 92 0.3918 −0.9370 −0.7857

bush 0 0.0000 0.0000 −1.0000
water 1 0.3625 −1.0149 −0.4500

herbaceous wetland 0 0.0000 0.0000 −1.0000
grassland 21 1.1928 0.1763 0.8575

cultivated land 14 0.2530 −1.3744 −0.8391
built-up area 15 1.4231 0.3528 −0.3006
bare land or

sparse vegetation 190 16.3083 2.7917 18.9321

3.2. Evaluation Results of Model Accuracy

This paper uses six different non-landslide sample methods for susceptibility evalua-
tion, with a uniform random forest model (RF) for the evaluation. For ease of subsequent
mapping and comparative analysis, the six non-landslide sample methods (random, rule-
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based, buffer, FR, IV, CF) combined with the RF model are abbreviated as RF_SJ, RF_GZ,
RF_HC, RF_FR, RF_IV, and RF_CF, respectively. This paper employs the grid search method
to optimize the parameters of each model. The optimal parameters of each model are shown
in the Table 5.

Table 5. Optimal parameter table for each model.

Model max_depth min_samples_split n_estimators

RF_SJ 7 8 150
RF_HC 6 4 200
RF_GZ 6 8 150
RF_FR 8 4 150
RF_IV 9 8 250
RF_CF 8 4 200

The parameter “n_estimators” represents the number of decision trees in the
forest, “max_depth” refers to the maximum depth of a single decision tree, and
“min_samples_split” indicates the minimum number of samples required for further split-
ting of an internal node.

To compare the predictive performance of different non-landslide sample methods, the
confusion matrix and ROC curve are used to validate the model accuracy. The confusion
matrices computed with different non-landslide sample methods are shown in Figure 6.
From the figure, it can be seen that for the models from RF_SJ to RF_GZ, the number of
correctly classified landslide samples is 93, 92, and 91, respectively, indicating that the RF_SJ
model has higher accuracy and predictive performance compared to the other two models.
In contrast, for the RF_FR, RF_IV, and RF_CF models, the number of correctly classified
landslide samples is 93, 94, and 93, respectively. Therefore, the lowest model accuracy and
predictive performance are found in the RF_SJ model, while the RF_IV coupled model
achieves the highest accuracy and predictive performance.

Figure 6. Confusion matrix ((a) RF_SJ, (b) RF_HC, (c) RF_GZ, (d) RF_FR, (e) FR_IV, (f) RF_CF).

The accuracy, precision, recall, and F1 score metrics were calculated using the confu-
sion matrix to quantitatively evaluate the model’s performance, with the results shown in
Figure 7. From the figure, it can be observed that in terms of accuracy, the RF_SJ, RF_HC,
RF_GZ, RF_IV, RF_FR, and RF_CF models have accuracy values of 0.91, 0.92, 0.93, 0.94,
0.94, and 0.93, respectively. The RF_SJ model has the lowest accuracy, indicating that
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the randomly selected non-landslide samples perform the worst. The RF_IV and RF_FR
models have the highest accuracy, correctly predicting the proportion of landslides in actual
landslide prediction. In terms of precision, the RF_IV and RF_FR models again have the
highest precision, both at 0.96, which is 0.06 higher than the RF_GZ model, 0.04 higher than
the RF_SJ and RF_CF models, and 0.05 higher than the RF_HC model. Based on precision,
the RF_IV and RF_FR models exhibit the best predictive performance. In terms of recall,
the RF_GZ, RF_CF, RF_HC, RF_IV, RF_FR, and RF_SJ models have recall values of 0.96,
0.95, 0.94, 0.93, 0.92, and 0.91, respectively. For the F1 score, the RF_IV and RF_FR models
have the same F1 score of 0.94, followed by the RF_GZ and RF_CF models with an F1 score
of 0.93. The lowest F1 score is observed in the RF_SJ model, with a value of only 0.91.
Therefore, by comprehensively comparing accuracy, precision, recall, and F1 score, it can be
concluded that the three coupled models based on statistical methods and RF have better
accuracy and performance. Among them, the RF_IV model achieves the best landslide
susceptibility prediction accuracy and performance, while the RF_SJ model has the worst
accuracy and performance.

 

Figure 7. Model evaluation indicators ((a) accuracy, (b) Precision, (c) Recall, (d) F1-score).

By comparing the ROC curves of the six different non-landslide sample models, it
can be seen from Figure 8 that the AUC values of all six models are greater than 0.96, with
relatively small differences between them. Among these, the highest AUC value is achieved
by the RF_IV model, with an AUC of 0.9878, while the lowest AUC value is observed in
the RF_FR model, with a value of 0.9696. In conclusion, the RF_IV model exhibits the best
susceptibility prediction performance within the study area, and thus, the non-landslide
sample selection based on the information content method provides the most effective
susceptibility evaluation.

Figure 8. ROC curve.
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3.3. Contribution Analysis Results of Evaluation Factors Using the SHAP Model

To further understand the decision-making process of the landslide susceptibility
model, this paper applies the SHAP model to analyze the contribution of evaluation factors.
The SHAP algorithm evaluates the influence of various factors by calculating the SHAP
values for each sample. In the plots, the X-axis (SHAP value) represents both the direction
and magnitude of a feature’s impact on the model output: a positive value indicates that the
feature increases the predicted landslide susceptibility value, thereby raising the likelihood
of landslide occurrence, while a negative value indicates that the feature decreases the
predicted susceptibility value, thereby reducing the likelihood of occurrence. The larger
the absolute SHAP value, the greater the influence of the feature on the model output.
The Y-axis represents the ranking of the importance of evaluation factors, where factors
are ordered from top to bottom in decreasing order of importance. The importance is
determined based on the absolute SHAP values of all samples. Additionally, the color
indicates the magnitude of the evaluation factor values, with blue representing lower
feature values and red representing higher feature values. The color gradient illustrates the
impact of changes in feature values on the model. Each point represents a sample, and the
clustering of samples reflects the distribution and impact of features [69].

Figure 9 shows the comparison of SHAP values among six different non-landslide
sample models. From the figure, it can be seen that in the randomly selected non-landslide
samples (Figure 9a), lithology, land use, slope, DEM, and NDVI have relatively large SHAP
values, indicating that these factors significantly influence the model’s predictions. Among
them, lithology has the largest SHAP value, making the greatest impact on landslide
susceptibility prediction, followed by land use. The SHAP values for fault distance, river
distance, and aspect are relatively small, with the smallest being fault distance, which has a
SHAP value close to 0. In the non-landslide samples outside the buffer zone (Figure 9b),
slope, NDVI, land use, DEM, and lithology are the key factors influencing the RF model.
Land use has the largest SHAP value, while slope’s SHAP values mainly range between
0.1 and 0.2. In the rule-based selection of non-landslide samples (Figure 9c), slope, lithology,
NDVI, land use, and DEM are identified as the primary influencing factors for the RF
model. For non-landslide samples selected within FR, IV, and CF (Figure 9d–f), NDVI,
slope, and lithology are the major influencing factors. Overall, although variations exist
among the six models, slope, NDVI, lithology, land use, and elevation consistently emerge
as the dominant controlling factors. Lithology plays a critical role due to the widespread
presence of weathered and fractured granite, slate, and sandstone–shale, which are highly
prone to failure. Steeper slopes, particularly those above 33◦ (Table 4), markedly increase
shear stress and act as a direct driving condition for landslides. NDVI shows a negative
correlation, reflecting the stabilizing role of vegetation through root reinforcement and
rainfall interception, whereas sparsely vegetated slopes are more susceptible to erosion.
Land use also contributes significantly, as human disturbances such as excavation and
cultivation weaken slope stability. Elevation exerts a mixed effect, with mid-to-high zones
experiencing greater dissection and rainfall, in contrast to the relatively stable valley
deposits. By comparison, fault distance, river distance, and aspect show consistently low
SHAP values across all methods, aligning with the field reality that small, scattered faults
and valley-confined rivers exert limited control on slope instability.
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Figure 9. SHAP of different non-landslide samples ((a) RF_SJ, (b) RF_HC, (c) RF_GZ, (d) RF_FR,
(e) RF_IV, (f) RF_CF).

3.4. Mapping of Susceptibility Assessment Results Based on Different Non-Landslide Samples
3.4.1. Mapping of Susceptibility Assessment

By training different non-landslide samples using the RF model, landslide suscep-
tibility maps for the study area were generated to analyze the impact of non-landslide
sample selection on the uncertainty of susceptibility results. The natural breaks method
was used to classify the susceptibility results of the study area into five sensitivity levels:
very low, low, medium, high, and very high. The final landslide susceptibility mapping
(LSM) results are presented in Figure 10, with red zones indicating high-susceptibility areas.
Analysis of the LSM for different non-landslide sample methods indicates that the landslide
susceptibility evaluation results for the six non-landslide sample selection methods are
generally similar, with the distribution of each sensitivity level being mostly the same,
though the areas differ. Overall, the very low- and low-susceptibility areas occupy a large
proportion of the total area, followed by the medium susceptibility areas. Moreover, the
distribution of landslide points closely matches the LSM distribution. The very high- and
high-susceptibility areas are primarily located in the eastern and central parts of the study
area, where the terrain is generally steeper, and the geological structure is dominated by
faults. With numerous roads present, human engineering activity is prevalent in the area.
Additionally, intense residential activity involving slope cutting for housing construction is
also evident. The very high- and high-susceptibility areas exhibit a trend of small area but
wide and scattered distribution, similar to the distribution characteristics of landslides in
the southern regions.

Field investigations show that the landslides in the study area are mainly distributed
in the northeastern and central regions with relatively low vegetation coverage. The central
and eastern parts of the area are mainly composed of hills and valleys. The terrain is steep
and the slope is relatively large, providing topographic conditions for the sliding of slope
rock and soil masses. The landslide materials are mostly rock and soil masses with weak
lithology, low shear strength and prone to weathering. Rainfall infiltration softens the soil
and weak structural surfaces, further reducing the stability of the slope. In addition, human
engineering activities (such as the excavation of the foot of the slope in road construction)
weaken the supporting force of the slope, resulting in frequent landslides along the road.
The SHAP analysis of the six types of non-landslide samples in Figure 9 further reveals that
slope, NDVI, lithology, land use type, elevation and road distance are the main controlling
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factors of landslides in the study area. The above-mentioned multi-source evidence jointly
verified the rationality of the evaluation results of landslide susceptibility.

Figure 10. Results of landslide susceptibility zoning based on different negative samples ((a) RF_SJ,
(b) RF_HC, (c) RF_GZ, (d) RF_FR, (e) RF_IV, (f) RF_CF).

3.4.2. Analysis of Susceptibility Evaluation Results

Based on the susceptibility zoning results, quantitative statistical methods were used
to analyze the area proportion, number, and frequency ratio of landslides in each sus-
ceptibility zone in detail, further testing the effectiveness of the model. The statistical
results are shown in Table 6. From Table 6, it can be seen that all landslide susceptibility
evaluation results were classified using the natural breaks method, but the index ranges
of each classification are relatively close. In this study, the natural breaks method rather
than equal interval classification was applied, because the natural breaks approach can
automatically identify optimal thresholds based on the inherent distribution of the data,
thereby maximizing inter-class differences and minimizing intra-class variance. This makes
it more consistent with the spatial distribution characteristics of landslide susceptibility
and is therefore widely adopted in geoscientific studies. For example, the index ranges
for the very low-susceptibility zones of RF_SJ, RF_HC, RF_GZ, RF_FR, RF_IV, and RF_CF
are [0.0, 0.14], [0.0, 0.12], [0.0, 0.12], [0.0, 0.13], [0.0, 0.14], and [0.0, 0.10] respectively, while
the index ranges for the very high-susceptibility zones are (0.53, 0.97], (0.59, 1], (0.58, 0.99],
(0.58, 0.99], (0.65, 0.99], and (0.62, 1] respectively. The areas of each susceptibility zone
decrease progressively from low to high susceptibility, with the area of the very low-
susceptibility zone accounting for about 30% of the total in most cases, with the exception
of RF_CF, which accounts for 44.90%. The area proportion of the very high-susceptibility
zone is less than 7%, with the highest proportion for RF_GZ at 6.24%, and the lowest for
RF_FR at 3.28%. Regarding landslide numbers, all six methods show that the majority of
landslides occur in the very high-susceptibility zone, with only a small number of landslides
occurring in the very low- and low-susceptibility zones. A comparison of the frequency
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ratio reveals that in the very low-, low-, and moderate-susceptibility zones, the frequency
ratio is less than 1, especially in the very low and low zones, where the frequency ratio is
close to 0. In the high-susceptibility zone, the frequency ratio approaches 1. In the very
high-susceptibility zone, RF_GZ exhibits the lowest frequency ratio of 11.79, while RF_FR
exhibits the highest frequency ratio of 25.98. Both values exceed 1, indicating that these
factors contribute positively to landslide occurrence, with RF_FR exerting a comparatively
stronger influence on landslide susceptibility. The landslide susceptibility probabilities
show a positive correlation with the susceptibility zone levels, gradually increasing as the
susceptibility zone level increases. This further reflects the model’s susceptibility prediction
results being well aligned with actual geological conditions. In the field of geology, it is
generally believed that landslides are mainly concentrated in the high- and very high-
susceptibility zones. By using different non-landslide sampling methods and comparing
the model prediction performances, the following conclusions can be drawn: (1) The RF_SJ
model predicts that 90.69% of landslides occur in the high- and very high-susceptibility
zones, covering 17.13% of the total area. (2) The RF_HC model predicts that 94.89% of
landslides occur in 18.47% of the corresponding area. (3) The RF_GZ model predicts that
94.89% of landslides occur in 18.47% of the corresponding area. (4) The RF_FR model
predicts that 97.00% of landslides occur in 13.72% of the area. (5) The RF_CF model predicts
that 95.80% of landslides occur in 11.00% of the area. (6) The RF_IV model predicts that
97.60% of landslides occur in 12.99% of the area. Thus, it is evident that the RF_IV model
performs better than the other models in terms of prediction accuracy.

Table 6. Statistical table of landslide hazard zones in different non-landslide samples.

Non-Landslide
Samples

Susceptibility
Classification Index Range Area/km2 Area Proportion Number of

Landslides
Landslide
Proportion Frequency Ratio

RF_SJ

Very Low [0, 0.14] 672.31 31.17% 1 0.30% 0.01
Low (0.14, 0.24] 600.86 27.86% 5 1.50% 0.05

Moderate (0.24, 0.36] 514.04 23.84% 25 7.51% 0.31
High (0.36, 0.53] 279.59 12.96% 56 16.82% 1.30

Very High (0.53, 0.97] 89.79 4.16% 246 73.87% 17.74

RF_HC

Very Low [0, 0.12] 701.84 32.54% 2 0.60% 0.02
Low (0.12, 0.25] 614.31 28.49% 2 0.60% 0.02

Moderate (0.25, 0.40] 442.18 20.50% 13 3.90% 0.19
High (0.40, 0.59] 265.96 12.33% 33 9.91% 0.80

Very High (0.59, 1] 132.29 6.13% 283 84.98% 13.85

RF_GZ

Very Low [0, 0.12] 691.26 32.05% 2 0.60% 0.02
Low (0.12, 0.26] 621.70 28.83% 2 0.60% 0.02

Moderate (0.26, 0.4] 421.46 19.54% 9 2.70% 0.14
High (0.4, 0.58] 287.60 13.34% 75 22.52% 1.69

Very High (0.58, 0.99] 134.57 6.24% 245 73.57% 11.79

RF_FR

Very Low [0, 0.13] 666.36 30.90% 0 0.00% 0.00
Low (0.13, 0.24] 741.29 34.37% 3 0.90% 0.03

Moderate (0.24, 0.37] 453.07 21.01% 7 2.10% 0.10
High (0.37, 0.58] 225.07 10.44% 39 11.71% 1.12

Very High (0.58, 0.99] 70.80 3.28% 284 85.29% 25.98

RF_IV

Very Low [0, 0.14] 645.84 29.95% 0 0.00% 0.00
Low (0.14, 0.27] 759.45 35.22% 0 0.00% 0.00

Moderate (0.27, 0.42] 471.09 21.84% 8 2.40% 0.11
High (0.42, 0.65] 183.04 8.49% 30 9.01% 1.06

Very High (0.65, 0.99] 97.17 4.51% 295 88.59% 19.66

RF_CF

Very Low [0, 0.1] 968.21 44.90% 0 0.00% 0.00
Low (0.1, 0.22] 679.42 31.50% 3 0.90% 0.03

Moderate (0.22, 0.39] 271.64 12.60% 11 3.30% 0.26
High (0.39, 0.62] 132.83 6.16% 32 9.61% 1.56

Very High (0.62, 1] 104.49 4.85% 287 86.19% 17.79

The rationality of the susceptibility evaluation results is mainly analyzed by examin-
ing the area percentage of each susceptibility zone and the number of landslides included
in each zone. Table 6 provides a detailed statistical analysis of the landslide susceptibil-
ity results predicted by six different non-landslide sample selection methods. To better
visualize the statistical results, bar charts were created for the area percentage and the
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number of landslides in each susceptibility zone, as shown in Figure 11. Generally, an
ideal susceptibility zoning usually shows that as the susceptibility level increases, the area
percentage of each susceptibility zone gradually decreases, while the number of landslides
in each zone correspondingly increases. Figure 11a shows the area percentage of each
susceptibility zone. From the chart, it can be observed that the prediction results from the
six different non-landslide sample selection methods follow the same pattern. Figure 11b
displays the number of landslide sample points included in each susceptibility zone. This
also follows the trend where the number of landslide points gradually increases from
low- to high-susceptibility zones, with most landslide points concentrated in the very
high-susceptibility zones. As the sensitivity level increases, the area percentage gradually
decreases. Therefore, the landslide susceptibility results predicted by the six different
non-landslide sample selection methods are all reasonable.

Figure 11. Characteristic analysis of susceptibility results of different non-landslide sample models
((a) area percentage of susceptibility zones; (b) percentage of hidden landslide points in each zone).

However, it should be noted that in this study, the proportion of very low- and
low-susceptibility zones exceeds 50%, while the proportion of high-susceptibility zones
is relatively small. This may pose a potential risk of overfitting when using a 1:1 ratio
of landslide to non-landslide samples [70,71]. Previous studies have demonstrated that
different sample ratios (e.g., 1:1, 1:2, 1:5) can influence model performance, suggesting that
future work could include a sensitivity analysis of sample ratios to validate the robustness
of the results under different sampling schemes.

4. Discussion
4.1. Comparison of Different Sampling Methods for Non-Landslide Samples

When constructing a landslide susceptibility evaluation model, the selection and
quality of non-landslide samples are crucial. However, the definition of non-landslide
samples remains inconsistent within China. The most commonly used approach is to select
regions where landslides have never occurred as non-landslide samples. Yet, this method
may inadvertently include potential landslides, thereby affecting the model’s prediction
accuracy [43]. This paper examines the impact of six different non-landslide sample selec-
tion methods on susceptibility evaluation results. Among them, random selection is the
most commonly used method, and using the RF model on this basis yields relatively good
prediction accuracy. However, this approach may result in samples that do not cover all
types of areas that have never experienced landslides or may have deviations from the
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actual situation [36,41]. The buffer zone method can narrow the scope of non-landslide sam-
ples, but the buffer distance setting still lacks a unified standard and needs to be adjusted
based on landslide characteristics [42]. The rule-based method ensures even distribution of
samples but may be blindly applied and might fail to select true non-landslide areas [41].
The FR, IV, and CF methods can effectively avoid landslide regions, but the FR method
has issues with capturing non-landslide terrain comprehensively. The CF method assumes
that the susceptibility of landslides has a linear relationship with the evaluation factors,
but in reality, the susceptibility of landslides may have a complex nonlinear relationship
with the evaluation factors [42,43]. In contrast, the IV model has better ability to handle
interactions between factors and does not require complex assumptions. It is particularly
suitable for data-scarce or imbalanced situations, performing better in study areas with
complex geological and environmental factors [72].

The selection of non-landslide samples requires an in-depth analysis of the unique
characteristics and topography of landslide in the study area, taking multiple factors
into consideration to ensure the scientific and representative nature of the samples, thus
improving the accuracy of landslide susceptibility evaluation. Through cloud and rain
plot analysis of landslide and non-landslide sample points (Figure 12), the study finds
that the landslide sample points predicted by the RF_IV model have the highest and most
concentrated values, with a median of 0.883, whereas the non-landslide sample points
have the lowest prediction values, mainly concentrated below 0.18. In comparison, the
prediction value distribution of other methods is more scattered, reflecting that the RF_IV
model provides the highest prediction accuracy and indicating that the non-landslide
samples selected by the IV method are of higher quality, significantly improving the
model’s accuracy.

Figure 12. Cloud and rain maps based on the predicted values of landslide susceptibility using
different sampling methods ((a) landslide sample sites; (b) non-landslide sample sites). The colors in
the figure represent different classification models, while the points denote the predicted probability
values for landslide and non-landslide samples, respectively.

Taking NDVI and slope as example evaluation factors, box plots (Figure 13) were
used to assess the distribution of non-landslide sample values (normalized evaluation
factor values). The results show that the NDVI values of RF_CF and RF_IV models are
more concentrated, while 75.38% of landslide sample points have NDVI values less than
0.37 (Table 4). Regarding slope, non-landslide sample points are mainly concentrated
in low-slope areas, and the RF_IV method shows the highest concentration, contrasting
sharply with the high-slope distribution of landslide sample points (Table 4). Further
analysis indicates that the IV method outperforms other non-landslide sample selection
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approaches for two main reasons. First, it effectively addresses data imbalance. By cal-
culating the information value, the IV method appropriately allocates sample weights,
enabling the model to more accurately learn features from both classes, and its AUC value
is slightly higher than those of the CF and FR models. Second, it reduces noise interference.
When selecting non-landslide samples, the IV method excludes potential landslide-prone
areas similar to landslide samples, thereby minimizing the impact of noisy samples on
model training and enhancing the stability and reliability of model predictions. These
results suggest that the non-landslide samples selected using the IV method follow more
regular patterns, avoiding randomness and uncertainty, and are therefore more reliable
and scientific.

Figure 13. The box plot of the non-landslide sample is based on the slope normalization value and
the NDVI normalization value ((a) NDVI; (b) Slope). The colors in the figure represent different
classification models. The points indicate the values of non-landslide samples in the NDVI and
slope spaces.

4.2. Compared with Models from Other Studies

In the selection methods of non-landslide samples for landslide susceptibility evalua-
tion, several scholars have conducted similar studies (Table 7). For example, the study by
Dou et al. [42] demonstrated that the information entropy method and conditional factor
method resulted in higher quality non-landslide samples and better evaluation accuracy
than the buffer zone method. Zhu et al. [42] compared four non-landslide sampling meth-
ods (random method, buffer zone method, frequency ratio method, and analytic hierarchy
process) and found that the frequency ratio and analytic hierarchy methods yielded higher
susceptibility evaluation accuracy than the other two methods, with the highest accuracy
achieved by the analytic hierarchy process. Trinh et al. [43] applied three susceptibility
evaluation methods (SVM, Bayesian, and KNN) and verified that landslide samples se-
lected using the frequency ratio method had higher quality than those selected using the
analytic hierarchy process. These studies indicate that the accuracy and rationality of
landslide susceptibility evaluation results are closely related to the quality of non-landslide
sample selection.

Building on the aforementioned studies, this paper summarizes and improves upon
previous methods by proposing six non-landslide sample selection methods and then
constructs a landslide susceptibility evaluation model for the study area using random
forests. The results indicate that the RF_IV model achieves the highest prediction accuracy,
with an AUC value of 0.9878, while models constructed using other non-landslide sample
selection methods also generally outperform those reported in previous studies. This
improvement may be attributed to differences in the study area, the historical landslide
samples, and the spatial resolution of evaluation factor data. In this study, the evaluation
factors were processed at a 5 m spatial resolution, whereas previous studies typically used
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30 m resolution data. Higher-resolution data better capture local topographic features,
thereby enhancing landslide susceptibility evaluation accuracy, as also demonstrated by
Yang et al. [73]. These findings provide practical guidance for policymakers to optimize
landslide prevention strategies and land-use planning. The method also has transferable
potential and can be applied to landslide susceptibility assessments in other mountainous
regions of China or similar terrains worldwide.

Table 7. Comparison of model prediction accuracy in different non-landslide point selection
strategies (ROC).

Source Model Non-Landslide Sample AUC

Dou et al. [42]

Logistics regression

Buffer zone method (600 m) 0.936
Buffer zone method (900 m) 0.95

Buffer zone method (1200 m) 0.954
Buffer zone method (1500 m) 0.946

Condition factor method 0.991
Information value model 0.997

Artificial neural networks

Buffer zone method (600 m) 0.942
Buffer zone method (900 m) 0.952

Buffer zone method (1200 m) 0.956
Buffer zone method (1500 m) 0.946

Condition factor method 0.989
Information value model 0.995

Zhu et al. [41]

Random Forest

District-wide random
selection method 0.7483

Buffer method 0.777
Frequency ratio method 0.857

Analytic hierarchy process 0.9164

XGBoost

District-wide random
selection method 0.7553

Buffer method 0.7619
Frequency ratio method 0.8668

Analytic hierarchy process 0.9217

Trinh et al. [43]

SVM
Frequency ratio method 0.969

Analytic hierarchy process 0.963

Bayesian Frequency ratio method 0.87
Analytic hierarchy process 0.817

KNN
Frequency ratio method 0.896

Analytic hierarchy process 0.86

This study Random Forest

random selection method 0.9768
Buffer method 0.978

Regular distribution method 0.9708
Frequency ratio method 0.9696

Information value method 0.9878
Certainty factor method 0.9857

5. Conclusions
This study investigates the impact of non-landslide sample selection methods on

landslide susceptibility evaluation. Based on 333 landslide sample points in Yongxin
County, Jiangxi Province, ten evaluation factors—including slope aspect, elevation, slope,
and lithology—were selected. Six non-landslide sampling methods (random selection,
buffer zone, rule-based distribution, frequency ratio, information entropy, and coefficient of
determination) were employed to build susceptibility models. The Random Forest model
was used for training, and model performance was quantitatively assessed using confusion
matrix, accuracy, precision, recall, F1 score, and ROC curve, while the SHAP model ana-
lyzed the contribution of each factor. Results show that the choice of non-landslide samples
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significantly affects model performance. The findings provide practical guidance for local
governments, planners, and disaster managers in landslide prevention, land-use planning,
and policy-making. Moreover, the methodology and insights have transferable potential,
offering reference for landslide susceptibility studies in other mountainous regions of China
and similar terrain worldwide. The findings are as follows:

(1) Among the six different non-landslide sample selection methods, the RF_IV model
achieved the highest accuracy, precision, recall, and F1 score, with values of 0.94,
0.96, 0.93, and 0.94, respectively, outperforming other models. It also had the highest
AUC value, 0.9878, indicating that the IV method provided the best quality non-
landslide samples.

(2) The SHAP model analysis revealed that different models have distinct decision-
making mechanisms. NDVI, slope, lithology, land cover, and DEM were identified
as the primary contributing factors for susceptibility evaluation, while fault distance,
river distance, and slope aspect had relatively small SHAP values, indicating a mini-
mal influence on the model.

(3) According to the susceptibility evaluation statistics, the RF_IV model predicted that
97.60% of landslides corresponded to areas with high or very high susceptibility,
covering 12.99% of the area. This indicates that most landslide sample points are
located within a small area, aligning with the susceptibility results, and significantly
outperforming other models.

Despite the achievements of this study, several limitations remain. First, the sample
size and spatial distribution are constrained by the available landslide records and the
non-landslide sample selection methods, which may affect the generalizability of the
model. Second, although the evaluation factors cover geological, topographic, hydrological,
and vegetation aspects, temporal factors such as rainfall were not considered, potentially
limiting the model’s dynamic applicability. Future research could integrate deep learning
and machine learning techniques to assess the quality of landslide and non-landslide
samples, automate and refine the exclusion of invalid data, and thereby enhance overall
landslide susceptibility prediction performance.
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Abbreviations

LSP Landslide susceptibility prediction.
LSI Landslide susceptibility indexes.
RF Random forest.
FR Frequency Ratio.
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IV Information Value.
CF Certainty Facto.
SJ It indicates that the non-landslide samples are randomly selected.
GZ It indicates that non-landslide samples are selected according to the rules.
HC Non-landslide samples are selected according to the buffer zone.

It represents a coupled model in which the random
RF_SJ, RF_GZ, RF_HC, forest model is successively combined with non-landslide sample
RF_FR, RF_IV, RF_CF sampling using methods such as randomness, regularity, buffer zone,

frequency ratio, information quantity, and deterministic coefficient.
F1-score It is a balanced measure of a model’s accuracy.
ROC Receiver Operating Characteristic curve.
AUC Area Under ROC.
LSM Landslide Susceptibility Mapping.
NDVI Normalized Difference Vegetation Index.
DEM Digital Elevation Model.
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