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This study developed a modeling methodology for statistical optimization-based geologic hazard
susceptibility assessment, aiming to enhance the comprehensive performance and classification accuracy
of the assessment models. First, the cumulative probability method revealed that a low probability (15%)
of geologic hazards between any two geologic hazard points occurred outside a buffer zone with a radius
of 2297 m (i.e., the distance threshold). The training dataset was established, consisting of negative
samples (non-hazard points) randomly generated based on the distance threshold, positive samples (i.e.,
historical hazards), and 13 conditioning factors. Then, models were built using five machine learning
algorithms, namely random forest (RF), gradient boosting decision tree (GBDT), naive Bayes (NB),
logistic regression (LR), and support vector machine (SVM). The comprehensive performance of the
models was assessed using the area under the receiver operating characteristic curve (AUC) and overall
accuracy (OA) as indicators, revealing that RF exhibited the best performance, with OA and AUC values
of 2.7127 and 0.981, respectively. Furthermore, the machine learning models constructed by considering
the distance threshold outperformed those built using the unoptimized dataset. The characteristic factors
were ranked using the mutual information method, with their scores decreasing in the order of rainfall
(0.1616), altitude (0.06), normalized difference vegetation index (NDVI; 0.04), and distance from roads
(0.03). Finally, the geologic hazard susceptibility classification was assessed using the natural breaks
method combined with a clustering algorithm. The results indicate that the clustering algorithm exhibited
higher classification accuracy than the natural breaks method. The findings of this study demonstrate that
the proposed model optimization scheme can provide a scientific basis for the prevention and control of
geologic hazards.

©2026 China Geology Editorial Office.

1. Introduction

Geologic hazards are severe natural disasters with a

landform in the Loess Plateau in China, and Fig. 1b illustrates
a common loess collapse from the research database. Loess
collapses are typically caused by a sudden detachment of soils
from a steep loess slope under the activity of gravity, resulting

geologic origin (Yu S et al., 2015), including loess collapses,
landslides, and debris flows throughout the world (Zhang H
and Wang Z, 2022). Fig. | presents typical hazard types
investigated in this study. Fig. la shows the characteristic
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in soil accumulation at the base of the slope. This process can
be triggered by factors such as rainfall, human activities, and
biological activities. Fig. 1c depicts a landslide hazard, where
soils slide along a weak surface due to gravity, in a high-slope
region with thick loess strata. Landslides can be triggered by
surface water, groundwater, river erosion, human engineering
activities, freeze-thaw cycles, and weathering processes. In
the Loess Plateau, loess collapses might trigger landslides.
During the formation of loess landslides, collapses may occur
first, followed by subsequent landslides along weak structural

Copyright © 2026 Editorial Office of China Geology. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
This is an open access article under the CC BY-NC-ND License (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Fig. 1. Geologic hazard types in the Loess Plateau in northwestern China. a—Characteristic landform of the Loess Plateau; b—loess collapse;

c—landslide; d—debris flow.

planes within the loess strata, thus forming the collapse-then-
landslide model. Fig. 1d represents a debris flow hazard in the
study area, which emerges as an engineering-induced
dynamic geological phenomenon characterized by torrents of
water mixed with sediments and stones. Notably, loess
collapses and landslides are closely associated with debris
flows. Areas prone to both types of geologic disasters are also
susceptible to debris flow outbreaks, though sufficient water
is required initially. These hazards pose a serious threat to
urban and rural infrastructure, transportation networks,
factories, and water conservancy projects (Wang J et al.,
2012).

Factors influencing geologic hazards vary with region.
Generally, these hazards are caused by natural elements and
anthropogenic factors, with the former including abnormal
energy release within the Earth, material movements, and
rock deformations (e.g., heavy rainfall, earthquakes, and rapid
snowmelt) and the latter including road construction and
irrigation (Yuan X et al., 2018; Zhang W et al., 2023; Ullah K
et al., 2022). The rapid development of technology has greatly
improved the efficiency of resource acquisition (He F et al.,
2021). However, the excessive exploitation of natural
resources has led to numerous natural disasters such as
geologic hazards (Abdulwahid WM and Pradhan B, 2017),
posing a serious threat and causing irreparable damage to both
people and society (Chen C et al., 2018). Therefore, it is
essential to develop a model for geological hazard
susceptibility assessment by effectively analyzing human

activities, natural and geographical environments, and
geological interactions (Andriani GF and Loiotine L, 2020).

The efficiency and reliability of models for geological
hazard susceptibility assessment have been greatly improved
with the advancement in remote sensing (RS) and geographic
information system (GIS) (Hong Y and Abdelkareem M,
2022; Hu Y et al., 2022) since RS-derived data and the spatial
analysis tools of a GIS are identified as fundamental
components of the models (Zhu J et al., 2011). Geologic
hazard conditioning factors and detailed data on historical
geologic hazards are crucial to knowledge-based and data-
driven spatial modeling approaches (Zhang X 2020).
Knowledge-based spatial modeling methods have been
extensively applied to map plotting in geological hazard
susceptibility assessment (Liang SY et al., 2010), including
Analytical Hierarchy Process (AHP) (Abuzied SM and
Mansour BMH, 2019), fuzzy logic, frequency ratio, a
combination of AHP with GIS-based statistical models (Chen
Y et al., 2014; Tazik E et al., 2014), and information value
models (Liu Y et al., 2018). The model-derived results are
classified using similar classification methods such as the
landslide potential index (Kahal AY et al., 2021).

In recent years, machine learning has been increasingly
applied to geologic hazard analysis, providing new
approaches for addressing geologic hazard challenges, with
key algorithms employed including LR (Liu L et al., 2021),
boosted regression tree (Alireza A et al., 2019), generalized
linear model (Saleh Y et al., 2020), RF (Wang Z et al., 2024),
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SVM (Wang W et al., 2020) and multivariate discriminant
analysis (MDA; Regina SL et al., 2024). Many models for
geological hazard susceptibility assessment have been
developed while considering various factors such as
topography, geology, meteorology, hydrology, and human
activities (Lin J et al., 2021; Youssef AM et al., 2023),
proving that advanced machine learning methods are highly
effective in the spatial prediction of geologic hazards.

Previous researchers tend to rely on models built using
empirical knowledge, which restrict their acquisition of
objective and quantitative results. Presently, many researchers
have shifted their attention to machine learning methods in
geological hazard susceptibility assessment. However, they
frequently overlook the rationality of the spatial distribution
of samples from a dataset. Furthermore, negative samples are
typically constructed through random generation, leading to
compromised accuracy and decreased generalizability of
models. Regarding the results, the natural breaks method,
which is highly sensitive to noise and outliers in large
datasets, is commonly used for geological hazard
susceptibility classification, resulting in over-segmentation in
geologic hazard zoning.

This study aims to address the aforementioned three
challenges by advancing quantitative geological hazard
susceptibility assessment. By investigating the Loess Plateau
in northern Shaanxi, China—a region recognized as one of the
most environmentally fragile areas in the country (Zeng L and
Huang Y, 2010), this study developed a model for geological
hazard susceptibility assessment using RF, GBDT, LR, NB,
and SVM algorithms, which were determined based on
relevant factors influencing the assessment. First, the
probability of the occurrence of geologic hazards between any
two geologic hazard points was calculated using the

cumulative probability method. Consequently, the hazard
threshold for the training dataset was obtained, using which
negative samples were generated, forming the training dataset
for the susceptibility evaluation. Finally, the susceptibility
probability produced by the model was classified using the
clustering algorithm, determining the susceptibility. The
results demonstrate that this approach allows for the building
of a high-precision model for geological hazard susceptibility
assessment, thus contributing to the timely assessments of
regional geologic hazards and the minimization of associated
losses.

2. Materials and methods
2.1. The study area

The Loess Plateau in northern Shaanxi, emerging as the
most representative region of loess deposits and landforms in
China, is known for its severe soil erosion and high
susceptibility to geologic hazards (Gan Z et al., 2004). This
plateau extends from 34.30°N to 39.60°N and from 106.30°E
to 111.50°E, covering an area of 79490 km? (Fig. 2).
Regarding its landscape, it is generally mountainous in the
west and southwest and is dominated by a network of gullies
and river valleys in the remaining parts. The Loess Plateau
exhibits altitudes ranging from 340 m to 2430 m, slopes from
0° to 80°, and curvatures from —81 to 70. Contemporarily, its
gully density is approximately 45 km/km? with a ratio
between inter-gully and gully areas of 6 : 4. Its surface
displays a crack density of about 50%. The crisscrossed
gullies lead to fragmented terrain, rendering this region
frequently subjected to geologic hazards. (Gan Z et al., 2004;
Matsunaga K and Gan Z, 2007; Shi Q et al., 2007).

106°40'E  108°00'E  109°20'E  110°40'E

N
77 A
-7 z A z
- = w4 =3
N 1B
n n
Z Z
=3 =3
(= (=]
% %
3] I3}
% Altitude/m %
g 1 P 2430 g
3] 3]
’ Bt
4 Z| a Z.
) S | Geological hazard points =
' S - S
el a a5 Fhag R a
N N A <l ol N
= | MG
Drawing approval No. : GS(2022)4301 = Z 0 75 150 km Z
sl — ———— 15
S 106°40'E 108°00'E  109°20'E  110°40'E

Fig. 2. Location of the Loess Plateau in northwestern China.
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2.2. Methodology

In the Loess Plateau in northern Shaanxi, geologic hazards
such as loess collapses and landslides are strongly influenced
by various geological, climatic, topographic, and human
factors. To achieve deeper insights into the causes and
enhanced prediction accuracy of these hazards, this study
determined the mechanisms behind the correlations between
geologic hazards and environmental characteristics using
machine learning models. First, the unique geological
conditions and topography of the Loess Plateau were analyzed
based on a comprehensive literature review, identifying key
factors influencing geologic hazards. Next, data on historical
geologic hazards and environmental
transformed into the input variables of the models through
feature engineering. A range of machine learning algorithms
were then employed to train the models to capture complex
relationships between the input variables and geologic
hazards. These models can handle multivariate data and detect
nonlinear patterns, thus improving the prediction accuracy.
During the model training, the models were evaluated and
optimized using performance indicators to ensure strong
generalization and excellent prediction performance.
Additionally, the impacts of different environmental factors
on hazard susceptibility were assessed using the mutual
information method for feature selection, further optimizing
the model structure. Ultimately, the geologic hazard
susceptibility in the study area were quantitatively assessed
using the models. An overview of the research methodology
for quantitative geologic hazard susceptibility assessment is
depicted in Fig. 3.

The machine learning-based geologic hazard susceptibility
assessment can be divided into four main phases. The first

features were

phase involved data collection and the construction of
machine learning datasets. The key innovation in this stage is
that the training dataset was divided into positive and negative
samples using the cumulative probability method. In the
second phase, the dataset was trained using the RF, GBDT,
LR, NB, and SVM algorithms, leading to the formation of
five models. Additionally, the model accuracy was evaluated
using the ROC, Matthews’ correlation coefficient (MCC), and
OA metrics. In the third phase, the probability values for
geologic hazard susceptibility assessment were calculated
using the five models and were then used to generate an
assessment map. In the fourth stage, a novel method was
proposed, using which the assessment models with superior
performance were selected. The natural breaks method
combined with a clustering algorithm was employed to
classify the susceptibility probability results, ultimately
forming the optimal classification method.

2.3. Historical geologic hazard data

Historical geologic hazard data, laying the foundation for
the modeling process, are essential for geologic hazard
susceptibility assessment (Bui DT et al., 2011). To examine
the relationships between geologic hazard occurrences and
various conditioning factors, as well as identifying common
failure mechanisms (Wang C et al., 2021), this study first
gathered data on historical geologic hazard events from
multiple sources, including the Department of Natural
Resources of Shaanxi Province and data from Moderate-
resolution Imaging Spectroradiometer (MODIS) and
Interferometric Synthetic Aperture Radar (InSAR). The 2850
geologic hazard events recorded consisted of 1666 loess
collapses and 1184 landslide events. Geologic hazards in the
Loess Plateau are dominated by loess collapses and landslides
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Fig. 3. Geologic hazard susceptibility assessment based on machine learning method.
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due to its unique topography (Li Y and Mo P, 2019). Given
that loess collapse and landslide events share similarities in
mechanisms and occurrence conditions, this study increased
the sample size by considering loess collapses and landslides
together under a unified ‘collapse-landslide’ model (Xu C et
al., 2025).

2.4. Preparation of training and testing datasets

For spatial prediction in machine learning-based geologic
hazard susceptibility assessment, it is necessary to divide data
into two groups using binary classification: geologic hazard
points and non-geologic hazard points. Before selecting
negative samples, statistical analysis is required to examine
the spatial distribution characteristics of samples. This study
investigated the spatial distribution of samples using the
cumulative probability method, revealing that the maximum
distance between any two adjacent geologic hazard points is
29109.64 m (Fig. 4). The results also indicate that a buffer
radius of 2297 m corresponds to an 85% probability that
neighboring geologic hazard points fall within the buffer
zone. Therefore, a buffer radius of 2297 m was selected. The
sampling space outside this buffer zone was designated for
negative samples, corresponding to a low geologic hazard
probability of 15%. Non-geologic hazard points were then
randomly generated using the ArcGIS software. The data was
divided into a training dataset (70%) for modeling and a
testing dataset (30%) for assessment. Both datasets were
converted to the raster format with a pixel size of 90 m,
matching the spatial resolution of the digital elevation model
(DEM). Geologic hazard points and non-geologic hazard
points were denoted by 1 and 0, respectively (Chen W et al.,

2019). Finally, 13 geologic hazard conditioning factors were
determined for the training dataset to extract attribute values.

2.5. Preparation of the geologic hazard conditioning factors

Geologic hazard susceptibility assessment assumes that
the occurrence of geologic hazards in the future is influenced
by environmental parameters linked to past geologic hazards
(Catani F et al., 2005). The occurrence of collapses and
landslides depends primarily on the local geological
conditions of slopes (Broothaerts N et al., 2012), while factors
such as terrain and stratigraphic lithology tend to stabilize
spatially (Wu Y and Lan H, 2022; Tian H et al., 2023). The
analysis of the development and distribution of landslides and
collapses, combined with relevant field investigation results,
reveals that primary conditioning factors include altitude,
curvature, aspect, slope, lithology, distances to faults, rivers,
settlement and roads, NDVI, land use, rainfall, and InSAR
(Huo A et al., 2019; Huo A et al., 2020; Meng Z et al., 2021;
Yi J et al, 2022). These factors reflect the combined
influences of topography, lithology, structural features, human
engineering activities, and triggering factors on geologic
hazards. Additionally, raster data were used as the evaluation
units to quantify these factors (Fig. 5).

In this study, the altitude dataset consists of DEM data
obtained using the phased array L-band synthetic aperture
radar (PALSAR) system on the Advanced Land Observing
Satellite (ALOS; Fig. 5a; https://search.asf.alaska.edu/#/).
Using the ArcGIS Pro software, additional terrain-related
parameters such as curvature, slope, and aspect can be
computed (Figs. 5b—d). Lithologic data were sourced from the
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Fig. 4. Negative sample selection.
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(https://www.resdc.cn/; Fig. 5e). The distance from faults was Geomatics Center of China (https://www.webmap.cn/store.do?
determined using the Euclidean Distance tool of ArcGIS Pro method=store&storeld=2; Fig. 5g). Vegetation coverage was
(Fig. 5f). The distance from rivers was calculated using characterized using NDVI (Fig. 5h). To conserve storage

ArcGIS based on the river data provided by the National space, the NDVI values were first amplified by 10000 times
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from the range of —0.2-1 to —2000-10000 and were then
compressed to the range of 0-255 (Liu J et al., 2005). Land
use, changes in land cover, and road data—core components
of the human-environment coupling system —are essential
variables in research on geologic hazards (Liu J et al., 2010).
These datasets were provided by the Data Center for
Resources and Environmental Sciences, Chinese Academy of
Sciences (http://www.resdc.cn; Figs. 51, k). In the calculation
of the distance from residential areas, the names of towns or
streets were obtained from the National Bureau of Statistics
(http://www.stats.gov.cn). The coordinates of these locations
were obtained using the address lookup tool of mapping
service software, followed by correction using coordinate
correction tools to obtain accurate coordinates. Based on these
coordinates, the distance from residential areas was computed
(Fig. 5j). The annual average rainfall of the years when
geologic hazards occurred was obtained from meteorological
stations under the Shaanxi Provincial Department of Natural
Resources (Fig. 51). Raster data were generated using the

Kriging interpolation method. InNSAR data were accessed on
the website of the European Space Agency's Sentinel dataset
(https://scihub.copernicus.eu/). Raw radar image data were
provided by the Sentinel-1 Synthetic Aperture Radar. After
being preprocessed through calibration, filtering, and phase
unwrapping, the radar image data were wused for
interferometric processing to compute the phase differences
between them. Ultimately, the surface deformation data of the
Loess Plateau were obtained (Hu J et al., 2014; Osmanoglu B
et al., 2016; Yu H et al., 2019; Fig. 5m). These conditioning
factors are detailed in Table 1.

2.6. Model description

Following the establishment of the training and testing
datasets, various models for geologic hazard susceptibility
were trained. To determine the feasibility of the assessment,
five machine learning algorithms were selected: RF, GBDT,
NB, LR, and SVM.
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Table 1. Conditioning factors of geologic hazard susceptibility assessment.

Category Conditioning factor Source Data type Spatial resolution
Terrain and landform Altitude DEM Continuous 90 mx90 m
Curvature
Aspect
Slope
Geotechnical conditions Lithology National map Categorical 1 100000
Geological conditions Distance from faults National map Continuous 90 mx90 m
Hydrological conditions Distance from rivers National map Continuous 90 mx90 m
Environmental conditions NDVI Official organization Continuous 30 mx30 m
Land use
Human engineering activities Distance from residential areas Official organization Continuous 90 mx90 m
Distance from roads
Climate conditions Rainfall Continuous 90 m*x90 m
Surface deformation InSAR Sentinel-1 Continuous 20 mx20 m

RF is a tree-based ensemble learning method widely used
for prediction. It works by combining multiple decision trees
to generate a single, reliable prediction, exhibiting robust
resistance to overfitting and significantly enhanced prediction
performance across various applications (Zounemat-Kermani
Metal., 2021).

GBDT is a powerful tool for large-scale classification and
regression tasks. Based on decision trees, it is well suited to
handling heterogeneous data, providing heightened accuracy
and robustness in machine learning applications (Hancock JT
and Khoshgoftaar TM, 2020; Liu X and Pan R, 2021).

NB classifiers are simple probabilistic models that utilize
Bayes' theorem. Assuming strong independence between
features, NB is commonly employed in machine learning
owing to its simplicity and effectiveness in making
predictions (Sugahara S and Ueno M, 2021).

LR is a widely used classification algorithm known for its
reliable performance and low computational cost. This
algorithm uses a logistic function to model the relationship
between multiple variables, effectively reducing confounding
effects by analyzing the correlations among all variables
(Cyril V et al., 2017).

SVM is renowned for its adaptability and strong
performance across various contexts. This algorithm,
employing kernel functions to expand the feature space and
identify nonlinear decision boundaries, is effective in
classification (Su Q et al., 2017).

2.7. Model performance evaluation

Evaluation is essential for probabilistic modeling,
determining the reliability of model output. Various
performance metrics are available to assess the effectiveness
of models for geologic hazard susceptibility assessment. This
study employed accuracy, precision, recall, F;-score, MCC,
OA, and AUC as the evaluation criteria for the models (Nandi
A et al., 2016; Davood M et al., 2019). To calculate these
metrics, it is necessary to determine four numbers: (1) True
Positive (7P), the number of samples that belong to the
positive class and are predicted as positive; (2) False Positive
(FP), the number of samples that belong to the negative class

but are predicted as positive; (3) True Negative (7N), the
number of samples that belong to the negative class and are
predicted as negative; and (4) False Negative (FN), the
number of samples that belong to the positive class but are
predicted as negative.

In this study, accuracy is defined as the proportion of
correctly predicted samples (7P + TN) within the dataset,
precision is the proportion of true positive (7P) predictions
among all samples predicted as positive, and recall refers to
the proportion of true positive (7P) predictions relative to all
actual positive samples (7P + FN). Higher precision indicates
that a model is more likely to correctly classify positive cases,
while recall reflects the sensitivity of a model to positive
instances. Given that precision and recall focus on different
aspects of model performance, the F;-score was employed as
a combined metric. This score is defined as the harmonic
mean of precision and recall, ranging from 0 to 1. In addition
to the F;-score, MCC is used as a more comprehensive
evaluation metric (Wang H et al., 2021). MCC ranges from
—1 to 1, with 1 representing a perfect prediction, 0 indicating
no improvement compared to random prediction, and —1
signifying complete disagreement between prediction and
observation. Both F-score and MCC are important indicators
of model accuracy. To further evaluate the model
performance, this study introduced OA as a composite metric
incorporating accuracy, F;-score, and MCC to evaluate the
overall performance of a model (Wang H et al. 2021). The
model with the highest OA in the region of interest is
considered the best identification model. The five metrics,
namely accuracy, precision, recall, F;-score, and MCC are
defined as follows:

TP+TN
Accuracy = (D
. TP+FP+TN+FN
o TP
Precision = ——— (2)
TP+FP
TP
Recall = ———— 3)
TP+FN
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B 2 - Precision - Recall

F, = 4
: Precision + Recall @
TP-TN-FP-FN
MCC =
VTP+FP)(TP+EN)(IN+FP)(IN+FN)
®)

Both F,-score and MCC measure model accuracy, while
accuracy, F-score, and MCC all act as indicators of model
performance. The combined index OA, proposed in this study
to comprehensively quantify the overall performance of a
model, is defined as follows:

OA = Accuracy+F,+ MCC 6)

2.8. Classification of geologic hazard susceptibility

The models for geologic hazard susceptibility assessment
are used to calculate the susceptibility probability value of
each evaluation unit, while the natural breaks method and a
clustering algorithm are employed to classify the geologic
hazard susceptibility. The natural breaks method identifies
inflection points or natural boundaries in data based on their
distribution characteristics, thus dividing the data into distinct
intervals (Thi Ngo PT et al., 2021). The clustering algorithm
categorizes similar data points into clusters based on the data's
internal structure, allowing for the revealing of potential
patterns and groupings. The following equation was defined
in this study:

P=— 7

S (7
where P is the geologic hazard density of a susceptibility level
and N and S are the number and area of the geologic hazards
of the susceptibility level, respectively. This equation is used
to quantitatively evaluate the accuracy of a classification

model.
2.9. Importance analysis of conditioning factors

Mutual information-based feature selection (MIFS)
emerges as a statistical strategy designed to identify the most
informative features for predicting a target variable from a
large set of features (Shi Y et al, 2018). This method
quantifies the correlation between features and the target
variable by calculating the mutual information and then
selecting the features with high mutual information. This
approach helps identify the most important feature while
avoiding selecting features that overlap or contain redundant
information. The equation is defined as follows:

P(x,y)

pPX)p(y) ®

IX:Y)=) plxy)log
where 1(X;Y) is the mutual information between random
variables X and Y, p(x,y) is the joint probability distribution
of X and Y, and p(x) and p(y) are the marginal probability
distribution of X and Y, respectively. A greater value of the
mutual information corresponds to stronger interdependence
between Xand Y.

3. Results
3.1. Importance of conditioning factors

This study ranked the importance of the 13 conditioning
factors using MIFS (Fig. 6). The results indicate that the
factors all exhibit mutual information scores exceeding 0,
indicating significant interdependence between each of the
factors and the geologic hazard susceptibility assessment. The
rankings identify rainfall, altitude, NDVI, distance from
roads, and land use as the top five influencing factors,
highlighting their critical role in the occurrence of geologic

Rainfall

Altitude

NDVI

Distance from road
Land use

Distance from river
Distance from fault
Distance from settlement
Aspect

Lithology

INSAR

Slope

Curvature

0.1616

0 0.02 0.04 0.06

0.08 0.10 0.12 0.14 0.16

Fig. 6. Importance of conditioning factors.
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hazards in the study area. Additionally, the rankings offer
valuable insights into the relative influence of these factors
and their association with hazard susceptibility.

3.2. Model validation and comparison

The research database, consisting of 981379 samples,
were divided into a training dataset and a testing dataset at a
ratio of 70/30. Based on the distribution characteristics of
samples in the training dataset, the training set was balanced
using the Synthetic Minority Oversampling Technique
(SMOTE) algorithm to ensure a 50/50 ratio between positive
and negative samples (Zuo R and Wang Z, 2020). Five
machine learning algorithms, namely RF, GBDT, NB, LR,
and SVM, were employed for model training using the
training dataset, yielding five models. The geologic hazard
susceptibility probability of each pixel was calculated, and the
accuracy, precision, recall, F;, MCC, and OA of each model
were calculated using the testing dataset. The results of
various metrics are presented in Table 2.

To quantitatively evaluate the performance of the models,
their ROC curves and AUC values were obtained based on
both the training and testing datasets (Fig. 7), followed by the
evaluation of the models' performance on both known
(training dataset) and unknown data (testing dataset). The
AUC values derived using the testing dataset are particularly
important as they represent the model's generalizability,
which is assessed by the prediction accuracy for new data.
Additionally, comparing the performance using both datasets

Table 2. Performance of five machine learning models.

Machine learning  Accuracy Precision Recall F, MCC OA
model

RF 0.9286 0.9269  0.9267 0.9268 0.8572 2.7127
GBDT 0.9267 0.9479  0.8991 0.9229 0.8542 2.7038
LR 0.7013 0.6911  0.7014 0.6962 0.4025 1.8001
NB 0.7271 0.6849  0.8160 0.7447 0.4642 1.9360
SVM 0.6704 0.6437  0.7269 0.6827 0.3452 1.6984
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~
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'''' SVM (AUC=0.752)

0 0.2 0.4 0.6 0.8 1.0
False positive rate

0.21

helps determine whether the models suffer from overfitting or
underfitting. Similar performance of a model on both datasets
typically suggests that the model is stable and can be
generalized well.

Fig. 7 shows that the RF and GBDT models exhibited
similar high AUC values on both the training and testing
datasets, which were 0.981 and 0.977, respectively against the
testing dataset and approximately 1.000 and 0.988,
respectively against the training dataset. This consistency
suggests that both models featured high generalizability
across different datasets rather than suffering overfitting. The
NB, LR, and SVM models exhibited AUC values of 0.823,
0.779, and 0.752, respectively against the testing dataset.
Despite decreased AUC values compared to the RF and
GBDT models, these three models demonstrated a certain
level of predictive capability. Data in Table 2 show that the
RF model featured the highest OA value among all models,
further confirming its superior performance in the geologic
hazard susceptibility assessment. These results establish the
RF model as the best model for the assessment.

To quantify the impacts of dataset construction on model
performance, a sample set was created by randomly
generating negative training samples using the ArcGIS
software, with the sample number matching the quantity of
samples produced using the cumulative probability method.
Then, the above five machine learning algorithms were used
to construct the model for geologic hazard susceptibility
assessment. The AUC values of the five algorithms are shown
in Fig. 8. The results demonstrate that the models constructed
using the optimized dataset (a) exhibited higher AUC values
than those derived using the unoptimized dataset (b).
Therefore, the statistical optimization of data prior to
modeling proves effective in enhancing model accuracy.

3.3. Plotting and classification of maps for geologic hazard
susceptibility assessment

In the models for the geologic hazard susceptibility

1.0

0.81

e
=N
f

Sensitivity

e
~
A

RF (AUC=1.000)

. GBDT (AUC=0.988)

----- NB (AUC=0.821)

----- LR (AUC=0.779)

""" SVM (AUC=0.761)

0 0.2 0.4 0.6 0.8 1.0
False positive rate

Fig. 7. ROC curves of models for geologic hazard susceptibility assessment derived using testing (a) and training (b) datasets.
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Fig. 8. ROC curves of models for geologic hazard susceptibility assessment (a) after and (b) before statistical optimization.

assessment, a hazard susceptibility probability index was
assigned to each raster unit of the study area. Then, using
ArcGIS, the assessment maps were plotted by assigning a
weight to each hazard susceptibility probability index. To
achieve more intuitive maps, the index was further
categorized into four levels utilizing the natural breaks
method: Very high, high, moderate, and low. Fig. 9 shows the
assessment maps produced by various machine learning
models. According to this figure, geologic hazards are
concentrated in 'very high' and ‘high' regions across all
models, with the RF and GBDT models yielding very similar
assessment results.

To quantify the differences in the classification of
geologic hazard susceptibility between the clustering and
natural breaks methods, two models with the highest
comprehensive performance, i.e., RF and GBDT, were
investigated. Their hazard density (P) under specific
susceptibility levels was calculated using Eq. 7, and the
results are shown in Table 3 and Fig. 10. Given the actual
situation, regions with 'very high' and 'high' susceptibility
were combined into 'very high to high' regions, of which the P
values were calculated. For the RF and GBDT models, their P
values obtained using the clustering method were about 1.15
times and 3.15 times higher than those determined using the
natural breaks method, respectively. This finding indicates
that the clustering algorithm effectively narrowed the regions
with specific susceptibility levels while maintaining the
geologic hazard number unchanged. Using the clustering
method, government departments can prepare strategies for
geologic hazard prevention and mitigation.

4. Discussion

Geologic hazards occur frequently in the Loess Plateau in
northern Shaanxi, posing a serious threat to the livelihoods
and production of local residents. The occurrence of these
hazards is influenced by a complex interplay between
topographic and  environmental factors.  Therefore,

constructing a high-accuracy model for geologic hazard
susceptibility assessment is crucial to intuitively analyzing
geologic hazard-prone areas. Traditional heuristic and
statistical models tend to rely on expert assessments, which
might introduce subjectivity and uncertainty into the modeling
process (Ma Z and Mei G, 2021; Li T et al., 2024). In
contrast, machine learning-based susceptibility assessments
demonstrate superior performance (Wang Y et al., 2019). This
study aims to apply machine learning algorithms to the
geologic hazard susceptibility assessment of the Loess
Plateau.

Machine learning algorithms RF, LR, SVM, RNN, LSTM,
and CNN-1D have been employed to construct models for
geologic hazard susceptibility assessment, yielding more
precise and objective results (Merghadi A et al., 2020; Zhao Z
and Chen J, 2023; Huang F et al., 2024). However, the
random generation of negative training samples without
considering the mathematical relationships between geographic
distance and hazard occurrence during sample division may
introduce uncertainty to both the selection of negative training
samples and model outcomes. This study introduced a
statistical optimization method that utilizes the cumulative
probability approach to determine the threshold for selecting
negative training samples. The comparison reveals that the
assessment models constructed using the statistically
optimized dataset significantly outperformed those built using
the unoptimized dataset (Fig. 8). This advancement represents
an improvement compared to similar studies.

The natural breaks method is typically employed to
susceptibility classification in a geologic hazard assessment
model (Liu L et al., 2021; Ganesh B et al., 2023; Shahabi H et
al., 2023; Huang F et al., 2024). However, the presence of
outliers in the data might produce adverse impacts on this
method, leading to unstable threshold selection and
ineffective identification of demarcation points. To address
this issue, this study classified the assessment results using the
clustering approach grounded in the statistical characteristics
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Fig. 9. Geologic hazard susceptibility assessment maps of various models.
Table 3. Hazard density of two models derived using the limitations. The data used in this study cover a short time span

clustering and natural breaks methods.

Model Very high High Very high-high
RF-clustering 0.001972 0.001477 0.00084
RF-natural breaks 0.001474 0.001474 0.00073
GBDT-clustering 0.005355 0.004038 0.00230
GBDT-natural breaks 0.001477 0.001474 0.00073

of data. The comparison of the classification outcomes
derived using the natural breaks method and the clustering
approach reveals that the clustering method results in a
smaller area for each hazard grade when the hazard number is
consistent. This approach enables more detailed and accurate
classification, holding great significance for geologic hazard
prevention and mitigation efforts.

Despite the fact the proposed method yielded encouraging
results on the specific dataset, this study has several

and merely 13 conditioning factors. A sufficient sample size
is crucial to enhancing model learning effectiveness in
machine learning. Future studies will benefit from collecting
data over a longer time and incorporating a wider range of
features. This study employed statistical optimization-based
machine learning models for the geologic hazard
susceptibility assessment of the Loess Plateau. It is
recommended that a more objective and comprehensive
assessment model should be established in future research by
improving the spatial resolution of the assessment units and
exploring deep learning algorithms.

5. Conclusions

Geologic hazard susceptibility assessment is vital for
hazard prevention and mitigation in the Loess Plateau,
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Fig. 10. Different geologic hazard susceptibility assessment maps based on clustering algorithm optimization.

Northern Shaanxi, China. This study demonstrates that the
statistical optimization-based assessment exhibits effectively
enhanced accuracy. The model-derived assessment results can
provide information for forward-looking decisions regarding
engineering activities including land planning, resource
development, and infrastructure construction in the region.
The primary conclusions of this study are as follows:

(i) This study innovatively develops a novel methodology
for geologic hazard susceptibility assessment. In this
methodology, the cumulative probability method in statistics
is employed to accurately determine the distance threshold of
geologic hazard points, leading to the generation of more
rational negative samples. Thus, innovative concepts are
introduced into traditional data construction methods. Five
efficient machine learning algorithms, namely RF, GBDT,
NB, LR, and SVM, are introduced, with the RF model
identified as the optimal model based on the comprehensive

comparison of their performance indicators. The mutual
information method is utilized to evaluate the significance of
key factors affecting the geologic hazard susceptibility,
effectively determining the top five influencing factors:
Rainfall, altitude, NDVI, distance from roads, and land use.
Additionally, the traditional natural breaks method is
improved by using a clustering algorithm to achieve more
accurate susceptibility classification, thereby enhancing the
accuracy and reliability of the assessment results. These
innovations not only enhance the models' predictive capability
but also provide scientific decision support for geologic
hazard prevention and mitigation.

(i1) The methodology employed in this study is strongly
supported by multiple quantitative analyses. The cumulative
probability method is utilized to determine the threshold for
selecting negative training samples. A geographical distance
threshold, i.e., a buffer radius of 2297 m, was determined in
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this study, resulting in a more representative number and
distribution of negative samples. This provides a scientific
basis for sampling in low-probability areas. A comprehensive
analysis of the performance metrics of the five machine
learning algorithms reveals that the RF model yielded
exceptional results on the testing dataset, with an accuracy of
92.86%, precision of 92.69%, recall of 92.67%, F,-score of
92.68%, MCC of 0.8572, and OA of 2.7127, all significantly
surpassing those of the remaining models. Furthermore, the
RF model exhibited an AUC of up to 0.981, further
confirming its superior performance in the prediction
accuracy and generalizability on unknown data. Compared to
the case where the natural breaks method is used alone, the
classification effectiveness of the geologic hazard
susceptibility is improved by introducing a clustering
algorithm. Specifically, the hazard density of regions with
very high to high susceptibility increased by 0.15 times and
2.15 times, respectively for the RF and GBDT models. This
result indicates that the clustering algorithm can delineate
susceptible regions more accurately. These quantitative
calculations confirm the effectiveness and reliability of the
methods used in this study.

(iii) This study is of great value in several key aspects.
First, the methodology employed is highly applicable to the
unique regional geological environment of the Loess Plateau
in Northern Shaanxi. Besides, it can also be effectively
applied to other areas with similar geological conditions.
Second, the machine learning algorithms utilized in this study
can be widely employed to assess the susceptibility of various
types of geologic hazards due to their versatility.
Additionally, the model-derived quantitative susceptibility
assessment results offer substantial decision support for
government agencies and relevant departments in their efforts
to prevent and mitigate geologic hazards. Last, this study
provides a comprehensive and advanced technical solution for
geologic hazard assessment by integrating GIS spatial
analysis, geological environment data, RS data, and machine
learning technology. This integration enhances the assessment
efficiency and accuracy, introducing a new philosophy and
methodology for scientific research and practical applications
in related fields.
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