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Abstract: The suddenness of landslide disasters often causes significant loss of life and property.
Accurate assessment of landslide disaster susceptibility is of great significance in enhancing the
ability of accurate disaster prevention. To address the problems of strong subjectivity in the selection
of assessment indicators and low efficiency of the assessment process caused by the insufficient
application of a priori knowledge in landslide susceptibility assessment, in this paper, we propose
a novel landslide susceptibility assessment framework by combing domain knowledge graph and
machine learning algorithms. Firstly, we combine unstructured data, extract priori knowledge based
on the Unified Structure Generation for Universal Information Extraction Pre-trained model (UIE)
fine-tuned with a small amount of labeled data to construct a landslide susceptibility knowledge
graph. We use Paired Relation Vectors (PairRE) to characterize the knowledge graph, then construct a
target area characterization factor recommendation model by calculating spatial correlation, attribute
similarity, Term Frequency–Inverse Document Frequency (TF-IDF) metrics. We select the optimal
model and optimal feature combination among six typical machine learning (ML) models to construct
interpretable landslide disaster susceptibility assessment mapping. Experimental validation and
analysis are carried out on the three gorges area (TGA), and the results show the effectiveness of the
feature factors recommended by the knowledge graph characterization learning, with the overall
accuracy of the model after adding associated disaster factors reaching 87.2%. The methodology
proposed in this research is a better contribution to the knowledge and data-driven assessment of
landslide disaster susceptibility.

Keywords: landslide susceptibility assessment; pre-trained model; knowledge graph; knowledge
discovery and reasoning; machine learning

1. Introduction

The intricate geological landscape of China, characterized by its diverse geomorpho-
logical features and frequent tectonic movements, engenders a propensity for a multitude
of disasters. The unpredictable nature and sudden onset of these calamities contribute
significantly to the substantial loss of both human life and property. According to the
disaster statistics released (https://www.stats.gov.cn/ accessed date: 1 May 2024), a total
of 21,939 geologic disasters occurred in China from 2020 to 2023, and the rate of landslide
disasters was 54.67%. Landslide is a cascading landslide geological disaster, which mani-
fests itself as a natural phenomenon of rock and soil on slopes sliding downward under
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the action of gravity, and it is an internal driving force for the evolution of landscape pat-
terns [1–3]. Therefore, it is of great significance to utilize efficient and accurate evaluation
techniques for landslide susceptibility evaluation and the identification of high-risk and
high-incidence areas of landslide geohazards to improve the level of geological disaster
forecasting, and regional geological disaster prevention and mitigation work.

Landslide susceptibility assessment usually combines historical disaster inventories
with manually selected characterization factor data, and the assessment models are mainly
categorized into physical models, expert models, statistical models, and machine learning
models [4–7]. Each susceptibility model has its own advantages and disadvantages in
different scenarios. Physical-based models provide the highest assessment accuracy at
small spatial scales and with large amounts of exploration data, but it is due to these
two types of characteristics that physical-based models do not achieve better assessment
results at wide-area scales and with sparse data [8]. Expert-based models rely on expert
experience combined with subject matter expertise, and the subjective quantitative setting
of landslide condition factor weights, to classify the sensitivity level. However, expert-
based models are highly subjective, making it difficult to obtain objective and quantitative
assessment results [9]. Statistically based models select and handle a large number of
landslide condition factors, and the model constructs mathematical methods to mine the
relationship between the factors to divide the landslide susceptibility. But there are some
limitations of statistically based models when facing the nonlinear and complex relationship
between the factors [10]. Machine learning models do not rely on the function of rules
and a priori knowledge too much. Machine learning models select relevant conditioning
factors and adjust parameters by learning the training data to minimize the mathematical
function of the error between the predicted output and the true label [11–13]. Recently,
machine learning models have been widely used for landslide susceptibility assessment,
such as logistic regression [14], artificial neural network [15], support vector machine [16],
decision tree [17], random forest [18], plain Bayes [19], gradient boosting tree [20] and so on.
However, the feature factors selected by the above methods have the following problems.
Firstly, the time of historical landslide data varies, but most research ignores the problem
of temporal matching such as rainfall, meteorology, and human activities, etc. Secondly,
there has been more research to carry out the optimal assessment factors of landslide
susceptibility for different regions, utilize the landside domain knowledge, and reduce
the inefficiency caused by repetitive research in overlapping regions is an urgent problem
to be solved. Thus, there is an urgent need to establish a generalized, computable and
reasoned-feature-factor intelligent recommendation model, so as to improve assessment
accuracy and efficiency.

A knowledge graph, a kind of semantic network, uses graph models to describe
complex knowledge and model associations in the world. A knowledge graph has sig-
nificant advantages in the organizational integration of domain knowledge and implicit
relationship mining. To a certain extent, in makes up for the feature selection being more
subjective, the low utilization of knowledge, and the insufficiency of implicit relationship
mining [21–23]. Current research on the knowledge graph in the disaster domain mainly
focuses on constructing a single disaster scenario model, decomposing and disaggregat-
ing the identification of disaster scenarios, and analyzing the temporal evolution and
association relationship of disasters [24,25]. In addition, around the temporal and spatial
evolutionary characteristics of the disaster chain, we analyze and excavate the relationship
between disasters, the environment and the objects [26–28]; we construct disaster events
and emergency responses, and through embedded modeling, assess disaster losses and
reason about the disaster emergency response and process [29–31]. Nevertheless, the
burgeoning corpus of research on landslide susceptibility assessment, encompassing case
studies and related investigations, has yielded a reservoir of invaluable information that
remains largely untapped. This is often accompanied by a large amount of redundant,
spatially low correlation or even invalid data, which greatly increases the complexity of
selecting valid information in the landslide susceptibility evaluation factors; these lead to a
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growing gap between the ability to acquire knowledge and the ability to apply it intelli-
gently. There is an urgent need to develop methods for landslide susceptibility assessment
indicator selection at the semantic level through the knowledge graph, to push the highly
relevant and most effective selection methods to the assessment task, and to improve the
efficiency and accuracy of identification.

This paper focuses on the low utilization of landslide disaster-prone knowledge
and the subjective nature of indicator selection. Firstly, we combined scientific literature,
landslide disaster reports, online encyclopedia and other Internet unstructured texts to
extract knowledge, and construct a landslide disaster knowledge graph using a fine-
tuned UIE model. Secondly, we constructed a feature factor recommendation model for
knowledge association and discovery based on the knowledge graph. By calculating the
similarity of association and attributes, we selected the area with high association in TGA.
By eliminating characterization factors with high similarity, we determined base landslide
susceptibility assessment factors for TGA, and mined the associated disaster factors for
inclusion in evaluation factors through TF-IDF. Thirdly, we selected logistic regression (LR),
support vector machine (SVM), random forest (RF), gradient boosted decision tree (GBDT),
extreme gradient boosted tree (XGBoost), and categorical gradient boosted tree (CatBoost)
ML models for landslide susceptibility assessment, and we utilized the SHAP algorithm
to output the decision genesis of the prediction results so as to realize the automatic
interpretable landslide susceptibility assessment integrating a priori knowledge and ML.

The main contributions of this research are as follows.
(1) Knowledge extraction for landslide susceptibility assessment is carried out using a

fine-tuned UIE model to construct a knowledge graph. Through the threshold constraint
space, attribute semantic correlation, the landslide susceptibility assessment feature factor
is selected, and the companion hazard factor is mined through knowledge discovery to
join the assessment feature.

(2) The factor recommendation model constructs different degrees of enhancement
optimization in the accuracy, precision, recall and F1-score of RF, GBDT, XGBoost and
CatBoost, and the associated disaster factors can significantly improve the landslide disaster
susceptibility assessment results.

(3) Through hyper-parameter optimization and optimal feature combination selection,
the probability of landslide occurrence in TGA is classified using RF identification, and the
interpretability of each factor is calculated through the SHAP algorithm.

2. Study Area and Data Sources
2.1. Study Area

The three gorges area (TGA) and its bordering counties (see Figure 1) span 105.182◦E–
112.077◦E, 27.953◦N–32.204◦N, and are located at the boundary between the middle and
lower reaches of the Yangtze River Plain and the Sichuan Basin, with a total length of the
Yangtze River channel of more than 600 km within TGA. In order to verify the validity
of the selection of feature indicators based on knowledge mapping, this study includes
neighboring county-level administrative districts on the basis of the traditional Three
Gorges Reservoir, which involves two counties in the Guizhou Province, 12 counties in
the Sichuan Province, 33 counties in the Chongqing Municipality, and 16 counties in the
Hubei Province. The topography of TGA is undulating, mainly mountains and hills, with a
maximum slope of 40◦. The stratigraphy is mainly Jurassic and Permian, with sandstone,
siltstone, marl, mudstone and shale of varying thicknesses, and soft rock and soft–hard
interbedded rock layers. The interlocking layout of soft and hard rock layers increases the
instability of the strata, and the soft and hard rock layers may be misaligned or slipped
under the influence of external forces such as earthquakes or hydrological changes, thus
triggering landslides. In addition, cyclic changes in regional water levels can lead to the
periodic alternation of saturation and the drying of slopes, which reduces the shear strength
of slopes, and thus, increases the probability of landslide disasters. In addition, the increase
in the intensity of human activities will significantly change the regional topography and
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hydrological conditions, which will further lead to the weakening of the support of the
natural slope, or change the direction of the original water flow, resulting in the pooling
of water in local areas, which will increase the erosion of the slope surface and the water
pressure, and thus, trigger landslides.
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Figure 1. Overview of the TGA ((a) shows the elevation distribution of the TGA and the rivers in the
region; (b) shows the location of the TGA; (c) shows the spatial distribution of the landslide datasets,
the blue points represent historical landsides, the green points represent the sample points where
landslides have not occurred).

2.2. Data Sources
2.2.1. Landslide Datasets

Producing an accurate landslide dataset is critical to assessment accuracy. As a point or poly-
gon element, landslide datasets not only include the geospatial location of the landslide, but also
need to include other relevant features such as geologic conditions and the time of occurrence.
In this research, landslide data were primarily obtained from the National Disaster Reduction
Official Website (https://www.ndrcc.org.cn/sjcx/index.jhtml accessed date: 1 October 2023),
NASA Landslide Viewer (https://maps.nccs.nasa.gov/ accessed date: 1 October 2023), Resource
and Environmental Science Data Platform (https://www.resdc.cn/data.aspx?DATAID=290 ac-
cessed date: 1 October 2023), and related online news; 2748 landslide data were formed after
data cleaning, attribute screening, and other preprocessing. The landslide surface data are based
on existing methods [32–34], which take the geographic point location of the landslide initiation
area as the landslide point location, and ultimately form 2748 spatial point data. For the purpose
of machine learning training and simulation, it is also necessary to produce non-landslide
data, which according to the first law of geography [35], state that areas close to landslides
are more prone to landslides and vice versa. Therefore, when producing the non-landslide
samples, a buffer of 500 m was set as the constraint distance, and 2696 well-distributed random
non-landslide points were generated in Geographic Information System (GIS). The combined
landslide point data and non-landslide point data are used for ML models development and
evaluated according to 70% (3811) for training and 30% (1633) for test data.

https://www.ndrcc.org.cn/sjcx/index.jhtml
https://maps.nccs.nasa.gov/
https://www.resdc.cn/data.aspx?DATAID=290
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2.2.2. Knowledge Graph Modeling Data

The data sources for constructing the knowledge graph of landslide susceptibility
characteristics are mainly selected from domestic and foreign related literature, landslide ge-
ological disaster reports and other ubiquitous Internet text resources. The Chinese literature
is mainly from the Zhi.com database (https://www.cnki.net/ accessed date: 10 December
2023), with “landslide susceptibility assessment” as the keyword, and 361 articles meet the
requirements. In English, the web of science database platform (http://webofscience.com
accessed date: 10 December 2023) was used as the main document, and 3054 results were
found with the keyword “landslide susceptibility assessment”. Geological disaster reports
were selected from the national geological data library (http://ngac.org.cn/s4/Index.aspx
accessed date: 10 December 2023), with a total of 427 reports, and other reports were se-
lected from the Internet platforms, such as the landslide event encyclopedia, landslide news
report, and disaster notices of the national news releasing platform, etc. The collected text
data were converted to PDF format, and the text was normalized by replacing pronouns
with specific references, deactivating word filtering, and eliminating invalid information.
After pre-processing, a total of 3918 text articles remained, about 278,000 words.

3. The Proposed Methodology

This research is divided into three main parts, and the framework is shown in Figure 2.
Firstly, training samples from landslide-related multi-source unstructured texts (scientific
literatures, disaster reports, and other ubiquitous Internet texts) are manually annotated to
fine-tune the UIE model for knowledge extraction and structured representation and con-
struct a knowledge graph of landslide disasters. Secondly, a feature factor recommendation
model based on the knowledge graph is constructed to construct knowledge associations
and discovery by calculating the similarity between the associations and attributes. The
basic landslide susceptibility assessment factors for TGA are determined. Thirdly, six ML
models are selected for landslide susceptibility assessment, and the nonlinear features and
feature importance of the feature factors are output using the SHAP algorithm.
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3.1. Knowledge Graph Construction
3.1.1. UIE Model

The UIE model solves the information extraction tasks of entities, relationships, and
events simultaneously using only one model [36]. The framework splits the information
extraction task into two elements, spotting and associating, and the prompt constructed
based on spotting and associating is called the Structural Schema Instructor (SSI), which is
connected to the experimental text. After the sequence of SSI and experimental text is input
into the UIE model, the output is obtained as the Structured Extraction Language (SEL),
so that various complex information extraction tasks for large-scale text can be modeled
in a unified way, and the UIE model framework is shown in Figure 3. The UIE model
learns a language model of the text’s own probability and uses this probability to predict
the output entities and relationships, thus reducing the need for large-scale supervised
text extraction and the need for a large-scale supervised text extraction, thus reducing the
need for large, supervised datasets. In this research, by fine-tuning the UIE model for joint
entity–relationship extraction, the efficiency of knowledge extraction is greatly improved.
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3.1.2. Knowledge Graph Construction Process

The knowledge graph construction process is shown in Figure 4. Firstly, the knowledge
graph ontology layer is constructed based on “landslide disaster examples” and “landslide
disaster assessment”. Secondly, the pre-processed PDF text is extracted based on the fine-
tuned UIE model. Due to the existence of two kinds of text data in Chinese and English, this
research paper manually constructs an entity–relationship Chinese–English comparison
library to unify the extracted entity–relationships into English expressions. Thirdly, the
extracted knowledge is stored in the form of a graph database based on semantic similarity.
Because of the small scale of the knowledge graph constructed, the knowledge is aligned
and fused manually with the aid of semantic similarity. Finally, the extracted knowledge is
stored in the form of a Neo4j graph database.
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3.2. Knowledge Graph-Based Feature Factor Recommendation Model

The landslide knowledge graph consists of three main parts, namely the characteri-
zation factors selected for landslide susceptibility assessment in different regions under
existing researches, the relevant features of historical landslide events, and the manually
set terrain areas and administrative areas. In the knowledge graph-based feature factor
recommendation mode, firstly, the PairRE is used to carry out the characterization learning,
and the area with high relevance to the target area is selected through the regional spatial
similarity calculation; the landslide susceptibility assessment factors of this area are taken
as the alternative factor set. The attribute similarity is calculated, and the high similarity
factor is eliminated to realize the alternative factor set to reduce the redundancy, and to
realize the selection of the evaluation indexes of landslide disaster assessment.

3.2.1. Landslide Knowledge Graph Representation Learning

Entity relationships in the landslide knowledge graph are more complex, with one-to-
one, one-to-many, and many-to-many relationships. In this research, we use the PairRE
for knowledge graph representation learning [37], which is able to adequately capture
the semantic links between entities. Specifically, for a given triple, the PairRE embeds the
relations in the graph as two vectors, rH and rT , which project the head entity h and the
tail entity t into the Euclidean space, i.e., the PairRE allows an entity to have a distributed
representation in different relations. The projection operation is performed using the
Hadmard (o). PairRE ultimately determines whether the embedding representation of each
ternary is justified by calculating the distance between the two vectors after projection.
Intuitively, all embedded representations in PairRE are on a hypersphere (see Figure 5).
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The formal representation of the objective function of PairRE is as follows:

fr(h, t) = −∥h o rH − t o rT∥ (1)

where h, rH , rT , t ∈ Rd and
∥∥h2

∥∥ =
∥∥t2

∥∥ = 1, ∥∗∥ are the parameters of the vector, which
represent the “length” of the vector.

3.2.2. Correlation Calculation Based on Semantic Overlap

The relationship metrics involved are mainly the correlation relationship between the
administrative areas and terrain areas belonging to the spatial location and the target area.
In the calculation of the overlap degree based on the knowledge graph, only the overlap
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degree between the set of administrative regions, the set of terrain regions and the target
area need to be considered. The calculation formula is as follows:

SS(d, T) =
V(d ∩ T)

V(T)
+

V(d ∩ T)
V(d)

(2)

where V is the set of knowledge graph candidates, d is the set of administrative/terrain
areas in the knowledge graph, and T is the set of target area; ∩ represents the number of
intersections of two sets.

As shown in the case of Figure 6, the target area (CJZY) involves three sub-regions
(Hubei Province, Hunan Province, and Jiangxi Province).
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For example, Hubei Province contains 17 administrative districts, and among the
31 administrative districts included in the middle reaches of the Yangtze River, there are
13 administrative districts in Hubei, so the weight of Hubei Province in the study area is
Shb = 13

31 + 13
17 = 1.18.

From the perspective of correlation, the correlation results between the target area and
the three sub-regions are shown in Table 1. Then, the selection of subregions is determined
by setting the threshold value to realize the selection of subregions with high spatial
region overlap.

Table 1. Spatial location correlation.

Data Correlation

Hubei Province 1.18
Hunan Province 0.83
Jiangxi Province 1.23

3.2.3. Attribute Similarity

Redundant information indicates the repeated information generated by multiple
records in all the data to be selected [38], which is expressed in the knowledge graph for
the repeated characterization factors selected in the landslide susceptibility assessment of
all the regions to be selected, and this information is often highly correlated. For example,
elevation is selected as a characterization factor for both the Guizhou Province and the
Sichuan Province, and in the selection of the indicator, elevation is recorded twice; at this
time, the information produces redundancy phenomenon. This research is based on vector
operations, using the knowledge graph characterization of the distributed low-dimensional
vectors of each feature factor obtained after learning as a numerical value, using cosine
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similarity to calculate the similarity of the attributes of the high redundant information
removal. The similarity formula is as follows:

cos(qd
j , qi

j) =
qd

j ·qi
j

∥qd
j ∥·∥qi

j∥
(3)

where qd
j and qi

j represent the selected characteristic factor vectors for each region in the

existing studies, respectively, and cos(qd
j , qi

j) represents the cosine similarity between the
characteristic factor vectors; ∥∗∥ is the parameter of the vector, which represents the “length”
of the vector.

3.3. Knowledge Discovery of Landslides Based on Knowledge Graph

Word frequency statistics based on the knowledge graph can reflect the attention
of entities in the text, and in this research, TF-IDF is calculated to assess the important
information in landslide-related information [39,40]. It usually indicates that the times
an entity appears in the landslide event graph (landslide event graph constructed by
extracting from disaster reports, encyclopedia entries), and TF-IDF is a statistical method
for assessing the importance of a word to a corpus. The importance of a word increases
proportionally with the number of times it appears in a document, but decreases inversely
with the frequency of its appearance in the corpus. The TF-IDF is categorized into TF and
IDF, and is calculated by the following formulas:

TFi,j =
ni,j

∑k nk,j
(4)

IDFi = log
|D|

1 +
∣∣j : ti ∈ dj

∣∣ (5)

TF − IDF = TF·IDF (6)

where ni,j denotes the number of times entity ti appears in landslide event graph dj, and
TFi,j denotes the frequency of entity ti appearing in the landslide event graph dj; |D|
denotes the number of entities in all knowledge graphs, and

∣∣j : ti ∈ dj
∣∣ denotes the number

of landslide event graphs containing entity ti.

3.4. Machine Learning Models

In this research, LR, SVM, RF, GBDT, XGBoost, and CatBoost were selected as mod-
els for landslide susceptibility assessment. We used fivefold cross-validation based on
training samples for preliminary machine learning model evaluation, and selected the
optimal model for the analytical mapping of hyperparameter optimization and landslide
susceptibility assessment.

3.4.1. Logistic Regression

LR is a statistical learning method used to solve classification problems; the basic
idea is to use a linear combination of one or more independent variables to estimate the
probability of an event occurring [41,42]. The LR model describes the relationship between
a binary dependent variable (whether a landslide occurs or not) and an independent
variable, which can be either continuous or discrete, and does not need to satisfy a normal
distribution, with the following expression:

y =
1

1 + e−(eβ0+β1x1+β2x2+...+βk xk )
(7)
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where β0 is the intercept constant term; β1, β2, . . ., βk are the regression coefficients corre-
sponding to the respective variables; and x1, x2, . . ., xk are the values of the indicators for
each landslide factor.

3.4.2. Support Vector Machine

SVM essentially lies in constructing an optimal decision boundary or hyperplane
by finding the support vectors in the dataset to maximize the spacing between different
classes for classification [43,44]. SVM is widely used to solve many complex classification
and regression problems due to their effectiveness in solving finite-sample, nonlinear
high-dimensional pattern recognition problems.

In general, the input variables are mapped in a higher dimensional feature space
from a relatively low feature space by the kernel function of the SVM model. There are
three parameters that need to be determined appropriately in the SVM model. These
parameters are named as the penalty degree C0, the non-sensitive loss function ε, and the
kernel function parameter γ. In this study, the cross-validation stage method is adopted to
determine the optimal parameter combination of C0, ε and γ.

3.4.3. Random Forest

RF utilizes random features that bag and generate decision trees to form forests of
uncorrelated trees. As a result, each decision tree is a randomly given subset of features,
leading to better predictive performance of RF models than decision trees [45,46]. During
training, RF generates a large number of trees and trains each tree based on a random
subset of input variables. During testing, each tree has its own decision, and the final
decision is determined by an unweighted majority vote of all decision trees. RF is the most
popular classification model due to its high accuracy and computational speed. RF has
been used in landslide susceptibility assessment studies with high prediction accuracy.

RF is a combinatorial classification model which consists of multiple decision trees
{h(X, Θk), k = 1, 2, . . . n}. The parameter set Θk comprises independent and identically
distributed random vectors, and the optimal classification result is voted by each decision
tree model given the independent variable X. The optimal classification result is the result
of the decision tree model.

3.4.4. Gradient Boosting Decision Tree

GBDT is a method for generating integrated classifiers for training weak learners to be-
come strong models in a sequential and adaptive manner; it possesses strong generalization
ability, and can be used in both classification and regression problems, as well as regular
functions to improve the training results and to reduce the overfitting of the model [47,48].
GBDT generates a weak classifier through multiple iterations, and each classifier is trained
based on the residuals of the last iteration of the classifier. In each iteration, the weak
classifiers are weighted and summed to obtain the final result [49].

3.4.5. Extreme Gradient Boost

XGBoost is a machine learning framework based on gradient boosting decision
trees [50], which also belongs to the category of integrated learning, which improves
on the conventional GBDT model while utilizing first-order and second-order derivative
information, which allows for the automatic use of multi-threaded parallel computation
with CPUs during training [51]. In addition, regularization and rank sampling are used
to prevent overfitting [52]. XGBoost is scalable in all scenarios and is a tree learning algo-
rithm that can be used to process sparse data. XGBoost pushes the extremes of machine
computation limitations in order to provide scalable, portable, and accurate libraries, with
the advantage of being less computationally resourceful and efficiently flexible and easy to
run [53].
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3.4.6. Classification Boosting Decision Tree

CatBoost is a machine learning algorithm based on the boosting strategy [54]. Similar
to other boosting algorithms, CatBoost strives to minimize a given loss function L(y, f (x)),
where y is the true label and f (x) is the prediction of the model. CatBoost computes the
first-order and second-order derivatives of the loss function with respect to the prediction
at each step of the update, i.e., the gradient g and the Hessian matrix h.

3.5. Model Accuracy Evaluation and Characterization Factor Interpretation
3.5.1. Model Accuracy Evaluation

Accuracy, Precision, Recall, and the F1-score were used to evaluate model performance
and precision [55,56]. The formula for each index is calculated as follows:

Accuracy =
TP + TN

TP + FP + TN + FN
(8)

Precision =
TP

TP + FP
(9)

Recall = TPR =
TP

TP + FN
(10)

F1-score =
2 × Precision × Recall

Precision + Recall
(11)

where true positive (TP) is when both actual and predicted values are positive; true negative
(TN) is when the model correctly predicts a negative category sample as a negative category;
false positive (FP) is when the model incorrectly predicts a negative category sample as a
positive category; and false negative (FN) is when the model incorrectly predicts a positive
category sample as a negative category.

3.5.2. Shapley Additive Explanations (SHAP)

The main idea of SHAP is cooperative game theory, which is used in this research
to quantify the contribution value of each potential disaster-causing factor in a single
evaluation unit to the landslide susceptibility evaluation results, and SHAP interprets
the predicted value of the landslide susceptibility evaluation model as the sum of the
contribution value of each input feature [57–59], calculated by the following formula:

g
(
z′
)
= ∅0 +

M

∑
i=1

∅iz′i (12)

where g is the explanatory model; z′ is whether the corresponding feature can be observed;
∅0 is the baseline value of the model’s prediction for the evaluation unit, i.e., the pre-
dicted mean value of all training samples; and ∅i is the contribution value of each feature.
Therefore, the output of the model for any evaluation unit can be expressed as the sum
of the predicted expectation and the contribution values of all features of that evaluation
unit. Meanwhile, the SHAP algorithm provides a preliminary treatment of the potential
probability of landslide occurrence in the local interpretation:

f (x) = ln(
P

1 − P
) (13)

where f (x) is the processed value and P is the probability that the model predicts the
potential occurrence of a landslide.
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4. Experimental Results and Analysis
4.1. Landslide Susceptibility Assessment Knowledge Graph Construction
4.1.1. Knowledge Modeling

Combined with the needs of landslide susceptibility assessment and identification,
the initial knowledge framework system centered on landslide disaster are summarized.
The entity types include spatial location, topographic area, administrative area, identifi-
cation features, feature categories, and associated disaster (e.g., Figure 7). Among them,
the spatial location refers to the spatial location where the historical landslide events oc-
curred, such as the Three Gorges Reservoir Area, Zigui County, etc.; the terrain area and
administrative area represent the topography and administrative area belonging to the
spatial location where the historical landslide events took place, respectively, such as Shui
Cheng County, Liupanshui City, which is located in a topographic region of the Southwest
China Mountainous Region, and an administrative area of the Guizhou Province. The
identifying characteristics indicate the characteristic factors selected for assessing landslide
susceptibility in the current research, such as elevation, slope, faults, etc.; feature category
indicates the category to which the identifying feature belongs, e.g., elevation, slope for
topographic features, fault density, and the type of geologic body for geologic environment.
The associated disaster is another type of geologic disaster occurring in the area where
landslides occur, e.g., avalanche, mudslide, etc.
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In this research, due to the existence of two kinds of text data in Chinese and English,
this research paper manually constructs an entity–relationship Chinese–English comparison
library to unify the extracted entity–relationships into English expressions.

4.1.2. Data Labeling

This research adopts a fine-tuning modeling strategy based on ERNIE-UIE, so a small
amount of labeled data is required. This utilizes the open-source annotation tool “Doccano”
to extract 100 texts from the original data for annotation (an example of annotation is shown
in Figure 8). The initial labeled data is converted into data with Prompt, and the specific
text of all tail entities is stored in “result_list”, while the head entities are combined with
relationship types to form a specific “prompt”.
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4.1.3. Model Fine-Tuning and Knowledge Extraction

Since the results returned from the joint extraction of entity relationships using the UIE
do not contain tail entities, the relationship settings between the entities of the knowledge
framework need to be formulated to specify the unique head entity type and tail entity type
corresponding to each relationship, in addition to conforming to the actual relationship
situation. Table 2 shows the specific entity relationship types.

Table 2. Table of entity relationship types.

Head Entity Relationship Tail Entity

Spatial Location Occur Associated Disaster
Spatial Location Belong Terrain Area
Spatial Location Belong Administrative Area

Associated Disaster Use Identifying Characteristic
Terrain Area Use Identifying Characteristic

Identifying characteristic Belong Characteristic Category

Based on the pre-processed text data, the experimental training set and test set are
divided according to the ratio of 8:2, using paddle version 2.4.2, PaddleNLP version 2.6.0rc,
and GPU with 16 GB memory, and based on the “uie-base” pre-training model for model
fine-tuning. After training, the learning rate is set to 1 × 10−5, batch size is 18, the number
of epochs is 20; the results are evaluated in three dimensions, Precision, Recall, and the
F1-score, and the final results of each part are shown in Tables 3 and 4.

Table 3. Entity extraction accuracy.

Entity Type Precision Recall F1−Score

Spatial Location 0.867 0.723 0.791
Associated Disaster 0.87 0.749 0.803

Identifying
Characteristic 0.775 0.718 0.763

Characteristic
Category 0.211 0.103 0.116



Remote Sens. 2024, 16, 2399 14 of 28

Table 4. Relationship extraction accuracy.

Relationship Type Precision Recall F1−Score

Occur 0.876 0.796 0.853
Use 0.799 0.523 0.483

Belong 0.687 0.213 0.338

Although some types of entities and relationships have poor performance, as repre-
sented by the extraction results of “Identifying Characteristic” and “Belong” entities and
relationships, it may be due to the fact that in the constructed paper library, some of the
papers are not mentioned for the category of the feature factor, so when training with the
pre-trained model, the category to which this part of the feature factor belongs cannot be
captured, resulting in low training accuracy. It may be because the text only selects the
identification features, but does not describe the category to which the features belong,
so there is a missing problem; or it may be that, although the identification features are
categorized in the text, they are displayed in multimodal forms such as graphs and tables,
and the method selected in this research is not designed to extract the information of the
other modal forms. In order to improve the accuracy of entity extraction, the research uses
manual classification methods to reclassify the recognition features. According to the entity
relationship in Table 1, the mapping table is constructed and mapped to get the entity type
label of the tail entity. The final processing results are de-emphasized and corrected to
obtain a total of 2167 entities and 2352 entity relationship triples.

4.1.4. Knowledge Storage

The Neo4j graph database is adopted to store the data and visualize the knowledge
graph. Using the Py2neo library, the previously processed data are batch imported into the
Neo4j graph database to obtain the “knowledge graph of landslide disaster susceptibility
assessment” (part of the results are shown in Figure 9).
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4.2. Recommendation of Characteristic Factors for Landslide Susceptibility Assessment in TGA
Based on Knowledge Graph
4.2.1. Semantic Correlation in the TGA

In order to verify the effectiveness of the recommendation model proposed, the delin-
eated study area increased the neighboring counties (districts) compared to the traditional
Three Gorges Reservoir area. According to the correlation calculation based on the overlap
degree proposed in this paper (as shown in Figure 10), the threshold value of 0.5 is set, and
the characterization factors are selected for the relevant studies of Chongqing Municipality
and Hubei Province in the administrative area; the four regions of Three Gorges Reservoir
Area, Daba Mountainous Region, Sichuan Basin, and Chuandong Ridge and Valley are
selected for the terrain area.
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Figure 10. Results of the correlation between the administrative area (a) and terrain area (b) of TGA
based on the knowledge graph.

Due to the long time span and inconsistent time accuracy of the landslide data obtained
in this paper, the time data for the meteorological, NDVI and other time data in-volved
are not included in the characterization factor system of this research. According to the
selected region’s feature factor indicators, integrated as a collection of alternative indicators
as shown in Figure 11, by calculating the cosine similarity between the feature factors, the
similarity is close to 1, which means higher semantic similarity; therefore, a threshold of 0.8
is set to exclude the feature factors with higher similarity, forming the collection of feature
factors used to assess TGA, as shown in Table 5.
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Figure 11. Characterization factors for landslide susceptibility assessment in TGA based on the
knowledge graph recommendation.

Table 5. Characteristic factors for landslide susceptibility assessment in TGA.

Characteristic Category Identifying Characteristic

Topographic Features

Elevation (DEM)
The Surface Relief Degree (TRD)

SLOPE
Slope Curvature (SPC)

Vertical Curvature (VTC)
Surface Roughness (SRS)

Elevation Coefficient of Variation (ECV)
ASPECT

Surface Curvature (SFC)

Soil Type Soil Type (ST)

Geologic Environment
Geologic type (GT)

Fault Distance (FDe)
Fault Density (FDy)

Rivers
River Density (RDy)
River Distance (RDe)

Note: This paper utilizes DEM data to represent the study area elevation.
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4.2.2. Feature Factor Knowledge Discovery

The relevant part of landslide disaster examples in the knowledge graph is located,
and the TF-IDF value of landslide disaster events in the Collapse > Mudslide > Unstable
slope > Ground crack > Ground collapse is calculated. Therefore, this paper calculates
the density and Euclidean distance of historical geologic disaster in ArcMap 10.8 to join
the landslide disaster evaluation factors, and finally forms the landslide evaluation index
of TGA. Among them, nine types of topographic features, three types of geological envi-
ronment, two types of rivers, the density and Euclidean distance of Collapse, Mudslide,
Unstable slope, Ground crack, and Ground collapse, were selected as the associated disaster,
and a total of 25 evaluation indexes were used for subsequent calculations, as shown in
Table 6.

Table 6. Characterization factors in TGA.

Characteristic Category Identifying Characteristic

Topographic Features

Elevation (DEM)
The Surface Relief Degree (TRD)

SLOPE
Slope Curvature (SPC)

Vertical Curvature (VTC)
Surface Roughness (SRS)

Elevation Coefficient of Variation (ECV)
ASPECT

Surface Curvature (SFC)

Soil Type Soil Type (ST)

Geologic Environment
Geologic type (GT)

Fault Distance (FDe)
Fault Density (FDy)

Rivers
River Density (RDy)
River Distance (RDe)

Associated Disaster

Collapse density (CDy)
Collapse distance (CDe)
Mudslide density (MDy)
Mudslide distance (MDe)

Ground crack density (GCy)
Ground crack distance (GCe)

Ground collapse density (GPDy)
Ground collapse distance (GPDe)
Unstable slope distance (USDe)
Unstable slope density (USDy)

Note: This paper utilizes DEM data to represent the study area elevation.

4.3. Landslide Susceptibility Assessment
4.3.1. Feature Construction

Correlation analysis of feature factors is needed before landslide susceptibility mod-
eling to eliminate strongly correlated factors to reduce model redundancy and improve
model prediction accuracy. In this research, the Pearson correlation coefficient is used to
measure the correlation between the evaluation factors, and a Pearson coefficient greater
than 0.7 may lead to the problem of multicollinearity. As shown in Figure 12, “surface
curvature” and “vertical curvature”, “slope”, “surface relief degree”, “surface roughness”
have strong correlation. Therefore, the vertical curvature, surface relief degree, and surface
roughness were excluded from the evaluation factor system, and the remaining 16 evalua-
tion factors were used for subsequent susceptibility modeling to reduce model redundancy.
A total of 22 evaluation factors were finally formed, as shown in Table 7.
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Table 7. Characteristic factors for landslide susceptibility assessment in TGA.

Characteristic Category Identifying Characteristic

Topographic Features

Elevation (DEM)
Elevation Coefficient of Variation (ECV)

SLOPE
Slope Curvature (SPC)

ASPECT
Surface Curvature (SFC)

Soil Type Soil Type (ST)

Geologic Environment
Geologic type (GT)

Fault Distance (FDe)
Fault Density (FDy)

Rivers
River Density (RDy)
River Distance (RDe)

Associated Disaster

Collapse density (CDy)
Collapse distance (CDe)
Mudslide density (MDy)
Mudslide distance (MDe)

Ground crack density (GCy)
Ground crack distance (GCe)

Ground collapse density (GPDy)
Ground collapse distance (GPDe)
Unstable slope distance (USDe)
Unstable slope density (USDy)

Note: This paper utilizes DEM data to represent the study area elevation.
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4.3.2. Comparison of Results from Different Machine Learning Model Approaches

Figure 13 shows the accuracy, precision, recall, and F1-Score of the six ML models
without parameterization. In analyzing the performance of the machine learning models
with and without associated disaster data included, it can be seen that the inclusion of the
associated disaster as a variable has a significant effect on model performance.

When the selected feature factor does not include the concomitant factors, LR and
SVM perform poorly, with their accuracy below 60%, while the RF, GBDT, XGBoost, and
CatBoost accuracies are all above 65%. When the factors related to the associated disaster
are included, the accuracy of RF, GBDT, and CatBoost are all above 68% accuracy, which is
an improvement of 3%, and the F1-score is above 0.7, with an average improvement of 0.1.
Therefore, by evaluating the associated disaster before and after inclusion in the six machine
learning models, we can demonstrate the validity of the three types of factor classifications
screened in landslide disaster knowledge graph, as well as minine the large connection
between the associated disaster and landslides. The most effective RF is selected, and the
factors related to the associated disaster are included for landslide susceptibility assessment.
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4.3.3. Landslide Susceptibility Assessment Based on RF

Combining 22 feature variables such as terrain features, geological environment, soil,
river, and the associated disaster into the RF, the score of the magnitude of its contribution
to the RF is calculated according to the function. The RF is randomized, so different feature
importance scores are obtained from each calculation. In order to avoid errors caused by
randomness, the feature importance calculations are performed for five iterations, ranked
and selected by the average importance score of the feature variables. A clear difference
in the feature importance scores of the different feature variables can be seen (Figure 14a).
Elevation is the most important feature variable with an importance score of 0.079. ECV is
the second most important feature with a score of 0.074, and the geologic body type has the
lowest importance score of 0.02. It can be seen that among the topographic features, the
order of the importance of each topographic variable is DEM > ECV > SLOPE > ASPECT >
SFC > SPC, and among the geologic environmental factors, the order of importance of each
variable is FDy > FDe > GT; in the river factor, the importance of RDy > RDe, and in the
factor related to associated disaster, the order of importance of each variable is CDy > CDe
> MDe > USDe > GCe > USDy > GPDe > GPDy > MDy > GCy.
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Each feature variable is ranked according to the average score of feature importance,
and 22 feature variables are added from largest to smallest in the random forest classi-
fication; the relationship between the number of features and classification accuracy is
determined by calculating the overall classification accuracy. Figure 14b shows the re-
lationship between the number of features and accuracy based on feature importance
scores under random forest classification. The analysis shows that as the number of feature
variables increases, there is a small fluctuation in the classification accuracy, and the overall
change shows a tendency of first increasing and then fluctuating to stabilize. As the number
of feature variables increases, the amount of categorization information develops from
insufficient to gradually sufficient, and the categorization accuracy gradually improves.
However, with the continuous addition of feature variables with lower feature importance
scores, the phenomenon of information redundancy begins to appear, which affects the
improvement of accuracy to a certain extent and leads to a downward trend in accuracy.
When the number of features reaches 12, the classification accuracy reaches a maximum
value of 74.11%. This indicates that the random forest classification method is insensitive to
changes in the number of features, has high robustness, and is not prone to cause overfitting
even when the number of features is large. When the number of feature variables is small,
the random forest method can also achieve high classification accuracy. Therefore, the
classification combination of “DEM, ECV, CDy, FDy, CDe, SLOPE, MDe, GCe, FDe, SPC,
USDy, RDy” is the optimal feature combination.
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After determining the most feature combinations, using the GridSearchCV method, it
was determined that the classification was optimal when the classification accuracy was
87.20%, at which point the RF parameters are shown in Table 8.

Table 8. RF optimization parameters.

Parameter Category Parameter Indicator

criterion entropy
max_depth 10

max_features sqrt
n_estimators 110

The optimal feature combinations and optimal parameters were input into the RF
classifier to assess the landslide susceptibility of TGA based on the sample data, as shown
in Figure 15, which was divided into five categories according to the natural discontinuities,
namely, lower susceptibility zone, low susceptibility zone, medium susceptibility zone,
high susceptibility zone, and higher susceptibility zone. In terms of the number of each
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category, the area below the low susceptibility zone accounts for 43.50% of the total area
of the region and is mainly distributed in the central region, while the risk area above the
high susceptibility zone accounts for 37.15% and is mainly distributed in the western and
eastern fringe areas of TGA.
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4.3.4. Influence of Characterization Factors on Landslide Susceptibility

The influence of each factor on the susceptibility to landslide disasters can be further
explained through the individual factor dependency graphs. As shown in Figure 16, the
x-axis of the graph indicates the factor specific values, and the y-axis indicates the influence
factor SHAP values. According to the single factor dependency plot, it can be seen that
the probability of landslide susceptibility decreases as the Mudslide distance (MDe) and
the Collapse distance (CDe) increase, which further proves that the further away from
the source areas of mudslides and collapses, the better the ground stability of the area.
Staying away from these high-risk areas can significantly reduce landslide events caused
by sudden ground loosening or water scouring. The SHAP values of DEM, SLOPE, Fault
Density (FDy), and Collapse density (CDy) first increase and then decrease as they are
worth to increase, and the probability of landslide occurrence decreases after elevation
(DEM) > 250 m, SLOPE > 5◦, Fault Density (FDy) > 2, and Collapse density (CDy) > 180.
Higher topographic elevation usually implies that the geologic structure is more solid and
rock hardness is higher, which makes landslides less likely in these areas, and while high
fault densities may, at first glance, seem to be associated with a high risk of landslides, in
practice, these areas tend to receive more attention in terms of geologic investigations and
stabilization measures, which reduces the likelihood of landslides. Geologic activity in
faulted areas may have been appropriately managed, reducing the risk of untreated geology.
In addition, high topography may also mean less erosion and better channelization of water
flow, further reducing the risk of landslides. Fault Distance (FDe), Slope Curvature (SPC),
Unstable slope density (USDy), and Ground crack distance (GCe) show fluctuating changes
with increasing values. The Elevation Coefficient of Variation (ECV) and River Density
(RDy) show a sharp increase in the probability of landslide occurrence with increasing
values. This may be caused by the increase in ECV and RDy, which leads to an increase
in terrain instability. The increase in ECV implies greater topographic relief, which may
lead to unpredictable water flow behavior and increased risk of soil erosion and ground
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loosening. An increase in the density of the river network, on the other hand, implies that
more water flow may erode the foundations, especially under high rainfall conditions,
increasing the probability of landslides.
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As shown in Figure 17, the elevation (DEM) SHAP values are widely distributed and
the color transition is uniform, indicating that different elevations have a significant effect
on the prediction results. Secondly, Elevation Coefficients of Variation (ECV) are mainly
distributed in the middle region, indicating that the Elevation Coefficient of Variation has
less influence on the model prediction results. The SHAP values of Fault Density (FDy),
Fault Distance (FDe), Collapse distance (CDe), Collapse density (CDy), and Mudslide
distance (MDe) are widely distributed, and the color distribution is uniform, indicating
that the associated disaster indicators have significant and obvious positive and negative
effects on model prediction accuracy. The SHAP values of SLOPE are more uniformly
distributed, which indicates that slope has a moderate effect on the prediction results, and
color distribution is relatively uniform, which indicates that the changes in slope values
between high and low levels have relatively balanced effects on the results. The distribution
of such SHAP values for River Density (RDy), Ground crack distance (GCe), and Unstable
slope density (USDy) is concentrated near 0 and the colors are more concentrated, indicating
that these features have less influence on model prediction. The distribution of Slope
Curvature (SPC) SHAP values is more concentrated, and the colors are varied, indicating
that this feature has some influence on the prediction results, but the range of influence
is narrow.

In general, the elevation (DEM), Collapse distance (CDe), Fault Density (FDy), Collapse
density (CDy), Fault Distance (FDe), and Mudslide distance (MDe) have a greater influence
on the prediction of landslide susceptibility. River Density (RDy), Ground crack distance
(GCe), Unstable slope density (USDy), and the elevation coefficients of variation (ECV)
have a smaller influence on the prediction of landslide susceptibility.
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5. Discussion

With the increase in landslide-related research, it is an important task to integrate
a priori knowledge in the landslide domain and mine implicit correlations to support
high-precision and high-efficiency landslide disaster susceptibility assessment. Although
many studies have been conducted on landslide susceptibility modeling under multi-model
and multi-feature, for the selection of feature indicators, due to the varying time of the
occurrence of disasters in landslide inventories, which leads to the problem of temporal
matching of, e.g., NDVI and meteorological rainfall is not fully considered, it is necessary
to design suitable feature factor recommendation models to achieve equivalent or efficient
assessment effects. In addition, much landslide-related information contained in landslide
disaster reports and landslide event encyclopedias has not been effectively utilized, such
as the concomitant disaster density and Euclidean distance factor found in this paper
through the landslide knowledge graph, and the integration of the existing methodology
and technology to mine the implicit relationships in the unstructured data, which is of
scientific significance to improve the accuracy of the assessment.

In order to verify the effectiveness of the spatial correlation and attribute similarity
in this paper, the study area selected in this paper is not the Three Gorges Reservoir Area
in the traditional sense, but the adjacent area is added on the basis of the Three Gorges
Reservoir Area. Compared to existing research on the traditional Three Gorges Reservoir
area., Fang et al. (2021) [60], Song et al. (2024) [61], and Yu et al. (2024) [62] utilized
historical landslide data by selecting 20, 12, and 15 feature factors such as NDVI, climate
and meteorology, road data, and land cover under the current timestamp, respectively, to
compare different machine learning models trained on landslide susceptibility in TGA,
while the average accuracies of randomized forest assessment in the research were 80%,
84.05%, and 79.6%. Through the knowledge graph of landslide susceptibility assessment
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constructed in this paper, combined with the feature factor recommendation model, a total
of 12 types of evaluation indexes are selected from five categories of Topographic Features,
Geologic Environment, Soil Type, Rivers and Associated Disaster, and combined with the
random forest model with hyperparameter optimization, the susceptibility assessment of
TGA is carried out, and the optimal accuracy reaches 87.20%, which proves the superiority
of the selection of feature indexes based on the knowledge graph established in this paper.

In this paper, non-landslide sample points are currently selected only in accordance
with existing studies and the first law of geography; future research needs to consider
more constraints to improve the production of non-landslide data in order to improve
prediction accuracy. In addition, this study only utilizes single-modal unstructured text for
knowledge mining. Future work should extract and mine multimodal landslide informa-
tion, for example, through optical remote sensing imagery combined with deep learning
to comprehensively recognize the surface geological environment [63–65], or use image
segmentation technology for the segmentation and data mining of planar raster map data
to expand the knowledge map in the field of landslides, improve spatial correlation and
attribute similarity, and mine more implicit relationships so as to provide a more complete
system of feature factors for landslide recognition [66,67]. The aim is to provide a more
complete feature factor system for landslide identification.

6. Conclusions

Landslide, as a major geological disaster, is of great significance to timely and accu-
rately delineate landslide-prone areas for disaster defense and policy formulation. This
research aims to construct a feature factor selection model under a priori knowledge, com-
bined with a knowledge discovery algorithm to mine the highly correlated but underuti-
lized factors in historical landslide disasters and construct a feature factor recommendation
model. With the selected TGA as a study case, we evaluated six machine learning al-
gorithms, and selected the better-performing random forest model for hyper-parameter
optimization, constructing an interpretable landslide susceptibility assessment model.

In this study, the UIE model is used and fine-tuned with a small amount of labeled data
to construct mapping relationships to realize the knowledge graph of landslide disaster
for text data. The obtained knowledge graph contains 2167 entities and 2352 relationships.
Based on the similarity calculation and knowledge discovery of the knowledge graph, this
paper constructs a feature combination containing relevant disaster factors. With six ML
models, it is effectively proved that the inclusion of landslide disaster associated factors
contributes to the optimization of classification results. The RF accuracy after combining the
optimal feature combination and hyper-parameter optimization reaches 87.20%, indicating
that the model constructed in this paper has high credibility. The spatial distribution
of susceptibility shows that the high-risk areas of TGA are located in the western and
eastern edge areas. Quantitative analysis of the relationship between the characteristic
factors and the probability of landslide occurrence shows that the probability of landslides
occurring is smaller as the Mudslide distance and Collapse distance increase; and as the
DEM, SLOPE, Fault Density, Collapse density increase with the value, the probability
of landslide susceptibility first increases and then decreases. The Elevation Coefficient
of Variation and River Density increase with the value as the probability of landslide
susceptibility increases sharply.
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