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ABSTRACT

Slope instability is a common geological hazard along mountainous roads in Vietnam, leading to significant
damage to infrastructure, traffic disruptions, and loss of life. Predicting slope stability, typically quantified by the
Factor of Safety (FS), is challenging due to the complex interactions between geotechnical, topographical, and
environmental factors. This study aims to develop efficient and accurate models for predicting the FS of natural
slopes using advanced machine learning techniques, including Gradient Boosting (GB), Support Vector Machine
(SVM), Multi-layer Perceptron (MLP) Neural Networks, Random Forest (RF), and AdaBoost (AB). 371 slope
stability cases were used to create a comprehensive database for model training. Both geotechnical and topographical
parameters were considered in the FS prediction process. The performance and reliability of these models were
evaluated using standard metrics such as R?2, MAE, and MSE. The results demonstrated that all models exhibited
satisfactory prediction capabilities, with the optimized GB model achieving the highest accuracy (R? = 0.975,
MAE = 0.079, and RMSE = 0.120). Additionally, SHAP analysis was employed to assess the importance of input
variables in predicting the FS. The findings revealed that slope ratio (X1), slope height (X2), and the number of

steeps (X3) were the most influential parameters in the FS prediction.
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1. Introduction ecosystems (Zhang Fanyu et al., 2021).
Accurately assessing slope stability's safety

Predicting slope stability safety factors is a ) ) ]
factor (FS) is essential for preventing such

critical concern in geotechnical engineering. It
has significant implications for infrastructure disasters (Collison et al., 1996). This makes it
safety, environmental sustainability, and @ key area of research. The complexity of the
disaster management (Cheng, 2003; Cho, slope stability factors includes soil properties,
2007). Unstable slopes can lead to landslides, water content, slope geometry, and external
threatening human lives, property, and forces such as rainfall. These complexities

complicate the predictive task (Kolapo et al.,

*Corresponding author, Email: binhpt@utt.edu.vn 2022). Since slope failures often occur
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unpredictably, enhancing predictive models is
vital for better risk assessment. This is
essential for informed decision-making in
construction and land-use planning (Fell et al.,
2008).

Analyzing slope stability involves soil,
rock, and other materials with complex spatial
variability and nonlinearity, making it
challenging to study and predict their
behavior. Traditional methods for determining
slope stability primarily rely on laboratory and
field tests, requiring considerable technical
expertise to assess stability based on limited
experiments (Moayedi et al., 2019).
Additionally, conventional analytical
techniques often simplify conditions, such as
assuming homogeneous soil, which overlooks
the inherent spatial variability in actual soils.
Today, numerous computational tools enable
more efficient slope stability analysis,
including geotechnical software based on
limit equilibrium methods (LEM), including
methods such as the Fellenius method
(Swedish Circle), modified bishop method,
jambu method, Spencer method, and
Morgenstern-price method and finite element
methods (FEM) include methods such as
linear finite element analysis (Linear FEM),
nonlinear finite element analysis (Nonlinear
FEM), limit state analysis, stress-strain
method, and plasticity analysis (Hammouri et
al., 2008). These methods use static analyses
to estimate the safety factor of slopes. They
calculate the balance between driving forces,
like gravity and water pressure, and resisting
forces, such as soil strength. LEM and FEM
provide valuable insights into how slopes
behave. However, they depend heavily on
assumptions about soil properties and
boundary conditions. This can lead to
inaccuracies in complex, real-world situations.
Additionally, these methods are often
expensive and time-consuming, which limits
their use in cases that need quick assessments

or large-scale analyses (Liu et al., 2020; Liu et
al., 2019). Therefore, the general challenge in
further developing slope stability analysis
methods is creating a reliable general design
tool to assess slope stability accurately.

Machine learning (ML) models have
recently become famous for predicting slope
stability. They are effective because they can
handle complex, nonlinear relationships
between variables and learn directly from data
(Lin et al., 2024). Many studies have used soft
computing (SC) techniques, which are
computational methods designed to model
complex soil, rock, and other natural
conditions affecting slope stability. These
include artificial neural networks (ANN)
(Kumar et al., 2024; Meng et al., 2021) and
support vector machines (SVM) (Wang et al.,
2023) to address geotechnical problems like
slope failure prediction. Ensemble learning
methods, such as Random Forest (RF) (Xie et
al., 2022), Gradient Boosting (GB) (Wang et
al., 2020), and AdaBoost (AB) (Lin et al.,
2022), often perform better than traditional
single models. They improve accuracy and
capture interactions between variables.
However, most previous studies have focused
on individual models or small datasets. The
comparative  performance of  different
ensemble and boosting models is still poorly
understood. This gap shows the need for
thorough evaluations of these advanced
techniques in predicting slope stability.

This study develops and evaluates several
machine learning models for predicting slope
stability safety factors, including Gradient
Boosting (GB), Random Forest (RF),
AdaBoost (AB), Multi-Layer Perceptron
(MLP), and Support Vector Machine (SVM).
The novelty of this study lies in its application
of multiple state-of-the-art machine learning
models to predict slope stability, offering a
robust, data-driven approach to assessing the
Factor of Safety in real-world conditions.
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Unlike traditional methods that rely on
empirical formulas and often fail to account
for the complexity of natural slopes, this study
leverages the power of machine learning to
integrate and analyze a wide range of
geotechnical and topographical parameters.
Furthermore, while most previous studies
have focused on individual models or small
datasets, the comparative performance of
different ensemble and boosting models in
predicting slope stability remains
underexplored. This gap underscores the
importance ~ of  conducting  thorough
evaluations of these advanced techniques. The
findings of this study provide a more accurate,
timely, and reliable tool for predicting slope
stability, which can be used for proactive risk
management and mitigation in mountainous
regions. By identifying the key factors
influencing slope stability, this research also
offers valuable insights that can guide the
design of safer infrastructure and inform
policy decisions related to land use and
environmental conservation. The models are
evaluated using multiple performance metrics,
such as root mean square error (RMSE), mean
absolute error (MAE), and R-squared (R?).
The findings will aid in selecting the most
effective machine-learning approach for slope
stability assessment.

2. Materials and Methods
2.1. Data used

The data utilized in this study pertains to
the newly planned construction of the Tuyen
Quang - Ha Giang expressway, which has a
total length of nearly 105 km. The expressway
begins at the intersection of the Tuyen Quang
- Phu Tho Expressway with QL 2D, located in
Nhu Khe Commune, Yen Son District (Tuyen
Quang), and terminates at Tan Quang
Commune, Bac Quang District (Ha Giang).
Of this, 77 km is within Tuyen Quang
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province, passing through Yen Son and Ham
Yen districts, while the remaining 27.5
kilometer stretch traverses Ha Giang
Province, specifically Bac Quang District
(Fig. 1).

The data of 371 slopes of the Tuyen Quang
- Ha Giang expressway were constructed and
analyzed to train and validate the predictive
models. This data includes two variables: the
FS of the slopes (dependent variable - output)
and factors that affect the FS of the slopes
(independent variables - inputs). Out of these,
a set of the affecting factors include
dimensional factors of slopes (height, slope
ratio, and the Number of steeps) and
geotechnical factors of the slopes (thickness
of soils, unit weight (y), cohesion (c), and
internal friction angle (¢)). A description of
the variables used in the analysis is given
below and in Table 1:

2.2.1. Factor of safety (FS)

FS values of the slopes were calculated
using Bishop's theory embedded in the GEO-
Studio software. In this regard, the slip
surface is assumed to be a circular cylindrical
arc, dividing the sliding mass into several
slices, and the stability factor (FS) is
calculated as the ratio between the resisting
force and the driving force (Malik et al.,
2020). Table 1 shows that the values of the FS
range from 0.532 to 3.32.

2.2.2. Slope ratio (X1)

The slope ratio is an important index used
to describe the slope of a land surface. It is
typically calculated by dividing the height of
the slope by its corresponding horizontal
length. The slope ratio is often expressed as a
ratio or as an angle (Wang et al., 2022). A
higher slope ratio usually indicates a steeper
terrain with a higher probability of instability,
while a lower coefficient suggests a less steep
and more stable slope. This study analyzes the
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slope ratio with 7 different slopes including
0.7,0.75, 1, 1.25, 1.5, 1.75, 2.

2.2.3. Slope height (X2)

The height of a slope affects not only its
ability to accumulate soil but also other
factors such as slope angle, water pressure,
erosion, and soil consistency (Yuan et al.,
2021). Taller slopes tend to accumulate more

soil mass, resulting in more significant
pressure on the underlying soil. This can
increase the probability of instability,
especially when dealing with weaker soils like
clay. Additionally, as the height of the slope
increases, so does its slope angle, leading to
more vital shear forces, reducing the soil's
bearing capacity, and increasing the risk of
landslides.
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Figure 1. Study area of Tuyen Quang - Ha Giang expressway
2.2.4. Number of steeps (X3) 2.2.5. Geotechnical factors
The number of slope steeps is an essential Each soil layer exhibits distinct
factor in evaluating terrain stability. It is often  characteristics  reflecting its  formation

used to assess the hazard potential of terrain
gradients (Statham et al., 2020). High slopes
are typically associated with a greater risk of
instability, while slope ratios for more stable
configurations are also considered. Generally,
each slope has a height ranging from 6 to 12
meters.

environment and structure. These parameters
significantly influence the stability and
behavior of each soil layer (Khanna et al,
2021). Understanding these characteristics for
each soil layer helps geological experts and
civil engineers assess and predict the stability
of slopes in detail and accurately, thereby
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devising effective protective measures. The
parameters of the soil layers used are as
follows:

Unit weight (y): The unit weight of the soil
layer affects its overall density and mass. Soil
layers with higher unit weights typically exert
greater downward forces, which can impact
stability and compaction (Chang et al., 2023).

Cohesion (c): Cohesion represents the
internal strength of the soil layer and its
resistance to shear forces. Soils with higher
cohesion often demonstrate greater stability
and shear strength, especially in cohesive soils
like clay (Schjenning et al., 2020).

Internal friction angle (p): The internal
friction angle determines the soil's resistance
to shear deformation (Rasti et al., 2021). Soils
with higher phi (p) values can withstand
larger shear stresses before experiencing shear
failure. This parameter is particularly crucial
in granular soils such as sand and gravel.

Thickness of soils (h): The thickness of
each soil layer contributes to the overall
structure and geometry of the slope. Thicker
layers can provide greater stability and
resistance to strong erosion, whereas thinner
layers may be prone to collapse and mass
movement (Zhang Xuanchang et al., 2021).

In this study, we examined the correlation
between the input and output variables (FS).
Pearson correlation coefficient was used to
measure the linear correlation between pairs
of variables, with values ranging from -1 to 1.
Values close to 1 or -1 indicate a strong
correlation, while values near 0 indicate no
correlation (Saccenti et al., 2020). From
Fig. 2, it can be seen that variables slope ratio,
slope height, and number of slope steeps have
the highest correlation with the FS. Other
variables also have a reasonable correlation
with the FS. Therefore, all the input variables
were used to build a predictive model for
predicting the FS.

Table 1. Statistical analysis distribution of the inputs in this study

No. Parameter Notation Unit Mean STD Min Max
1 Unit weight layer 1 yl KN/cm® 12.105 8.712 0 19.99
2 Cohesion layer 1 cl kPa 15.864 11.408 0 259
3 Internal friction angle layer 1 pl °C 11.048 7.949 0 17.9
4 Thickness_layer 1 hl M 4.64 4.605 0 15.81
5 Unit weight layer 2 y2 kN/cm® 15.507 7.043 0 19.99
6 Cohesion layer 2 c2 kPa 26.697 15314 0 77.3
7 Internal friction angle layer 2 @2 °C 15.25 6.935 0 19.85
8 Thickness_layer 2 h2 m 6.173 4.731 0 18.59
9 Unit weight layer 3 y3 KN/cm® 12.147 10.533 0 27.14
10 Cohesion_layer 3 c3 kPa 18.851 16.057 0 36
11 Internal friction angle layer 3 3 °C 12.357 10.718 0 27.36
12 Thickness_layer 3 h3 m 3.217 3.298 0 11.5
13 Unit weight layer 4 y4 KN/cm® 4.272 9.014 0 27.14
14 Cohesion_layer 4 c4 kPa 5.926 12.414 0 36
15 Internal friction angle layer 4 04 °C 4.149 8.824 0 27.36
16 Thickness_layer 4 h4 m 1.208 3.082 0 16.43
17 Unit weight layer 5 75 kN/cm® 12.207 13.443 0 27.2
18 Cohesion layer 5 c5 kPa 16.302 17.944 0 36
19 Internal friction angle layer 5 '~ °C 12.389 13.637 0 27.36
20 Thickness_layer 5 h5 m 4.845 8.233 0 32.17
21 Slope ratio X1 - 1.25 0.501 0.5 2
22 Slope height X2 m 20.942 10.286 4.43 54.88
23 Number of steeps X3 - 2.618 1.286 0.55 6.86
24 FS Y - 1.553 0.471 0.532 3.32
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Figure 2. Correlation analysis between input variables and the FS

2.3. Methods used

In this study, five machine learning models
are applied to predict the FS of slopes:
Gradient Boosting (GB), Support Vector
Machine (SVM), MLP Neural Networks
(MLP), Random Forest (RF), and AdaBoost
(AB). The basic algorithms are described
below:

2.3.1. Gradient Boosting (GB)

This study employs the Gradient Boosting
Regression (GB) model to minimize
expectations and enhance model accuracy. GB
is a rational choice due to its high
performance and stability. Introduced by
Friedman, the GB algorithm extends the
boosting method to tackle regression
problems (Friedman, 2001). This algorithm
utilizes a gradient-based loss function to find
the minimum of the objective function. GB
has been widely adopted due to its efficient
handling of noisy and unclean data. It
supports various loss functions and provides

robust predictive capabilities for nonlinear
data (Friedman, 2001). One significant
advantage of GB is its ability to avoid
overfitting in decision tree learning by curbing
the excessive growth of the trees from the
outset.

GB works by building an ensemble of
weak decision trees, with each tree trained to
correct the errors of the preceding one. This
process continues until the maximum number
of trees is reached or the error is reduced to an
acceptable level. Another strength of GB is its
ability to incorporate new decision trees
without retraining the entire model, thereby
saving time and computational resources
(Nguyen et al., 2021). The application of GB
has demonstrated high effectiveness due to its
ability to analyze and predict complex and
diverse datasets accurately. This allows
researchers to make reliable conclusions and
valuable predictions across various fields,
from genetics to disease research and
pharmacology.
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2.3.2. Support Vector Machine (SVM)

SVM has gained widespread adoption
because of its capability to handle both
linearly and non-linearly separable data
effectively. It utilizes various kernel
functions, including linear, polynomial, and
radial basis function (RBF) kernels, which
allow it to capture complex relationships
within the data (Ghosh et al.,, 2001). A
significant strength of SVM is its ability to
prevent overfitting, especially in high-
dimensional spaces, by maximizing the
margin between different classes. The SVM
algorithm operates by constructing one or
more hyperplanes in a high-dimensional space
that can be utilized for tasks such as
classification and regression. The primary
objective is to identify a hyperplane that
separates data points into different classes
with the maximum margin. For datasets that
are not linearly separable, SVM applies kernel
tricks to map the data into a higher-
dimensional space where linear separation
becomes possible (Pisner et al., 2020).

The effectiveness of SVM has been proven
across various applications due to its precise
classification and prediction capabilities for
complex and varied datasets (Abdullah et al.,
2021). This robustness enables researchers to
draw reliable conclusions and make valuable
predictions in diverse fields, such as image
recognition, bioinformatics, and financial
forecasting.

2.3.3. MLP Neural Networks (MLP)

MLP is a regression model utilizing a
feedforward neural network to solve complex
regression problems by learning from data to
identify nonlinear relationships. The ability to
process input data through multiple layers of
interconnected neurons helps improve
prediction accuracy and make more confident
decisions based on existing information. The
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development of libraries such as sci-kit-learn
has made the application of MLP regressors
easier and more efficient, allowing researchers
and professionals to exploit the potential of
this model in real-world problems (Jin et al.,
2022).

Extending the perceptron model, MLP
includes three layers: the input layer, hidden
layer, and output layer. Each layer comprises
artificial neurons, which act as information
processing units. In an MLP network, neurons
compute a weighted sum of inputs, apply an
activation function, and produce an output.
The backpropagation algorithm involves
feedforward and backward phases (Sekhar et
al., 2020). During feedforward, input
information traverses the network without
altering parameters, while the network error,
reflecting the difference between actual and
desired output, is computed. In the backward
phase, parameters (weights and biases) are
adjusted to minimize this error.

2.3.4. Random Forest (RF)

RF is a machine learning model based on
the Random Forest algorithm. This algorithm
is part of ensemble models, where multiple
decision trees are built and combined to create
a predictive model. RF is widely used to
predict numerical values such as house prices,
sales volumes, and personal income.

Each decision tree in the RF is constructed
based on a subset of the training data sampled
according to the bootstrap sampling principle
(Ali et al, 2012). This ensures that each
decision tree is trained on a different dataset,
reducing the risk of overfitting and increasing
the diversity of the model. RF also supports
various hyperparameters that can be tuned to
optimize the model's performance, including
the number of trees, the depth of each tree,
and the number of features used in building
each tree.
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During prediction, RF computes the
average of forecasts generated by each
decision tree in the ensemble. This helps
minimize bias and improve the accuracy of
predictions. RF is often a robust choice for
regression problems when the data has many
features and complex correlations (Ben Ishak,
2016).

2.3.5. AdaBoost (AB)

AB is a regression model in machine
learning built on the foundation of the
AdaBoost algorithm. It's part of ensemble
models, where multiple weak learners are
combined to form a strong predictive model.
AB is used to predict numerical values and is
a popular choice in regression problems
(Rabbani et al., 2023). The algorithm works
by training multiple weak regressors, often
simple decision stumps, on different subsets
of the data. Each weak regressor focuses on
predicting data points that previous models
have misclassified. The predictions from these
weak regressors are then combined to produce
the final prediction of AB.

AB automatically adjusts the weights of
each weak regressor based on their
performance (Shrestha et al., 2006). Those
with better performance are given higher
weights in the final prediction combination.
This helps improve prediction accuracy and
minimize errors.

By combining multiple weak regressors,
AB often produces robust and accurate
predictions, especially in regression problems
with complex and nonlinear data.

2.4. Validation indicators

Validation indicators, also called
evaluation metrics or performance measures,
are essential for evaluating the quality and
efficacy of machine learning models. These
metrics offer insights into how well a model
generalizes to unseen data and facilitate the

comparison of different models or the tuning
of hyperparameters (Hicks et al., 2022).
Several common validation indicators used
across various machine learning tasks include:
Mean Absolute Error (MAE): MAE
quantifies the average absolute variance
between predicted and actual values. It
provides a straightforward interpretation of
the average error magnitude.
MAE= 3" lye—ve]l ()
Root Mean Squared Error (RMSE): RMSE
is the square root of MSE and offers an

interpretable measure of the average error in
the same units as the target variable.

RMSE = \/lzk:1(Yk )

n

R-squared (R?): R signifies the proportion
the dependent variable
predictable from the independent variables.
Ranging from 0 to 1, higher R* values denote
superior model performance.

n A2
Z _ (Vi=vx)
S — 3

2 e V=92

where n represents the size of the training
dataset, yx is the actual observed values,
y,z the predicted values and ¥y is the mean of
the observed values.

of wvariance in

R?=1-

2.5. SHapley Additive exPlanations (SHAP)

SHAP is a technique for explaining model
predictions in machine learning. It relies on
cooperative game theory and Shapley values
to provide a theoretical framework for
determining the importance of features for
model predictions (Fryer et al, 2021).
Moreover, SHAP is model-agnostic and can
be applied to any machine learning model,
including complex ones like deep neural
networks. It offers a rational and theoretically
sound approach to identifying the importance
of features, ensuring that the contributions of
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features are consistent and unbiased
(Lundberg et al., 2017). SHAP values provide
comprehensive  explanations of feature

importance, helping users understand the
overall behavior of the model.

In summary, SHAP is a powerful technique
for explaining model predictions by
quantifying the importance of features based on
principles of cooperative game theory. SHAP
offers visualization techniques to effectively
represent these values, such as summary, force,
and dependence plots. These visualizations
help understand  which  features
significantly impact the model's prediction for
a selected data point (Yin et al., 2024).

users

3. Results and discussion

3.1. Validation and comparison of the ML
models

In training the models, the grid search
cross-validation method was used to tune and
select the optimal hyperparameters for the
models (Table 2). This method involves
systematically searching through a predefined
set of hyperparameters, evaluating the model's
performance using cross-validation, and
selecting the set of hyperparameters that
yields the best results. In grid search, a grid of
hyperparameters is defined, and the model is
trained and evaluated for each possible

combination of these hyperparameters. The
models were validated using various statistical
indexes such as MAE, RMSE, and R* on both
training and testing datasets. While validation
of the models using a training dataset shows
the goodness of fit of the models with the data
used, validation of the models using a testing
dataset shows the predictive capability of the
models. From Table 3, it can be observed that
the GB model achieved the lowest values of
MAE on both training (0.04) and testing
(0.079) datasets, and the AB received the
highest values of MAE on both training
(0.141) and testing (0.158) datasets. With
RMSE, the GB model also received the lowest
values on both training (0.059) and testing
(0.100) datasets, the MLP had the highest
value (0.183) on the training dataset, and the
MLP and AB had the highest value on the
testing dataset (0.200). Figures 3 and 4 show
the performance of the models using R It can
be seen that the GB model has the highest
value of R* (0.984), while the MLP model
received the lowest value of R* (0.843) on the
training dataset. The GB model also received
the highest R2 (0.939) with the testing dataset,
while the AB received the lowest R* (0.830).
Figures 5 and 6 show the distribution of errors
produced while training and testing datasets in
the models.

Table 2. The models' hyper-parameters used in this study

No. Hyper-parameter Model

GB SVM MLP RF AB
1 n_estimators 100 - - 200 100
2 learning_rate 0.1 - - - 0.1
3 max_depth 3 - - 10 -
4 min_samples_split - - - 5 -
5 min_samples leaf - - 2 -
6 c 10 - - -
7 kernel poly - -
8 hidden layer sizes - 50 -
9 activation - relu - -
10 loss - - linear
11 solver - adam - -
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Table 3. Validation of the models using MAE and
RMSE indicators

No. | Parameter | Training | Testing
MAE
1 GB 0.04 0.079
2 SVM 0.108 0.120
3 MLP 0.121 0.130
4 RF 0.047 0.108
5 AB 0.141 0.158
RMSE
1 GB 0.059 0.100
2 SVM 0.173 0.194
3 MLP 0.183 0.200
4 RF 0.073 0.108
5 AB 0.170 0.200

The analysis of results showed that the GB
model outperformed other models, such as
SVM, RF, MLP, and AB, for predicting the
FS of slope stability in this study. It is
reasonable as the GB model is a sophisticated
ensemble learning approach that
systematically corrects the shortcomings of
single models through an iterative process,
particularly in the context of predicting the
safety factor of slope stability, where
nonlinear  relationships  dominate, and
interactions among multiple variables are
complex (Karir et al., 2022).

GB has a decisive advantage due to its
iterative process (Bentéjac et al., 2021).
Unlike RF, which averages predictions from
multiple independent decision trees, GB
builds trees one after another. Each new tree
is trained to fix the errors made by the
previous tree. This step-by-step approach
helps GB identify complex patterns and
nonlinear relationships among input variables,
such as slope gradient, soil composition, and
moisture levels. On the other hand, RF treats
each tree separately and may not capture these
relationships either. This iterative
improvement is why GB often outperforms
RF in complex scenarios, like predicting slope
stability.

GB also effectively minimizes bias and
variance, enhancing its predictive ability
(Karir et al., 2022). In contrast, AdaBoost
(AB) mainly focuses on reducing bias by
adjusting the weights of misclassified data
points in each iteration. However, it does not
refine predictions as deeply as GB. AB
combines weak learners, which may be less
effective in problems with significant
nonlinearity, such as slope stability modeling.
GB reduces bias and manages variance
through its gradual learning process, making it
better at balancing underfitting and overfitting
than AB.

Additionally, SVM can perform well in
high-dimensional spaces but struggles with
variable interactions in regression tasks unless
finely tuned with suitable kernels. This tuning
can be resource-intensive, and SVM's need for
proper kernel selection makes it less flexible
than GB, which automatically manages these
complexities (Bentéjac et al., 2021).

Furthermore, GB focuses on the hardest-
to-predict instances (Samaei et al., 2024).
Each iteration gives more weight to data
points where the previous model struggled.
This focus is essential in slope stability
prediction, where certain  geotechnical
conditions or outliers can be challenging to
predict accurately.

Although MLP is powerful for modeling
complex, nonlinear data, it can act as a "black
box" and is more prone to overfitting without
proper regularization (Lapuschkin, 2019).
that GB with
moderate-sized and noisy datasets, making it
suitable for slope stability predictions. MLP
can perform well in large-scale and complex

Research shows excels

environmental modeling, but only if sufficient
data is available.
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Figure 5. RMSE values with a) GB; b) SVR; ¢) MLP; d) RF;
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3.2. SHAP analysis of the importance of
input variables

The SHAP analysis evaluated the
importance of input variables on the
predictive capability of the best model GB
(Figs. 7 and 8). It shows the significant
influence of three critical parameters,

including X1, X2, and X3, on predicting the
FS of slope stability. X1 emerges as the most
critical factor, with a mean SHAP value of
0.28, indicating that it has the most decisive
impact on the model's output. This result is
expected X1 directly influences the balance
between driving and resisting forces acting on
a slope. Steeper slopes are inherently more
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prone to instability due to the increased
gravitational force acting along the slope
surface, which explains the dominant
influence of this feature in determining the
safety factor. X2 also plays a significant role
in slope stability, with a mean SHAP value of
0.13. Taller slopes generally carry more
potential energy, which increases the driving
forces that can lead to slope failure. The
greater the height, the more critical the
prediction becomes, as taller slopes may
experience more significant deformations or
failure mechanisms under certain conditions.
This explains why X2 is another essential
feature in the model, contributing significantly
to the stability prediction. X3, with a mean
SHAP value of 0.11, also plays an important

Variables

role, though slightly less than slope ratio and
height. The number of steeps refers to the
abrupt changes in slope angle along the slope
profile, which can introduce localized
weaknesses or points of failure. A higher
number of steeps can create areas of
concentrated stress, increasing the likelihood of
slope instability. The model's recognition of
this variable's impact reflects the practical
importance of accounting for complex slope
geometries when assessing stability. However,
The remaining variables exhibit minimal
influence on the model's output, with SHAP
values close to zero, suggesting that they either
do not have a significant relationship with
slope stability or their effects are negligible
compared to the more dominant features.

+0.28

0.00

0.05 0.10

0.15 0.20 0.25 0.30

Mean SHAP values

Figure 7. The partial SHAP dependence plot highlights the impact of the three representative features and
the most influential result

196



Dam Duc Nguyen et al.

E[X1]
3.01

2.5

fix) | X1

E[f(x)]
1.5

1.0

0.54

125 150 175 2.00

X1

0.50 0.75 1.00

E[X3]

2.5

2.0

f(x) | X3

1.0

E[X2]

2.5

2.0

_\\\x—\l—\ ELf(x)]

1.01

f(x) | X2

0.5

20 30 40 50 60

05+
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In general, these results highlight the
critical role of the top three features (X1, X2,
and X3) in determining slope stability while
also suggesting that lower-ranked features
could potentially be excluded from future
models to streamline the prediction process
without compromising accuracy. Therefore, it
can be stated that steeper and taller slopes
with more abrupt changes in angle are
inherently more susceptible to failure.

4. Conclusions

This study evaluated the performance of
several machine learning models, including
Gradient Boosting (GB), Random Forest
(RF), AdaBoost (AB), Multi-layer Perceptron
(MLP) Neural Networks, and Support Vector
Machine (SVM), in predicting the Factor of
Safety (FS) for slope stability. The results

demonstrated  that the GB  model
outperformed the other models in terms of
prediction accuracy, with an R? of 0.975,
MAE of 0.079, and RMSE of 0.120. GB's
ability to iteratively refine its predictions
made it particularly effective at capturing
complex interactions between geotechnical
and topographical variables, contributing to its
superior performance. On the other hand, AB
exhibited the weakest performance, struggling
to adequately model the intricate relationships
inherent in the slope stability data.

These findings underscore the importance
of selecting the appropriate machine-learning
model for slope stability analysis. While RF
and SVM provided acceptable predictions,
GB's capacity to model variable interactions
and focus on challenging cases made it the
most robust and precise option for this study.
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However, the study has several limitations.
The relatively small dataset, consisting of 371
slope stability cases, may not fully encompass
the range of geotechnical conditions
influencing slope behavior, potentially
limiting the generalizability of the models. A
more extensive and diverse dataset, including
additional geotechnical and environmental
parameters, would likely improve the
performance and robustness of the models.
Furthermore, while GB performed well, its
complexity and susceptibility to overfitting
remain concerning, particularly with limited
data. Future work should focus on fine-tuning
model parameters, such as learning rates and
tree depth, to further enhance prediction
accuracy and prevent overfitting.

We recommend expanding the dataset to
incorporate a broader spectrum of geotechnical,
environmental, and topographical variables for
future research. Integrating real-time data like
weather conditions and rainfall could
significantly improve the models' predictive
accuracy. Additionally, exploring hybrid
models that combine machine learning with
traditional geotechnical analysis, or
investigating deep learning architectures like
Convolutional Neural Networks (CNNs) or
Recurrent Neural Networks (RNNs), may offer
more comprehensive insights into the complex
dynamics of slope stability, ultimately leading
to more reliable predictions of the FS.
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