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Abstract Slope stability prediction remains chal-
lenging due to multi-factor interactions and the lim-
ited capacity of traditional methods to capture nonlin-
ear behavior. Existing Al-driven approaches can show
dataset-dependent performance and limited interpret-
ability, which hinders adoption. This study proposes
three novel hybrid models integrating metaheuristic
optimization and explainable artificial intelligence
(XAI) to address this challenge. Three metaheuristic
algorithms, Alpha evolutionary algorithm (AEA),
Sine cosine algorithm (SCA), and Arithmetic opti-
mization algorithm (AOA), are employed to optimize
the hyperparameters of gradient boosting decision
trees (GBDT), forming hybrid models (AEA-GBDT,
SCA-GBDT, AOA-GBDT). A comprehensive data-
base of 436 slope cases with six inputs (H, f, 7, c,
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@, and r,) and slope state was compiled. Five-fold
cross-validation (CV) was used for all models to
ensure fair evaluation and limit overfitting. The Fried-
man—Nemenyi test analysis identified AEA-GBDT as
the top model. AEA-GBDT achieved superior perfor-
mance with the highest accuracy (0.920), precision
(0.934), recall (0.914), F|_ o (0.924), Cohen’s kappa
(0.840), and AUC (0.960). To contextualize perfor-
mance, XGBoost, AdaBoost, Random Forest, and
SVM were also evaluated. Shapley Additive explana-
tions (SHAP) indicate that ¢ and ¢ dominate the pre-
dictions, while r, exhibits nonlinear interactions with
c. This method narrows the gap between black-box Al
models and engineering transparency and provides
interpretable, data-driven support for slope design
and risk management.

Highlights

e Developed three hybrid models (AEA-
GBDT, SCA-GBDT, AOA-GBDT) integrating
metaheuristic optimization with gradient boosting
decision trees for slope stability prediction.

e Compiled a comprehensive database of 436 soil
slopes combining real and simulated engineering
cases.

e The AEA-GBDT model achieved superior per-
formance with the highest accuracy (0.920), pre-
cision (0.934), recall (0.914), F, . (0.924),
Cohen’s kappa (0.840), and AUC (0.960).
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e SHAP analysis enhanced interpretability, identify-
ing cohesion (c) and internal friction angle () as
the dominant controlling factors.

e Independent validation on 16 loess slope cases
confirmed excellent generalization and engineer-
ing applicability.

Keywords Slope stability - Hybrid ensemble
models - Metaheuristic optimization - Shapley
Additive explanations

1 Introduction

Slope stability is a crucial topic in geotechnical and
mining engineering. It directly affects safety and
environmental protection (Liu et al. 2014; Deng et al.
2020; Pham et al. 2021; Aminpour et al. 2023). It
involves the ability of natural or artificial slopes to
maintain their geometric form and structural integ-
rity under various external factors (Feng and Hudson
2004; Griffiths and Marquez 2007). Slope failures
are commonly observed in mountain roads, railways,
water conservancy and hydropower projects, mining
operations, and other engineering projects. Com-
mon failures include landslides, collapses, and debris
flows, which threaten lives and property and lead to
severe economic losses and ecological losses (Ray
et al. 2020; Gao et al. 2023; Pastor et al. 2024). Slope
stability is influenced by a variety of factors, includ-
ing the material properties, structural conditions,
groundwater, topographic and geomorphological fea-
tures, climatic, and human activity (Matsui and San
1992; Ahour et al. 2020; Huang et al. 2023). These
interactions make slope stability analysis a multi-
dimensional and nonlinear problem. In recent years,
the advancement of large-scale engineering projects
has posed greater challenges to the accuracy and
reliability of slope stability predictions (Wang et al.
2005; Ahmed 2015; Qi and Tang 2018a).

Slope stability research methods have evolved
from qualitative to quantitative approaches and from
simple to complex models. Early methods relied on
engineering judgement and simplified mechani-
cal models, such as the limit equilibrium method
(Acevedo et al. 2021), the ordinary method of slices
(Duncan and Wright 1980), and the Bishop method
(Ullah et al. 2020). These methods, while simplifying

@ Springer

problems, provided reliable analytical tools for engi-
neering practice. With the advance of computing,
numerical methods such as the finite element method
(Matsui and San 1992; Griffiths and Marquez 2007;
Liu et al. 2015) and the discrete element methods
(Tayyebi et al. 2022) became widely used. These
accommodate complex geometries, material nonlin-
earity, and dynamic loading, improving accuracy and
applicability of slope stability analyses (Salmasi and
Jafari 2019). Recognizing the inherent uncertainties
in geological parameters, researchers began to incor-
porate probabilistic statistical methods into slope sta-
bility analysis (Zhang et al. 2022b). For example, Li
and Lumb (1987) proposed a slope stability assess-
ment method based on reliability theory, marking a
shift from deterministic analysis to risk assessment.
Despite these advances, traditional methods remain
limited for high-dimensional and nonlinear problems.

With the rapid development of artificial intel-
ligence (AI) technology, data-driven methods have
been increasingly used for slope stability analysis.
Pham et al. (2021) introduced the XBB-CM method
and achieved an accuracy of 90.3% on 153 cases.
Zhou et al. (2019) expanded the database to 221
cases and obtained 86% accuracy. Lin et al. (2022)
employed principal component analysis combined
with ensemble learning, though concerns regarding
duplicate cases in the appendix dataset were raised.
Qi and Tang (2018b) compared six single models
and an ensemble method, and showed that algorithm
choice leads to different results on the same data.
More advanced strategies have also been explored in
recent years. Kardani et al. (2021) proposed a stack-
ing approach combined with finite element analysis
to improve the predictive capacity of slope stability
models. Zhang et al. (2022a) proposed selective inte-
gration by edge distance minimization to improve
generalization. Niu et al. (2020) coupled PCA with
a GA-tuned SVM for highway slopes and reported
strong accuracy, while Anuragi and Kishan (2025)
used an improved PSO to optimize SVM, achieving
superior classification performance. Das et al. (2011)
applied neural networks optimized by differential
evolution to slope stability prediction. Tiwari et al.
(2025) evaluated 633 slope cases using ensemble and
hybrid models with evolutionary optimization, dem-
onstrating dataset-dependent performance.

Al methods have been widely applied in slope sta-
bility analysis (Gordan et al. 2016; Lin et al. 2022;



Geomech. Geophys. Geo-energ. Geo-resour. (2026) 12:102

Page30f20 102

Liu et al. 2023). Large databases can be integrated,
and complex nonlinear patterns can be captured,
which are often difficult for traditional approaches
(Tang et al. 2019; Bardhan and Samui 2022; Yang
et al. 2023b). However, two major limitations have
been recognized (Cheng and Hoang 2015; Zhou et al.
2022). First, the performance of Al models is highly
sensitive to hyperparameters. Different parameter set-
tings within the same model can produce inconsist-
ent prediction results (Qiu et al. 2024). Second, the
“black-box” nature of Al models remains a challenge,
as the internal mechanisms of predictions are dif-
ficult to interpret (Mangalathu et al. 2020). To over-
come these issues, hybrid ensemble learning has been
developed in recent years. By combining ensemble
learners with metaheuristic optimization, prediction
accuracy and robustness can be improved (Fatty et al.
2023). In this context, gradient boosting decision
tree (GBDT) is well suited to tabular and nonlinear
slope data. Recent metaheuristics, such as the alpha
evolution algorithm (AEA), the sine cosine algorithm
(SCA), and the arithmetic optimization algorithm
(AOA), build on traditional methods. They were
selected in this study because they represent three
distinct and recently developed paradigms: evolution-
ary adaptation, trigonometric oscillatory updates, and
operator-driven exploration—exploitation balancing.
They often achieve more stable convergence under
comparable computational budgets. In parallel, the
development of explainable artificial intelligence
(XAI) has provided new solutions. Transparent and
credible decision-making bases can be offered, while
high predictive performance is maintained (Chen
et al. 2023; Gao et al. 2024; Tiwari and Das 2025).
To bridge the gap in predictive performance and
interpretability, three hybrid models were developed.
Initially, a database of 436 slope cases was assem-
bled and statistically profiled. Subsequently, GBDT
was employed as the base learner, and its hyperpa-
rameters were optimized with three complementary
metaheuristics: AEA, SCA, and AOA. These com-
plementary strategies support efficient exploration
of high-dimensional hyperparameters spaces and the
identification of near-optimal hyperparameter combi-
nations. Model performance was assessed using accu-
racy, precision, recall, F_ ... and Cohen’s kappa. To
determine the optimal model, the Friedman-Nemenyi
test was conducted. Furthermore, Shapley Additive
Explanations (SHAP) were applied to the optimal

hybrid ensemble model to ensure transparency and
interpretability of predictions. This study deepens the
understanding of slope stability prediction and pro-
motes interdisciplinary innovation between artificial
intelligence and slope engineering.

2 Slope stability datasets

In this study, a comprehensive slope database
was developed, primarily derived from the survey
work conducted by Chakraborty et al. (Zhu 2005;
Chakraborty and Goswami 2017; Zhou et al. 2019;
Kardani et al. 2021). The dataset consists exclusively
of soil slopes, and all unstable cases correspond to
circular failure mechanisms, which are the most com-
mon mode of failure in soil slopes. A total of 436
slope cases were included, comprising 226 stable and
210 failure samples. Among them, 286 were collected
from documented case histories in Australia, Canada,
China, and the United States, ensuring practical engi-
neering applicability. The remaining 150 cases were
generated through finite element simulations reported
in the literature, which provided systematic parameter
exploration and broad combinations of slope condi-
tions. This composition ensures that the database cap-
tures both real-world slope and representative simu-
lated conditions, thereby providing a robust basis for
model training and validation.

To accurately predict slope stability, it is essential
to consider a wide range of factors (Shen et al. 2024).
Slope stability is influenced by a combination of
internal and external factors, such as material prop-
erties, topographic features, groundwater conditions,
and human activity (Wang et al. 2020; Acevedo et al.
2021). Local slope instability occurs under the action
of gravity and pore pressure when the maximum
shear force on the potential sliding surface exceeds
the shear strength (Moses et al. 2020). The schematic
of the slope structure is illustrated in Fig. 1.

The main influencing factors can be summarized into
physico-mechanical parameters, geometrical structural
parameters, and hydrological conditions of the slope
(Lin et al. 2018, 2022). In this study, six key factors
were selected as inputs to the prediction model: slope
height (H), slope angle (), unit weight (y), cohesion (c),
internal friction angle (¢), and pore pressure ratio (r,,).
The descriptive statistics of the slope database are pre-
sented in Table 1. Other factors such as precipitation,
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Fig. 1 Slope instability and slope structural parameters

stratigraphy, and seismic activity are also known to
influence slope stability (Yang et al. 2023a). However,
consistent and quantitative data for these factors are
difficult to obtain from slope engineering case records
(Segoni et al. 2025). Previous studies have demonstrated
that reliable predictions can still be achieved based on
the six selected factors (Manouchehrian et al. 2014;
Kang et al. 2017; Wang et al. 2023).

The distribution of sample features and the correla-
tion between them were quantitatively analyzed, with
results shown in the matrix scatter plot in Fig. 2. Each
cell in the figure represents the relationship between
two variables, with the horizontal and vertical axes
indicating their respective scales. The data is divided
into two groups based on slope state, represented by
different colors (blue for stable and red for failure). The
diagonal of the matrix contains histograms showing the
distribution of each variable, which are similar for both
groups. Each cell also displays the linear correlation
coefficient between the two features, ranging from — 1
to 1. The upper triangular part of Fig. 2 intuitively illus-
trates the correlation coefficients and p-values of each
parameter under the two slope stability states. The sig-
nificance levels are indicated by asterisks (“#*#’, “**’,
<), corresponding to p-values of (0, 0.001, 0.01,
0.05, 0.1, 1), respectively. Among them, H and y show

a strong correlation, with a coefficient of 0.382. Values
close to 1 or —1 indicate a strong correlation, whereas
values close to O indicate no linear correlation. Each
scatter plot includes a trend line representing the linear
regression relationship between the two variables. The
generally small slopes of these trend lines suggest that
the correlations between most variables are low, specifi-
cally within the range of 0-0.3. This implies that most
variables are either uncorrelated or weakly correlated,
indicating their relative independence. Given this inde-
pendence, it is reasonable and necessary to combine
these selected features for a comprehensive prediction
of slope stability. In addition, the statistical descrip-
tion in Table 1 showed that the slope cases span a wide
range of parameter values (e.g., cohesion up to 300 kPa
and slope height up to 565 m), which enhances the
representativeness of the dataset. These characteristics
imply that the prediction problem is high-dimensional
and nonlinear, making it unsuitable for simple linear or
empirical models. Consequently, advanced ensemble
learning methods such as GBDT, which are capable of
capturing nonlinear interactions and handling heteroge-
neous data distributions, are well suited for this data-
set. All input variables were carefully checked, and no
abnormal or unrealistic values were detected, ensuring
that the dataset remained within plausible geotechni-
cal ranges. To improve the model’s prediction accuracy
and efficiency, the sample attributes were standardized
to dimensionless values, normalizing the dataset to a
range of [0,1] before model training.

3 Methodology
3.1 Gradient boosting decision tree (GBDT)

The Gradient boosting decision tree (GBDT) is an
ensemble learning method proposed by Professor

Table 1 Descriptive

o Indicator Count Mean Minimum Median Maximum  Standard
statistics of slope database deviation

Unit weight y (kN/m?) 436 2145 10.06 21.20 31.30 3.72

Cohesion ¢ (kPa) 436 37.22 0.00 28.95 300.00 39.49

Internal friction angle ¢ (°) 436 26.85 0.00 27.07 57.36 10.02

Slope angle 3 (°) 436 34.76 4.24 35.00 65.00 11.04

Slope height H (m) 436 80.97 3.45 52.00 565.00 88.08

Pore pressure ratio (r,) 436 0.23 0.00 0.20 1.00 0.28
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Fig. 2 Scatter plot of feature correlation matrix of database

Friedman (2001), which uses decision trees as base
estimators combined with gradient boosting. GBDT has
become a highly influential algorithm in machine learn-
ing, particularly effective on structured data. In this
study, classification trees are used as the base estima-
tors. A classification tree consists of nodes and edges,
where leaf nodes represent the slope stability state, and
internal nodes represent input metrics, including H, f,
7. ¢, @, and r,. At the core of GBDT is an iterative pro-
cess where decision trees fit the residuals to influence
the structure of subsequent trees. The residuals from
the previous round are fitted using the gradient infor-
mation of the loss function, resulting in a decrease in
residuals with each iteration. The prediction from each
round of decision trees gradually approaches the true
value, eventually forming the GBDT model through
iterative learning. The GBDT model training process is

TR TR

e = + 5
10 15 20 25 30 0 100 200 300 O 20 40 600 20

O o T ]
S T ey T T
60 0 200 400 600.000.250.500.751.00 2 1

illustrated in Fig. 3. Hyperparameter selection is crucial
for the accuracy and applicability of the GBDT model
(Hoang and Pham 2016; Mahmoodzadeh et al. 2022).
Its main hyperparameters include N_estimators, Learn-
ing_rate, Max_depth, and Min_samples_split, which
are optimized in this study.

3.2 Alpha evolution algorithm (AEA)

The Alpha evolutionary algorithm (AEA) is a recently
proposed population-based metaheuristic (Gao and
Zhang 2024). It was designed to improve optimiza-
tion in high-dimensional and nonlinear search spaces.
AFEA integrates three main strategies: alpha operators,
evolutionary path adaptation, and matrix generation.
These components allow AEA to balance global explo-
ration and local exploitation. Conventional algorithms

@ Springer
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Fig. 3 GBDT Model Structure Diagram

such as PSO often face limitations. They may con-
verge prematurely or require extensive parameter tun-
ing. AEA avoids these issues by introducing adaptive
update rules. The alpha operator diversifies the popula-
tion by generating new basis vectors and adaptive step
sizes. The evolutionary path mechanism accumulates
historical information to guide the search. The matrix
generation mechanism recombines candidate solutions
to cover the feasible space more effectively. AEA is
therefore well suited for complex engineering problems
with multimodal objectives and irregular search spaces.

The search process starts with initialization of candi-
date solutions:

X0 = Ib+ (ub — Ib) - rand(0,1) (1)

where X? is the i-th solution, and /b and ub are the
lower and upper bounds of the domain.

The alpha operator then updates each solution
adaptively:

XM =X+a-M-X -X) )

where a is a control factor, M is an evolution matrix,
X! and X! are randomly selected solutions. This step
maintains diversity and introduces directed search.

The evolutionary path mechanism accumulates
information across generations:

P = apt (X = X) 3)

where p' is the path vector,A is a damping factor, &
is a learning coefficient, and 7 is the mean solution
at iteration ¢. This strategy improves adaptability and
reduces local stagnation.

@ Springer

By combining these mechanisms, AEA achieves
both exploration and refinement. It also requires fewer
parameters than GA or DE. It shows strong robust-
ness in high-dimensional, nonlinear, and multimodal
problems. In this study, AEA was applied to optimize
the hyperparameters of the GBDT model. For further
mathematical details, readers are referred to Gao and
Zhang (2024).

3.3 Sine cosine algorithm (SCA)

Sine cosine algorithm (SCA), proposed by Mirjalili, is
a metaheuristic global optimization algorithm based on
trigonometric (sine and cosine) optimization mecha-
nisms (Mirjalili 2016). The method is based on mathe-
matical properties of sine and cosine functions. It guides
search agents along oscillatory trajectories. This design
enables a flexible switch between global exploration and
local exploitation. The algorithm initializes a set of can-
didate solutions in the feasible domain. Each solution is
updated according to sine and cosine operators:

X = X! 4 ry X sin(ry) X |3 P = X!| @)

X =X+ X cos(ry) X 3P = X! 5)

where le is the current solution, and P’ is the best
solution found so far. ry,r,,r; are random control
parameters. These parameters adjust the search step
and direction. When sin or cos values are positive,
agents move toward the best solution. When values
are negative, they move away to enhance explora-
tion. This oscillatory mechanism helps the algorithm
escape local optima. The control parameters gradu-
ally decrease during iterations, which shifts the focus
from exploration to exploitation.

Compared with other metaheuristic algorithms,
SCA is simpler and requires fewer parameters. It has
strong ability to cover the search space in early itera-
tions. It also shows competitive performance in multi-
modal and engineering optimization problems. In this
study, SCA was applied to optimize the hyperparam-
eters of the GBDT model. Its oscillatory update rules
provide a complementary search strategy to AEA and
AOA (Mirjalili 2016).
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3.4 Arithmetic optimization algorithm (AOA)

The Arithmetic optimization algorithm (AOA) is a
novel metaheuristic optimization algorithm founded
on quadratic mixed operations in arithmetic. It was
introduced by Abualigah et al. (2021). The method
is inspired by the basic arithmetic operators: addi-
tion, subtraction, multiplication, and division. These
operators are used to guide the search agents toward
global or local regions. The search process begins
with a set of candidate solutions. Each solution is
updated using arithmetic operators and adaptive con-
trol parameters. In the exploration phase, multiplica-
tion and division expand the search space:

Up— Ly
2

1
X=X x(r, - ) 6)
while in the exploitation phase, addition and subtrac-
tion refine the solutions near promising regions:

Xt =X+r, - (P =X 7

where Xl? is the current solution, P’ is the best solu-
tion so far, | and r, are adaptive random parameters.
L, and U, denote the lower and upper bounds of the
search space.

The algorithm employs a Mathematical Opti-
mizer Accelerated function to control the transition
between exploration and exploitation. In early itera-
tions, exploration dominates through multiplication
and division. In later iterations, exploitation domi-
nates through addition and subtraction. This dynamic
adjustment allows AOA to maintain diversity while
improving convergence speed. Compared with other
metaheuristics, AOA is simple to implement and
requires few parameters. In this study, AOA was
used to optimize the GBDT model. Its arithmetic-
based strategy complements the evolutionary adapta-
tion of AEA and the oscillatory trajectories of SCA.
Together, these algorithms provide diverse and robust
optimization approaches. For detailed formulations,
readers are referred to Abualigah et al. (2021).

3.5 GBDT-based hybrid models

The study aims to optimize the GBDT model for slope
stability prediction. For this purpose, three metaheuris-
tic optimization algorithms, AEA, SCA, and AOA are

employed to optimize combination of hyperparameters
for the GBDT model, yielding AEA-GBDT, SCA-
GBDT, and AOA-GBDT. The modeling process of
AEA-GBDT, SCA-GBDT and AOA-GBDT is shown in
Fig. 4. The hybrid models development process is as fol-
lows: (i) Dataset division: The dataset was split 80% for
training and 20% for testing, and the same split was used
for every hybrid model to ensure comparability; (ii) Pop-
ulation initialization: When using the three metaheuris-
tic optimization algorithms, the hyperparameters of the
GBDT were first randomly generated as the initial solu-
tion. Considering the number of populations, each hybrid
model (AEA-GBDT, SCA-GBDT, and AOA-GBDT)
was developed for different population sizes; (iii) Itera-
tive loop: This step iteratively searches for the optimal
combination of hyperparameters for the GBDT model
by calculating the fitness function and performing cross-
validation (CV). This process continues until the maxi-
mum number of iterations was reached. (iv) Obtaining
the optimal hyperparameter combination: The hyperpa-
rameter combination of each hybrid GBDT model was
determined by iteration of the optimization algorithms.
The optimal hybrid GBDT model was identified by com-
bining multiple evaluation metrics through the Friedman-
Nemenyi test. (v) Model interpretability analysis: The
interpretability of the optimal GBDT was examined with
SHAP to quantify global importance and case-level con-
tributions. Overall, this study proposed three metaheuris-
tic algorithms to optimize the GBDT model. The results
demonstrated the superior performance of the hybrid
model in slope stability prediction.

3.6 Models evaluation criteria

Model evaluation is a crucial step following model
development. In this study, accuracy, precision, recall,
F|_ccore» and Cohen’s kappa were selected as evaluation
metrics (Qiu and Zhou 2023). These five metrics pro-
vide complementary perspectives. Accuracy reflects
overall correctness. Precision and recall capture class
specific reliability. F1 measures the balance between
precision and recall. Cohen’s kappa accounts for agree-
ment beyond chance. Together, they form a standard
and widely accepted set of indicators for evaluating
classification models. All of them are positive meas-
ures, meaning that higher values indicate better model
performance. Each metric is calculated using the confu-
sion matrix’s four fundamental quantities: true positives
(TP), true negatives (TN), false positives (FP), and false

@ Springer
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Fig. 4 The establish-
ment process of the hybrid
models
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negatives (FN). TN and TP denote the number of cor-
rectly classified negative and positive samples, respec-
tively, FN and FP refer to the number of mis-classified
negative and positive samples, respectively.

Accuracy measures the proportion of samples cor-
rectly predicted out of the total samples, expressed as:

TP + TN g
TP +TN + FP + FN ®)

Accuracy =

However, when the dataset is unbalanced, accuracy
may not adequately reflect the model’s performance,
necessitating the consideration of additional metrics.
Precision is the proportion of samples predicted to be
in the positive category that are actually in the positive
category:

- TP
Precision = ———— 9)
TP + FP

Recall is the proportion of samples that are actually

positive classes that are correctly predicted as positive:
TP

Recall = ———
TPy FN (10)

@ Springer

Feature importance analysis

Thus, precision and recall are two complementary
metrics. The F,_ ..., which is the harmonic mean of
precision and recall, is used to measure the model’s
balance between precision and recall:

2 X (Precision * Recall)

F =
1=Score Precision + Recall an

The Cohen’s kappa coefficient is used to measure the
agreement between the predictions and the actual results:

N 2?:1 X — Z?:l (Xi+ X X+i)
N? — Z?:l (Xi+ ><X+i)

Kappa _ Po —Pe —

l_pe

(12)
where, n denotes the category, N represents the sum
of the number of categories, X;; denotes the diagonal
element of the error matrix, X;, denotes the sum of
columns of the category, and X_; denotes the sum of
rows of the category.

In addition to the above five metrics, the receiver
operating characteristic (ROC)curve and its area under
the curve (AUC) assess discrimination independent of
the decision threshold (Zhou et al. 2022). ROC plots the
true-positive rate (TPR) against the false-positive rate
(FPR) across thresholds, and larger AUC indicates better



Geomech. Geophys. Geo-energ. Geo-resour.

(2026) 12:102

Page 90of 20 102

discrimination. The horizontal axis of the ROC curve is
the FPR, and the vertical axis is the TPR. FPR and TPR
are represented by Eqgs. (24) and (25):

P
TPR = ———
TP + FN (13
FP
FPR= ————
TP+ TN (14

4 Results and discussion
4.1 Hyperparameters tuning

Due to its reliable performance, GBDT was used as
the predictive model for slope stability in this study.
To enhance model accuracy and robustness in iden-
tifying the nonlinear patterns of the data, the GBDT
model was optimized using three different algo-
rithms: AEA, SCA, and AOA. The hyperparameters
of GBDT that were optimized included N_estimators,
Learning_rate, Max_depth, Min_samples_split. This
section discusses the optimization process and results
for AEA-GBDT, SCA-GBDT, and AOA-GBDT mod-
els across seven different population sizes (10, 20,
35, 50, 65, 80, 100). Each training setup consisted
of 200 iterations, and five-fold CV was employed to
ensure the generalization capability of the models.
Seven fitness curves were obtained for each hybrid
model, as shown in Fig. 5. The similarity of the
convergence curves of the three hybrid models veri-
fies the effectiveness and consistency of this study
in determining the optimal population size. Larger
population sizes accelerated convergence rates but
increased computational costs. Larger population
sizes also result in longer computation times, neces-
sitating a balance between model convergence speed
and computation time in practical applications. The
three hybrid models converge rapidly within the ini-
tial 20 iterations. While AEA and SCA exhibit faster
iteration convergence speeds, this does not directly
translate to computational speed, as SCA and AOA
often requires more computational time per iteration.
Furthermore, the AEA-GBDT hybrid model consist-
ently finds the lowest fitness value. It should be high-
lighted that determining the optimal population size
based solely on the convergence curve is insufficient.

Population:10 Population:20
0.19 1 Population:35 Population:50
Population:65 - Population:80
Population:100
;.g 0.18 4 £ s
E; GBDT optimized by AEA
2
g |l 1
= 0.17+
(] |
| |\
L \ L \
0.16 T T T
0 50 100 150 200
Iteration
(a) GBDT optimized by AEA
Population: 10 Population:20
0.194 Population:35 Population:50

Population:65
Population:100

Population:80

GBDT optimized by SCA

Fitness value
[
>
7

0.17 4

0 50 100 150 200

Iteration
(b) GBDT optimized by SCA
Population:10 Population:20
0.194 Population:35 Population:50
’ Population:65 Population:80
Population:100
2
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s
E
|
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0 5v0 l(I)O léO 200
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(c) GBDT optimized by AOA

Fig. 5 Fitness curves of GBDT optimized by three optimiza-
tion algorithms
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A more integrated and accurate assessment method is
required to make a well-informed decision.

In order to compare the performance of GBDT
models under different optimization strategies, tradi-
tional evaluation metrics were used in this study. The
specific performance of AEA-GBDT, SCA-GBDT,
and AOA-GBDT hybrid models under different opti-
mization strategies was shown in Table 2. In Table 2,
the bold values indicate the best performance of each
model across all population sizes for the correspond-
ing evaluation metrics. From the results in Table 2,
it can be seen that the AEA-GBDT for a popula-
tion size of 65 produces better test set results than
other population sizes, with evaluation metrics of
accuracy =0.920, precision=0.934, recall=0.914,
Fi_score=0.924, and Cohen’s kappa=0.840. The base
GBDT model shows the lowest performance accord-
ing to the results in Table 2, with evaluation metrics
of accuracy =0.829, precision=0.847, recall=0.829,
Flore=0.838, and Cohen’s kappa=0.658. This
is evident from the results of the other hybrid mod-
els, which demonstrate that the different optimi-
zation algorithms have significantly improved the

performance of the GBDT model. As shown in
Table 2, the training times of all models are reported.
Larger population sizes improved model perfor-
mance but also increased training time. Among the
three optimizers, AEA-GBDT required the least
time at comparable settings. It should be noted that
although training is time-consuming, the prediction
process runs at the second level, ensuring practical
applicability.

Our initial evaluation metrics suggested that
AEA(65)-GBDT outperformed other hybrid models in
most aspects. However, to rigorously assess the statis-
tical significance of these performance differences, we
employed the methodology recommended by Demsar
(2006). This approach involves two key statistical anal-
yses: the non-parametric Friedman test and the Neme-
nyi post-hoc test. The Friedman test, analogous to a
repeated-measures non-parametric ANOVA, was used
to evaluate the overall performance of multiple hybrid
models in predicting slope stability. This test is particu-
larly suitable for our study as it does not assume nor-
mality of the data and can handle multiple comparisons
effectively. In the Friedman test, models with better

Table 2 Classification

Model Population  Training time Accuracy Precision Recall F, . Kappa
performance of GBDT
model after optimization GBDT - 4s 0.829 0.847 0.829 0838 0.658
with different strategies AEA-GBDT 10 830s 0.875 0891 0872 0881 0.749
20 1520s 0.875 0.891 0872 0.881 0.749
35 2250's 0.909 0.933 0.893 0913 0817
50 3470s 0.886 0.893 0.893 0.893 0.771
65 4130's 0.920 0.934 0914 0924  0.840
80 5650s 0.897 0.931 0872 0901  0.795
100 7120s 0.909 0.933 0.893 0913 0817
SCA-GBDT 10 1600 s 0.897 0.886 0.936  0.907  0.790
20 3020 s 0.863 0.906 0.829 0866 0.727
35 4240 s 0.886 0.877 0914 0895 0.771
50 6880 s 0.909 0.933 0.893 0913 0.817
65 8230's 0.886 0.877 0914 0895 0.771
80 11240 s 0.875 0.891 0872  0.881  0.749
100 14390 s 0.875 0.891 0.872  0.881  0.749
AOA-GBDT 10 1180s 0.852 0.886 0.829 0857  0.704
20 1970s 0.886 0.893 0.893 0893 0.771
35 3380s 0.886 0.893 0.893 0893 0.771
50 4730s 0.897 0.913 0.893  0.903  0.794
65 6080s 0.886 0.893 0.893 0893 0.771
80 7450s 0.863 0.857 0.893 0875 0.725
100 9600 s 0.909 0.913 0914 0913 0817
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performance receive higher rankings. Following the
Friedman test, we applied the Nemenyi test to identify
specific significant differences between the constructed
slope stability prediction models. The Nemenyi test
also allows for the calculation of the critical difference
(CD) between model performances, providing a thresh-
old for statistical significance.

The Friedman-Nemenyi test statistics are calculated
as follows:

A 2

5 12N s AA+1)
TG D jzzl 0T g (13)
CD =g, X % (16)

where A represents the number of models, N repre-
sents the amount of data, Réj represents the rank of
the j th model, and ¢, is the critical value in the
Nemenyi test, which depends on the number of slope
cases and the significance level a. The Friedman-
Nemenyi test complement traditional evaluation indi-
cators such as accuracy and precision, offering a
robust statistical method for model comparison. Fig-
ure 6 provides a visual representation of the hybrid

models’ performance rankings under different meas-
urement optimizations, derived from these statistical
tests. Analysis of Fig. 6 reveals that AEA(65)-GBDT
demonstrated superior overall performance at «=0.05
(CD=1.41) on the test set. This finding indicated that
AEA(65)-GBDT not only outperforms other AEA-
GBDT models but also surpasses the SCA-GBDT
and AOA-GBDT models in comprehensive model
performance. Table 3 presents the optimal population
size and hyperparameter combinations for the GBDT
model under the three optimization methods (AEA,
SCA, and AOA). The superiority of AEA-GBDT can
be attributed to the ability of AEA to balance explora-
tion and exploitation in the search space, and its
effectiveness in avoiding local optima.

4.2 Analysis on model performance

The confusion matrix is a key tool for evaluating the
accuracy of classification models, providing an intui-
tive representation of the disparity between predicted
and actual values. In the test set of 88 samples, there
are 41 stable and 47 unstable samples, as illustrated
in Fig. 7. The more consistent the predicted labels
from the hybrid models are with the true labels, the
better the model’s performance. The values along

—
22 21 20 19 18 17 16 15 14 13 12 1 10 9 8 7 6 5 4 3 2 1
I ]
-—

GBDT AEA(65)
AOA(10) AEA(35)
SCA(20) AEA(100)
AOA(80) AOA(100)
AEA(20) SCA(50)
AEA(10) AOA(50)
SCA(65) SCA(10)
SCA(35) AEA(80)
AOA(65) AEA(50)
AOA(35) AOA(20)

Fig. 6 Comprehensive comparison of different hybrid models

Table 3 Optimal parameter

N . Parameters Population size
combination settings for
three hybrid models Range [10-100]
AEA-GBDT 65
SCA-GBDT 50
AOA-GBDT 100

N_estimators learning_rate max_depth min_samples_split
[1-100] [0.001-0.5] [0-100] [2-50]

100 0.102 19 13

69 0.1779 19 10

49 0.094 16 20
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the diagonal of the matrix represent the number of
correct predictions for each class (stable and unsta-
ble). The basic GBDT model correctly predicted 73
samples. For the hybrid models AEA-GBDT, SCA-
GBDT, and AOA-GBDT, the predictions of 81, 80,
and 80 samples, respectively, were consistent with
the true labels. Further analysis found that the predic-
tion results of the three hybrid models were similar,
but much better than basic GBDT, XGBoost, RF, etc.
Among them, the AEA-GBDT hybrid model had the
best overall performance.

In addition to the confusion matrix, the receiver
operating characteristic (ROC) curve and the area
under curve (AUC) are also valuable tools for eval-
uating model performance, as illustrated in Fig. 8.
From the various ROC curves in Fig. 8, it can be
observed that the performance differences between
the three hybrid models are minimal. The ROC curve
of the AEA-GBDT model is the closest to the upper-
left corner, indicating its superior performance. The
AUC of the AEA-GBDT model is the highest among
all models, with a value of 0.960. The SCA-GBDT
and AOA-GBDT models also show strong perfor-
mance. This further supports the significance of the
three optimization strategies in improving slope sta-
bility assessment.

AEA-GBDT

AOA-GBDT

140 -1 I 1N | 1 | |
1w I s,
sl ‘
7
7
0.8 1 4
e
7
M 7
o] = s
0.6 e
(0] 7
= H s
Zoa -, AEA-GBDT: AUC=0.960
A~ 04 14 _ 7 ——SCA-GBDT: AUC=0955
g 7 —— AOA-GBDT: AUC=0.957
= 1 P ——GBDT: AUC=0.942
0.2 s ——— Adaboost: AUC=0.894
P 7 ——— XGboost: AUC=0.932
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7 —
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0.0 0.2 0.4 0.6 0.8 1.0
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Fig. 8 Comparison of ROC curves and AUC of different mod-
els

4.3 Shapley additive explanations (SHAP)

In slope stability prediction, understanding the mod-
el’s decision-making process is essential for enhanc-
ing its credibility and reliability. To gain deeper
insights into the internal mechanisms and feature
contributions of the model, this study applies SHAP
(Delgado-Panadero et al. 2022). Rooted in the Shap-
ley value theory of cooperative game theory, SHAP
provides a consistent and equitable quantification of

SCA-GBDT GBDT

Failure

Failure 4

True Label
True Label

Stable Stable

True Label

Failure

42 3 Failure 7
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Stable 5 38
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34
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o o 3 3
2 2 2 2
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Fig. 7 Confusion matrix of different models on test data
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each input feature’s influence on the model’s output
(Parsa et al. 2020). Beyond identifying the most sig-
nificant features for slope stability prediction, SHAP
also elucidates how each feature affects the prediction
results (Mangalathu et al. 2020). In this study, SHAP
was utilized to analyze the optimal AEA-GBDT
hybrid model.

As shown in Fig. 9, the SHAP force diagram pro-
vides explanatory insights into four sample cases of
the model. Each feature in each sample is assigned a
SHAP value, which quantifies its contribution to the
model’s prediction in a specific instance. The base
value in the figure represents the model’s initial pre-
diction, while f,) denotes the final output after adjust-
ments based on individual feature contributions. In
the diagram, pink bars indicate features that positively
influence the predicted value, whereas blue bars rep-
resent features that negatively impact it. The length of
each segment reflects the magnitude of the feature’s
influence. A positive SHAP contribution suggests
that the model is more inclined to classify the slope
as stable. Among the analyzed cases, ¢ has the most
significant impact on the prediction outcome in Case
A, while ¢ exerts the greatest influence in Cases B, C,
and D. Conversely, r, has the least impact in Cases A,
B, and D. These results are consistent with classical

(A)

-1 0 1 2 3

geotechnical principles, where cohesion and friction
angle dominate shear strength and slope stability,
while pore pressure reduces effective stress and weak-
ens resistance.

Figure 10 presents the SHAP summary plot, which
consolidates feature contribution rank across all sam-
ples. The horizontal axis represents the SHAP value
magnitude, with the width of the plot indicating the
density of data points. The color gradient, transition-
ing from blue to red, corresponds to increasing fea-
ture values. Specifically, larger ¢ and higher ¢ cor-
respond to larger SHAP values, indicating positive
contribution to slope stability. In contrast, steeper
and taller slopes (H and f) tend to reduce stability.
Although r,, appears least influential in the standalone
ranking, this does not imply insignificance in prac-
tice. According to Terzaghi’s effective stress princi-
ple (¢’ = o0 —u), increasing r, reduces the effective
stress ¢, which reduces the mobilized shear strength
commonly expressed via ¢’ and ¢” in the Mohr-Cou-
lomb strength criterion (r = ¢ + ¢’tang) (Terzaghi
et al. 1996; Labuz and Zang 2014). Consequently,
part of r,’s impact is captured indirectly through its
interactions with ¢ and ¢, leading to a smaller iso-
lated SHAP value (Karir et al. 2022; Ahmad et al.
2023). The relatively low importance of y likely
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Fig. 9 SHAP analysis of four samples of the optimal mixed model
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Fig. 10 The SHAP sum- High
mary plot of AEA-GBDT
model ®
c
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SHAP value (impact on model output)

reflects its narrow range in this dataset, not its lack
of physical relevance. y governs the self-weight of
the slope and interacts with shear strength, and previ-
ous studies have shown it to be an important factor
under different conditions. The SHAP values of all
samples of each feature are absolutely averaged and
ranked according to the feature importance as shown
in Fig. 11. It shows that ¢, ¢ and § are the dominant
factors with average SHAP values of 3.24, 2.78 and
1.95, respectively, while H, y and r, have smaller
contributions of 1.19, 0.81 and 0.46. These results
highlight the consistency between model interpreta-
tion and geotechnical principles, while also revealing
dataset-driven limitations.

The SHAP dependency plot illustrated in Fig. 12.
The horizontal axis represents the feature value,

Fig. 11 SHAP absolute
value average ranking of
features of AEA-GBDT

while the vertical axis denotes the corresponding
SHAP value. Similar to a partial dependency plot,
the SHAP dependency plot accounts for interaction
effects among features and is defined only within
the input space supported by the data. Several key
observations emerge from the analysis. When c is
low, the vast majority of samples exhibit SHAP val-
ues below 0, indicating an unstable state. Conversely,
when ¢ exceeds 50 kPa, most cases have SHAP val-
ues greater than 0, signifying a stable state. For f,
when it exceeds 40°, a substantial number of samples
display low SHAP values, reflecting a sharp increase
in the proportion of unstable slopes. Additionally,
a strong interaction is observed between r, and c.
According to Terzaghi’s effective stress principle and
Mohr—Coulomb strength criterion, higher r, reduces
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Fig. 12 SHAP dependency plot of the AEA-GBDT model

the effective normal stress ¢, which lowers the mobi-
lized shear strength (often represented via the effec-
tive parameters ¢’ and ¢”) (Terzaghi et al. 1996).
Part of r,’s influence therefore manifests through its
interactions with ¢ and ¢. The link between strength
reduction and instability is not absolute or linear,
highlighting the nonlinear nature of these relation-
ships (Lawal et al. 2024).

4.4 Comparison with previous studies

Comparing the proposed models with peer
approaches is an effective way to demonstrate
advancement. Table 4 compiles representative stud-
ies on soil slopes with circular slip failure under
comparable problem settings. Because the database
underpins model learning, studies with very small
case bases were excluded. All included works adopt
the same input indicators; only the study by Khanh
Pham omitted r,. Under these harmonized conditions,
the metaheuristic optimized models AEA-GBDT,
SCA-GBDT, and AOA-GBDT all achieve accuracies
above 0.90, with AEA-GBDT reaching 0.92. Across
most remaining metrics, the proposed models show

T T T
0.50 0.75 1.00

n

T T
0.00 0.25

competitive performance, highlighting the effective-
ness of metaheuristic optimizers such as AEA, SCA,
and AOA for this task. Future research can integrate
additional state-of-the-art optimizers with richer
ensemble strategies to further enhance intelligent pre-
diction and early warning of slope stability.

4.5 Model application

To further test the model, an out-of-sample verifica-
tion was performed. 16 loess slope cases were com-
piled from several slope engineering projects (Gao
2011). These 16 loess slopes are independent of the
436-case database and were compiled from separate
engineering reports. The AEA-GBDT model was then
applied to these 16 cases. The comparison between
the model prediction results and the literature results
is shown in Table 5. The results show that the AEA-
GBDT correctly predicted the stability outcomes for
all 16 slope cases. The parameter range of the cases
is large, which well verifies the external validation of
the model. Together with the model results reported
earlier, this case-based verification highlights the
competitiveness and engineering practicality of AEA-
GBDT for slope stability prediction.
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Table 4 Results of relevant previous studies

Literature Model Data size Accuracy Precision Recall F score Kappa AUC
Qi SVM 148 0.860 - - - - 0.967
GBM 148 0.930 - - - - 0.962
Zhou GBM 221 0.865 - - - 0.832 0.900
RF 221 0.801 - - - 0.624 0.897
Lin GSA 132 0.889 - - - 0.778 0.889
RF 132 0.833 - - - 0.667 0.833
Nhat-Duc Hoang MO-LSVC 168 0.863 - - - - -
Khanh Pham XGB-CM 153 0.903 - - 0914 - 0.950
Navid Kardani Stacking model 150 0.910 - - 0.905 - 0.904
Lin Stacking model 444 0.847 - - - 0.691 0.945
Wang SSA-RF 444 0.910 0.950 0.864 0.905 - 0.940
HHO-RF 444 0.910 0.950 0.864 0.905 - 0.945
Satyam Tiwari Adaboost 229 0.970 0.990 0.948 0.960 - -
XGboost 229 0.970 0.970 0.946 0.970 - -
Huajin Zhang MDMSE 422 0.881 - - 0.904 - -
this study AEA-GBDT 436 0.920 0.934 0914 0.924 0.840 0.960
SCA-GBDT 436 0.909 0.933 0.893 0913 0.817 0.955
AOA-GBDT 436 0.909 0.913 0914 0913 0.817 0.957
Table S Slope stability Case 7 c » B H r,  Actualstatus AEA-GBDT
prediction results for slope
projects 1 17.33  105.80 27.05 17.46 81.32  0.00  Stable Stable
2 17.90 72.11  24.11 1838 93.16 0.00  Stable Stable
3 18.09 63.68 2747 21.96 41.84  0.00  Stable Stable
4 18.68 4263 22.84 1946 49.74  0.00  Stable Stable
5 18.41 51.05 2326 38.22 3395 0.00 stable stable
6 17.28  110.00 22.84  25.05 8526  0.00  Stable Stable
7 18.09 63.68 2495 27.03 81.32 0.00  Stable Stable
8 17.52 93.16 2747 21.96 7737 0.00  Stable Stable
9 17.74 80.53 2453 2196 105.00 0.25  Stable Stable
10 17.66 84.74 2453  27.03 7737 025  Stable Stable
11 18.30 5526 2453 31.69 7342 025  Failure Failure
12 17.99 67.89  24.11 31.69 93.16 025  Failure Failure
13 17.39 101.60 29.16  31.69 6553 050  Stable Stable
14 18.41 51.05 2453 27.15 3395 0.50  Stable Stable
15 18.19 59.47 2284 2341 49.74  0.50  Failure Failure
16 18.09 63.68 2242  21.96 73.42 050  Failure Failure

5 Limitations and future work

This study developed three hybrid models for slope
stability prediction, achieving high accuracy with a
dataset of 436 samples. Nevertheless, some limita-
tions remain. First, despite using a comprehensive
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database, several important factors such as seismic
activity, rainfall, and subsurface stratigraphy were
not included due to data unavailability; incorporat-
ing these factors in the future would enhance gener-
alizability across diverse conditions. Second, slope
instability is inherently a time-dependent process, and
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future research should integrate time-series analysis
and IoT-based monitoring. Deploying distributed sen-
sor networks to collect data on rainfall, pore pressure,
and seismic activity across multiple zones of a slope
project will enable the model to adapt to real-time
environmental changes, while robust pre-processing
will be required to address sensor noise and missing
records. Third, while the present framework focused
on binary classification, extending it to multi-class
labels could better align with engineering decision
thresholds. Fourth, although the dataset was curated
to avoid abnormal records, future work should further
examine the robustness of the model under extreme-
value conditions, which are common in geotechnical
practice. Finally, incorporating physical knowledge
into the model’s loss function would further ensure
that the framework captures both data-driven patterns
and the established geomechanical principles govern-
ing slope instability, thereby improving its robustness
and engineering relevance.

6 Conclusion

This study proposes three hybrid models for slope
stability prediction, integrating metaheuristic algo-
rithms (AEA, SCA and AOA) with GBDT. A com-
prehensive database of 436 slope cases was con-
structed, which was used to train and test the models.
And all models underwent five-fold CV. The mod-
els were evaluated using accuracy, precision, recall,
F ore» and Cohen’s kappa, with additional analysis
via ROC curves and AUC value. Additionally, SHAP
were employed to interpret the model’s predictions.
The following conclusions can be drawn from the
results obtained from this study:

1. The AEA-GBDT model performed excellently,
achieving an accuracy of 0.920, a precision of
0.934, a recall of 0.914, an F, . of 0.924, and
a Cohen’s kappa of 0.840. SCA-GBDT also
showed strong performance with an accuracy of
0.909, a precision of 0.933, a recall of 0.893, an
F| core Of 0.913, and a Cohen’s kappa of 0.817.
AOA-GBDT achieved an accuracy of 0.909, a
precision of 0.913, a recall of 0.914, an F, . of
0.913, and a Cohen’s kappa of 0.817. The results
indicated that AEA, SCA, and AOA improved

the performance of the base GBDT model by
11%, 9%, and 9%, respectively.

2. The SHAP analysis revealed the importance
ranking of the features in AEA-GBDT model.
SHAP ranked ¢ and ¢ as dominant factors fol-
lowed by H,  and y. Although r, showed lower
standalone importance, increases in r, reduce
the effective normal stress ¢ and thus the mobi-
lized shear strength, so part of its impact appears
through interactions with ¢ and ¢.

3. The Friedman-Nemenyi test was applied for a
more objective evaluation of the model’s overall
performance. This statistical analysis confirmed
that AEA-GBDT significantly outperforms SCA-
GBDT, while SCA-GBDT and AOA-GBDT per-
formed similarly. The AEA-GBDT model not
only outperforms the baseline GBDT, RF, Ada-
Boost, and SVM models, but also demonstrates
superior performance when compared with exist-
ing methods, further validating its advantages.
Finally, the AEA-GBDT model was tested on 16
real-world loess slope cases. The model correctly
predicted the stability outcomes for all 16 cases,
demonstrating its strong external applicability.
The broad parameter range of these cases under-
scores the model’s ability to generalize across
diverse conditions.

In conclusion, this study established a new bench-
mark for intelligent slope stability assessment, com-
bining cutting-edge Al techniques with engineering-
driven interpretability. The proposed framework not
only improves predictive accuracy but also fosters
trust in Al-driven solutions, paving the way for safer
and more sustainable infrastructure development in
slope stability.
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