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RESUMO - A estabilidade dos taludes em barragens de terra é uma questdo de importancia global. A precipitagdo € um fator crucial
nessa analise, pois a chuva é um dos principais fatores que provocam deslizamentos de terra. Os recentes avangos no sistema
computacional que integram modelos numéricos com algoritmos de aprendizado de méaquina oferecem uma abordagem robusta para
previsOes precisas. Esta pesquisa emprega sete algoritmos amplamente utilizados para prever a estabilidade de taludes: redes neurais
artificiais, maquinas de vetores de suporte, arvores de deciséo, florestas aleatorias, vizinhos mais proximos, regressao logistica e Naive
Bayes. Essa pesquisa utiliza um conjunto de dados com 5.637 casos de barragens de terra gerados por meio de métodos numéricos
acoplados, que consideram a infiltragdo transiente e o impacto da precipitacdo na estabilidade do talude. O objetivo é desenvolver
modelos de previsdo com alta precisdo. Os resultados indicam que o melhor caso de resposta geral é o de k-vizinhos mais préximos,
com uma preciséo de 0,983 e um erro de 0,017, seguido pelas redes neurais artificiais, com uma preciséo de 0,966 e um erro de 0,034.
Os resultados mais desfavoraveis foram obtidos para o Naive Bayes, com precisao de 0,852 e erro de 0,148, seguido pelas maquinas
de vetor de suporte, com preciséo de 0,863 e erro de 0,137. Além disso, trés inclina¢des do mundo real com caracteristicas semelhantes
as propostas no conjunto de dados foram selecionadas para validar os resultados individuais obtidos com cada um dos setes algoritmos.
A partir dessa andlise, foi detectado que a rede neural artificial, as maquinas de vetor de suporte e as florestas aleatorias foram as Gnicas
que previram com precisdo a resposta esperada na validagao.

Palavras-chave: Falha de talude. Precipitagdo. Aprendizado de maquina. Preciséo. Erro. Previsdo de deslizamento de terra.

ABSTRACT - The stability of slopes in earth dams is a matter of global significance. Precipitation is a crucial factor in this analysis,
as rainfall is a major trigger for landslides. Recent advancements in computational systems that integrate numerical models with
machine learning algorithms offer a robust approach for accurate predictions. This investigation employs seven widely used algorithms
for predicting slope stability: artificial neural networks, support vector machines, decision trees, random forests, k-nearest neighbors,
logistic regression, and Naive Bayes. This research utilizes a dataset with 5637 cases of earth dams generated through coupled
numerical methods, which consider transient seepage and the impact of precipitation on slope stability. The goal is to develop prediction
models with high accuracy. The results indicate that the best overall response case is k-nearest neighbors with an accuracy of 0.983
and an error of 0.017; followed by artificial neural networks with an accuracy of 0.966 and an error of 0.034. The most unfavorable
results were obtained for Naive Bayes with accuracy of 0.852 and an error of 0.148; followed by support vector machines with an
accuracy of 0.863 and an error of 0.137. In addition, three real-worlds slopes with similar characteristics to those proposed in the dataset
were selected to validate the individual results obtained with each of the seven algorithms. From this analysis it was detected that
artificial neural network, support vector machines, and random forests were the only ones that accurately predicted the expected
response in the validation.

Keywords: Slope failure. Precipitation. Machine learning. Accuracy. Error. Landslide prediction.

INTRODUCTION

In recent years, the use of Artificial Intelli- (Xu et al.,, 2023). One of the most studied
gence algorithms in Civil Engineering has been  structures in this field is earth dams, which have
increasing, particularly in geotechnical problems numerous applications for meeting the needs of
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the population and industry (Flores et al., 2022).

An essential aspect that must be considered
regarding slopes is the analysis of their stability,
which refers to the safety of a soil mass against
failure or movement (Huang et al., 2023
Nanehkaran et al., 2023; Wang et al., 2023).
Slope failure is the movement of instability
involving a significant amount of material due to
a lack of support at the base of the slope,
primarily caused by shear failure along one or
more failure surfaces (Flores et al., 2022).

According to Nanehkaran et al. (2023) and Xu
et al. (2023), landslides are among the most
destructive geological processes affecting humans,
representing sudden and severe disasters that
cause thousands of deaths and substantial eco-
nomic losses (He et al., 2020). They can lead to
changes in terrain morphology, various environ-
mental damages, impact infrastructure, destroy
homes, bridges, and block rivers. Predicting
landslides constitutes one of the most active areas
in geotechnical studies (Xu et al., 2023).

It is common to define the stability of a slope
in terms of a Factor of Safety (FoS), obtained
from a deterministic mathematical analysis, where
models must consider most factors affecting
stability (Flores et al., 2024). The deterministic
method involves minimizing the FoS over a
range of potential failure surfaces, determining
the surface with the minimum FoS, known as the
critical slip surface (Fernandez et al., 2018). The
FoS is also defined as the factor by which the
soil's shear strength must be reduced to bring a
potentially unstable mass to a limit equilibrium
along a preselected slip surface (Xu et al., 2023).
The FoS value is obtained by comparing the shear
stress at failure with the soil's shear strength and
must always be greater than or equal to the value
set by standards or project requirements (Flores
et al., 2022).

Precipitation is one of the primary causes that
can trigger slope failures (Tsang et al., 2024) and
is the main factor leading to landslides (Wengang
et al., 2023). During rainfall, water infiltrates the
soil, increasing soil moisture content, reducing
matric suction, and, upon reaching saturation,
raising pore water pressure, thereby decreasing
soil shear strength. This results in increased
vulnerability of slopes to failures, collapses, and
flows (Flores et al., 2022; Kim et al., 2017; Sidle
& Bogaard, 2016).

When heavy rain affects slopes, soil hydraulic
properties and rainfall patterns control water

infiltration behavior. The soil's saturated hydraulic
conductivity limits the range of precipitation
infiltration, while rainfall intensity and duration
control the amount that can infiltrate the soil
(Flores et al., 2022). The individual effect of pre-
cipitation and fluctuating reservoir water levels
depends on various factors, such as precipitation
intensity, soil properties, geological structure,
and the groundwater level (Kafle et al., 2022). In
areas with heavy rainfall and under certain soil
conditions, precipitation can have very severe
effects.

Flores et al. (2022) and Huat et al. (2006)
suggested that seasonal precipitation is the cause
of most slope failures, primarily due to the loss
of soil matric suction from rainwater infiltration.
They also demonstrated that higher rainfall
intensity leads to a higher infiltration rate in the
soil, thus reducing the FoS.

In recent decades, machine learning methods
have gained increasing attention from researchers
for their utility as surrogate models to improve
computational efficiency in slope stability studies.
The fundamental approaches of these methods in
slope stability focus on predicting the FoS and its
classification (Xu et al., 2023). Compared to
traditional probabilistic or analytical models,
machine learning methods offer advantages such
as high accuracy and not requiring any initial
assumptions between inputs and outputs. They
can also handle large datasets and incomplete
data. By using these methods, geotechnical
engineers can avoid limitations of traditional
techniques, such as the need for prior assumptions
or high computational requirements, and accu-
rately predict slope stability (Xu et al., 2023;
Flores et al., 2024). By linking the strategic
importance of earth dams and their susceptibility
to landslides due to precipitation effects, pre-
dicting these phenomena becomes crucial.

This research employs various machine learning
algorithms to predict the effect of precipitation
on the downstream slope stability of earth dams.
A dataset constructed using hybrid modelling,
combining results from Flores et al. (2023;
2024), including various rainfall intensities, is
used. The algorithms employed include artificial
neural networks, support vector machines, deci-
sion trees, random forests, k-nearest neighbors,
and Naive Bayes. The results obtained allow for
a comparison between all algorithms and a contrast
with literature reports regarding accuracy, error,
and Co-hen's Kappa coefficient.
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METHODOLOGY

Here is a succinct overview of the Al
techniques that are being used in this study.

Artificial Neural Networks (ANN) are
commonly used machine learning systems that
mimic the functioning of the human brain
(Aminpour etal., 2023; Tablada & Torres, 2006).
This algorithm aims to adjust the model para-
meters so that the training results for each input
closely match the output. The optimal number of
layers and hidden neurons in an ANN depends on
the complexity of the problem (Flores et al., 2024).
While its effectiveness is high, the mathematical
analyses developed within the network make the
system complex to interpret, inaccessible, and
non-modifiable, which has led to a field of active
research known as Explainable Artificial Intelli-
gence (Barredo et al., 2020).

Support Vector Machines (SVM) originate
from statistical studies (Nanehkaran et al., 2023).
They are supervised machine learning algorithms
applicable to classification problems (binary or
multiclass) (Kwag et al., 2020; Salamanca, 2021).
SVM are highly effective, but their interpretation
is highly complex, making them difficult to
understand and modify. For implementation,
observations of a sample are separated into broad
spaces by a hyperplane or a set of hyperplanes,
also called linear separators, according to their
class. In most real cases, perfect linear separation
of data is not possible. When examples are not
linearly separable, non-linear base function sets
are efficiently used to define high-dimensional
transformed spaces and find optimal separation
hyperplanes in feature spaces. SVM belongs to a
class of machine learning algorithms called
kernel methods and are also known as kernel
machines (Salamanca, 2021).

Decision Trees (DT) are a non-parametric
supervised learning algorithm known for their
ease of interpretation and computational effi-
ciency (Alaminos, 2023). They can be used for
both classification and regression tasks (Wengang
et al., 2023). They are represented as a tree
structure similar to a flowchart, consisting of
different parts: a root node, intermediate nodes,
leaf nodes, and branches connecting the nodes
(Arana, 2021). Each path from the root node to
the output node represents a decision rule
showing the relationship between input and
output variables (Jong et al., 2021). Pruning
methods can be incorporated to remove lower
branches that do not significantly contribute to

accuracy, simplifying the model and improving
generalization and understanding (Flores et al.,
2024). While DT offer an easy-to-interpret struc-
ture governed by understandable rules, they are
not as precise as other data mining techniques and
are susceptible to data with excessive variation or
missing information (Jong et al., 2021).

A Random Forest (RF) consists of a defined
number of DT (Medina & Nique, 2017). It is an
intelligent classification algorithm based on the
statistical theory proposed by Breiman (2001).
Random forests are a widely used technique due
to their high accuracy (Huang et al., 2023),
simplicity, and flexibility, making them suitable
for both classification and regression (Aminpour
et al., 2023; Wang et al., 2023; Xu et al., 2023).
It is a very fast decision method that works with
large datasets. Essentially, RFs are a collection of
DTs and thus more accurate than individual DT.
As the number of DT in an RF increases, the
generalization error decreases and stabilizes at a
limiting value. However, a high number of trees
makes the model more complex and harder to
understand.

Logistic Regression (LR) is a classification
and regression algorithm used to predict the
probability of a categorical dependent variable
given one or multiple independent variables
(Ranjitha et al., 2020). It is a multivariate
analysis method most useful when there is a
dichotomous dependent variable (taking only
one of two mutually exclusive values) and a set
of predictor variables, allowing estimation of the
probability of an event occurring considering
other variables (Martinez et al., 2020).

The k-Nearest Neighbours (KNN) method is a
basic supervised machine learning algorithm
primarily used for classification and prediction of
both categorical and numerical variables with a
non-parametric nature (Narvaez et al., 2022).
KNN assumes that similar data points are located
near each other. Therefore, it calculates the
distance between data points, typically using
Euclidean distance, and then assigns a category
based on the most frequent category or the
average among the closest points (Toribio et al.,
2024). The method does not require a training
process, significantly reducing computational
costs and time.

Naive Bayes (NB) is a simple probabilistic
classifier based on conditional probability. The
algorithm uses Bayes' Theorem and assumes
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that all variables are independent given the class
variable. Its widespread use is due not only to its
simplicity but also to the effectiveness and robust-
ness of the algorithm. It is used for real-time pre-
diction because it is very fast in the training
process (Lopez et al., 2023; Wickramasinghe &
Kalutarage, 2021).

To apply the machine learning algorithms, a
dataset with 5637 examples established by Flores
(2024) and used by Flores et al. (2024) is
employed. Developed models for earth dams of
15, 30, and 40 meters-height, with embankments
consisting of 40 clayey soils were obtained using
the Monte Carlo method derived from actual
data on clayey soils that are components of
constructed earth dams (Flores et al., 2023). All
analyses used coupled numerical models (Flores
et al., 2023), considering the soil in a partially
saturated state and including three rainfall inten-
sities: 3 mm/day, 50 mm/day, and 150 mm/day.

Additionally, the effect of soil infiltration in
the earth dam slopes under the given conditions
was taken into account. For each of these 5637
examples of conditions, the FoS were obtained

by using a numerical method. This dataset is used
to train the Al models in order to predict the FoS
given the set of different values of the variables
in each situation.

In terms of FoS, this research considered it as
a categorical, not numerical, variable. According
to Armas & Horta (1987); Flores et al (2024); and
Mucuta et al. (2020), the relationship between
FoS value and slope stability is defined as follows:
if FOS < 1, the slope is in failure; if 1 <FoS < 1.5,
the slope is considered stable; and if FoS > 1.5,
the slope is considered stable and safe.

Various computational programs can be used
to apply these algorithms to stability problems,
e.g. the KNIME (Konstanz Information Miner)
program, which allows model development in a
visual environment (Flores et al., 2024). KNIME
is designed as a graphical tool and features nodes
(encapsulating different types of algorithms) and
arrows (representing data flow). In this research,
the KNIME program is used to apply the selected
algorithms due to the positive results obtained in
similar studies (Flores et al., 2023; Flores et al.,
2024).

RESULTS AND DISCUSSION

The results obtained in the numerical mo-
deling are grouped considering all variables
associated with it: geometric parameters
(embankment high, crown width), soil data
(specific weight, cohesion, internal friction
angle, saturated permeability, volumetric water
content, volumetric compressibility index, effec-
tive diameter for 60 %, effective diameter for 10
%, liquid limit), external loading conditions
(precipitation intensities: 3 mm/day; 50 mm/day
and 150 mm/day), and 24 hours duration of the
phenomenon. In all these experiments, the
dataset is randomly divided in a training set with

70% of the dataset and a test set with the other
30%, in order to train and to evaluate the quality
of Al models obtained.

Artificial Neural Networks (ANN)

In KNIME, the default configuration for the
ANN node includes one hidden layer (1HL), ten
neurons (10N), and 100 iterations (100It). However,
calibration is necessary. Finally, a configuration
with one hidden layer consisting of 10 neurons
and 10,000 iterations is selected. This configura-
tion yields an accuracy of 0.966 and an error of
0.034. Table 1 presents the final results of the
analysis.

Table 1 - Results of ANN Prediction vs. Expected Value

ANN Prediction FoS \ Expected FoS | Stable and safe | Stable | Failure
Stable and safe 1527 47 11
Stable 11 710 19
Failure 52 51 3209

Table 1 shows all the results obtained by
applying the ANN model. As for the case
classified as Stable and safe, ANN submitted 63
incorrect proposals, of which 17.5 % were
predicted as Stable and the remaining 82.5 %
were predicted as Failure. For the case classified
as Stable, ANN submitted 98 incorrect proposals,

of which 48.0 % were predicted as Stable and
Safe and the remaining 52.0 % were predicted as
Failure. For the case classified as Failure, ANN
submitted 30 incorrect proposals, of which 36.7
% were predicted as Stable and safe and the
remaining 63.3 % were predicted as Stable.

The results show that the predictions related
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to Failure have the lowest number of incorrect
values proposed. Moreover, for both Stable and
safe and Stable results, most incorrect predictions
propose Failure. These results allow us to place

the predictions on the safe side.
Support Vector Machines (SVM)

Table 2 presents the final results of the
analysis using SVM.

Table 2 - Results of SVM Prediction vs. Expected Value.

SVM Prediction FoS \ Expected FoS

Stable and safe | Stable | Failure

Stable and safe 1190 72 195
Stable 180 630 190
Failure 108 27 3045

Table 2 shows all the results obtained by
applying the SVM model. As for the case
classified as Stable and safe, SVM submitted 288
incorrect proposals, of which 62.5 % were
predicted as Stable and the remaining 37.5 %
were predicted as Failure.

For the case classified as Stable, SVM
submitted 99 incorrect proposals, of which 72.7
% were predicted as Stable and Safe and the
remaining 27.3 % were predicted as Failure. For
the case classified as Failure, SVM submitted
385 incorrect proposals, of which 50.6 % were

predicted as Stable and safe and the remaining
49.4 % were pre-dicted as Stable.

The results show a remarkable difference with
respect to those obtained with ANN. In this case
there are many more wrong predictions and,
contrary to the previous case, Failure is not
proposed as the predominant case. This reduces
the confidence in the predictions and increase the
uncertainty with the SVM model.

Decision Tree (DT)

Table 3 presents the final results of the

analysis using DT.

Table 3 - Results of DT Prediction vs. Expected Value.

DT Prediction FoS \ Expected FoS

Stable and safe | Stable | Failure

Stable and safe 1405 41 136
Stable 57 720 97
Failure 5 3 3173

Table 3 shows all the results obtained by
applying the DT model. As for the case classified
as Stable and safe, DT submitted 62 incorrect
proposals, of which 91.9 % were predicted as
Stable and the remaining 8.1 % were predicted as
Failure. For the case classified as Stable, DT
submitted 44 incorrect proposals, of which 93.2
% were predicted as Stable and Safe and the
remaining 6.8 % were predicted as Failure. For
the case classified as Failure, DT submitted 233
incorrect proposals, of which 58.4 % were
predicted as Stable and safe and the remaining
41.6 % were predicted as Stable.

The results show that most of the errors in the
prediction are obtained for the Failure cases.
Furthermore, in the Stable and safe and Stable
cases, the prediction moved away from security
by proposing fewer Failures and prioritizing
slope safety in all cases.

In this case, the initial node of the tree is the
rainfall intensity, which branches into internal
friction angle and duration. This means that these

are the most relevant variables defining the
subsequent analyses. The DT analysis identified
fourteen conditions leading to failure. According
to these rules, the probability of failure increases
for cases with intensities greater than 100
mm/day. Additionally, in all these Failure rules,
the duration of rainfall exceeds 5.5 hours. It is
noteworthy that this intensity is considered heavy
rain for conditions in Cuba (Duran, 2016). The
analysis of these rules shows one of the
fundamental advantages of DTs: they are easily
interpretable.

For cases with rainfall intensity less than or
equal to 100 mm/day, the minimum continuous
rainfall duration is 15.5 hours. For rainfall
intensities below 100 mm/day that trigger
landslides, the duration time is well over 15.5
hours.

Random Forest (RF)

Table 4 shows the final results of the analysis
using RF. Table 4 shows all the results obtained by
applying the DT model. As for the case classified
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Table 4 - Results of RF Prediction vs. Expected Value.

RF Prediction FoS \ Expected FoS | Stable and safe | Stable | Failure
Stable and safe 1509 9 46
Stable 23 798 62
Failure 0 2 3194

as Stable and safe, RF submitted 23 incorrect
proposals, of which total were predicted as Stable
and none is proposed as Failure. For the case
classified as Stable, RF submitted 11 incorrect
proposals, of which 81.8 % were predicted as
Stable and Safe and the remaining 18.2 % were
predicted as Failure. For the case classified as
Failure, RF submitted 108 incorrect proposals, of

which 42.6 % were predicted as Stable and safe
and the remaining 57.4 % were predicted as
Stable. The results show the lowest number of
errors in the proposals for FoS Stable and safe
and Stable, but not for the Failure cases.
Logistic Regression (LR)

Table 5 presents the final results of the
analysis using LR.

Table 5 - Results of LR Prediction vs. Expected Value.

LR Prediction FoS \ Expected FoS | Stable and safe | Stable | Failure
Stable and safe 1319 87 197
Stable 60 720 119
Failure 77 21 3037

Table 5 shows all the results obtained by
applying the LR model. As for the case classified
as Stable and safe, LR submitted 137 incorrect
proposals, of which 43.8 % were predicted as
Stable and the remaining 56.2 % were predicted
as Failure. For the case classified as Stable, LR
submitted 108 incorrect proposals, of which 80.6
% were predicted as Stable and Safe and the
remaining 19.4 % were predicted as Failure. For
the case classified as Failure, LR submitted 316
incorrect proposals, of which 62.3 % were
predicted as Stable and safe and the remaining
37.7 % were predicted as Stable.

In this case there are many more wrong

predictions and Failure is not proposed as the
predominant case. This reduces the confidence in
the predictions and increase the uncertainty with
the LR model.

K-Nearest Neighbours (KNN)

For employing the KNN algorithm, it is
necessary to conduct a calibration process. In this
case, the configuration corresponding to 3
nearest neighbors is selected, which yields an
accuracy of 0.983 and an error of 0.017. In
addition, when the number of KNN increases, the
error also rises while accuracy decreases. Table
6 presents the final results of the analysis using
KNN.

Table 6. Results between prediction and expected value with KNN.

KNN Prediction FoS \ Expected FoS | Stable and safe | Stable | Failure
Stable and safe 1482 19 0
Stable 6 836 0
Failure 19 53 3222

Table 6 shows all the results obtained by
applying the KNN model. As for the case
classified as Stable and safe, KNN submitted 25
incorrect proposals, of which 24.0 % were
predicted as Stable and the remaining 76.0 %
were predicted as Failure. For the case classified
as Stable, KNN submitted 72 incorrect proposals,
of which 26.4 % were predicted as Stable and
Safe and the remaining 76.3 % were predicted as
Failure.

For the case classified as Failure, KNN does

not make mistakes in prediction.

In this case, the most favorable results of those
obtained so far is shown. In the training, KNN
models does not make errors in the prediction of
the Failure cases. In the Stable and safe and
Stable cases, most of the erroneously predicted
cases are proposed as Failure as well, placing the
results on the security side.

Naive Bayes (NB)

Table 7 shows the final results of the analysis

using NB.

398

Sé&o Paulo, UNESP, Geociéncias, v. 44, n. 3, p. 393 - 402, 2025



Table 7 - Results between prediction and expected value with NB.

NB Prediction FoS \ Expected FoS | Stable and safe | Stable | Failure
Stable and safe 1196 72 253
Stable 228 555 117
Failure 131 31 3054

Table 7 shows all the results obtained by
applying the NB model. As for the case classified
as Stable and safe, NB submitted 359 incorrect
proposals, of which 63.5 % were predicted as
Stable and the remaining 36.5 % were predicted
as Failure. For the case classified as Stable, NB
submitted 108 incorrect proposals, of which 66.7
% were predicted as Stable and Safe and the
remaining 33.3 % were predicted as Failure. For
the case classified as Failure, NB submitted 364
incorrect proposals, of which 69.5 % were
predicted as Stable and safe and the remaining

30.5 % were predicted as Stable.

In this case, the most unfavorable results of
those obtained so far is shown. The total number
of erroneously predicted cases exceeds that of all
previous models. Moreover, in this respect, the
predictions proposed as Failure are lower than
those proposed as Stable and safe and Stable,
which reduces the overall security of the model.
General Comparison

Figure 1 presents the general results regarding
the number of correctly and incorrectly classified
cases.
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Figure 1 - General results for correctly and incorrectly classified cases for each algorithm.

Figure 1 shows that the NB algorithm has the
fewest correctly classified cases (4805) and the
highest number of incorrect cases (832),
followed by SVM and LR. Conversely, the KNN
algorithm has the highest number of correct cases
(5540) and the fewest incorrect cases (97),

followed by RF and ANN.
The results for accuracy, error, and Cohen's
kappa coefficient are displayed in Figure 2.
Figure 2 reveals that all employed algorithms
present accuracies above 0.8 for the established
configurations.
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Figure 2 - General results for accuracy, error, and Cohen's kappa coefficient for each algorithm.
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However, only ANN, RF, and KNN show
accuracies exceeding 0.95.
The algorithm with the highest accuracy is KNN,
while the one with the lowest accuracy is NB.
Regarding errors, all cases are below 0.15, with
ANN, RF, and KNN achieving errors below 0.05.
The algorithm providing the best results for error
is KNN, and the one with the highest error is NB.
For Cohen's kappa coefficient, ANN, RF, and
KNN display kappa values above 0.9, indicating
a perfect fit between predicted and expected
results (Lin et al., 2018). The algorithm with the
best kappa value is KNN, while the lowest fit is
shown by NB
Validation Of Prediction Models

Based on the obtained results, the trained
models were employed for model validation.
This involves three specific real-world cases: the
slope of the La Cidra dam, which experienced a
landslide in May 2014, referred to as Slope 1 for
these purposes; and two cases from research by
Liu & Wang (2023), called Slope 2 and Slope 3.

O Slope 1
Stable and safe

The three cases proposed respond to slopes built
with a single material, in partially saturated
conditions and including rainfall as an external
load or varying intensity and duration. In all three
cases, slope failure occurs, which is considered
the correct condition. The prediction results are
shown in Figure 3. Figure 3 demonstrates that
while the obtained prediction models exhibit
high accuracy (greater than 0.85) and errors
below 0.15 in all cases, they are not infallible in
their evaluation. This implies that it is crucial to
consider the inherent uncertainty in each
predicted case. Although these models are
effective for rapid analysis, they do not eliminate
the need for numerical modelling, in certain
cases that warrant it, or when there is time
available to do so. Nevertheless, ANN, SVM,
and RF models correctly predicted the outcomes,
aligning with the criteria set by Xu et al. (2023),
which reflects that these are the most
internationally used algorithms for solving slope
stability issues.

Slope 2 mSlope 3

Stable - -
iy . 3y
f: : 3
) . . 8
Failure N -
[ i : " {ES JFm —TES
Tt i % : ‘ % {8 | IR
3: ; % : ‘ % {3 s R
N R : R 18 R S
ANN SVM DT RF LR KNN NB
Algorithms

Figure 3 - Results of the validation process of the employed algorithms.

CONCLUSIONS

In recent years, there has been a growing trend
in combining Al models with traditional nume-
rical modelling for predicting slope stability.
Although there is no international consensus on
the most appropriate prediction methods,
commonly used approaches include ANN, SVM,
DT, RF, LR, KNN, and NB. This research trained
these seven algorithms to predict the stability of
earth dams subjected to precipitation. In all cases,
the accuracy achieved was above 0.80 and the
error was below 0.15.

In this research the algorithm with the highest
accuracy and lowest error is KNN, while the one
with the lowest accuracy and major error is NB.

For Cohen's kappa coefficient, ANN, RF, and
KNN display kappa values above 0.9, indicating
a perfect fit between predicted and expected
results.

Validation of the prediction models was
carried out using three real-world cases re-ported
in the literature. The results indicated that DT,
LR, KNN, and NB models made incorrect
predictions in at least one case, whereas ANN,
SVM, and RF correctly predicted all cases. This
demonstrates that, regardless of the accuracy
achieved during training, algorithms are subject
to errors that, even if small, can influence the
prediction outcome in particular situations.
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