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Abstract: A landslide susceptibility assessment is one of the critical steps in planning for landslide
disaster prevention. Advanced machine learning methods can be used as data-driven approaches for
landslide susceptibility zonation with several landslide conditioning factors. Despite there being a
number of studies on landslide susceptibility assessment, the literature is limited in several contexts,
such as parameter optimization, an examination of the factors in detail, and study area. This study
addresses these lacks in the literature and aims to develop a landslide susceptibility map of Kentucky,
US. Four machine learning methods, namely artificial neural network (ANN), k-nearest neighbor
(KNN), support vector machine (SVM), and stochastic gradient boosting (SGB), were used to train
the dataset comprising sixteen landslide conditioning factors after pre-processing the data in terms
of data encoding, data scaling, and dimension reduction. The hyperparameters of the machine
learning methods were optimized using a state-of-the-art artificial bee colony (ABC) algorithm. The
permutation importance and Shapley additive explanations (SHAP) methods were employed to
reduce the dimension of the dataset and examine the contributions of each landslide conditioning
factor to the output variable, respectively. The findings show that the ABC-SGB hybrid model
achieved the highest prediction performance. The SHAP summary plot developed using the ABC-
SGB model shows that intense precipitation, distance to faults, and slope were the most significant
factors affecting landslide susceptibility. The SHAP analysis further underlines that increases in
intense precipitation, distance to faults, and slope are associated with an increase in the probability of
landslide incidents. The findings attained in this study can be used by decision makers to develop the
most effective resource allocation plan for preventing landslides and minimizing related damages.

Keywords: landslides; machine learning; landslide susceptibility; artificial bee colony algorithm;
model interpretability

1. Introduction

Landslides are among the most threatening geological disasters and can pose signifi-
cant risks to peoples’ lives and properties all over the world [1]. Particularly in mountainous
and hilly regions, due to steep slopes, landslides may cause millions of economic losses by
blocking transportation networks and causing utility interruptions [2—4]. Global records
underline that nearly 2.2 million people are affected by landslides [5]. In the US, landslides
cause billions of US dollar economic losses along with 50 casualties every year [6]. Over the
past two decades, nearly 1500 landslide incidents were experienced in Kentucky alone [7].
Landslides not only cause the closure of roads but also disrupt utilities with interruptions
and reduce the value of properties, with millions of US dollars of estimated economic losses
occurring in Kentucky [8].

Many decision makers in governmental agencies tried to minimize the effects of
landslides through proper planning and decision making [3]. Here, identifying the areas
that are most susceptible to landslides can be regarded as an effective way of determining
the most critical areas for early warning and resource allocation [9]. Landslide susceptibility
mapping is the assessment of a specific region regarding their probability of landsliding
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based on various criteria, such as geology, land use, slope, aspects, etc. [10]. Typically,
machine learning methods can be used for the early diagnosis of the extent to which certain
areas are prone to landsliding. Therefore, landslide susceptibility assessment using machine
learning methods has become a prominent research direction for disaster prevention [11].

The pertinent literature on disaster prevention includes many studies on landslide
susceptibility assessment. For example, Catani et al. [12] adopted the ensemble random
forest (RF) method for developing a landslide susceptibility map of the Arno River Basin,
Italy. The researchers included a variety of numerical and categorical variables and found
that the dimension of the variables, scale of mapping, and training process affected the
accuracy of the predictions. Similarly, Devi et al. [4] developed a machine learning-based
landslide susceptibility assessment for Bhagirathi Valley, NW Himalaya. The researchers
adopted several methods, such as random forest (RF), extreme gradient boosting (XGBoost),
and k-nearest neighbor (KNN), and deduced that a greater part of the examined study
area was classified as highly or very highly vulnerable zones to landsliding. Hong et al. [2]
developed a decision tree (DT)-based ensemble model for the landslide susceptibility zona-
tion of the Guangchang area, China. Using several variables such as slope, aspect, altitude,
topographic wetness index, etc., the researchers concluded that the rotation forest model
achieved the highest classification accuracy. Another ensemble-based machine learning
approach for landslide susceptibility analysis was conducted by Kadavi et al. [3] in the
Sacheon-myeon area in South Korea. They compared the performance of adaptive boosting
(Adaboost), logitboost, multiclass classifier, and bagging based on twenty conditioning
variables and achieved the highest prediction power while training the model with a mul-
ticlass classifier. Pourghasemi et al. [13] tested the performance of a generalized linear
model, mixture discriminant analysis, boosted regression tree, and functional discriminant
analysis for landslide susceptibility zonation in Fars Province, which covers 7% of Iran.
They found that the most significant variables were the distance from the road, altitude,
lithological units, and slope. By focusing on the China—Pakistan economic corridor region,
Ullah et al. [14] developed a machine learning-based landslide susceptibility analysis using
thirteen variables grouped into topographic, land cover, hydrological, geological, and
meteorological categories. They identified that elevation, rainfall, lithology, slope, and
land use were the most critical variables. Lv et al. [11] adopted the RF, support vector
machine (SVM), and extreme gradient boosting (XGBoost) methods and focused on the
Sichuan-Tibet region for a landslide susceptibility assessment. The researchers conducted
an in-depth examination of the contributions of the variables as well as their interactions
using the Shapley additive explanations (SHAP) method.

There are many other landslide susceptibility assessment studies adopting different
methods with diverging perspectives [10,15-17]. However, the literature on landslide
susceptibility assessment using machine learning methods is limited in several ways. The
literature covers many powerful hyperparameter tuning algorithms devoted for different
purposes, such as Optuna [18], genetic algorithm [19], particle swarm optimization [20],
etc. However, none of the existing studies adopted one of the powerful metaheuristic opti-
mization algorithms, namely artificial bee colony (ABC), to optimize the hyperparameters
of the developed machine learning methods. The researchers considered a trial-and-error
approach to tune the hyperparameters of the adopted methods. Second, only limited
studies adopted one of the recently developed game theory-based feature examination
algorithms, SHAP. The SHAP method not only investigates the weights of the conditioning
factors but also presents which factors contribute to the prediction, how, and to which
direction. Third, none of the existing studies considered the study area of Kentucky, US, for
susceptibility zonation despite there being threatening records in the region.

Therefore, this study aims to develop a landslide susceptibility map of Kentucky, US,
and examine the conditioning factors in detail. To achieve the objective of the research,
four widely used machine learning methods from different machine learning families, such
as artificial neural network (ANN), KNN, SVM, and stochastic gradient boosting (SGB),
were adopted. The parameters of the methods were optimized using ABC, which is one
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of the powerful optimization algorithms available. The dimension of the conditioning
factors was also optimized using the permutation importance approach. Finally, the SHAP
algorithm was utilized to examine the effects of landslide conditioning factors on the
predictions. Overall, this research is expected to help decision makers develop the most
effective resource allocation for landslide disaster prevention planning in Kentucky, US.

2. Materials and Methods
2.1. Research Framework

Machine learning, mainly relying on data-driven approaches, has emerged as one of
the subsets of artificial intelligence applications. Conceptually, the modeling of sophisti-
cated relationships among affective factors and the outcomes being affected by independent
variables is carried out in the context of machine learning implementations. Given the intri-
cate nature of nature-induced phenomena, these algorithms have been widely recognized
by researchers to deal with complex challenges across the globe. Hence, this research aims
to identify the regions with a likelihood of experiencing landslide events in the Kentucky
River catchment due to constantly being subjected to the adverse impacts of such geo-
hydrological hazards. In this respect, four different machine learning algorithms, each from
different machine learning rationales, are employed. The major objective of the current
research is to explore the performance of the SGB in landslide susceptibility attempts, while
the model is benchmarked with three commonly adopted machine learning algorithms,
namely ANN, SVM, and KNN. It is also worth noting that the selected machine learning
methods encompass divergent internal hyperparameters that need to be diligently tuned
in order to satisfy problem-specific objectives, better mimicking real-world conditions.
Therefore, the ABC was integrated into each machine learning algorithm. Consequently, a
total of four different predictive schemes were considered within the scope of this study,
broadly assessing the performance of different data-driven approaches.

Among divergent train/test splitting strategies (e.g., 50/50, 60/40, 70/30, 80/20,
and 90/10), the present research uses 70% and 30% for training and testing, respectively.
Hence, this study allocates 70% of the data to the training set, while the remaining 30%
is used as the blinded testing set. Additionally, within the present research, a rigorous
5-fold cross-validation method is employed to delineate the optimum hyperparameter sets
during the optimization attempts. To make a fair comparison, this study takes various
performance metrics into account, such as accuracy, precision, recall, F1-score, and the area
under receiver operating curve (AUROC). The obtained results are visualized by means
of the confusion matrices and AUROC plots. Along with several pre-processing (data
encoding, data scaling, and dimension reduction) and processing (four different predictive
frameworks) approaches, the SHAP algorithm is integrated as a post-processing approach
to better reflect the effects of the variations observed within the predictors to the landslide
susceptibility levels across the studied basin. Finally, based on the four different hybrid
predictive schemes, susceptibility maps are generated with respect to the testing results
attained for each hybrid model. The finalized map was provided and recommended for
the model outperforming its counterparts concerning divergent performance evaluation
criteria. The steps achieved within the scope of the current research are summarized using
a pictorial representation in Figure 1.

2.2. Study Area

The present research focuses on the state of Kentucky as it contains a catchment that
widely experiences landslide incidents. The corresponding catchment is the Kentucky
River catchment, covering nearly 18,000 km? in surface area. Among the tributaries of the
Kentucky River (such as the Red, Dix, Middle Fork, North Fork, and South Fork Kentucky
rivers), the Red River is considered as the major river feeding the Kentucky main stream.
The topography of the catchment ranges between 41 and 998 m above ocean level, while the
climatic characteristics vary across the basin. For instance, mean annual temperature across
the Kentucky River catchment is measured as 13 °C. The Kentucky River is a major source
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of drinking water for approximately 700,000 people in the region, including residents of
Lexington, Kentucky’s second-largest city. Along with landslide events, the basin also
suffered from other geo-hydrological disasters, such as floods. Such that, the river basin
is prone to flooding, and efforts have been made to manage flood risks through various
control measures and by maintaining healthy floodplains. Accordingly, the river has a
series of 14 locks and dams constructed primarily in the early 20th century to facilitate
navigation and help maintain water levels. The geographical location and the boundaries
of the basin are depicted in Figure 2.

Collection of the data

.

Encoding the data

v

Scaling the data

v

Dimension reduction

v

Optinization and
tramung the maclune
learming models

v

Testing the machine
learning methods

.

Exanuning the
interpretability of the
model

Figure 1. Research flowchart.

2.3. Landslide Inventory Mapping

Landslide inventory mapping is critical to not only understand the causal relationship
of past events but also find the precautionary attempts made by the respective authorities.
In line with this, potential incidents that can occur in the following periods can be simulated
and the corresponding measures can be taken, guiding policymakers in the region to
accommodate the practical applications in the field. Hence, inventories regarding such
incidents have gained much more attention in recent years, especially concerning the
impacts of remote sensing and the geographical information system (GIS), which are
emerging technologies used to simulate nature-induced events, aiding in determining
potential hazards and risks.

So, the present study obtained the records pertaining to the past landslide events
from the USGS. The corresponding analysis resulted in a total of 726 landslide records
considering the boundaries of the focalized domain. This study processed the correspond-
ing dataset by utilizing different environments, such as Google Earth engine and ArcMap
10.3 [21]. In addition to the 726 recorded landslide points, the same number of artificial
points were generated using ArcMap’s “Create random points” command with the purpose
of conducting fair assessments for landslide susceptibility mapping [22,23].
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Figure 2. Kentucky River catchment.

2.4. Landslide Triggering Factors

Given their complex nature and intricate mechanics, landslide events are regarded as
hard-to-predict phenomena using deterministic techniques. Instead, recent studies offer a
more effective approach, such as data-driven techniques which are capable of simulating
complex problems from a divergent point of view. Accordingly, key factors triggering
the occurrences of landslide events are identified and used as independent variables to
predict potential landslide-prone areas. To accomplish this overarching aim, machine
learning algorithms are trained with the help of landslide conditioning factors and a target
variable, while testing is processed in order to assess the validity of the trained models.
The contribution of the utilized conditioning factors to predictions can also be determined,
offering valuable insights into landslide simulation dynamics.

In this research, a total of 16 factors, e.g., aspect, curve number, distance to faults,
distance to river, elevation, intense precipitation, land use/land cover, lithology, normalized
difference vegetation index (NDVI), plan curvature, profile curvature, sediment transport
index (STI), slope, stream density, topographic roughness index (TRI), and topographic
wetness index (TWI), having the potential to influence the mechanisms underlying landslide
formation, are investigated, as addressed in the literature. These factors were selected since
they cover a variety of topographical (e.g., slope and elevation), geological (e.g., lithology
and distance to faults), hydrological (e.g., stream density and TWI), and environmental
(e.g., land use and NDVI) features of a specific area. These factors may affect the processes
that are associated with the formation of landslides, such as the stability of soil and erosion.
Hence, by incorporating a variety of factors, the multi-dimensional nature of landslides is
addressed in a generic view.
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The generated layers corresponding to these factors are presented in Figure 3. Also,
the descriptive statistics of the utilized landslide conditioning factors are provided in
Table 1. After conducting exploratory data analysis based on the statistics regarding the
conditioning factors (Table 1), the application of some data pre-processing steps becomes a
critical need. For instance, lithology and LULC were categorical variables with ranges of
2-7 and 11-90, respectively. Therefore, the elements in these categorical features should be
represented in their numerical equivalences, which requires data encoding. Additionally,
there are some factors with extreme values, and many numerical values are scaled in
different formats. For instance, the minimum and mode of distance to faults attribute is 0,
while the average and maximum values of the corresponding attribute are 13,815.06 and
47,021.40, respectively. In addition, while some features range between 0 and more than
10,000 (e.g., distance to faults, distance to river, and STI), some others range between 0 and
1 (e.g., intense precipitation, NDVI, and stream density). Therefore, to prevent machine
learning models from being affected by the dataset with different intervals, data scaling
is required as a pre-processing step. Finally, in order to enhance the performance of the
models as well as improve computational efficiency, the appropriateness of the factors
should be evaluated before the machine learning model is applied. Hence, dimension
reduction should also be considered as a pre-processing step. These three pre-processing
approaches are briefly summarized in the following sections.

Table 1. Descriptive statistics of the landslide conditioning factors.

Attribute Mode Min Average Max
Aspect 225.00 0.00 181.73 358.45
Curve Number 72.00 0.00 75.90 94.00
Distance to Faults 0.00 0.00 13,815.06 47,021.40
Distance to River 191.09 0.00 3006.56 12,358.40
Elevation 279.00 123.00 322.61 787.00
Intense Precipitation 1.00 0.00 0.50 1.00
Land Use/Land Cover - 11.00 - 90.00
Lithology - 2.00 - 7.00
NDVI 0.77 0.00 0.74 0.99
Plan Curvature 0.00 —1.31 —0.01 1.52
Profile Curvature 0.07 —1.85 0.11 2.72
Sediment Transport Index 0.00 0.00 35.55 18,880.00
Slope 3.45 0.27 14.00 43.85
Stream Density 0.00 0.00 0.13 0.37
Topographic Roughness Index 0.44 0.22 0.48 0.78
Topographic Wetness Index 7.39 3.85 7.05 20.20
Target - 0.00 - 1.00

2.5. Data Encoding

Certain input parameters selected for an analysis may manifest in the form of categori-
cal or text-based data. In such instances, data pre-processing becomes imperative to derive
a meaningful representation of the dataset suitable for reliable, effective, and accurate
processing by machine learning algorithms. Data encoding techniques are employed at this
stage to facilitate the corresponding transformation. Data encoding therefore allows for
converting categorical or text-based information into a numerical format compatible with
machine learning algorithms. Within the literature, three widely accepted data encoding
techniques are available for raw data preparation: label encoding, one-hot encoding, and
target encoding. In this study, one-hot encoding is deliberately adopted due to its notable
strengths, including its capacity to distinctly represent each category within the data, its
facile handling of missing data, and its applicability to datasets of varying sizes. One-hot
encoding operates by converting categorical data into a binary format, wherein unique
categories are delineated into binary vectors, with each category corresponding to a distinct
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binary column. In this research, one-hot encoding is used for transforming two categorical
landslide conditioning factors, namely LULC and lithology.

Upon examining the data encoding techniques, one-hot encoding stands out as par-
ticularly advantageous, especially when dealing with categorical data characterized by
nominal relationships. Nominal relationships imply that categories lack any inherent order
or ranking, and each category holds equal significance within the dataset. One-hot encoding
effectively addresses this by transforming categorical variables into binary vectors, wherein
each unique category corresponds to its own binary column. This method ensures that all
categories are distinctly represented without imposing any ordinal relationships among
them, making it a useful choice for pre-processing categorical information in machine

learning applications.
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Figure 3. Attribute maps. (a) aspect, (b) curve number, (c) distance to faults, (d) distance to river,
(e) elevation, (f) intense precipitation, (g) lithology, (h) land use/land cover, (i) NDVI, (j) plan curva-
ture, (k) profile curvature, (1) sediment transport index, (m) slope, (n) stream density, (o) topographic
roughness index, (p) topographic wetness index.

2.6. Data Scaling

Addressing challenges due to the presence of extreme values is often essential in order
to inhibit potential disruption and misguiding in machine learning analysis. To overcome
such issues, feature scaling techniques are adopted, and normalization (or standardization)
of the utilized variables is performed to protect models influenced by the scale difference
in a single variable. In this regard, divergent scaling mechanisms, e.g., min—-max scaling
(normalization), standardization (z-score scaling), robust scaling, and log transformation
have been used by the research community. This study utilizes standardization owing to
its several benefits, such as the fact that it is one of the most commonly adopted techniques
and helps gradient boosting algorithms achieve faster convergence, ensuring features
with larger scales do not dominate the model training process and allows all features to
contribute equally to the model’s learning process.

2.7. Dimension Reduction

In this study, a dimensional reduction approach is adopted to increase computational
efficiency and enhance the performance of the predictive models. Hence, the present
research specifically employs permutation importance, recognized as a robust and model-
agnostic approach, particularly in scenarios with a high number of attributes [24,25]. In this
sense, contributions of the predictors were assessed based on the computed permutation
index values. Unlike other techniques embracing the leave-one-out scheme to perform
sensitivity analysis, the working mechanism of permutation importance is based on sub-
stituting independent variables with noise datasets from the same distribution, allowing
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for the nature of the utilized dataset to be procured. As a baseline model, due to its wide
acceptance, this study adopts the random forest (RF) algorithm. A mean decrease accuracy
approach is computed for each iteration through the incorporation of the RF algorithm into
permutation importance. Hence, with regard to the accuracy alterations, a suitable ranking
among the predictors is achieved.

The permutation importance technique mainly encompasses three consecutive stages. To
achieve this, the identification of the original model’s error (denoted as eyig = L(y, F(X)))is
carried out at first (Stage 1). Then, a subsequent procedure depicted as follows is performed:

Stage 2.1. The attribute matrix (Xerm) is attained by permuting factor (j) in the original
data (X).

Stage 2.2. The error (eperm = L(y, f(X
permuted data is computed.

Stage 2.3. The permutation importance value is obtained through dividing the error
obtained in Stage 2.3 (eperm) by those obtained in Stage 1 (¢,yi¢). In this way, the permutation

perm))) pertaining to the estimation of the

importance (FI; = ee”ﬂ) is identified for each landslide conditioning factor.

orig
Finally, the corresponding ranking is achieved as a result of ordering the attributes

importance (i.e., mean importance) in a descending manner (Stage 3).

’

2.8. Artificial Bee Colony Algorithm

A meta-heuristic optimization algorithm, artificial bee colony (ABC), was first in-
troduced by Karaboga [26] to solve numerical optimization problems. The method is a
population-based optimization technique, adopted by many researchers (e.g., [27-29]) to
find a solution for multi-dimensional problems. ABC was inspired by the foraging behavior
of honeybees. There are mainly seven steps of the ABC algorithm [30].

Step 1—The initial population: ABC creates an NF number of positions for food source
and accordingly starts the searching procedure. A single artificial bee aims to determine
the position of a food source. During the ABC algorithm process, NF remains constant.

Step 2—The employed bee phase: Every bee employed updates the most applica-
ble optimization solutions by selecting a new potential source for food according to the
neighborhood food source chosen initially. Then, from the previous solution (x; ;), a new
candidate, namely u; j, is created, as shown in Equation (1).

Ujj = Xij+ @i (xz',j - xk,j) (1)

where {k,i} € {1,2,...,NF}, j € {1,2,...,D} are the indices chosen randomly, k is
different than i, D is the size of the problem, and ¢; ; is a random number changing between
—1 and 1. Therefore, bees are generated based on the power of the formerly explored
sources. The potential candidate is replaced with the previous solution if the quality of
food is higher than the latter; otherwise, the process continues with the earlier solution.

Step 3—The calculation of probability: When they come back to their hive, the em-
ployed bees share information about the food source with other bees. In this step, collective
intelligence is generated by the algorithm for sharing critical information. The value of
probability calculated by the algorithm affects the behaviors of the onlooker bees because
these bees chose potential food sources according to the calculated probability. The value
of probability in the ABC algorithm is calculated as

NF
pi = fit;/ ) fit; 2)
j=1

where fit; is the value of the fitness for the food source i.

Step 4—The onlooker bee stage: As mentioned previously, onlooker bees choose a
specific food source based on the p; value calculated for the corresponding food source. In
the ABC algorithm, Equation (1) is used to generate onlooker bees. Based on the nectar
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available at the new location, a greedy approach is considered. Accordingly, onlooker bees
update the location or maintain the previous solution.

Step 5—Updating the best food source location: After Step 4, the best food source
location is identified. The following new best food source location is replaced with the
old best food source location if the latter presents an equal or higher amount of nectar;
otherwise, the process continues with the previous food source location.

Step 6—The scout bee stage: When the food source location x; does not show any
improvement based on the user-determined consecutive cycles, the bee abandons the
solution x;, which is replaced with a new food source location determined by the scout bee.

Step 7—The stop condition: The optimization of the ABC algorithm is finalized when
the stop criteria determined by the user are met. The terminated optimized solution is
presented to the user at the end of the optimization process.

It is worth mentioning that there are many hyperparameter tuning algorithms in
the relevant literature. Some of these techniques are regarded as meta-heuristics, while
others can be described as Bayesian optimization methods [18]. The ABC method has
the ability to perform global search in the solution space. This provides an advantage,
especially in complex hyperparameter optimization problems with many local minima.
Additionally, with its parallel working feature, the ABC algorithm shows good results in
complex and non-linear optimization problems. Therefore, among many powerful hyper-
parameter optimization techniques providing accurate outcomes for different problems,
e.g., Optuna [31,32], Genetic Algorithm [19], and PSO [20], this study utilizes the ABC
algorithm.

2.9. Machine Learning

This study adopts four machine learning algorithms for landslide susceptibility map-
ping, namely ANN, KNN, SVM, and SGB. This study considers the trade-off between the
number of hyperparameters optimized and the computational expense. Hyperparameter
optimization is generally important for improving algorithm performance. However, test-
ing numerous combinations with too many hyperparameters consumes more time and
resources, which extends the optimization process and requires more computational power.
Therefore, using fewer hyperparameters narrows down the hyperparameter space of the
model, leading to faster results. However, this approach also has some limitations; in some
cases, using fewer parameters may not fully unlock the model’s potential. Hence, finding
the right balance is important in achieving optimal model performance. The hyperparame-
ters, parameter ranges, steps, and total candidates examined in each method are provided
in Table 2. The following paragraphs present a brief description of each method.

Table 2. Hyperparameter ranges in ML methods.

ML Method  Hyperparameter Range Step  Total Candidates
Activation Function =~ Relu, TanH, Logistic -

ANN Momentum 0.5-1 0.05 600
Number of Hidden 5100 56
Neurons

Metric Euclidean, Manhattan, )

KNN Chebyshev, Minkowski 200
Number of
Neighbors 0-50 !
Kernel Function lgioér};lr;(;;nlal, Radial Basis, -

SVC Gamma 2-15.p3 - 600
C 0-200 10
Number of Trees 0-500 50

SGB Learning Rate 0.0025-0.015 0.0025 500

Maximum Depth 0-10 1
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ANN is one of the machine learning methods that mimics the human brain in a system-
atic way such that biological cells such as neurons are modeled in the ANN structure [33].
Inputs in a typical ANN structure refer to the information presented to the model, and
weights are the extent to which the information is provided to a neuron. The net function
indicates the computational procedure for calculating the net input for the neuron, while
the activation function processes the net input and weights so that the output can be calcu-
lated. There are two major stages in the learning process of ANN: feed forward and back
propagation. In the feed forward stage, the weights are evaluated, and the output of the
model for a sample provided is achieved. In back propagation, based on the prediction and
expected results, weights are updated. The main role of back propagation is to minimize
the sum of error squares via training. In the ANN model, the activation function, momen-
tum, and the number of hidden neurons are optimized. The activation function enhances
the model’s learning performance in non-linear relationships, while momentum and the
number of hidden neurons accelerate the training process by improving optimization and
determine the model’s complexity and learning capacity, respectively.

The KNN algorithm is a sample-based machine learning algorithm. In this algorithm,
the nearest neighbor to the data sample is identified according to the k value [34]. There are
mainly five steps covered by the KNN algorithm outlined in the sequel: (1) the value of k is
identified; (2) the distances between the target data and the others are calculated; (3) the
distances are considered in the ascending order, and the neighborhoods are specified based
on the closest distance in which the data with the smallest distance is regarded as the 1st
neighbor while the data with the largest is the nth neighbor (if n is the total number of a
data sample); (4) the number of k nearest neighbor classes is collected; and (5) the most
commonly observed neighbor class is selected based on the majority voting. It is worth
noting that the metrics, such as Euclidean, Manhattan, Minkowski, and Chebyshev, used
for the calculation of the distance between observations may also vary depending upon
the type of variables, i.e., continuous and categorical. For instance, using the Euclidean
distance for continuous variables is suitable, while the Manhattan distance is a good match
with the categorical variables [35]. In this study, the metric and the number of neighbors
were considered as optimized KNN model parameters. The metric defines the distance
between neighbors, while the number of neighbors indicates how many neighbors will be
considered when assigning a sample to a class. More neighbors can make the model more
general, but too many neighbors can cause decision boundaries to become overly flat.

SVM is a vector-based machine learning method that is based on structural risk
minimization principle via statistical leaning theory [36]. In this method, a hyperplane,
which indicates a line dividing a class of data points, is identified. However, a perfect
hyperplane cannot be attained in non-linear problems. In other words, the error is allowed
in the learning process, and the hyperplane with the lowest error is obtained. At the
end, the hyperplane with the maximum margin and minimum error is obtained, namely
optimum hyperplane [37]. In many real-life problems with non-linear datasets, a linear
hyperplane cannot be formed, and kernel functions are usually used for enhancing the
model’s accuracy [38]. There are several kernels, such as radial basis function, sigmoid
function, and polynomial function. Since the selected kernel significantly impacts the
performance of the model, the kernel is also considered as one of the parameters to be
tuned in the parameter tuning process. As for the SVC hyperparameters, the kernel function,
gamma, and the C parameter were optimized. The kernel function is the mathematical
function used by SVC to find the classification boundaries in the data. Additionally, the
gamma parameter determines the influence of the kernel function on the model. The C
parameter is related to classification errors. A high C value increases model accuracy, while
a low value decreases it.

The present research utilized the SGB technique among different techniques in tree-
based machine learning algorithms. While the literature features a range of tree-based
methods, including bagging and boosting techniques, XGBoost (version 2.1.2) has seen
widespread use due to its extensive functionality. However, SGB was chosen in this research
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for its simplicity and ease of implementation. Additionally, SGB incorporates bootstrap
aggregation by using random subsets of data in each iteration, helping to mitigate overfit-
ting. Another key factor considered in the analysis was computational efficiency. Since SGB
processes only a random portion of the data during each iteration, it is computationally
more efficient. This makes SGB a faster alternative to XGBoost, particularly when working
with smaller datasets. Hence, SGB is also regarded as one of the powerful tree-based
modeling methods. Gradient boosting helps improve the performance of the model as well
as to decrease computational load. At each iteration, additive models are generated by
fitting base learner in terms of least squares in the GBDT technique [39]. To compute the
captured information, GBDT uses each data instance in every feature, which makes the
trade-off between performance and efficiency a critical concern [40]. Additionally, GBDT
algorithm might be subjected to overfitting, especially if a powerful regularization is not
employed in the iteration stage [41]. Therefore, Friedman [39] proposed the SGB method,
which includes randomness into the machine learning procedure, different from the GBDT
algorithm. Hence, instead of the full samples, random sub-samples are attained from the
training set for fitting the base learners. The SGB contains three different hyperparameters
(number of trees, learning rate, and maximum depth) optimized within this study. A higher
number of trees generally makes the model stronger, but it also increases the risk of overfit-
ting, creating a trade-off. The learning rate determines how much each tree contributes to
the model’s performance. The selection of maximum depth should be handled carefully.
Similar to the number of trees, a higher value allows the model to learn more details but
also increases the risk of overfitting.

2.10. Performance Evaluation

Predictive accuracy of machine learning algorithms with the specific purpose to make
classification attempts is determined using divergent performance measurement metrics.
In this sense, four major statistical measures are fundamentally utilized. The corresponding
measures are as follows:

(1) True Positive (TP): This is the measure of the number of correctly classified instances
in the positive label.

(2) True Negative (TN): This is the measure of the number of correctly classified instances
in the negative label.

(3) False Positive (FP): This is the measure of the number of incorrectly classified instances
in the negative label.

(4) False Negative (FN): This is the measure of the number of incorrectly classified
instances in the positive label.

With the utilization of the four above-mentioned measures, different indicators can
be identified. Among these indicators, accuracy is one of the widely accepted, whereas
precision and recall can also be computed. Accuracy is simply defined as the ratio of
the total number of correctly classified landslide points divided by the total number of
landslide points, including both landslide inventory and artificially generated points.
Hence, accuracy is formulated as follows:

TP+ TN

TP+FN+FP+TN ®)

Accuracy =

Likewise, the ratio of the number of correctly classified positive landslide points (TP)
to the summation of the positively classified landslide points (i.e., both TP and FP) provides
the precision metric, as depicted in Equation (4).

TP
recision TP+ EP 4)
Unlike precision, recall concentrates on false positive landslide points, and it is the

ratio of correctly classified positive landslide points (TP) to the summation of the correctly
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classified positive landslide points (TP) and false negative landslide points (FN), which

Equation (5) demonstrates:

TP
Recall = TPLEN (5)

Along with the accuracy, precision, and recall, the current study evaluated the classifi-
cation performance of the machine learning models used with regard to the F1-score, which
combines the information that comes from both precision and recall. Hence, the F1-score is
described as the harmonic mean of the precision and recall and is computed as follows:

2 X Precision x Recall
F1 = score = Precision + Recall ©)

In order to perform a comprehensive evaluation of the landslide predictions, this
research further analyzed the impact of the area under receiver operating curve (AUROC)
on the model performances. The AUROC is computed based on a graph representation
that encompasses information related to the false positive rate (x-axis) and true positive
rate (y-axis). The formulation of the AUROC is illustrated as follows:

1
mtm—

L L () <N =r)) o)

xte Mt x—e M~

AUC=1-

where m™ and m ™ are positive and negative instances, Mt and M~ are sets of all positive
and negative instances, and x* and x~ are positive and negative classes, respectively. In the
formula, f(x) denotes the outcome of prediction model sample x. It is worth mentioning
that the AUROC varies between 0.5 and 1, where 0.5 depicts the worst performance, while
1 shows that the landslide predictions are perfectly matched with the landslide incidents
observed.

Cohen’s Kappa is one of the indicators that shows the consistency of a prediction
model’s classification results. In addition, this indicator takes into account the probability of
random agreement in addition to classification performance. A Kappa value approaching
1 means perfect agreement, 0 indicates no agreement, and negative values indicate even
greater disagreement [42].

Po — Pe
k=R (8)
where Py depicts the observed proportion of agreement between the observed and predicted
classes, while P, is the expected proportion of agreement by chance.
The average area under the precision—recall curve (AUC-PR) represents the area under
the precision-recall curve. A high AUC-PR value indicates that the model has a high ability
to correctly predict positive classes.

2.11. Shapley Additive Explanations

In the pertinent body of literature regarding machine learning applications, artificial
intelligence techniques are often criticized in terms of their lack of capability to explain
physical mechanisms behind the predictions due to their black-box nature. However,
divergent efforts have been devoted to overcoming the corresponding challenge recently.
For instance, the SHAP algorithm fostered by Shapley [43] based on the game theory has
recently been used in order to enhance the interpretability of the applied artificial intelli-
gence techniques by the research community. As it is a model-agnostic methodology, the
SHAP algorithm has received significant attention, and thus, it has been incorporated into
various machine learning techniques for numerous purposes, including environmental,
geological, hydrological, etc., applications. The SHAP method is capable of handling prob-
lems with sophisticated relationships among its ingredients, making it a useful approach to
understand the interactions among the independent variables governing the occurrences
of different nature-induced phenomena.
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The SHAP algorithm aids in obtaining the contributions of the predictors identified
through the Shapley values that are computed based on the coalition game theory. In
this sense, consider the machine learning model g(a) with predictors a = (a1, ay, ..., a;),
where i denotes the number of independent variables. This model, then, can be represented
as follows:

N
ga) =h(a’) =¢o+)_ i ©)
i=1

In this formulation, a/ represents the simplified independent variable, and h(a’) is
the explanatory model. Here, N refers to the number of landslide instances utilized in
the simulations, and ¢y varies based on whether the predictions increase or decrease in
subsequent steps, and it is the constant term when all the predictors are absent. This equa-
tion provides a unique solution that maintains local accuracy, ensuring that the function’s
output is the sum of feature attributions and that no importance is given to missing features.
Furthermore, it ensures consistency, meaning that increasing the impact of a feature does
not reduce the attribution given to that feature [44]. Based on this information, the Shapley
values denoted by ¢; can be obtained using the following equation:

wlga) = ¥ VI IZ e 0y gy )] (10)

y'Ca

where |y’| is the number of non-zero entities in the subset y’ that meets the specified
condition with y’ C a’.

Shapley values obtained can also be used in various ways (such as summary plots,
dependence plots, etc.), allowing to achieve visually appealing explanations. In this re-
search, SHAP summary plots were used to visually reflect the contributions of the landslide
conditioning factors to the landslide susceptibility simulations. In the summary plot, the
variations in the predictors can also be observed to further extend the interpretability of the
constructed Al-based predictive framework.

3. Results

This section presents the major findings of the current study. Accordingly, dimensional
reduction outcomes using the permutation importance technique are provide in Section 3.1.
The results regarding the configuration of machine learning algorithms during training
and validation processes are summarized in Section 3.2, while the performances of the
established models are assessed with regard to the testing set and the generated final
landslide susceptibility map based on the results obtained using the best-performed model
are presented in Section 3.3.

3.1. Dimensional Reduction Results

In this study, a total of 16 different landslide conditioning factors were considered.
Given the employed one-hot encoding scheme for categorical variables (i.e., lithology and
land use/land cover), the total number of inputs taken into account in the predictions was
33, which limits the computational efficiency of the machine learning applications. Hence,
the present research employed permutation importance to identify the key independent
variables, primarily contributing to the prediction of landslide-prone regions. Due to
the widespread usage of integrated PI and random forest (RF), this study incorporated
the traditional tree-based RF algorithm into the PI determinations. The results obtained
through this integrated framework are presented in Figure 4. It can be seen in the figure
that, with the highest mean importance value, intense precipitation (also known as heavy
rainfall) has the most significant impact on the landslide susceptibility predictions. In
addition, one can observe in Figure 4 that the probability of intense precipitation is fol-
lowed by two distinct LU/LC classes, i.e., LU/LC (22) and LU/LC (21), which reflect the
presence (or non-existence) of developed-low-intensity and developed-open-space areas,
respectively (https://www.mrlc.gov/data/legends/national-land-cover-database-class-
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legend-and-description, accessed on 14 September 2024). Also, slope yielded one of the
highest mean importance values, illustrating the augmented impact of slope on determin-
ing landslide-prone regions. At fifth and sixth places, the distance to faults and distance to
river criteria are ranked, respectively, with mean importance values between 0.01 and 0.02.
Similarly, LU/LC (41) and LU/LC (81) showed significant potential to have an impact on
the estimation of landslide-prone areas, which represent deciduous forest areas dominated
by trees generally greater than 5 m tall, and greater than 20% of total vegetation cover and
pasture/hay areas of grasses, legumes, or grass-legume mixtures planted for livestock
grazing or the production of seed or hay crops, typically on a perennial cycle, respectively.
It is worth noting that the threshold aiding to eliminate the conditioning factors posing
limited contribution to the predictions was set to 0. Therefore, most of the sub-classes of
both lithology and LU/LC were excluded from the decision framework. Consequently, the
number of predictors was reduced to 20, helping sustain the computational efficiency of
the established hybrid predictive models. Hence, the following predictions were carried
out concerning the predictors with mean importance values greater than 0.

Permutation Importances

Intense Precipitation
LULC (22)

LULC (21)

Slope

Distance to Faults
Distance to River

LULC (41)

Profile Curvature

Stream Density

Elevation

LULC (81)

NDVI

Aspect

Topographic Wetness Index
Plan Curvature

Sediment Transport Index
Lithology (4)

Lithology (6)

Topographic Roughness Index
Curve Number

LULC (43)

LULC (82)

Lithology (7)

LULC (11)

LULC (24)

LULC (31)

LULC (42)

LULC (90)

LULC (52)

LULC (71)

LULC (23)

Lithology (2)

Lithology (3)

Features

0.00 0.01 0.02 0.03 0.04 0.05
Mean Importance

Figure 4. Permutation importance results to decrease the model dimension.

3.2. Training and Validation Results

In this research, a comprehensive performance comparison scheme is created with
the adoption of four different machine learning algorithms (i.e., ANN, KNN, SVM, and
SGB), each hybridized with the mate-heuristic hyperparameter tuning strategy, namely
ABC. Binary classifications were performed for identifying landslide-prone regions in
the Kentucky River basin. To obtain the best representative parameter set for the ML
applications, the ABC algorithm was integrated, and the internal parameters of the utilized
models were determined. Within the ANN applications, three different hyperparameters
(namely activation function, momentum, and number of hidden neurons) were scanned in
a search space encompassing a total of 600 candidates. Among three options (i.e., ReLu,
TanH, and logistic), the ABC algorithm highlighted the ReLU as an activation function. In
addition, the optimum values for the momentum and number of hidden neurons were
found to be 0.95 and 35, respectively. The comparative analysis further revealed the limited
effectiveness of the ABC-ANN technique with regard to both computational load and
predictive accuracy since the corresponding model not only showed the highest duration
but also the lowest mean training accuracy in hyperparameter tuning processes.
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The KNN structure with a relatively smaller number of hyperparameters compared to
its counterparts was also configured by the ABC. To carry this out, four different distance
metrics (i.e., Euclidean, Manhattan, Chebyshev, and Minkowski) and 50 different numbers
of neighbors (from 1 to 50) were scanned, resulting in a total of 200 combinations. How-
ever, distinct from the conventional grid search algorithm that is based on the trial of all
parameter sets to find the ideal solution, the ABC algorithm yielded a faster convergence
in a total of 793 s. As a result of the computations with respect to accuracy, which was
chosen as the objective function, the distance metric and number of neighbors were attained
as Manhattan and 13, respectively. The results pertaining to the hybrid use of the ABC
and KNN (ABC-KNN model) showed a mean training accuracy of 0.8302, which shows
that it outperforms both the ABC-ANN and ABC-SVM models. The ABC-SVM hybrid
model ranked third concerning both the computational cost and predictive capability with a
duration of 1056 s and an accuracy of 0.8260, respectively (Table 3). Among three commonly
utilized kernel functions (namely Polynomial, Radial Basis, and Sigmoid), this research
found the RBF as optimal, and the gamma and penalty (C) parameters were identified as
0.00195 and 80, respectively.

Table 3. Comparison of optimization results.

Hybrid Model  Duration (s) Mean Training Accuracy Optimum Hyperparameters

Activation function: ReLu
ABC-ANN 1229 0.8126 Momentum: 0.95

Number of hidden neurons: 35

Metric: Manhattan

ABC-KNN 793 0.8302 Number of neighbors: 13
Kernel: RBF
ABC-SVM 1056 0.8260 Gamma: 0.00195
C:80
Number of trees: 100
ABC-SGB 825 0.8737 Learning rate: 0.01

Maximum depth: 9

From the tree-based ML family, this research sought the assessment of the SGB tech-
nique in landslide susceptibility modeling attempts. Similar to the other ML techniques,
the SGB was also subjected to the ABC algorithm to find the optimal configuration with a
total of 500 candidate solutions. In this hyperparameter adjustment, the number of trees,
learning rate, and maximum tree depth, ranging between 0 and 500, between 0.0025 and
0.015, and between 0 and 10, respectively, were optimized. Consequently, the ABC model
resulted in an optimal value of 100 for the number of trees, 0.01 for the learning rate, and
9 for the maximum depth of the trees. It is especially worth highlighting that the hybrid
ABC-SGB model is the best option due not only to its lowest computational load but also
the mean training accuracy provided. In a total of 825 s, the ABC-SGB model outperformed
its counterparts, revealing that it has the fastest convergence to the optimal solution, and
among four hybrid models, it yielded the strongest predictive ability with the highest
objective function value. Still, concerning the complex structure of such methodologies
and their black-box nature, the performance of hybrid models configured through the
meta-heuristic ABC was validated using the blinded testing sets. The major outcomes of
the predictions made with respect to the testing set are provided in the following section.

3.3. Testing Results and Respective Landslide Susceptibility Mapping

The configured hybrid ML models in the training and validation phases were further
subjected to the testing set to finalize the performance assessment scheme. In this regard,
various performance evaluation indices, including accuracy, precision, recall, and F1-score,
were computed for each model. The respective outcomes are summarized in Table 4.
The table reveals that the ABC-SGB model is the best-performing model according to the
predictions based on the blinded testing set. Although the highest predictive performance
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with respect to the accuracy metric is obtained through both the ABC-SGB and ABC-SVM
models with a value of 0.7681, the other performance indices illustrate the superiority
of the ABC-SGB model over other hybrid techniques. In line with this, the F1-score was
calculated as 0.7802, while the precision and recall values were obtained as 0.7812 and
0.7801 through the ABC-SGB, respectively. This model was followed by the ABC-SVM
model with the same accuracy but lower precision, recall, and F1-score values of 0.7697,
0.7681, and 0.7680, respectively. It is interesting to note that, although the ABC-KNN model
showed superior performance in training over the ABC-SVM model, its ability to predict the
instances sustained in the blinded testing set was lower compared to the ABC-SVM model.
Similar conclusions can also be made for the comparison of the ABC-ANN and ABC-KNN
models such that despite the predictive success of the ABC-KNN model with regard to the
training set among hybrid models, this model is ranked fourth due to its limited capability
to simulate the landslide and non-landslide instances falling within the blinded testing
set. Since the comparison of ML models is generally conducted concerning testing sets as
they are sustained as blinded to reflect real-world conditions, one can conclude that the
ABC-KNN model demonstrated the lowest performance with a precision of 0.7610, a recall
of 0.7608, and a 0.7609 F1-score.

Table 4. The classification reports of the hybrid ML models.

Performance Measures

Set Hybrid Model Accuracy Precision Recall F1-Score Kappa AUC-PR
ABC-ANN 0.8126 0.8126 0.8196 0.8126 0.6251 0.7518
Trainin ABC-KNN 0.8302 0.8302 0.8302 0.8301 0.6604 0.7703
8 ABC-SVM 0.8260 0.8262 0.8260 0.8260 0.6520 0.7690
ABC-SGB 0.8737 0.8604 0.8602 0.8603 0.8136 0.8692
ABC-ANN 0.7657 0.7679 0.7657 0.7655 0.5320 0.6251
Testin ABC-KNN 0.7608 0.7610 0.7608 0.7609 0.5216 0.7082
J ABC-SVM 0.7681 0.7697 0.7681 0.7680 0.5367 0.7200
ABC-SGB 0.7681 0.7812 0.7801 0.7802 0.7802 0.7438

Table 4 further shows the Kappa and area under the precision-recall curve (AUC-PR)
values. Accordingly, the most powerful method for the testing set regarding the Kappa
statistics was again the ABC-SGB model (Kappa: 0.7802), followed by the ABC-SVM
(Kappa: 0.5367), ABC-ANN (Kappa: 0.5320), and ABC-KNN (Kappa: 0.5216) models.
Similar conclusions can also be drawn for the AUC-PR metric, such that the ABC-SGB
model was the most powerful hybrid model, followed by the ABC-S5VM, ABC-KNN, and
ABC-ANN model, with AUC-PR values of 0.7438, 0.7200, 0.7082, and 0.6251, respectively.

To further support the obtained outcomes, the present study also provided the confu-
sion matrices, allowing for the predictive aptitude of the configured ML models specific
to landslide and non-landslide instances’ predictions to be assessed (Figure 5). Similarly,
the ABC-SGB model outperformed its counterparts with the highest percentage of cor-
rectly classified landslides (1) and non-landslides (0). For instance, the ABC-SGB model
(Figure 5d) correctly predicted 75.94% of the regions that experienced landslide incidents
correctly, while this hybrid framework also captured 82.18% of the non-landslide points. In
other words, the ABC-SGB model predicted only 24.06% and 17.82% of the landslide and
non-landslide events incorrectly. In contrast, the ABC-ANN model provided higher accu-
racy for predicting non-landslide events with a percentage of 80.20% (Figure 5a) compared
to landslide events with 73.11% accuracy.
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Figure 5. Confusion matrices of the hybrid ML algorithms based on the testing set: (a) ABC-ANN,
(b) ABC-KNN, (c) ABC-SVM, and (d) ABC-SGB.

Compared to the ABC-ANN model, one can see the superiority of the ABC-KNN
model (Figure 5b) with the ability to simulate 75.94% of landslide events (compared to
73.11%) correctly. In disaster-related studies, since the major objective is to identify disaster-
prone locations to provide assistance to decision makers and policymakers for fostering
mitigation measures, accurately predicting regions with a likelihood of such incidents is
of paramount importance (compared to non-landslide regions). In this context, the ABC-
ANN and ABC-SVM models showed relatively limited capability to accurately predict the
regions that experienced landslides (1 concerning the binary classification) with values of
73.11% (Figure 5a) and 74.06% (Figure 5c), respectively. Although the ABC-KNN model
underestimated the non-landslide locations, it provides significant insights regarding the
determination of areas that have the potential to experience such disasters. Overall, it is
again worth noting that, despite slight differences in performance comparisons achieved
considering different metrics, the computational efficiency of the ABC-SGB model with
lesser processing time need to be highlighted, making it an effective algorithm to simulate
the landslide susceptibility conditions. Additionally, ABC-SGB model outperformed the
other methods in detecting both landslide and non-landslide areas.

Besides divergent performance assessment metrics, the generated AUROC plots are
provided within the scope of the current research (Figure 6). The reason for conducting
such an additional attempt is the widespread acceptance of the AUROC, especially in
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binary classification analysis. Similar to the previous evaluations, the ABC-SGB model
outperformed its counterparts with AUROC values of 0.952 and 0.866 for the training and
testing sets, respectively, making it the most robust predictive modeling alternative for
landslide susceptibility mapping. In contrast, the ABC-ANN, ABC-KNN, and ABC-SVM
models achieved AUROC values of 0.898, 0.908, and 0.904 for the training set, while they
yielded AUROC values of 0.862, 0.861, and 0.856, for the testing set, respectively. The radar
plots provided in Figure 7 illustrate the comparison of different models using Cohen’s
Kappa, accuracy, and AUC-PR. The findings show a clear distinction between the ABC-SGB
model and other hybrid models for both the training and testing sets.

True Positive Rate
True Positive Rate

ABC-ANN (AUC = 0.862)
ABC-KNN (AUC = 0.861)
ABC-SVM (AUC = 0.856)
ABC-SGB (AUC = 0.866)

ABC-ANN (AUC = 0.898)
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Figure 6. The ROC plots of the hybrid ML models based on the (a) training set and (b) testing set.

ABC-ANN ABC-ANN
Model Performance ABC-KNN Model Performance ABC-KNN
ABC-SVM ABC-SVM
ABC-SGB ABC-SGB

(2) (b)

Figure 7. Radar plots of the hybrid ML models based on the (a) training set and (b) testing set.

According to the results obtained with respect to the testing set using the ABC-SGB
hybrid model, a landslide susceptibility map is generated for the Kentucky River basin
(Figure 8). To divide the susceptibility level to landslide events, Jenks natural break, which
is one of the most commonly used optimization-based clustering methods, was used. Using
this technique, the catchment was divided into five distinct classes, namely very low, low,
moderate, high, and very high. The likelihood of experiencing landslide events in regions
falling into the very low cluster was calculated to be 0.201 at most (out of 1), while a low
likelihood is represented by a probability between 0.202 and 0.364. Regions having moderate
potential to be subjected to landslide events have a probability between 0.365 and 0.531.
Consequently, high and very high clusters refer to the likelihood of landslide events between
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0.532 and 0.663 and between 0.664 and 1, respectively. Furthermore, area percentages with
regard to each susceptibility cluster were computed for the region of interest. Associatively,
as depicted in Figure 8, 33.4% of the interested area posed very low susceptibility, and
domains located at mid-part and in the vicinity of the downstream showed very low
susceptibility. Similarly, regions that have a low likelihood of being subjected to landslide
incidents are positioned in a mid-part (a relatively smaller area compared to the very low
cluster) and close to the downstream (a larger area compared to its counterparts) and
cover 20.4% of the entire catchment. Moderate susceptibility is observed in 21.5% of the
Kentucky River basin in which the corresponding regions are located in the regions with
a relatively closer distance to the upstream and the northwest of the basin. In addition,
areas with high and very high susceptibility to landslide incidents are positioned in the
southern part of the basin, generally corresponding to higher elevations characterizing
slopy properties (Figure 3e,m). These areas cover 14.7% and 10.0% of the basin, respectively.
Along with the impact of elevation and slope, the potential to receive intense precipitation
has a significant impact on the obtained findings as it is the most influential criterion
according to the permutation importance. Accordingly, the corresponding regions (as
illustrated in Figure 3f) corroborate the areas posing high and very high susceptibility
to landslides.
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Figure 8. Landslide susceptibility map using ABC-SGB hybrid model.

4. Discussion

In this research, to increase the interpretability of the obtained findings, the SHAP
algorithm was incorporated into the hybrid model, which enabled the highest predictive
success [45], as recommended by researchers [42]. Hence, the ABC-SGB model was used to
identify the contribution of the conditioning factors to the landslide events’ predictions.
Also, the five most contributing attributes are presented through a SHAP force plot in
Figure 9. The SHAP force plot addresses the bold value (i.e., 0.60), which highlights the
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model’s score for an observation. Higher scores and lower scores lead the machine learning
models to predict 1 and 0 in a binary classification problem. Additionally, the red bars
increase the score, while the blue bars decrease the score. Hence, the figure illustrates
that the area focused on in Figure 9 is predicted as a landslide point due to its high slope,
intense precipitation, and land cover type of LULC (21). The findings are in line with the
existing literature as researchers highlighted the role of intense precipitation and high slope
as contributing conditions of landsliding [46].

higher 2 lower
base value fix
0.60
-0.2 0.0 0.2 0.4 u.b 0.8 1.0

Slope = 0.2388255612106861Intense Precipitation = 1.344819726308079 LULC (21) = 2.271720556255608 Distance to Faults = -0.06797922000943625 = -0.3211191461049992

Figure 9. A SHAP force plot with regard to the best-performing SGB model.

The SHAP summary plot results are also presented in Figure 10 in which the attributes
placed on the y-axis on the left-hand side of the figure are ordered from top to bottom based
on their importance levels. The dark red points on the figure show that the actual values of
the corresponding predictors converge to their higher values, while the dark blue points
show the opposite. In addition, the points positioned on the right-hand side of the SHAP
summary plot illustrate that the region tends to experience landslide incidents (coded as
1), whereas the points on the left-hand side indicate that these instances contribute to the
decreasing trend in the likelihood of being subjected to landslide hazards. In this sense,
the potential to receive intense precipitation events is highly influential in experiencing
landslide events as this attribute is positioned at top, and the higher the probability of
experiencing heavy meteorological incident in regions, the higher the likelihood of the
occurrence of landslide events. This outcome can be supported with the generated layer in
Figure 3f, which demonstrates the conglomeration of past landslide points on the regions
that previously received intense precipitation (dark blue areas). Also, Camera et al. [46]
recognized the significance of the inclusion of intense rainfall in landslide susceptibility
mapping studies and found that an increase in rainfall values above a certain threshold
results in an increase in the susceptibility of regions to landslide incidents. Likewise,
Aratujo et al. [47] considered that extreme rainfall events are of critical importance in terms
of assessing the physical processes for landslide triggering, highlighting the importance of
including rainfall regimes’ in the identification of landslide susceptibility levels.
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Figure 10. A SHAP summary plot with regard to the best-performing SGB model.
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From another view, the present study found that the distance to faults criterion plays
the second most important role in landslide susceptibility predictions. In line with this
conclusion, Qi et al. [48] emphasized that the distance to coseismic faults is one of the
most determinant factors with regard to the evaluation of landslides’ spatial distributions.
Although the results obtained within this study reveal that there is a positive correlation
between the distance to faults and the likelihood of occurrence of landslide events, the cor-
responding outcome poses contradictory evidence compared to some of the past research.
For instance, Zhao and Zhao [49] put forward that as the distance to fault increases, the
likelihood of a landslide gradually decreases. On the other hand, Cui et al. [50] took nine
different factors into account in order to investigate their impacts on the spatial variability
of shallow landslides, and based on the Bayesian probability method used in this work, the
researchers highlighted the positive correlation between the distance to faults and landslide
occurrences. This unique distinction between not only the findings of this research and the
pertinent literature but also among different studies existing in the literature can be asso-
ciated with region-specific properties. Furthermore, the slope factor effectively reflecting
the physical relationships between landslide and topographical units [51] was found to be
the third most contributor to landslide simulations for the Kentucky River basin. Figure 10
further shows that the increase in slope instability has significant potential to increase the
landslide susceptibility of regions, which corroborates the existing body of knowledge
highlighting that unstable slopes are prone to the occurrence of landslides, especially in
conjunction with the impact of extreme rainfalls and seismic activities [52,53].

The SHAP analysis also illustrated the impact of certain land use/land cover classes
to landslide susceptibility predictions. For instance, the summary plot produced based on
the ABC-SGB hybrid model shows that three classes of LULC, namely LULC (21), LULC
(22), and LULC (41), have the fourth, fifth, and sixth highest impacts on the predictions
performed. Among these three classes, the presence of the first two increases the likelihood
of experiencing landslide events in the region, while the latter contributes to the preserva-
tion of areas against landslide hazards. It is worth mentioning that LULC (21) matches up
to regions consisting of areas with minimal impervious surfaces, usually under 20%. The
corresponding result can be attributed to various factors such that while areas posing the
characteristics of LULC (21) are primarily vegetated and have low impervious surfaces,
the type of development often associated with these areas with the anthropogenic impacts
might disturb the natural landscape and soil structure, leading to an increase in the sus-
ceptibility to landslides. In a similar manner, the presence of the LULC (22) class referring
to developed/low intensity areas with nearly 20% to 49% impervious surfaces can alter
natural water drainage and increase surface runoff, which can lead to soil saturation and
destabilization, particularly in areas prone to landslides. Moreover, another class of land
use/land cover characterizing deciduous forests with deep-rooted trees, i.e., LULC (41),
provides stability to the soil by reinforcing it and reducing the likelihood of erosion and
landslide hazards. This fact broadly supports the outcome of the SHAP analysis revealing
that the presence of such land use characteristics reduces the potential of experiencing
landslides. However, it is especially worth mentioning that the risk of landslides may still
be heightened despite the presence of vegetation if the forest is located on steep slopes or
in areas with loose or unstable soils. Finally, the SHAP summary plot depicts that these
factors were followed by the distance to river, profile curvature, stream density, NDVI, and
so on, and interestingly, certain classes of the lithology (e.g., classes 4 and 6) have a limited
impact on the determination of landslide-prone regions in the Kentucky River basin.

5. Conclusions

A landslide susceptibility assessment is a critical step in determining the areas that
are prone to landslide risk. This study developed a machine learning-based landslide
susceptibility assessment for the Kentucky River basin, US. Four widely used machine
learning methods, ANN, KNN, SVM, and SGB, were trained, and the parameters of each
method were optimized using the ABC algorithm. Hence, the major novelty of this research
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is the integration of the ABC algorithm in four widely used machine learning methods
for improving model accuracy and enhancing the generalizability of the captured best
hyperparameters. Therefore, the performance of four hybrid models, namely ABC-ANN,
ABC-KNN, ABC-SVM, and ABC-5GB, were compared. The contributions of the parameters
were assessed using a recent and powerful method, SHAP. The main conclusions derived
from this study can be listed as follows:

(1) The ABC-SGB model performed the best with a mean training accuracy of 0.8737
in which the optimization process lasted 825 s. The same model also achieved the
highest performance for the testing set such that the F1-score, precision, recall, and
AUROC values were calculated to be 0.7802, 0.7812, 0.7801, and 0.866, respectively.
Therefore, the proposed ABC-SGB model can be used confidently to determine the
areas most susceptible to landslides.

(2) A Jenks natural break analysis was conducted to identify the level of susceptibility
to landsliding in Kentucky, and the results show that 10.0%, 14.7%, and 21.5% of the
entire catchment were determined as very highly, highly, and moderately susceptible
to landslide incidents.

(3) The SHAP analysis results show that intense precipitation, the distance to faults, slope
instability, LULC (21), LULC (22), and LULC (41) were the most significant factors
affecting the occurrence of landslides in the region. An in-depth analysis further shows
that an increase in intense precipitation, distance to faults, slope instability, LULC
(21), and LULC (22) are associated with an increase in the probability of landslide
occurrence. Conversely, an increase in LULC (41) is associated with a decrease in the
probability of landslide occurrence.

Even though many methods were applied, and a comprehensive point of view is pro-
vided, there are still some limitations in this research. For example, although this research
compared the performance of widely used machine learning algorithms, there are other
powerful methods, such as deep neural networks, Naive Bayes, logistic regression, and de-
cision trees. In particular, a tree-based method comparison might be an intriguing research
direction since this study found the SGB algorithm, one of the tree-based algorithms, to be
the most powerful algorithm. Here, the performance of the RF, XGBoost, Adaboost, and
extra trees algorithms can be compared with the SGB algorithm. Additionally, there are
other powerful optimization methods, such as Optuna, genetic algorithms, and particle
swarm optimization. A comparative future study on metaheuristic optimization algorithms
might therefore be a proper research direction. In addition, despite the trade-off between
the number of hyperparameters and computational expense being considered in this study,
other hyperparameters of machine learning methods can also be optimized in a future
study. Additionally, this study used the SHAP algorithm to enhance the interpretability of
the developed model. Still, there are other approaches that help improve the explainability
of machine learning methods, such as local interpretable model-agnostic explanations and
partial dependence plots. Therefore, with their pros and cons, explainable artificial intelli-
gence approaches can be compared in a future study to show the dynamics of landslides in
more detail. Another critical research direction can be related to the comparative perfor-
mance of machine learning methods on different study areas, as a study area comparison
was not carried out by these researchers. Hence, a future study can compare the perfor-
mance of machine learning methods in different study areas for landslide susceptibility
to ensure the generalizability of the developed models. Finally, this research focused on
the development of a machine learning model for landslide susceptibility mapping rather
than developing a framework to minimize the occurrence of landslide events. Therefore, a
machine learning-based framework addressing specific risk mitigation measures can be a
proper direction for future research.

This study has several practical implications. First, local authorities can use the gener-
ated landslide susceptibility map to specify the areas at risk of landsliding, which may help
develop more effective land use planning and infrastructure development. Additionally,
the most significant landslide conditioning factors, as well as their impacts on landslide
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occurrence, were captured from an explainable data-driven machine learning approach
(i.e., SHAP) in contrast to a survey-based examination of the factors. Therefore, local au-
thorities and related stakeholders can be informed with the proposed model as data-driven
models can yield highly accurate prioritizations. This may help find the most critical risk
management approaches, eventually reducing landslide-related disasters. Even the use
of an interpretable machine learning approach (i.e., SHAP) can convince local authorities
and policymakers of the validity of the proposed model as traditional machine learning
methods are usually criticized to be black-box models. Finally, by identifying the most
susceptible areas with a highly accurate data-driven approach, risk monitoring and early
warning systems can be focused on these areas, which can enhances effectiveness and
efficiency in resource allocation. Overall, this study and potential future research directions
can help decision makers develop the most effective means for managing catchments that
are susceptible to landslides.
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