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Abstract: This study developed a landslide susceptibility map for the
mountainous area of northern Vietnam, located within the administrative
boundary of the former Ha Giang Province and now under Tuyen Quang
Province, to support the identification of landslide-prone areas and disaster risk
reduction. The input data included a landslide inventory of 963 locations and
13 conditioning factors representing topographic, hydrological, geological,
climatic, and human-related conditions. The dataset was divided into training
and validation subsets using a 70:30 ratio. Four models, including Bagging-
based JCHAIDStar (Bag-JCHAIDStar), Random  Subspace-based
JCHAIDStar (RSS-JCHAIDStar), Deep Neural Network (DNN), and Multilayer
Perceptron (MLP), were developed and compared using model performance
metrics and Taylor diagram analysis. The results show that Bag-JCHAIDStar
achieved the best overall performance, with AUC = 0.988 for the training
dataset and AUC = 0.950 for the validation dataset. On the validation dataset,
this model also obtained ACC = 88.7%, Kappa = 0.760, and RMSE = 0.291,
indicating good classification and generalization capability. The validation of
the landslide susceptibility zoning map using the Frequency Ratio method
showed that the very high susceptibility class had the highest landslide
proportion, accounting for 52.11% of the total landslide pixels and reaching the
highest FR value of 1.817. These results suggest that the Bag-JCHAIDStar
model can provide useful support for landslide susceptibility assessment,
disaster risk reduction, and sustainable land-use planning in mountainous
areas.

Keywords: Landslide susceptibility mapping; Ensemble learning;
JCHAIDStar; Bagging; Random Subspace; Machine learning; Geographic
Information System (GIS).
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1. Introduction

Landslides are recognized as one of the most
damaging natural hazards worldwide, resulting in
severe impacts on infrastructure, ecosystems, and
human safety [1, 2]. Their occurrence is commonly
associated with intense or prolonged rainfall,
seismic disturbances, lithological weaknesses, and
anthropogenic slope modifications such as
deforestation and road construction [3, 4]. Under
the influence of climate change, the increasing
frequency of extreme precipitation events has
further amplified slope instability in mountainous
regions [5]. In Southeast Asia, landslides are a
recurrent  natural hazard, particularly in
mountainous countries such as Vietnam, where
steep topography, complex geological conditions,
and intense seasonal rainfall create favorable
conditions for slope instability [6]. The monsoon
climate, characterized by concentrated rainfall
during a few months of the year, often triggers
rainfall-induced landslides when saturated soils
lose shear strength along steep slopes [7, 8]. In
Vietnam, the northern mountainous provinces are
particularly vulnerable due to their steep terrain,
highly weathered lithology, and increasing
anthropogenic pressures. Over the past decades,
landslides have occurred more frequently and with
greater intensity, causing serious damage to
transportation networks, residential areas, and
local livelihoods [9]. Similar trends have been
reported in other mountainous regions worldwide,
where increased rainfall intensity and land-use
pressures contribute to a rising frequency of slope
failures [10]. Consequently, identifying areas prone
to landslides through accurate susceptibility
assessment has become a critical step for disaster
risk reduction and sustainable land-use planning.
Landslide  susceptibility = mapping provides
essential spatial information for understanding the
probability of landslide occurrence and supports
decision-making in land-use planning,
infrastructure development, and hazard mitigation
strategies [11, 12].
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Traditional landslide susceptibility mapping
methods, such as the Analytical Hierarchy Process
(AHP), Frequency Ratio (FR), and Weight-of-
Evidence (WoE), have been widely used to assess
the relationship between landslide inventories and
conditioning factors [13, 14]. These methods are
simple, easy to apply, and interpretable; however,

they often depend on certain statistical
assumptions, such as linearity or relative
independence among variables. In contrast,

landslides are complex geodynamic processes
controlled by the combined effects of topography,
geology, hydrology, climate, and human activities.
The interactions among these factors are often
nonlinear and spatially heterogeneous, especially
in mountainous areas with strongly dissected
terrain [15]. Therefore, selecting methods capable
of modelling nonlinear relationships and handling
multidimensional spatial data is necessary to
improve the reliability of landslide susceptibility
maps.

In recent years, machine learning methods
have been increasingly applied to landslide
susceptibility assessment because of their ability to
extract complex patterns from spatial data [4].
Various algorithms, such as Logistic Regression
(LR), Decision Tree (DT), Random Forest (RF),
Support Vector Machine (SVM), k-Nearest
Neighbors (KNN), Naive Bayes (NB), Gradient
Boosting, AdaBoost, XGBoost, and Atrtificial Neural
Network (ANN), have shown good performance
under different geomorphological conditions [16].
These models can handle multidimensional data
and model nonlinear relationships more effectively
than many traditional statistical methods, thereby
contributing to improved landslide susceptibility
prediction.

In addition to conventional machine learning
models, deep learning models have also received
increasing attention in landslide susceptibility
mapping. Models such as Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN),
Long Short-Term Memory (LSTM), Deep Neural

64



JSTT 2026, 6 (5), 63-85

Network (DNN), and Multilayer Perceptron (MLP)
have been used to extract complex features from
data and model nonlinear relationships between
conditioning factors and landslide occurrence [17].
Among them, DNN can Ilearn feature
representations through multiple hidden layers,
while MLP provides a flexible feedforward neural
network structure for classification tasks [18, 19].
However, the performance of deep learning models
may be affected by network architecture, training
parameters, dataset size, and generalization

areas.
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is considered a promising approach for improving
model stability and predictive reliability in landslide
susceptibility mapping [20, 21]. Techniques such
as Bagging, Boosting, and Random Subspace can
reduce prediction bias, limit dependence on a
single model, and enhance generalization
capability by combining multiple base learners [22-
24]. These characteristics are suitable for landslide
modelling, where conditioning factors often interact
in complex, nonlinear, and spatially variable ways.
However, the integration of ensemble learning

capability when applied to complex mountainous strategies with JCHAIDStar in landslide
susceptibility assessment remains relatively
Alongside deep learning, ensemble learning  limited.
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Fig. 1. Location of the study area and historical landslides
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Accordingly, this study examines the use of
four models, including Bagging-based JCHAIDStar
(Bag-JCHAIDStar), Random Subspace-based
JCHAIDStar (RSS-JCHAIDStar), Deep Neural
Network (DNN), and Multilayer Perceptron (MLP),
to evaluate and compare landslide susceptibility
prediction performance in the study area. This
approach allows the predictive capabilities of deep
learning and ensemble learning models to be
examined simultaneously, thereby supporting the
selection of a suitable model for generating a
landslide susceptibility map for disaster risk
reduction and land-use planning.

2. Study area and data collection
2.1. Study area

The study area is located within the
administrative boundaries of the former Ha Giang
Province, now part of Tuyen Quang Province, in
the mountainous region of northern Vietnam,
according to cartographic data provided by the
Center of Survey and Mapping Data (Fig. 1). This
area is characterized by complex mountainous
terrain, with many steep slopes, narrow valleys,
and widely distributed high mountain areas.
Elevations commonly range from 800 to 1,200 m
above sea level, while some mountainous zones

N 22°27' 8", E 104° 29' 33"
Quang Binh, Ha Giang
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reach higher elevations. The large elevation
differences, deeply dissected terrain, and diverse
lithological formations contribute to increased
geomorphological instability.

The study area is influenced by a humid
subtropical monsoon climate, with rainfall mainly
concentrated from May to October. Annual
precipitation generally ranges from 1,500 to
2,500 mm, and short-duration, high-intensity
rainfall events frequently occur during the rainy
season. Such rainfall conditions can rapidly
increase soil moisture, raise pore-water
pressure, and reduce shear strength along
slopes, thereby acting as an important triggering
factor for landslides. Hydrologically, the area is
characterized by a relatively dense network of
rivers, streams, and small drainage channels.
This drainage system strongly dissects the
terrain and contributes to slope erosion, channel
incision, and local instability along valley sides
and riverbanks. During heavy rainfall periods,
rapid surface runoff and concentrated flow may
further intensify erosion and weaken slope
materials.

2.2. Data collection
2.2.1. Landslide inventory

3 N 22°26' 22", E 104° 30' 18"
| A Quang Binh, Ha Giang
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In this study, a landslide inventory containing
963 documented landslide locations was compiled
for the study area (Fig. 1 and Fig. 2). The inventory
was developed by integrating multiple data
sources, including field investigations,
interpretation of high-resolution Google Earth
imagery, and official landslide-related records from
the National Center for Hydrometeorological
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Forecasting. The landslide locations collected from
these sources were checked, cross-referenced,
and converted into a point layer in a GIS
environment for spatial analysis. The inventory
data were then standardized to the same
coordinate system and spatial resolution as the
conditioning factor layers to ensure consistency
during landslide susceptibility modeling.

Table 1. Description of landslide conditioning factors used in susceptibility modeling

No. Factor Description Key References
1 Slope Controls gravitational force.s; stegper slopes are more (25]
prone to instability
Infl limat tati theri
5 Elevation nfluences climate, veg.e ation, and w.e.a ering processes (26]
affecting slope stability
3 Aspect Affects solar radielation and soil moistg.re, influencing 27]
vegetation and slope conditions
4 Curvature Determines flow convergence/(.jivergenc.e; con.c.ave areas (28]
accumulate water and increase instability
R local relief I ff
5 Aftitude difference epresents local relie an.d cont.r.os runoff energy and (29, 30]
slope instability
5 TWI Indicates soil moisture distribytion; higher values imply 31]
greater saturation potential
7 SP| Reflects erosive power of rupoff; hlghgr values indicate 32]
stronger erosion potential
8 Geology Controls materie.al streng.th, permeabiliit)./, and weathering, (33]
influencing slope stability
L ff il cohesi h logical
9 LULC and cover a. ects soil cohesion and hydrologica (34, 35]
response; disturbed areas are more vulnerable
10 Distance to rivers Closer proximity increases risk Fiue to erosion and slope (36]
undercutting
11 Distance to roads Road constructio.n alters.slope strlljc_:ture and drainage, 37]
increasing instability
12 Rainfall Primary Friggering factor causing saturation and (3]
increased pore-water pressure
13 Rainfall threshold  Defines critical rainfall conditions that initiate landslides [39]

2.2.2. Conditioning factors

Based on the geomorphological
characteristics of the study area and findings from
recent landslide studies, 13 conditioning factors
were selected to develop the landslide
susceptibility model, including Slope, Elevation,
Aspect, Curvature, Topographic Wetness Index
(TWI), Stream Power Index (SPI), Land Use/Land

Cover (LULC), Geology, Distance to rivers,

Distance to roads, Rainfall, Rainfall threshold, and
Altitude difference in Fig. 3 and Table 1. These
factors represent the main groups of variables
controlling landslide occurrence in the study area.
Specifically, topographic factors reflect terrain
morphology and topographic relief; hydrological
factors represent water accumulation potential,
runoff energy, and river-induced erosion; and
geology is related to material properties,
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weathering conditions, and the resistance of rock
and soil masses. Meanwhile, LULC and Distance
to roads represent the effects of land cover and
human activities, whereas Rainfall and Rainfall
threshold reflect climatic conditions and rainfall-
triggering mechanisms [4].

The data layers of these conditioning factors
were processed in a GIS environment and
standardized to the same coordinate system and a
uniform grid size of 30 m x 30 m to ensure spatial
consistency during overlay analysis, data

(104°30'0"E  104°50'0°E  105°10'0'E  105°30'0'E

* Landslide Locations N [
Slope (degree) Z
Value -2
s High : 83.175 &

- Low: 0 -
=
=)
=l
o
[3']
=
=)
=]
=t
§
=
o
. Lo
(a) Kilometers %
[ — N

0510 20 30

\ 104“:%0'0"E . 104“5.0'0"E , 105°1IU'U"E : ‘105“120'0"E

*» Landslide Locations N -z

=)

Curvature -9

— ngh 19152 eﬁ
—

Low : -59.52 L

=

o

=l

)

o™

z

o

3

o™

(']

=

o

N

Kilometers N

T ﬁ

(c) 0510 20 30

V.C. Dat et al

extraction, and model development. Data
standardization helps reduce spatial mismatch
among input layers and ensures that the values of
each conditioning factor are extracted using the
same spatial analysis unit. Accordingly, the input
dataset can simultaneously represent the effects of
topography, hydrology, geology, climate, and
human activities on landslide occurrence [24].

3. Methodology

3.1. Modeling methods

3.1.1. JCHAIDStar
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Fig. 3. Thematic maps of the study area: (a) slope, (b) aspect, (c) curvature, (d) elevation, (e) rainfall, (f)
rainfall threshold, (g) altitude difference, (h) LULC, (i) distance to roads, (j) distance to rivers, (k) SPI, (1)
TWI, and (m) geology
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Fig. 3. (continued)

The JCHAIDStar algorithm is a decision tree-
based classification method developed from the
classical CHAID framework (Chi-square Automatic
Interaction Detector). CHAID uses Chi-square
tests to determine the relationship between
predictor variables and the target variable, and
then partitions the data into relatively
homogeneous subgroups [21]. This approach
produces a clear and interpretable tree structure,
while also allowing nonlinear relationships and
interactions among variables to be represented.

Compared with the traditional CHAID
algorithm, JCHAIDStar is improved through more
effective  splitting  strategies and search

mechanisms, which enhance its classification
ability when dealing with high-dimensional or
complex datasets. In landslide susceptibility
assessment, this algorithm is suitable because it
can capture nonlinear relationships between
conditioning factors and landslide occurrence while
maintaining the interpretability of decision tree
models. In addition, controlled splitting and pruning
mechanisms help reduce overfitting, thereby
improving model stability and applicability in spatial
prediction tasks.
3.1.2. Bagging-based
JCHAIDStar)

Bagging, short for Bootstrap Aggregating, is

JCHAIDStar (Bag-
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an ensemble learning technique introduced by
Breiman to improve model stability and reduce
prediction variance. In this method, multiple
bootstrap samples are generated from the original
training dataset by randomly  selecting
observations with replacement. Each bootstrap
sample is then used to train an independent base
learner. For classification problems, the final
prediction is obtained by combining the outputs of
all base learners through a majority voting strategy.
By aggregating the predictions of multiple
classifiers, Bagging reduces the sensitivity of the
model to fluctuations in the ftraining data and
improves generalization performance, especially
for unstable learning algorithms [40]. The final
ensemble prediction can be expressed as follows:

N
1
CO0=5 ) G (1)
=1

where C;(x) represents the prediction of the i-th
classifier and Ndenotes the total number of base
learners.

3.1.3. Random Subspace-based JCHAIDStar
(RSS-JCHAIDStar)

The Random Subspace (RSS) technique is
an ensemble learning strategy designed to improve
model diversity by introducing randomness in the
feature space. Unlike Bagging, which generates
different  training subsets by resampling
observations, RSS constructs each base learner
using a randomly selected subset of predictor
variables [41]. Assume that the original dataset
contains (M) predictor variables. For each base
learner, a subset of (K) features ((K<M)) is
randomly selected to train an individual classifier.
By allowing different classifiers to learn from
different combinations of input variables, RSS
reduces the correlation among base learners and
enhances ensemble diversity. This mechanism is
particularly useful for landslide susceptibility
modeling, where multiple conditioning factors may
interact in complex and nonlinear ways. The final
prediction is obtained by aggregating the outputs of

V.C. Dat et al

all base classifiers through a majority voting
strategy. The final ensemble prediction can be
expressed as:

N
1
C(=5 ) Cilxs) @)
i=1

where xg represents the feature subset used by the
i-th classifier.
3.1.4. Deep Neural Network (DNN)

Deep Neural Network (DNN) is an advanced
artificial neural network architecture consisting of
an input layer, multiple hidden layers, and an
output layer. Compared with shallow neural
networks, DNNs contain several nonlinear
transformation layers, allowing them to learn
hierarchical feature representations from input
data. In this structure, each hidden layer
transforms the output of the previous layer through
weighted connections, bias terms, and nonlinear
activation functions. Through this layer-by-layer
learning process, DNNs can capture complex
nonlinear relationships and interactions among
landslide conditioning factors. This capability
makes DNNs suitable for modeling complicated
environmental processes, such as landslide
susceptibility prediction, where the relationship
between input variables and landslide occurrence
is often nonlinear and spatially heterogeneous [42].
The general structure of a DNN can be represented
as:

y=FWOFWED syt y+p = Dy4p®)y (3)
where W denotes weight matrices, b represents
bias vectors, fis a nonlinear activation function,
and L indicates the number of hidden layers.
3.1.5. Multilayer Perceptron (MLP)

Multilayer Perceptron (MLP) is a feedforward
artificial neural network consisting of an input layer,
one or more hidden layers, and an output layer. In
this structure, information is passed from the input
layer to the output layer through interconnected
neurons. Each neuron calculates a weighted sum
of the input variables, adds a bias term, and applies
a nonlinear activation function to produce its
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output. Through this mechanism, MLP can capture
complex nonlinear relationships between landslide
conditioning factors and landslide occurrence.
During training, the network weights and biases are
iteratively updated using the backpropagation
algorithm to minimize prediction error. However,
the performance of MLP depends strongly on
network architecture, activation function, learning
parameters, and training strategy [43]. The output
of a neuron can be expressed as:

y=f(XiL4 w; Xi+b) 4)
where x; represents the input variables, w; are the
connection weights, bis the bias term, and f
denotes the activation function.
3.2. Model validation and evaluation metrics
3.2.1. Receiver operating characteristic curve
(ROC)

The Receiver Operating Characteristic
(ROC) curve was used to evaluate the ability of the
landslide susceptibility models to distinguish
between landslide and non-landslide classes [44].
The ROC curve is constructed by plotting the
relationship between the True Positive Rate (TPR)
and the False Positive Rate (FPR) at different
classification thresholds, allowing model
performance to be assessed across the entire
range of thresholds rather than at a single fixed
threshold. The area under the ROC curve (AUC)
was calculated to quantify the overall classification
capability of the model. A higher AUC value
indicates better predictive performance, with
values closer to 1.0 representing stronger
discrimination ability and higher classification
reliability.

1
AUC= f TPR(t)d(FPR(t)) (5)
0

where the true positive rate (TPR) and false
positive rate (FPR) are defined as:

TP

_ 6

TPR TP + FN (©)
FP

_ 7

FPR 5N (7)

3.2.2. Statistical Indexes
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In addition to the AUC value, several
statistical indices derived from the confusion matrix
were also used to provide a more comprehensive
evaluation of the predictive performance of the
landslide susceptibility models. These indices
include Accuracy (ACC), Sensitivity (SST),
Specificity (SPF), Positive Predictive Value (PPV),
Negative Predictive Value (NPV), Kappa
coefficient, Root Mean Square Error (RMSE), and
Mean Absolute Error (MAE) [45]. While AUC
reflects the overall discrimination ability of the
model, these additional indices help evaluate
different aspects of model performance, such as
the proportion of correctly classified samples, the
ability to identify landslide and non-landslide
locations, the reliability of the predicted classes,
and the magnitude of prediction errors. For ACC,
SST, SPF, PPV, NPV, and Kappa, higher values
indicate better classification performance and
stronger agreement between observed and
predicted results. Conversely, lower RMSE and
MAE values indicate smaller prediction errors and
higher predictive accuracy.

The formulas of these evaluation metrics are
presented as follows:

TP+TN

ACC= T FP+TN+FN 8)
TP

SST=r51m 9)
N

SPF=—— (10)
TP

PPV=— (11)
N

NPV=—o e (12)

Kappa= F;OPF;e (13)

RMSE= /%221(yi-yi )2 (14)

MAE=-32, 1y,-9il (15)

where (TP), (TN), (FP), and (FN) denote the
numbers of true positives, true negatives, false
positives, and false negatives, respectively. P,
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represents the observed agreement, whereas P
represents the expected agreement by chance. In
addition, yi and ¥, are the observed and predicted

values of the i sample, respectively, and n is the
total number of samples.
3.2.3. Taylor diagram

The study uses the Taylor diagram to
compare the predictive performance of the models
in a more visual and integrated manner. This
diagram allows three important statistical
measures, including the correlation coefficient (R),
standard deviation (o), and root mean square error
(RMSE), to be combined within the same graphical
space [46]. As a result, model performance is
assessed not only based on prediction error, but
also through the similarity in the variation trend

V.C. Dat et al

between the predicted results and the observed
data. In the Taylor diagram, the observed data are
used as the reference point for comparison with the
prediction results of each model. The distance and
relative position of the model points from the
reference point reflect the degree of agreement
between predictions and observations. When a
model is located closer to the reference point, it
indicates that the predicted results are more
consistent with the actual data in terms of both
variation trend and error magnitude. Therefore, the
Taylor diagram is used to complement traditional
statistical indices, making the comparison of model
performance, stability, and predictive reliability
more intuitive and easier to interpret.

3.3. Methodological framework

~

DATA COLLECTION

Factors: Slope, Elevation, Aspect, TWI, SPI,
Land Use/Land Cover, Curvature, Geology,
Distance to Rivers, Distance to Roads,
Rainfall, Rainfall Threshold, Altitude Difference

Inventory: 963 Landslide

~

h

Validation (30%)

[ DATASET SPLITTING

Training (70%) |

v

ENSEMBLE MODELS

Bag-JCHAIDStar
(Bagging + JCHAIDStar)

RSS-JCHAIDStar
(Random Subspace + JCHAIDStar)

|

v

DNN AND MLP

DNN
(Deep Neural Network)

MLP
(Multilayer Perceptron)

!

VALIDATION METRICS CALCULATION AND COMPARISON

ACC, SST, SPF, AUC, RMSE,
PPV, NPV, Kappa

i

APPLICATION
(Creating Susceptibility Maps)

Fig. 4. Methodological flowchart of the study
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The methodological framework of this study
was designed to ensure a systematic, transparent,
and reproducible process for landslide
susceptibility prediction. To improve the reliability of
the results, the study followed a sequential
workflow from data preparation to model
development, validation, comparison, and final
map generation. This structured process helps
reduce uncertainty in data handling, ensures
consistency among input layers, and provides a
clear basis for evaluating the predictive
performance of different models. As shown in Fig.
4, the overall workflow consists of five main steps.

Lithology -

LULC

Rainfall

Rainfall threshold
Altitude difference
Aspect

Curvature
Distance to rivers
Distance to roads
Elevation

SPI

TWI

I 1

V.C. Dat et al

(i) Data collection: The input data for the
model were constructed from the landslide
inventory and landslide conditioning factors. A total
of 963 landslide locations were recorded in the
study area. In addition, thirteen conditioning factors
were prepared, including Slope, Elevation, Aspect,
Topographic Wetness Index (TWI), Stream Power
Index (SPI), Land Use/Land Cover (LULC),
Curvature, Geology, Distance to rivers, Distance to
roads, Rainfall, Rainfall threshold, and Altitude
difference. These datasets were processed in a
GIS environment and used as the main input data
for landslide susceptibility modeling.

-0.8
- 0.6

0.4

-0.2
-0.4

-0.6

Fig. 5. Correlation analysié of the conditioning factors

Before introducing the conditioning factors
into the model, correlation analysis was performed
to examine the relationships among the input
variables and to assess the degree of information
overlap between factors (Fig. 5). The results show
that most factor pairs exhibited weak to moderate
correlations. The highest correlation was observed
between Slope and Altitude difference (r = 0.85),
followed by Rainfall and Rainfall threshold (r =
0.70). In addition, Slope and TWI showed a
moderate negative correlation (r =-0.60), reflecting
differences in water accumulation potential
between areas with different slope gradients.
Although relatively high correlations were observed

between some pairs of variables, these factors
represent  distinct  physical  characteristics
associated with landslide occurrence. Therefore,
all conditioning factors were retained for
subsequent machine learning modeling.

(i) Dataset splitting: The complete dataset
was divided into training and validation subsets.
Specifically, 70% of the data were used for model
training, while the remaining 30% were used for
independent validation. This step was conducted to
evaluate both the model fitting ability during
training and the generalization capability on
unseen data.

(i) Model development: In this step, four
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predictive models were developed for landslide
susceptibility prediction, including Bag-
JCHAIDStar, RSS-JCHAIDStar, Deep Neural
Network (DNN), and Multilayer Perceptron (MLP).
The parameters of each model were configured
and adjusted appropriately to improve learning
capability, reduce overfitting, and ensure stability
during the prediction process.

(iv) Model validation and comparison: The
performance of the developed models was
evaluated using several validation metrics,
including ACC, SST, SPF, AUC, RMSE, PPV, NPV,
and Kappa, together with the Taylor diagram.
These metrics were used to assess classification
accuracy, prediction reliability, error magnitude,
and the agreement between predicted and
observed results.

(v) Landslide susceptibility mapping: The
validated model was applied to generate landslide
susceptibility maps for the study area. The
predicted susceptibility values were classified into
different susceptibility levels to show the spatial
distribution of landslide-prone zones. The reliability
and accuracy of the generated maps were then
assessed by comparing the mapped susceptibility
classes with the validation landslide data and
model validation results.

4. Results and discussion
4.1. Validation of the models

During model development and validation,
the key configuration parameters of Bag-
JCHAIDStar, RSS-JCHAIDStar, DNN, and MLP
were defined, as summarized in Table 2. For the
ensemble models, the main parameters mainly
controlled the base classifier, number of iterations,
batch size, random seed, sampling mechanism,
and feature subspace selection. For the neural
network models, the main parameters included
network architecture, number of training epochs,
learning rate, batch
normalization strategy, and early stopping criterion.

The performance evaluation results of the
four models, including Bag-JCHAIDStar, RSS-

momentum, size,

V.C. Dat et al

JCHAIDStar, DNN, and MLP, are presented in Fig.
6. For the training dataset, Bag-JCHAIDStar
achieved the highest results for the main
classification metrics, including PPV (94.4%), NPV
(93.9%), SST (94.5%), SPF (93.8%), and ACC
(94.4%). This model also obtained the highest
Kappa coefficient (0.883) and the lowest errors,
with RMSE = 0.212 and MAE = 0.129. Compared
with Bag-JCHAIDStar, RSS-JCHAIDStar showed
lower performance, with ACC = 91.1% and Kappa
= 0.822, but still performed better than DNN and
MLP. Meanwhile, MLP achieved ACC = 86.2% and
Kappa = 0.722, whereas DNN showed the lowest
performance for most metrics, with ACC = 80.5%
and Kappa = 0.610.

For the validation dataset, Bag-JCHAIDStar
continued to show good performance, with NPV =
87.0%, SST = 88.4%, ACC = 88.7%, Kappa =
0.760, and RMSE = 0.291. For RSS-JCHAIDStar,
this model achieved ACC = 87.0% and Kappa =
0.740. MLP obtained higher values for some
individual metrics, such as PPV (90.9%), SPF
(89.3%), and MAE = 0.186. In contrast, DNN
showed lower performance than the other models,
with ACC = 79.8%, Kappa = 0.596, RMSE = 0.375,
and MAE = 0.279.

The ROC curves compare the predictive
performance of the four models on the training and
validation datasets in Fig. 7. In the training phase,
Bag-JCHAIDStar achieved the highest AUC value
of 0.988, indicating strong discrimination ability
between landslide and non-landslide classes.
RSS-JCHAIDStar also showed high predictive
performance with an AUC of 0.973, followed by
MLP (0.913) and DNN (0.884). The ROC curve of
Bag-JCHAIDStar is positioned closer to the upper-
left corner than the other models, reflecting a better
balance between sensitivity and specificity.

A similar pattern was observed for the
validation dataset. Bag-JCHAIDStar maintained
the highest AUC value of 0.950, slightly higher than
RSS-JCHAIDStar (0.948), while MLP and DNN
achieved lower AUC values of 0.878 and 0.875,
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respectively. The small decrease in AUC from
indicates
stable

validation
retained

training to
JCHAIDStar

that

Bag-
predictive
performance on unseen data. Overall, the ROC

MLP, and DNN.
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analysis shows that Bag-JCHAIDStar provided the
most reliable classification performance among the
evaluated models, followed by RSS-JCHAIDStar,

Table 2. Model configuration and hyperparameter settings for the proposed and benchmark models

Bag- RSS-
Parameter JCHAIDStar  JCHAIDStar DNN MLP
Base classifier JCHAIDStar JCHAIDStar  DI4jMipClassifier '\P":r'lap{fgn
numlterations 10 10 10 epochs -
bagSizePercent 100 - - -
subSpaceSize - 05 - -
batchSize 100 100 100 100
Seed 1 1 1 0
numExecutionSlots 1 1 - -
calcOutOfBag FALSE - - -
storeOutOfBagPredictions FALSE - - -
representCopiesUsingWeights FALSE - - -
debug FALSE FALSE FALSE FALSE
doNotCheckCapabilities FALSE FALSE FALSE FALSE
numDecimalPlaces 2 2 2 2
hiddenLayers - - CustomNet a (auto)
learningRate - - default 0.3
momentum - - default 0.2
trainingTime - - - 500
normalizeAttributes - - Standardize training data TRUE
nominalToBinaryFilter - - - TRUE
earlyStopping - - maxEpochsNolmprovement —
networkConfiguration - - NeuralNetConfiguration -
cacheMode - - MEMORY -
number of GPUs - - 1 -
100
N Bag-JCHAIDStar (Train) B DNN (Train) £/ Bag-JCHAIDStar (Test) /7 DNN (Test)
- W RSS-JCHAIDStar ('Irain) B MLP (Train) ¢ / RSS-JCHAIDStar (Test) 775 MLP (Test)
; . : o
954 & & S & 3
%
— l"! = e
S 3 i ey 2 3 o
& 202 20 . B8 > Lo O
S ERBHBY BT
3 g5 // / 2 ? & F /v |
: N2
i %0
?;'/ ?%/ % A | v
80 - 7/ / / ﬁ/ ?
s % A // .
PPV NPV SST SPF ACC

Performance metrics

Fig. 6. Accuracy analysis of the models using the training and validation datasets
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Fig. 6. (continued)
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Fig. 7. AUC analysis of the models: (a) training dataset and (b) validation dataset

The distribution of prediction errors for the
models on the training and validation datasets is
shown in Fig. 8. For Bag-JCHAIDStar, the errors in
the training dataset are mainly concentrated in the
low-value range, mostly below 0.50, indicating a
relatively small error dispersion. In the validation
dataset, the errors tend to be more widely
distributed than those in the training dataset;
however, high error values appear only in a few
individual samples. RSS-JCHAIDStar shows a
similar pattern, with most errors falling within the
low-to-moderate range, although the error
fluctuation in the validation dataset is greater than
that of Bag-JCHAIDStar.

For MLP and DNN, the prediction errors are

more widely distributed in both the training and
validation datasets. Some error values of these two
models approach 1.00, particularly in the validation
dataset, indicating greater prediction variability
compared with the ensemble models. MLP exhibits
more noticeable error fluctuations, whereas DNN
appears relatively more stable in some sample
intervals but still does not achieve the same level
of error concentration as Bag-JCHAIDStar and
RSS-JCHAIDStar. Overall, the RMSE distribution
analysis is consistent with the statistical evaluation
metrics and AUC results, indicating that the
ensemble models, particularly Bag-JCHAIDStar,
achieve lower error levels and better predictive
performance in landslide susceptibility prediction.
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Fig. 8. Distribution of prediction errors on the training and validation datasets for different models: (a)
Bag-JCHAIDStar; (b) RSS-JCHAIDStar; (c) MLP; and (d) DNN.

The results from the Taylor diagrams of
model performance show differences in the
predictive capability of the models (Fig. 9). For the
training dataset, Bag-JCHAIDStar shows the best
performance, as it is located closest to the

observed point, with a correlation coefficient of
approximately 0.90 and a standard deviation of
about 0.37. This indicates that the model can
effectively reproduce the trend of the observed
data and achieves a lower centered RMSE than
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the other models. The remaining models show
decreasing agreement in the order of RSS-
JCHAIDStar, DNN, and MLP. For the validation
dataset, Bag-JCHAIDStar continues to maintain
the best performance, with a correlation coefficient
of approximately 0.85 and a standard deviation of
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about 0.35, demonstrating stable generalization
capability on unseen data. The following models
are RSS-JCHAIDStar, DNN, and MLP. Overall,
Bag-JCHAIDStar achieves the best balance
between high correlation, appropriate standard
deviation, and low RMSE.
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Fig. 9. Taylor diagrams of model performance: (a) training dataset and (b) validation dataset

4.2. Landslide susceptibility mapping

The landslide susceptibility map represents
the spatial probability of landslide occurrence
across the study area and provides a basis for
identifying zones with different susceptibility levels.
In this study, the landslide susceptibility map was
developed from the spatial prediction results of the
Bag-JCHAIDStar model and visualized in the
ArcGIS environment. The predicted susceptibility
index ranges from 0 to 1, where higher values
indicate a greater likelihood of landslide
occurrence. This index reflects the degree to which
local spatial conditions are favorable for landslide
initiation.

The susceptibility values were classified into
five levels using the Natural Breaks (Jenks)
classification method, which groups data based on
natural variations in the predicted values.
Accordingly, the landslide susceptibility index was
divided into five classes: Very Low (0.003-0.195),
Low (0.195-0.412), Moderate (0.412-0.626), High
(0.626—-0.824), and Very High (0.824-1.000), as

shown in Fig. 10. The resulting map illustrates the
spatial distribution of landslide susceptibility in the
study area, allowing areas with higher landslide
potential to be distinguished from relatively stable
zones. Therefore, the map provides useful spatial
information for landslide hazard assessment, risk
management, and land-use planning.

The reliability of the landslide susceptibility
map was assessed using the Frequency Ratio (FR)
approach, which relates the proportion of landslide
pixels in each susceptibility class to the
corresponding proportion of classified pixels in the
study area (Table 3). The results indicate that
landslide occurrences are not evenly distributed
among the susceptibility classes. The Very High
class accounts for 28.68% of the classified pixels
but contains 52.11% of the landslide pixels,
producing the largest FR value of 1.817. This
suggests that areas classified as Very high
susceptibility have a much greater concentration of
landslides than their spatial extent would imply.

In contrast, the Very low and Low classes
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occupy 14.83% and 18.13% of the classified pixels,
respectively, but include only 5.36% and 10.73% of
landslide pixels. Their FR values, 0.362 and 0.592,
are clearly below 1.0, indicating a relatively low
association with landslide occurrence. The
Moderate and High classes show intermediate
conditions, with FR values of 0.816 and 0.839,
respectively. Overall, the increase in FR from the
lower susceptibility classes to the Very high class
demonstrates that the Bag-JCHAIDStar model can
reasonably distinguish areas with different
landslide potentials. The concentration of more
than half of the landslide pixels in the Very high
class further confirms the spatial reliability of the
produced susceptibility map.

Recent international studies have shown that
both deep learning and ensemble learning can
achieve  high  performance in landslide
susceptibility mapping, although their effectiveness
varies depending on the study area, landslide
inventory, and set of conditioning factors. Azarafza
etal. (2021) applied a CNN-DNN model in Isfahan,
Iran, and achieved an AUC of 0.909, demonstrating
the potential of deep learning in capturing complex

104°30°E

104°50'E
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nonlinear relationships [47]. In terms of ensemble
learning, Truong et al. (2018) proposed a Bagging—
Logistic Model Tree model and reported an
accuracy of 93.81% for the training dataset and
83.40% for the validation dataset [48]. Luo et al.
(2019) developed a Random Subspace—-Logistic
Model Tree model, achieving AUC values of 0.815
and 0.769 for the training and validation datasets,
respectively [49]. In addition, Yavuz Ozalp et al.
(2023) showed that tree-based ensemble models
such as CatBoost, XGBoost, Random Forest, and
GBM achieved high AUC values of 0.988, 0.987,
0.985, and 0.975, respectively [50]. Compared with
these studies, the Bag-JCHAIDStar model in the
present study achieved an AUC of 0.950, ACC of
88.7%, and Kappa of 0.760 on the validation
dataset, indicating a high predictive performance
compared with many previously published deep
learning and ensemble learning models. Notably,
Bag-JCHAIDStar not only achieves high accuracy
but also maintains the interpretability of a tree-
based model, thereby providing a suitable option
for landslide susceptibility assessment and spatial
risk management decision-making.
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Table 3. Landslide density analysis of the susceptibility map produced by the Bag-JCHAIDStar model

No LSM Classes Score Perggntagg of Perce.ntag_e of Frequg ney
classified pixels landslide pixels ratio

1 Very low 0.003-0.195 14.83 5.36 0.362

2 Low 0.195-0.412 18.13 10.73 0.592

3 Moderate 0.412-0.626 17.36 14.18 0.816

4 High 0.626-0.824 21 17.62 0.839

5 Very high 0.824-1.000 28.68 52.11 1.817

5. Conclusion

The results of this study show that the
ensemble JCHAIDStar approach has potential for
landslide susceptibility assessment. Among the
evaluated models, Bag-JCHAIDStar achieved the
best predictive performance, as indicated by the
highest AUC values of 0.988 for the training
dataset and 0.950 for the validation dataset. This
model also obtained relatively good validation
results, with ACC = 88.7%, Kappa = 0.760, and
RMSE = 0.291, indicating stable classification and
generalization capability. Based on this model, the
study area was classified into five landslide
susceptibility levels, ranging from very low to very
high. The spatial validation results show that the
very high susceptibility class accounted for 28.68%
of the classified pixels but contained 52.11% of the
landslide pixels, with the highest FR value of 1.817.
This indicates that the predicted high-risk zones
are generally consistent with the observed
landslide distribution. However, this study still has
some limitations, as it depends on the available
landslide inventory and has not fully incorporated
temporal variations in influencing factors such as
rainfall, land use, and human activities. Therefore,
future studies should consider integrating field
survey data, time-series rainfall and land-use
information, and more detailed geotechnical and
hydrogeological factors to improve the accuracy,
stability, and interpretability of the model.
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