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ABSTRACT: Landslides are a frequent geomorphological hazard in tropical regions, particularly where steep terrain
and high precipitation coincide. This study evaluates landslide susceptibility in the Jelapang area of Perak, Malaysia,
using Shannon Entropy-weighted bivariate models (i.e., Frequency Ratio, Information Value, and Weight of Evidence),
in comparison with Logistic Regression. Seven conditioning factors were selected based on their geomorphological
relevance and tested for multicollinearity: slope gradient, slope aspect, curvature, vegetation cover, lineament density,
terrain ruggedness index, and flow accumulation. Each model generated susceptibility maps, which were validated
using Receiver Operating Characteristic curves and Area Under the Curve metrics. Logistic Regression yielded the
highest predictive accuracy, reflecting its strength in capturing interactions among variables. Among the bivariate
models, Frequency Ratio performed best, slightly outperforming the other two methods. Zones of high susceptibility
were consistently located along steep slopes, high lineament density areas, and near built environments. The study
demonstrates that incorporating Shannon Entropy improves the performance of conventional bivariate methods and
provides a useful framework for spatial susceptibility modeling in data-constrained environments. The comparison
with Logistic Regression highlights the advantages of multivariate modeling in capturing complex spatial relationships.
Limitations of the study include the use of secondary spatial data and the exclusion of dynamic parameters such as
rainfall intensity. Future research should incorporate temporal datasets and investigate machine learning techniques to
enhance model generalizability and predictive capability.

KEYWORDS: Bivariate methods; frequency ratio; information value; landslides susceptibility mapping; logistic regres-
sion; shannon entropy; weight of evidence

1 Introduction

Landslide phenomenon occurs when the stability condition of a slope is disturbed either by the increase
of stress imposed on the slope and/or by the decrease in strength of the earth material building up the
slope. Landslides rank among the most hazardous natural disasters worldwide, posing significant threats to
communities and resulting in substantial losses of lives, economic resources, and infrastructure [1].

Landslide susceptibility mapping (LSM) identifies areas prone to landslides by analyzing geological,
topographical, hydrological, and environmental factors. These maps serve as essential tools for urban
planning, infrastructure development, and disaster preparedness [2]. Since landslides can result in severe
damage to infrastructure and loss of life, identifying the key causative or conditioning factors in a given

~

area is essential for mapping landslide-prone zones [3]. Accurate and reliable susceptibility maps enable
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policymakers to prioritize mitigation strategies and minimize landslide likelihood, ensuring the safety of
communities and critical infrastructure [4].

The study area in Jelapang, specifically between KM 260 and KM 266 of the North-South Expressway
(NSE), is highly susceptible to landslides due to its steep terrain, intense rainfall, and the presence of critical
infrastructure such as the Meru-Menora Tunnel. Located within the Kinta Valley, part of the Western Belt of
Peninsular Malaysia, the region is underlain by metasedimentary and granitic bedrock. Geomorphologically,
it is characterized by fault-bounded ridges, rugged terrain, and steep slopes. The area experiences a humid
tropical climate, receiving over 2500 mm of annual rainfall, which contributes significantly to landslide
activity [5,6].

Historically, the Jelapang segment has experienced multiple landslide events, particularly near the
Meru-Menora Tunnel, with notable incidents in 2014 and 2017 that caused traffic disruptions and infrastruc-
ture damage. These events have positioned this section as a high-priority zone for LSM [5]. The study area
spans approximately 840 hectares and is situated along the Titiwangsa mountain range in western Peninsular
Malaysia (coordinates: 4.679° N, 101.086° E). Fig. 1 presents the study area’s location and aerial view.

10101 101°1'30" 10102 101°2'30" 101°3' 101°3'30" 101°4'

Study Area

KM260 - KM266 of North-South Expressway, Jelapang Segment

4042
T
4042'

102°

Peninsular Malaysia

4°41'30"
‘
4041'30"

4041’
‘
4041

4°4Q'30"
T

4°40'30"
30
30

200 Kilometers

4040
‘
4040’

T
102°

3 8
o © KM Post 002505 1 15 2 [&
0 o= 1 144 Il
& 1 Manmade Slope - Kilometers i
10i°1'  101°1'30" 1012 101°230" 101°3'  101°330"  101°4'

Figure 1: Aerial view of the study area along KM 260-KM 266, North-South Expressway (NSE), Malaysia

Given the NSE’s strategic importance as a major transportation corridor in Malaysia, addressing slope
instability in this segment is crucial to ensuring operational safety and reliability. While previous studies have
employed heuristic and probabilistic models, limited research has compared statistical methods for LSM
within this corridor [5-7].

Despite significant advancements in LSM, no single method has been universally recognized as the
definitive approach [8]. Recent studies, such as those by Liu et al. (2022), Khabiri et al. (2023) and Moghimi
et al. (2024) have employed deep learning, Bayesian networks and ensemble models to LSM, emphasizing the
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growing relevance of artificial intelligence (AI) in geohazard assessment [3,4,9]. However, the performance
of LSM techniques often varies depending on the study area, data availability, and modeling assumptions.

While machine learning offers substantial potential, traditional statistical approaches remain widely
used due to their interpretability, computational efficiency, and adaptability to data-scarce environments. In
Malaysia, however, limited studies have rigorously compared bivariate methods optimized through Shannon
Entropy with multivariate models such as Logistic Regression, particularly in the context of highway
infrastructure [5,7,10-13].

This study intends to address this gap by conducting a comparative analysis of bivariate methods,
including Friction Ratio (FR), Information Value (IV) and Weight of Evidence (WoE), against a multivariate
method, Logistic Regression. The bivariate models are further enhanced using Shannon Entropy to optimize
factor weighting, aiming to improve predictive reliability [14,15]. Model performance is evaluated using
Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC) metrics.

While methods such as FR, IV, and WoE are well-established, their integration with Shannon Entropy
introduces a novel recalibration framework that has been underexplored in Malaysian LSM studies [16,17].
Moreover, the comparative analysis with Logistic Regression further highlights the trade-offs between model
complexity, interpretability, and accuracy [18,19]. The selected methods were chosen for their transparency,
suitability for limited landslide inventory data, and compatibility with entropy-based optimization. Logistic
Regression, in particular, was employed for its ability to capture interactions among variables and generate
probabilistic outputs such as features valuable in infrastructure planning and slope hazard assessments.

Although machine learning techniques are gaining popularity in LSM due to their predictive power, they
often require large, high-quality datasets and are less transparent, posing challenges in practical engineering
applications [20,21]. In contrast, the models used in this study emphasize operational simplicity, compu-
tational efficiency, and explainability, which are qualities essential for practitioners and decision-makers
responsible for managing critical infrastructure, such as expressways.

In addition to statistical and machine learning approaches, another class of methods gaining promi-
nence for landslide susceptibility mapping along linear infrastructures is physically-based modeling. These
models, often grid-based and process-driven, simulate hydrological and geotechnical parameters to estimate
landslide initiation. Their advantage lies in providing high-resolution susceptibility predictions for specific
slope types and conditions, which can be crucial when assessing risks to road networks. Unlike statistical
models that produce smoother outputs, physically-based models can highlight instability at specific points on
infrastructure. Applications of such models have been demonstrated in large-scale studies such as Pokharel
et al. (2023), showing their effectiveness for scenario-based assessment along extensive transportation
corridors [22].

Therefore, this study aims to evaluate the performance of Shannon Entropy-weighted bivariate methods
and Logistic Regression in generating accurate and reliable landslide susceptibility maps for the Jelapang
region, Perak. The objectives include identifying the conditioning factors influencing landslide susceptibility
in the region, deriving landslide susceptibility maps using Shannon Entropy-weighted bivariate methods and
Logistic Regression as a multivariate method, and analyzing the performance of the methods used using
ROC-AUC as the evaluation metric.

2 Methodology

The methodological workflow for this study is illustrated in Fig. 2. It comprises the following key steps:
(i) data collection and preprocessing, (ii) selection of landslide conditioning factors, (iii) application of
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Shannon Entropy-weighted bivariate models and Logistic Regression, (iv) model validation and performance
assessment, and (v) interpretation of the results.

Data Collection and Preprocessing

(Landslide Inventory, DEM, etc.)

Selection of Conditioning Factors

N

-
Application of Shannon Entropy-weighted
Bivariate Methods and Logistic Regression

(GIS-based derivation, normalization)

_ J
4 N\
Model Validation and Performance
Assessment
(ROC, AUC)

. J

Interpretation of Result

Figure 2: Flowchart of methodology

2.1 Data Collection and Preprocessing

Data acquisition involved the collection of various spatial datasets, including a high-resolution Digital
Elevation Model (DEM), orthophotos, and a detailed landslide inventory. These datasets were provided by
the highway operator, Projek Lebuhraya Usahasama Berhad (PLUS). The DEM was used to derive several
topographic indices, including slope gradient, slope aspect, curvature, elevation, terrain ruggedness index
(TRI), and flow accumulation. Orthophotos were used to extract land cover information, while lineament
density was generated through remote sensing techniques and GIS-based interpretation.

The landslide inventory, provided by PLUS, as shown in Fig. 3, served as the dependent variable for
model training and validation. consists of accurately mapped historical landslide events recorded between
2010 and 2023 along KM 260 to KM 266 of the NSE. The inventory was digitized from official PLUS highway
incident reports and includes GPS-verified locations of landslide occurrences. Each event was classified into
three categories, i.e., recent, reactivated, and dormant, based on site inspection records and chronological
evidence. This classification enabled a robust binary encoding of landslide presence vs. absence, which is
essential for the construction and validation of susceptibility models.



Revue Internationale de Géomatique. 2025;34 623

101°1"  101°1'20"  101°1'40" 101°2"  101°220"  101°2'40" ~ 101°3'  101°320" 101°3'40" ~ 101°4'

] N
<+ s
o )
AL K2
o o
£ 3
- et
% b
o o,
e <

— 260.000 F

v 7

=) d $ 4 =)
£ £ 0
- 4 et
3 7 ﬁ ¢ 5
< <

] £ L

N 12

: ‘ﬁ\% .
o 261.000 Vot =t
- . Eee
<+ b
& E
— (% o5
g’ ¢ Q‘QQ& 75
= 262.000 &
EN 0
o Fo
< ¥
o o,
< <
=) =)
0 {ig)
o e
< =
o o
<« <«

4 Landslide Inventory of the Study Area [) o
=) Landslide feature is absent A\ o
:_‘7 Old dormant landslide present : }_‘
< 4 ﬂ 366.000 (=
%_ Fresh/young unit present g %_
.37 Reactivated old dormant landslide present or combination of item 2 and 3 :v?'
& © KM Post B

I:] Manmade Slope

- 0 025 05 1 1.5 2 |
5 ™ ™, i Kilometers 5
N =
Al ‘ ‘ ‘ ‘ ‘ ‘ ‘ ) ‘ ‘ ‘ ‘ ‘ » . — &
& 1o1°t' 101°1'20" 101°1'40" 101°2' 101°2'20" 101°2'40" 101°3' 101°3'20" 101°3'40" 101°4' &

Figure 3: Landslide inventory map of the study area

Due to the limited spatial extent of the study area (approximately 6 km), site geology and lithology
showed minimal variation, being uniformly underlain by granitic bedrock. Geological homogeneity was
verified through geological maps and field reports. To prevent model redundancy and collinearity, lithology
was excluded from the set of conditioning factors. However, its inclusion is recommended for future regional-
scale studies with more heterogeneous geologic settings.

2.2 Selection of Conditioning Factors

Seven (7) conditioning factors were finalized for the analysis based on their geomorphological rel-
evance and data availability: slope gradient, slope aspect, curvature, vegetation cover, lineament density,
TRI, and flow accumulation. Initially, over 12 potential factors were considered, but only those meeting
multicollinearity criteria and supported by high-resolution data were retained.

Multicollinearity Analysis

A multicollinearity check, using Tolerance (TOL) and Variance Inflation Factor (VIF), is performed
to refine the factors by eliminating redundancy [23]. Multicollinearity can negatively impact landslide
susceptibility models by inflating standard errors and reducing the significance of regression coefficients,
ultimately affecting model accuracy. Eliminating factors with high collinearity is crucial for maintaining
consistency in predictive models [24]. Thresholds for concern include a VIF > 10 and a TOL < 0.1, indicating
a factor is sensitive to multicollinearity [25,26]. TOL and VIF are computed as per Eqs. (1) and (2).

TOL =1- R? ¢))
1

VIF= ——— 2
Tolerance @
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While more than 12 potential factors were initially considered including soil type, distance to roads,
lithology, and land use, the final selection of seven (7) factors was based on three criteria: (i) data availability
at high spatial resolution, (ii) geomorphological relevance in the context of Malaysian highway slopes, and
(iii) statistical independence as determined by multicollinearity analysis. Due to the spatial constraints
of the study area (6 km segment) and the limited availability of high-quality, high-resolution thematic
layers, only variables that met the above criteria were retained. Future research shall incorporate a broader
range of factors and apply advanced feature selection methods to further optimize model performance
and generalizability.

2.3 Application of Shannon Entropy-Weighted Bivariate Methods

The finalized conditioning factors are used to calculate index weights for bivariate methods, including
FR, IV and WoE. Landslide occurrence polygons from the inventory are intersected with raster layers of each
conditioning factor in a GIS environment. The frequency of landslides within each class is calculated, and
statistical weights are derived accordingly.

To standardize the contribution of each index and allow consistent entropy weighting across factors, all

FR, IV, and WOoE values are normalized to a 0-1 scale using min-max normalization [27,28]. This prevents
dominance by any individual factor during the map overlay process and ensures comparability of layers.

2.3.1 Frequency Ratio (FR)

FR defines the ratio of landslide occurrence percentage in a factor class to the total area percentage of
that class [26].

— Py
P

— Al
B Atotal
— A
A

FR (3)

p (4)

P, (5)

where

- Pj: Probability of landslide occurrence in a class
- P.: Probability of class in the study area.

- Aj: Area of the class/factor in landslide zones.

—  Ayprar: Total area of all landslide zones.

- A.:Total area of the class in the entire study area.
- Ay Total area of the study area.

The landslide susceptibility index using FR can be calculated as:
Susceptibilit)’ = Z(FRFactorl + FRFactorz +... FRFactorn) (6)

2.3.2 Information Value (IV)

IV ratio provides the natural logarithm of the ratio of landslide density in a factor class to the total
landslide density [25].

IV =1In (g) 7)

c
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The cumulative IV index is expressed as:

Susceptibility = Z(IVFactarl + IV pactorz + - - IVFactarn) (8)

2.3.3 Weight of Evidence (WoE)

WOE is a Bayesian probabilistic method that quantifies the contribution of each factor class to landslide
occurrence [14,17]. It consists of two components, W* and W™, representing landslide presence and absence,

respectively:
W=Ww"-w" (%)
where
W - In ( Landslidez'ﬁlreainF‘actorCategory ) (10)
Non — LandslideAreainFactorCategory
and
W - In (Non - Laf'wlslz'def'\reaOu.tsideCategory) an
LandslideAreainOutsideCategory
The cumulative susceptibility index using WoE is calculated as:
Susceptibility = > (Wractort + Wractor2 + - - - Wractorn ) (12)

2.3.4 Shannon Entropy Weighting

Bivariate models such as FR, IV, and WoE often assume equal importance of conditioning factors, which
may not reflect their true influence. Shannon Entropy addresses this by computing information diversity
among factor classes, resulting in data-driven, non-subjective weights. The entropy-based weighting adjusts
the contribution of each factor based on its information content, reducing bias introduced by uniform or
dominant classes. This enhances the interpretive value of the models, especially in areas with heterogeneous
terrain [29]. In the following equations, the Shannon Entropy is represented by H, the normalized entropy
is E and the derived weight for each factor is W;.

H=- Z P; -In(P;) (13)
i=1
H

E= In (n) ()
Zi:l(l - Ej)

where

- W;: Entropy weight of the j-th factor
- n: Number of classes in the factor
- E;: Normalized entropy for the j-th factor

In this study, the Shannon Entropy-weighted bivariate methods, including FR, IV and WoE, were
used to model landslide susceptibility. Additionally, normalized values for FR, IV, and WoE were used to
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ensure consistency and comparability across all factors, preventing any single factor from disproportionately
influencing the model. Shannon Entropy was employed to optimize the weighting of factor classes in the
bivariate models [30]. This method measures the degree of uncertainty and information content within each
factor class, thereby enabling more accurate and data-driven weight assignment compared to traditional
equal-weighting approaches [14,29]. The entropy-based approach allows the models to better reflect the
spatial variability of landslide-contributing factors, enhancing prediction performance.

2.4 Application of Logistic Regression

Logistic Regression was selected as the multivariate modeling approach due to its ability to integrate
multiple predictor variables while accounting for potential interactions between them [19]. Unlike bivariate
models which evaluate each factor independently, Logistic Regression captures complex interdependencies
and outputs a probabilistic measure of susceptibility, making it particularly suitable for landslide risk
assessments in infrastructure-sensitive areas [31].

To implement the model, random sample points were generated across the study area, representing
both landslide and non-landslide locations. These points were spatially linked with the explanatory variables
(i.e., conditioning factors) and used as input to compute regression coeflicients. These coefficients quantify
the combined influence of the conditioning factors on landslide susceptibility and serve as the basis for
generating the logistic regression-based susceptibility map.

The logistic regression model follows the equation:

1
1+ e—(ﬁo+/51,3X1+ﬁ2X2+...+ﬁ,,Xn)

P(landslide) = (16)

where

- P(landslide): Probability of landslide, or landslide susceptibility
- pi: Intercept term
- B, B2, .., Bu: Coetlicients for the explanatory variables (X;, X, ..., X,).

2.5 Model Validation and Performance Assessment

Following model development, landslide susceptibility maps were generated using both Shannon
Entropy-weighted bivariate methods (FR, IV, WoE) and Logistic Regression. In this study, the model
performance was evaluated using the ROC Curve, which assesses the model’s capacity to distinguish between
landslide-prone and non-prone areas [27,28]. The ROC curve is plotted with the True Positive Rate (TPR)
on the Y-axis and the False Positive Rate (FPR) on the X-axis, computed as:

TP

TPR= —— 17)
TP+ FN
FP
FPR= —— (18)
TP+ FN

where

- TP: True Positives (correctly predicted landslide areas)

-  FN: False Negatives (missed landslide areas)

- FP: False Positives (non-landslide areas incorrectly predicted as landslides)
-  TN: True Negatives (correctly predicted non-landslide areas)
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The AUC quantifies a model’s ability to differentiate between landslide-prone and non-prone areas, with
values ranging from 0.5, indicating random prediction, to 1.0, signifying perfect predictive performance. A
higher AUC value reflects greater accuracy and reliability of the model. Where ¢ represent the threshold
value, the AUC index is calculated as follows [32]:

AUC = /OIROC(t)dt (19)

Finally, the results are visualized through thematic maps and susceptibility maps. Thematic data layers
are created for each conditioning factor, in which the layers are derived from the processed spatial data
and represent the spatial variability of factors influencing landslide susceptibility across the study area. Each
thematic map is symbolized appropriately to highlight variations, such as classifying slope gradient into low,
moderate, and high categories or visualizing vegetation cover by density or type.

Using the weights calculated from FR, IV and WoE, Shannon Entropy-based methods, and coefficients
from Logistic Regression, landslide susceptibility maps are generated. These maps represent the probability
of landslide occurrence, categorized into susceptibility zones such as low, moderate, high, and very high.
The maps are normalized for consistency and clarity, ensuring that they are interpretable by a wide range
of stakeholders.

3 Results and Discussion

3.1 Landslide Conditioning Factors

The conditioning factors influencing landslide susceptibility were selected based on their relevance
to slope stability, availability of reliable data, and suitability for the study area in Jelapang, Perak. These
factors include slope gradient, slope aspect, curvature, lineament density, vegetation cover, TRI, and flow
accumulation. Each factor plays a significant role in determining the stability of slopes and is widely
recognized in landslide susceptibility studies. The spatial distribution of each factor was visualized using
thematic maps generated in GIS. Through thematic maps as presented in Fig. 4, slope gradient and aspect
maps are color-coded to highlight ranges of steepness and orientations, while curvature maps show convex
and concave areas. Lineament density maps identify regions with concentrated geological features, and
flow accumulation maps in Fig. 5 illustrate flow paths and potential water accumulation zones. These maps
provide a clear understanding of the factors influencing landslide susceptibility across the study area, serving
as essential inputs for subsequent analysis.
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Figure 4: Thematic maps of landslide conditional factors. (a) slope gradient; (b) slope aspect; (c) slope curvature; (d)
vegetation cover; and (e) lineament density
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3.2 Multicollinearity Check for Landslide Conditioning Factors

To ensure the statistical reliability of the selected conditioning factors, a multicollinearity analysis
was conducted using TOL and VIF metrics. Multicollinearity arises when two or more factors are highly
correlated, leading to redundancy and potential instability in predictive models. Tolerance values below
0.1 and VIF values above 10 are indicators of problematic multicollinearity [26,33]. The result of the
multicollinearity analysis conducted on all of the seven (7) explanatory variables are as presented in Table 1.

Table 1: Multicollinearity check results

No. Conditioning factor TOL VIF
1 Slope gradient 0.769 1.300
2 Slope aspect 0.793 1.260
3 Slope curvature 0.831 1.203
4 Vegetation cover 0.804 1.245
5 Lineament density 0.872 1.147
6  Terrain Ruggedness Index (TRI) 0.793 1.262
7 Flow accumulation 0.841 1.189

The results of the multicollinearity analysis confirmed that all seven factors had acceptable Tolerance
and VIF values, indicating no significant correlation issues among them. This is because none of the
conditioning factors showing Tolerance result of less than 0.1, and VIF results of more than 10. This validation
step ensures that each factor contributes unique and meaningful information to the landslide susceptibility
model without overlapping effects.

3.3 Landslide Susceptibility Maps

The LSM process involves computation of factor weights and model coefficients, followed by the gener-
ation of susceptibility maps for each Shannon Entropy-weighted bivariate models and Logistic Regression.
The maps generated from each method are presented in Figs. 6-9.

Fig. 6 shows the landslide susceptibility map generated by the Shannon Entropy-Weighted FR model.
Green areas dominate the map, indicating regions with low or very low susceptibility. These zones are
generally flat or have stable vegetation cover, minimizing the susceptibility of slope failure. Moderate to
high susceptibility zones (yellow and orange) occur in transitional areas with moderate slope gradients or
vegetation cover. Very high susceptibility zones (red) are primarily concentrated along steep natural slopes
and engineered slopes, such as those near roads and highways. These red zones align with areas that likely
have high weights in the FR model, such as steep slope gradients, high lineament density, and moderate to
high flow accumulation.
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Figure 6: Landslide susceptibility map using shannon-entropy weighted frequency ratio (FR) model
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Figure 7: Landslide susceptibility map using shannon-entropy weighted information value (IV) model
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Figure 8: Landslide susceptibility map using shannon-entropy weighted weight of evidence (WoE) model
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Fig. 7 shows the landslide susceptibility map generated by the Shannon Entropy-weighted IV model.
Based on the map, it can be deduced that the areas classified as very high susceptibility are concentrated
along steep slopes and near manmade slopes, such as highways and infrastructure, consistent with regions
where slope gradients, flow accumulation, and lineament density are likely high. Orange and yellow areas,
which classified as moderate to high susceptibility, cover transitional zones with moderate slopes, medium
vegetation cover, or relatively lower lineament density. These regions are susceptible to landslides under
specific triggering conditions, such as heavy rainfall or human activities. Meanwhile, green zones dominate
areas with gentle slopes, dense vegetation, and stable geological conditions. These regions are less prone to
landslides due to favorable environmental and topographical conditions.

On the other hand, Fig. 8 which shows the landslide susceptibility generated using Shannon Entropy
weighted WoE model, demonstrates susceptibility distribution pattern closely resembling the IV-based
map. This similarity reflects the bivariate statistical foundation shared by both models. However, due to its
Bayesian probabilistic approach, the WoE model provides a slightly more refined delineation of localized
high-susceptibility zones. The integration of Shannon Entropy enhances this refinement by balancing the
influence of factor class distributions, resulting in a more nuanced susceptibility assessment.

The Logistic Regression-based susceptibility map as in Fig. 9 exhibits a more heterogeneous spatial
pattern. High-susceptibility zones are primarily located in the southern and central regions of the study area,
with noticeably fewer such zones in the northern part. This pattern is strongly influenced by a combination
of topographic, geological, and hydrological conditions. Notably, high-susceptibility areas often align with
road networks and infrastructure, indicating the impact of anthropogenic activities such as slope cutting
and drainage modifications. These findings emphasize the importance of monitoring manmade slopes and
integrating engineering countermeasures in high-risk zones.

The comparison of landslide susceptibility maps generated using the Shannon Entropy-weighted
bivariate models (FR, IV, and WoE) and the Logistic Regression model reveals both convergences and
divergences in their predictive capabilities. All models consistently identify high-susceptibility zones along
steep slopes, areas with high lineament density, and regions adjacent to manmade slopes, such as roads and
infrastructure. This consistency underscores the significant influence of topographical and anthropogenic
factors on slope instability [28,34]

Among the bivariate methods, the FR and IV models tend to delineate broader zones of high suscep-
tibility due to their independent, class-based evaluation of conditioning factors [25]. In contrast, the WoE
model, rooted in Bayesian probability, provides more localized susceptibility zones due to its probabilistic
handling of presence and absence data [14,35]. The Logistic Regression model, a multivariate approach, offers
a more refined and probabilistic representation of landslide susceptibility by integrating the combined and
interacting effects of multiple factors [19,31], making it suitable for complex terrains where interdependencies
exist among geofactors and anthropogenic pressures.

Model performance was evaluated using ROC curves, as illustrated in Fig. 10. The curves demon-
strates the ability of each model to distinguish between landslide-prone and non-prone areas. The Logistic
Regression model demonstrates a steeper and more consistent curve, reflecting its higher predictive power
compared to the more gradual curves of the bivariate methods [18,36]. The AUC values, which range from
0.5 (random prediction) to 1.0 (perfect prediction), were calculated to quantify the predictive performance
of each model.
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Figure 10: ROC curves

Among the bivariate methods, the Shannon Entropy-weighted FR model slightly outperforms the
others. The similar AUC values for IV and WOoE reflect their reliance on statistical relationships, but WoE’s
Bayesian probability approach provided slightly better localization of high-susceptibility areas. As for the
multivariate method, The Logistic Regression model achieved the highest AUC value (0.8279), reflecting
superior performance compared to the bivariate methods. Its ability to account for the combined and
interacting effects of multiple conditioning factors likely contributed to its higher accuracy [27,31,36].

A sensitivity analysis was not conducted in this study, which limits our understanding of model
robustness to variable selection and weight perturbations. Additionally, the Logistic Regression model
may be prone to overfitting, especially when trained on limited or biased landslide inventories. While
multicollinearity was tested and ruled out, regularization methods (e.g., L1 or L2 penalties) could further
safeguard against overfitting and should be considered in future work [18,19,36].

Opverall, while all models identify steep slopes and high lineament density areas as key drivers of
landslide risk, the Logistic Regression model demonstrates superior spatial precision and reduced false
positives by accounting for cross-factor interactions. The WoE model offers a close alternative in terms of
probabilistic coherence, but FR and IV models show limitations in spatial accuracy and interpretability due
to their assumption of factor independence.

3.4 Susceptibility along Road Corridor

To provide alocalized understanding of model predictions, landslide susceptibility values were extracted
from slope areas adjacent to the road segment between KM 260 and KM 266 of the NSE. The expressway was
divided into six 1-km sub-segments, each buffered by 200 m to capture nearby terrain where slope instability
is more likely to occur. For each segment, random points were generated, and susceptibility values from the
four models were extracted and averaged.
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Table 2 presents the mean landslide susceptibility scores per 1 km segment. The results reveal that
the sub-segments between KM 261-263 consistently exhibit higher susceptibility values across all models,
correlating with field-observed cut slopes and historical landslide occurrences. Notably, among the models,
the Shannon Entropy-weighted FR and Logistic Regression models showed clearer contrast between high
and low susceptibility zones, allowing better differentiation across segments. In contrast, the IV and WoE
models produced more uniform and generalized susceptibility estimates, suggesting lower spatial sensitivity.
This localized analysis complements the overall ROC-based performance evaluation by highlighting how
each model behaves in specific, infrastructure-critical zones.

Table 2: Summary statistics of mean landslide susceptibility scores per 1 km segment of the study area

KM segment SE-FR SE-IV SE-WoE Logistic regression

KM 260-261 0.19 0.32 0.32 0.41
KM 261-262 0.28 0.42 0.41 0.40
KM 262-263  0.29 0.38 0.38 0.51
KM 263-264  0.24 0.38 0.38 0.36
KM 264-265  0.26 0.40 0.40 0.43
KM 265-266  0.26 0.37 0.37 0.25

4 Conclusions

The study successfully identified seven critical conditioning factors that significantly influence landslide
susceptibility. The conditioning factors are Slope Gradient, Slope Aspect, Curvature, Vegetation Cover,
Lineament Density, TRI, and Flow Accumulation. All factors were tested for multicollinearity and found to
be statistically valid, with TOL > 0.1 and VIF < 10. Weightage derived from the Shannon Entropy-weighted
bivariate methods, which are FR, IV and WoE, as well as the coefficients from the Logistic Regression model,
highlighted the importance of these factors.

Slope gradient consistently emerged as the most influential factor, with the highest weightage in
bivariate methods and the largest positive coefficient in Logistic Regression. This indicates its strong impact
on landslide susceptibility due to increased gravitational forces on steeper slopes. Similarly, lineament
density and flow accumulation showed high weights and coeflicients, signifying their critical roles in
landslide occurrence, as areas with high geological discontinuities and water accumulation are prone to
instability. Vegetation cover, with a negative coeflicient, demonstrated its stabilizing effect, reducing landslide
susceptibility in well-vegetated areas.

These results underscore the alignment of key factors with model outputs and their strong influence
on the performance of LSM. Logistic Regression achieved the highest accuracy with ROC-AUC = 0.8279,
reflecting its ability to capture interactions between factors. Among the bivariate methods, Shannon Entropy-
weighted FR with ROC-AUC = 0.8007 performed best, demonstrating its reliability for straightforward
regional assessments. These findings highlight the importance of factor selection and weighting in improving
model performance and mapping accuracy.

However, each modeling approach carries inherent risks and limitations. Bivariate models evaluate
each conditioning factor independently, which may lead to an overgeneralization of susceptibility zones and
overlook interactions between variables. This could result in susceptibility overestimation in areas where
multiple moderate-risk factors coexist. While the Weight of Evidence model attempts to address this through
a Bayesian approach, it still lacks the ability to fully capture complex variable relationships.
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Logistic Regression, although more robust in modeling variable interactions, is not without risks. It
assumes a linear relationship between the log-odds of landslide occurrence and the predictor variables, which
may not fully represent real-world nonlinear processes. Additionally, its performance heavily depends on
the quality and representativeness of the input data. If the dataset is imbalanced or biased, such as through
underrepresentation of recent landslide events, there is a risk of skewed predictions or overfitting. The
model’s reliance on historical landslide inventories also means it may fail to capture emerging patterns caused
by new infrastructure developments, climate change, or land-use modifications.

To build on the findings of this study, future research should incorporate additional conditioning factors
such as soil type, rainfall intensity, and soil properties to develop a more comprehensive understanding
of landslide susceptibility. Mapping the susceptibility impact of each individual conditioning factor is also
recommended to better understand their localized influence and improve interpretability. Moreover, future
research could explore the integration of deep learning methods, such as Convolutional Neural Networks
(CNNs) and Long Short-Term Memory (LSTM) networks, or hybrid ensembles combining Random Forests
with Support Vector Machines (RF-SVM), to capture nonlinear and spatial-temporal relationships more
effectively. These approaches may offer superior predictive capabilities, particularly in larger or more
geologically diverse terrains.

In summary, while all models successfully delineated susceptibility zones, Logistic Regression stands
out for its superior predictive power and ability to capture interactions among factors. The bivariate models,
especially the Shannon Entropy-weighted FR, remain practical options due to their interpretability and
computational efficiency. However, the limitations and risks associated with both bivariate and multivariate
models must be acknowledged. Future advancements in data availability, computational resources, and
model complexity will be critical in refining landslide susceptibility mapping for more accurate and
actionable hazard assessments.
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