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Abstract
Accurate landslide susceptibility mapping (LSM) is critical to risk management, especially 
in areas with significant development. Although the receiver operating characteristic–area 
under the curve (ROC–AUC) performance metrics are commonly used to measure model 
effectiveness, showed that these are not enough to check the reliability of the generated 
maps. In this study, the effectiveness of three machine learning models—logistic regression 
(LR), random forest (RF), and support vector machine (SVM)—were evaluated and com-
pared in predicting landslide risk in a hilly region east of Cairo, Egypt. A comprehensive 
dataset was gathered to achieve that, including 183 landslide and 183 non-landslide loca-
tions, which were detected through fieldwork and high-resolution satellite imagery. Four-
teen conditioning factors from different categories; topographical, geological, hydrological, 
anthropological, and trigger-related variables, were used as independent factors during the 
generation of the different LSM. All three models achieved high ROC–AUC values, with 
RF scoring 0.95, SVM 0.90, and LR 0.88, indicating strong performance. However, further 
assessment with additional performance metrics like accuracy (ACC), recall, precision, F1 
score, and check rationality of the maps revealed key differences. Among the models, only 
the RF model appeared as the most reliable, with superior across all performance metrics, 
and fewer misclassifications in critical areas. In contrast, SVM and LR exhibited higher 
misclassification rates for both landslide-prone and safe locations. These findings show that 
high ROC–AUC values do not always equate to practical reliability.
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1  Introduction

Landslides are one of the most common hazards against any development plan in hilly 
regions (Liao et  al. 2022). Nowadays, because of global climate change and expanding 
urbanization, the number of these landslides has increased, which has cost a lot of lives and 
infrastructure (Youssef et  al. 2024). Hence, exploring a reliable approach for evaluating 
landslide hazards has become very critical to avoid or reduce disasters (Akinci and Zeybek 
2021). Therefore, the importance of landslide susceptibility maps (LSM) increased due to 
their potential to predict landslides and identify areas prone to landslides. Such maps are 
used as an effective tool in landslide management and mitigating disaster losses within 
many regions (Guo et al. 2023; Wang et al. 2023). Owing to the continuous development 
of geographic information systems (GIS), several approaches have been used to generate 
LSM which depend on physical-based, qualitative, and quantitative methods (Bopche and 
Rege 2022; Liu et al. 2024).

Qualitative methods are highly subjective and rely on expert judgment to assign weight 
to landslide conditioning factors (Effat and Hegazy 2014). The problem with this approach 
is that the difference in user opinions leads to different results for the same areas and condi-
tions (Tyagi et al. 2022). In contrast, the physical approach relies on fundamental laws of 
physics to understand how slopes move, and the data comes from direct field observations 
and laboratory experiments (Bednarik et al. 2024; Wang et al. 2024). Although these mod-
els are useful in places where landslide inventory maps are not available, they are difficult 
to use in large areas since they need detailed geotechnical and hydrological data (Chicas 
et al. 2024).

Quantitative methods, including statistics-based, machine learning-based (ML), and 
deep learning-based (DL) models, have been developed to overcome the drawbacks of the 
two approaches mentioned above (Zhang et al. 2021; Yao et al. 2023; Usta et al. 2024). 
Quantitative methods build numerical relations between landslide events and the landslide-
responsible conditional factors in the same area. Among these, ML has attracted a lot of 
interest due to its capacity to produce predictive models and analyze complex patterns. 
During the past decade, many studies have used different ML methods, such as logistic 
regression (LR) (Chowdhury et al. 2024), support vector machines (SVM) (Liu et al. 2021; 
Akinci and Zeybek 2021), artificial neural network (ANN) (Akinci 2022), random forest 
(RF) (Shang et al. 2023; Zhang et al. 2023), extreme gradient boosting (XGBoost) (Prad-
han and Kim 2020; Zhang et al. 2023) to generate LSM.

Despite numerous studies related to the application of ML for LSM, no universally reli-
able model performs effectively across different regions (Alkan Akinci et al. 2024). Numer-
ous studies have compared various models and approaches to evaluate their performance 
and determine the most suitable methods for different regions (Youssef and Pourghasemi 
2021; Wang et  al. 2023; Khalil et  al. 2023). However, the findings consistently indicate 
that model outcomes vary significantly due to differences in parameters, data quality, geo-
graphic characteristics, and environmental factors. These variations highlight the need for 
further research aimed at developing adaptable models, particularly for regions where a 
limited number of studies have been conducted (Akinci 2022; Khalil et al. 2023).

Another significant gap in previous LSM studies is the dependence on receiver operat-
ing characteristic– area under the curve (ROC–AUC) as the only primary metric of valida-
tion. Most of the studies regarded a value of ROC–AUC higher than 0.7 as an indication 
of the efficiency of the model (Sun et al. 2018; Kamran et al. 2021; Lee and Lee 2024); 
this threshold gives a limited perspective into the reliability of the model. Therefore, the 
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dependence on this metric may be misleadingly interpretative and lead to wrong judgments 
of model performance. However, some studies have attempted to incorporate additional 
statistical metrics, such as overall accuracy (ACC), recall, and F1-score (Zhao et al. 2022; 
Wang et al. 2023; Yao et al. 2023), but their use remains limited. Moreover, few research 
articles have highlighted the importance of spatial validation techniques in ensuring the 
rationality of generated LSMs. Such analyses are very important in confirming whether 
the models can correctly classify landslide-prone areas and safe locations within the study 
region. Without this type of validation, the reliability of the susceptibility maps is not guar-
anteed, and their practical use is limited (Yavuz Ozalp et al. 2023; Usta et al. 2024).

This research aims to enhance the LSM within arid regions, where studies remain lim-
ited. The study’s contribution lies in presenting a comprehensive framework that inte-
grates ML techniques with strong evaluation and interpretability techniques, considering 
the geological and environmental settings of arid areas. To achieve that, logistic regres-
sion (LR), random forest (RF), and support vector machine (SVM) are employed and com-
pared. Also, a strong validation framework is proposed, combining traditional metrics such 
as ROC–AUC, recall, ACC, precision, and F1-score with spatial validation techniques to 
ensure geographically rational predictions. Moreover, the SHAP (SHapley Additive exPla-
nations) values are applied to identify the most influential factors related to landslide sus-
ceptibility, making the models more transparent and interpretable. The research objective 
is to propose and validate a comprehensive LSM that improves the reliability of the model 
and provides valuable insights for land-use planning and disaster risk reduction. This 
work sets a benchmark for future studies in this field, offering a significant contribution to 
advancing LSM, especially in arid regions.

2 � The study area

Egypt is one of the most highly populated countries in Africa and the Middle East. Espe-
cially in Cairo, the high population density (Fig. 1a) leads to significant social and eco-
nomic challenges. Therefore, it is of critical importance to redistribute this density 
to uninhabited regions such as hilly areas around Cairo. One of these new areas is our 
study area. It is part of Cairo Suez District and is located southeast of Cairo and west of 
the New Administrative Capital of Egypt (Fig.  1b). This area is bounded by longitudes 
31°16′27.8″ E and 31°42′21.5″ E and latitudes 29°42′0″ N and 29°59′6″ N and extending 
over 756 km2. The region has witnessed major urban development in terms of the construc-
tion of many residential areas and the construction of new roads, and the first high-speed 
electric train line in Egypt will pass through it. Only one attempt has been made so far to 
deal to study landslide susceptibility in this area; however, it used the qualitative method, 
which is, as discussed before, a fully subjective assessment (Effat and Hegazy 2014).

3 � Methodology

3.1 � Landslide inventory mapping

Following the principle that ‘the past is the key to the future’, future landslides will 
likely to occur under conditions like those of past events (Youssef et al. 2024). There-
fore, a landslide inventory map, which illustrates the geographical distribution of 
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existing landslides in specific regions, is crucial for ensuring the accuracy of land-
slide susceptibility models (Gaidzik and Ramírez-Herrera 2021; Wang et  al. 2023). 
Since there is no record of the landslides in Egypt, a landslide inventory database for 
the study area was created through extensive fieldwork from February 2023 to August 
2023. This work was complemented by analyzing high-resolution time-series images 
from Google Earth. As a result, a comprehensive database of 183 identified landslide 
locations, including 110 sites detected during field surveys, was established (Fig. 2). 
The identified landslides include sliding, falling, and toppling events. To avoid bias, 
the same number of safe locations was used (Akinci and Zeybek 2021).

Fig. 1   a The distribution of population density in Egypt (after WorldPop and Bondarenko (2020); b Loca-
tion of the study area
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3.2 � Preparation and preprocessing of landslide conditioning factors

In the current study, fourteen landslide conditioning factors, representing five catego-
ries (topographic, geologic, hydrological, anthropogenic, and triggering factors), were 
selected based on field observations and a review of previous studies (Yavuz Ozalp 
et al. 2023; Liu et al. 2024). These factors were preprocessed as an essential step before 
being used in the modeling process. Firstly, all predictor datasets were reprojected into 
a uniform coordinate system and resampled to a consistent resolution of 30 m to ensure 
accuracy (Wang et al. 2024). Additionally, the predictor variables were normalized to a 
common scale to enhance the performance of ML algorithms (Liao et al. 2022). Also, 
the multicollinearity among the predictors has been checked to reduce redundancy and 
improve model robustness. Then, this dataset was split into training and testing subsets 
for performance evaluation. These fourteen factors, sourced from various datasets, are 

Fig. 2   a Landslide inventory map of the study area indicating the recorded landslides and safe locations; 
b–e Images from the field showing landslide by the red arrows; f and g images from Google Earth showing 
landslides by the red arrows
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detailed in Table  1. The following sections provide a step-by-step explanation of the 
preprocessing methods.

3.2.1 � Topographic factors

Many studied found that topographic factors have a major role in landslide occurrence 
(Agboola et al. 2024; Chicas et al. 2024). In this study, key topographic factors included 
slope, aspect, elevation, profile curvature, and plan curvature. Depending on the relation 
between the steep slopes and the probability of landslide events, the slope was considered 
a vital factor in any LSM (Akinci 2022). The slopes in the study area are either natural 
or artificial slopes and their values are between 0.00° and 62° (Fig.  3a). Aspect is also 
studied according to its importance to show the direction and grade of terrain via its value 
reflecting the maximum variation in the downslope direction from a specific cell to its sur-
roundings (Wang et al. 2023). The aspect map has been constructed for the study area, with 
values ranging from 0° to 360° (Fig.  3b). The elevation map is also a vital topographic 
parameter in studying landslide occurrence by recognizing the relative relief of the study 
area (Bopche and Rege 2022). It was found that higher elevations are highly vulnerable 
to landslides. The elevation map showed that region spans from − 16 to 580 m (Fig. 3c). 
The last topographic factors in this study are plan curvature (Fig. 3d) and profile curva-
ture (Fig.  3e). Plan curvature describes the concavity or convexity of the slope which 
affects water flow and erosion patterns and, varies from − 4.62 to 4.67. The profile curva-
ture, ranging from − 6 to 5.51, affects the acceleration of water flow on the slope surface, 
thereby impacting erosion and deposition processes (Akinci 2022).

3.2.2 � Geological factors

The study area is mainly covered by Middle and Upper Eocene sedimentary rocks. The 
Middle Eocene rocks comprise the Gebel Hof Formation and Observatory Formations, 
which are characterized mainly by white chalky limestone interbedded with marl (Moustafa 
and Abd-Allah 1991). While the Upper Eocene rocks comprise the El Qurn, Wadi Garawi, 
and Wadi Hof Formations, which are composed of limestone, sandy limestone, sand, and 
marl (Moustafa et al. 1985). Besides the Eocene rock units, Quaternary wadi deposits also 
occur. The lithological units of the study area were digitized from the composite map made 
from the previous works (Moustafa et al. 1985; Moustafa and Abd-Allah 1991) (Fig. 3f). 
These units controlled the chemical, mechanical, and hydraulic properties of rocks which 
in turn impacted the landslide events (Akinci 2022).

The second significant geological factor is the distance to the fault. Near faults, rock 
strength is considerably weak, which results in frequent landslide disasters. Therefore, the 
distance from faults is a major factor in studying LSM (Wang et al. 2023). The fault map 
was generated from the previous work of Moustafa et al. (1985) and Moustafa and Abd-
Allah (1991). After that, the distance to faults map was created by using the Euclidean 
distance tool in ArcMap software. The values read from the map are between 0 and 6457 m 
(Fig. 3g).

3.2.3 � Hydrological factors

Topographic wetness index (TWI) is also a vital factor in landslide investigation that 
identifies the water saturation zones within regions with a large catchment area and a 
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gentle slope gradient (Singh et al. 2021). The values of TWI of the study area are cal-
culated using Eq. 1, ranging from 2.9 to 22, as shown in (Fig. 3h).

Moreover, being close to streams and wadis can reduce slope shear resistance by 
removing sediments from the slope base, which in turn increases the chance of land-
slide events (Farooq and Akram 2021). Therefore, the distance to streams map for the 
study area was created through the hydrological tool and Euclidean distance tool in 
ArcMap software, as displayed in Fig. 3i, with values ranging from 0 to 1155 m.

(1)Twi = ln

(
flow accumulation

tan (slope)

)

Fig. 3   Landslide conditional factors; a Slope, b Aspect, c Elevation, d Plan curvature, e Profile curvature, 
f Lithology, g Distance to faults, h TWI, i Distance to streams, j LULC, k Distance to roads, l Rainfall, m 
Magnitude of earthquakes, n Depth of earthquakes



10307Natural Hazards (2025) 121:10299–10321	

3.2.4 � Anthropogenic factors

Human activity is one of the main common reasons for the occurrence and reactivation 
of landslides. In this study, human activity is represented by LULC and distance to road 
maps. The LULC plays an essential role by showing human-induced modifications that 
affect vegetation cover and slope design (Chen et al. 2019). Three LULC categories have 
been recognized from the Landsat 8 satellite imagery (Fig. 3j): Barren land, Vegetation, 
and Urban area.

Distance to road map for the study area was generated through the Euclidean distance 
tool in ArcMap by using road data from the OpenStreetMap server, as shown in (Fig. 3k) 
the distances range from 0 to 5152  m. The construction of roads and railroads in hilly 
regions can cause landslides due to the extensive excavation of natural slopes and modifi-
cation of the slope design (Tanyaş et al. 2022).

3.2.5 � Trigger factors

Numerous studies have shown that heavy rainfall and earthquakes are responsible for the 
initiation of landslides (Fan et al. 2019; Kamran et al. 2021). Heavy rainfall can penetrate 
the rock mass through the discontinuities or the primary porosity of the rocks, leading to 
shear strength reduction and producing a landslide (Peruccacci et  al. 2017). The rainfall 
distribution of the study area is obtained from data from version 4 of the CRU TS monthly 
high-resolution gridded multivariate climate dataset (Harris et al. 2020). The rainfall map 
was created by using the inverse distance weight (IDW) interpolation technique in Arc-
Map, and values range from 19 to 28 mm (Fig. 3l).

Earthquake shaking can also weaken slopes across the landscape, making them more 
prone to failures and an increased rate of occurrence (Bai et  al. 2020). The data on the 
magnitude and depth of earthquakes are obtained from the ISC-GEM Global Instrumental 
Earthquake Catalogue (International Seismological Centre 2023). The earthquake magni-
tude and depth distribution maps (Fig.  3m, Fig.  3n, respectively) were generated by the 
IDW technique in ArcMap. Earthquakes’ magnitude ranged from 1.30 to 4.30 ML, and the 
depths of earthquakes range between 0 to 100 km.

3.3 � Preparation of training and testing data

Although there is no standard accepted guideline for creating training and validation sub-
sets, many researchers prefer to use a 70:30 ratio for selecting landslide samples in LSM 
studies (Khalil et al. 2023; Usta et al. 2024; Youssef et al. 2024). In this study, 128 land-
slide locations (70%) were allocated for training, while 55 landslide locations (30%) were 
used for validation. Furthermore, during both the training and validation stages, the num-
ber of positive and negative samples in the datasets was kept equal, maintaining a 1:1 ratio 
(Akinci and Zeybek 2021).

3.4 � Multicollinearity test

One of the initial steps in LSM is a multicollinearity analysis, which checks the independ-
ence of the input variables of the model. This analysis highlights the selected influence fac-
tors that are highly intercorrelated, thus affecting the accuracy of LSMs (Lee et al. 2020; 
Wang et al. 2023; Usta et al. 2024). In LSM studies, the indicators used most frequently 
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for assessing multicollinearity are tolerance (TOL) and the variance inflation factor (VIF), 
which can be calculated using Eqs. 2 and 3 (Pradhan and Kim 2020; Akinci 2022). VIF 
represents the  inflation in the variance of a regression coefficient that is caused by mul-
ticollinearity, while TOL, as the reverse of VIF, is also an indicator of multicollinearity 
among variables (Yavuz Ozalp et al. 2023). A variable is considered having high multicol-
linearity and should be excluded from the model if its VIF is greater than 10 or if its TOL 
is less than 0.1 (Akinci 2022; Khalil et al. 2023).

where Rj is the correlation coefficient of a particular conditioning factor on the remaining 
factors.

3.5 � Machine learning methods for landslide susceptibility assessment

Receny, ML approaches and soft computing techniques have become essential tools for 
analyzing and modeling different geotechnical hazards owing to their ability to deal with 
the complex behavior of the geotechnical system (Zhang et  al. 2020; Phoon and Zhang 
2023). During this work, three ML methods; logistic regression (LR), random forest (RF), 
and support vector machine (SVM) were applied to assess their effectiveness in mapping 
the accurate LSM.

3.5.1 � Logistic regression (LR)

LR is one of the most widely used ML methods because it requires minimum preparation 
regarding the quality and size of samples (Rai et al. 2022; Chowdhury et al. 2024). It can 
deal with various data types, whether continuous or discrete (Sun et al. 2018). During this 
work, LR was applied through the “glm” package in R software to identify risky zones 
within the study area (Akinci and Zeybek 2021). The LSM has been generated by the LR 
model using Eq. 4.

where P describes the possibility of a landslide event, varying from 0 to 1, Z is expressed 
as an independent variable, and its coefficient, as shown in Eq. 5.

where β0, β1, β2,…, βn are the model parameters that reflect the contributions of each factor, 
while x1, x2,.., xn are the independent variables that influence the occurrence of landslides.

3.5.2 � Random forest (RF)

RF is considered one of the most effective ML methods introduced by Breiman (2001). 
It takes advantage of decision trees and uses the bagging method to perform powerful 

(2)VIF =
1

1 − Rj2

(3)TOL =
1

VIF

(4)P =
1

1 + e−z

(5)Z = �0 + �1x1 + �2x2 +⋯ + �nxn
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classifying (Zhang et al. 2023; Usta et al. 2024). RF classifier generates many independ-
ent decision trees using different bootstrapped samples of the training data (Wang et  al. 
2020). This approach helps the algorithm overcome the limitations of individual trees and 
enhance predictive performance, making it a popular tool in the field of ML (Akinci 2022). 
This study employed the RF method from the ‘caret’ package (Kuhn 2008) in the R plat-
form to implement the RF algorithm. During the training process, hyperparameter opti-
mization was performed to enhance the model’s predictive performance. After multiple 
iterations, the best-tuned hyperparameters for the RF model were identified as 500 trees for 
ntree and 2 for mtry. To ensure the robustness and reliability of the results, the RF model 
was evaluated using a threefold cross-validation with 10 repetitions, leading to a total of 30 
iterations (Akinci 2022; Yavuz Ozalp et al. 2023).

After that, the significance of each factor influencing landslide in the RF model was 
assessed using the Mean Decrease Gini (MDG) values. These values measure the extent 
to which a given predictor variable decreases the Gini impurity across all decision trees in 
the forest, which reflects the contribution of each factor during the model’s training process 
(Chowdhuri et al. 2021).

3.5.3 � Support vector machine (SVM)

SVM showed extensive application in LSM (Hong et al. 2017; Kamran et al. 2021). The 
SVM aims to construct an optimal hyperplane that separates the classes with a decision 
surface that maximizes the margin between them (Zhao et  al. 2022). The points that lie 
closest to the hyperplane on either side are called support vectors, and the classification 
boundary is determined only by these support vectors, rather than by the other data points 
(Cortes and Vapnik 1995). In many classification problems, datasets are not linearly sepa-
rable. In such cases, kernel functions map the data into a higher-dimensional space, where 
it becomes separable. There are several types of kernel functions, including linear, poly-
nomial, radial basis function (RBF), and sigmoid kernels (Liu et al. 2021). RBF kernels 
are commonly used in the generation of LSMs due to their robustness and ability to pro-
vide more accurate predictions (Akinci and Zeybek 2021). During this research, SVM 
was applied via the package of “e1071” in the R platform to construct the LSM (Meyer 
et al. 2024). To optimize model performance, we conducted tuning using hyperparameters; 
cost = 1 and gamma = 0.1, based on maximizing accuracy.

After that, the predictor’s influence is determined to estimate the relative importance of 
each predictor in shaping the decisions of the SVM model and aiding in the interpretation 
and understanding of the model’s predictive capabilities. This influence was determined by 
identifying the support vectors and their associated coefficients representing each support 
vector’s weight in defining the decision boundary.

3.6 � SHapley additive exPlanation (SHAP)

LSMs generated by ML models are becoming more advanced, complex, and able to pro-
vide accurate predictions. However, as these models became powerful, it became harder 
to understand how they reached those predictions. This has led to the development of new 
tools to improve the interpretability of ML models (Usta et al. 2024). SHAP values are one 
of the most recent methods used to enhance the interpretability of ML methods used in 
LSM by quantifying the contribution of each predictor to the model’s prediction (Lee and 
Lee 2024). The SHAP value is based on the Shapley values of cooperative game theory, 
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which offers a fair method for attributing a contribution to each feature in a model. These 
values are calculated by evaluating all possible feature combinations, calculating each fea-
ture’s marginal contribution to the prediction across these combinations, and then averag-
ing these contributions (Lee and Lee 2024). This provides one value per feature that repre-
sents how much that feature contributed to the individual prediction. The advantage of this 
approach is that it ensures fair and consistent attribution of feature importance, avoiding 
biases that may arise from other methods. As a result, SHAP has become a powerful tool 
for analyzing and understanding complex models within the field of ML (Usta et al. 2024).

Mathematically, the SHAP value for a feature i in a model with n features is defined as:

where (f ) is the SHAP value for feature i, N is the set of all features, S is a subset of fea-
tures excluding i, ∣S∣ is the number of features in subset S, f(S) is the model output using 
the subset S of features, and f(S ∪ {i}) is the model output when feature i is included in the 
subset S.

3.7 � Evaluation of the models

Recognizing the most accurate model for the specific study area is essential in using ML 
techniques for LSM. This step is mainly done by using the testing part of the database. 
Three different ways to measure the accuracy of each model were applied during this work. 
Initially, four statistical indexes, namely accuracy (ACC), precision, recall, and F1 score 
were calculated based on the confusion matrix, which compares the predicted and actual 
values for each case using the Eqs. 7–10. The confusion matrix involves four primary com-
ponents: true positives (TP), false positives (FP), true negatives (TN), and false negatives 
(FN). The TP and TN show the count of samples correctly identified as positive and nega-
tive, respectively. On the other hand, FP and FN give the count of samples incorrectly clas-
sified as positive and negative, respectively (Alkan Akinci et al. 2024).

In addition, the study calculated the ROC–AUC, a commonly used method to evalu-
ate the overall model performance of LSMs, where a larger ROC–AUC indicates that the 
model performs better (Yu et al. 2021). This curve shows the relation between a true posi-
tive rate (sensitivity) and a false positive rate (1-specificity), which both can be computed 
by using Eqs. 11, 12.

(6)𝜙i(f ) =
∑

s⊆N�{i}

|S|!(n − |s| − 1!

n!
[f(S ∪ {i}) − f(s)]

(7)Acc =
TP + TN

TP + TN + FP + FN

(8)Precision =
TP

TP + FP

(9)Recall =
TP

TP + FN

(10)F1 score = 2 ×
Precision × Recall

Precision + Recall
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Finally, these susceptibility maps were evaluated by comparing the spatial distribution 
of the recorded landslide events and safe points against the identified high-risk and low-
risk zones across each generated map.

4 � Results

4.1 � Multicollinearity analysis of the conditional factors

The result of multicollinearity analysis for the conditional factors is presented in Table 2. 
The values of VIF are between 1.12 and 4.28, while the TOL values range from 0.23 to 
0.89. Based on the results, these 14 factors are suitable for application in landslide suscep-
tibility analysis.

4.2 � Landslide susceptibility maps

In this study, three LSMs were generated by using LR, RF, and SVM models. These maps 
were classified into five risk categories (very low, low, medium, high, and very high) by 
using the natural breaks (Jenks) method in ArcGIS software (Fig. 4).

These resultant maps revealed significant variations in risk levels across the study area 
depending on the model used (Fig. 4d). For example, the very high susceptibility and very 
low susceptibility zones covered 16.72% and 22.69% of the study area, respectively, in the 
LR model; 21.87% and 9.97% in the RF model; and 18.83% and 6.92% in the SVM model.

Moreover, distinctions among the three models are obvious not only in the propor-
tions of categorized areas but also in the location of risk zones within the area. In RF and 
SVM models, risky zones are mainly concentrated in the northwest, where the steep slopes 
are prevalent, and also in the south near the roads (Fig. 4b, c). In contrast, the LR model 
showed high-risk areas extending into the eastern and central regions of the study area 
(Fig. 4a).

(11)Sensitivity =
True positive

True positive + False negative

(12)Specificity =
True Negative

True negative + False positive

Table 2   Multicollinearity analysis results

Conditional factor VIF TOL Conditional factor VIF TOL

Slope 1.51 0.66 Distance to streams 1.28 0.78
Aspect 1.22 0.82 TWI 2.11 0.47
Elevation 4.28 0.23 LULC 1.12 0.89
Profile curvature 1.39 0.72 Distance to roads 1.66 0.60
Plan curvature 2.05 0.49 rainfall 4.06 0.25
Lithology 1.51 0.66 Magnitude of earthquake 1.50 0.67
Distance to faults 1.44 0.69 Depth of earthquake 1.39 0.72
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4.3 � The contribution of the conditional factors

Since the models have different methodologies, they showed the relationship between pre-
dictor variables and landslide occurrence in different ways (Fig. 5). Therefore, we analyzed 
this relation to understand the contribution of each factor. In the LR model, we assessed the 
contribution of each predictor using the absolute values of the coefficients (Fig. 5a). The 
factors with the highest absolute coefficients, indicating the strongest influence on land-
slide occurrence, were slope (4.53), magnitude of earthquakes (2.56), TWI (2.53), profile 
curvature (2.48), and distance to roads (2.47). Other significant factors included plan cur-
vature (2.22), elevation (2.07), and distance to faults (1.51), all of which had notable con-
tributions. On contrary, factors such as rainfall (1.05), land use/land cover (LULC) (0.51), 
depth to earthquakes (0.51), aspect (0.18), lithology (0.18), and distance to streams (0.08) 
had smaller contributions. The ranking of these coefficients helps us understand the rela-
tive importance of each factor in predicting landslide susceptibility.

For the RF model, the contribution of conditional factors was assessed using the val-
ues of MDG (Fig. 5b). According to these values, the slope is the most significant factor 
with predictive capabilities in landslide susceptibility, followed by TWI, profile curvature, 
aspect, and distance to road, which can be considered moderately important factors. The 
other factors are considered of low importance.

In the SVM model, the degree of influence of each predictor was calculated (Fig. 5c). 
The slope was found to be the most influential factor, followed by TWI, distance to faults, 
profile curvature, and distance to roads, which showed also significant effects on landslide 

Fig. 4   a, b, and c LSMs generated using LR, RF, and SVM, respectively; d bar chart showing the percent-
age of susceptibility zones for LR, RF, and SVM models
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susceptibility. In contrast, the depth and magnitude of earthquakes exhibited minimal influ-
ence, suggesting their limited role in shaping the decision-making process of the model.

4.4 � Interpretation of models with SHAP

The impacts of conditional factors on model outputs are also evaluated by using SHAP 
values. SHAP values provided not only the ranking of the importance of each factor but 
also showed if the factor has a positive or negative impact on the final model (Chen and 
Fan 2024). In SHAP plots (Fig. 6), the importance of factors and their contribution to land-
slides were ranked vertically by significance, while the horizontal distribution of SHAP 
values showed the range and direction of their effects. Also, the color gradient (from red 
for high values to blue for low) highlights how the factor value contributes to the model 
output. Analyzing the predictions of the three models using SHAP values reveals that the 
slope is consistently the most influential factor across the different models, despite the dif-
fering importance of other conditional factors.

In the LR model (Fig.  6a), slope and distance to roads appeared as the two most 
influential factors in shaping the predictions, showing their strong relation to the final 
prediction. Elevation, TWI, and earthquake magnitude also played important roles, 
but their effects were not as pronounced. It was shown that topographic factors, rep-
resented by slope and profile curvature, along with moisture-related factors, indicated 
by TWI, were crucial in driving the RF’s outcomes (Fig.  6b). Whereas distance to 
roads and aspect showed less importance. Although topographic factors, particularly 
slope, and elevation, remained dominant in SVM (Fig.  6c), highlighting the impor-
tance of terrain characteristics in shaping the model’s predictions, LULC, distance to 

Fig. 5   Contribution of the conditional factors; a bar chart showing the values of coefficient magnitude for 
LR; b bar chart showing MDG of the RF model; c bar chart showing degrees of influence of predictors in 
the SVM model
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roads, and earthquake magnitude played crucial roles, indicating that human activity 
and seismic factors also significantly influenced the model’s behavior.

Moreover, the SHAP plots showed that lithology, depth of earthquakes, and distance 
to streams displayed the smallest impact on the three model predictions, as indicated 
by their lower vertical ranking and narrower distribution of SHAP values. These fac-
tors make a very small contribution to the model predictions, with their SHAP values 
showing limited variation in both direction and magnitude.

4.5 � Results of the validation of models

All the examined models yielded ROC–AUC values exceeding 85% (Fig. 7). Accord-
ing to these values, these models provide acceptable outcomes within the study area 
(Zhang et  al. 2023). However, there was considerable variation in ROC–AUC values 
across all models, with ROC–AUCs of 0.95.4 in RF, 0.90 in SVM, and 0.882 in LR. 
These models experienced further validation through the calculation of evaluation met-
rics to ensure a more accurate assessment. The results of these indices are presented 
in Table  3. The values showed that RF continuously provided higher performance 
accuracy. For ACC, RF is greater than SVM and LR by 0.07 and 0.13, respectively. 
Additionally, RF outperforms SVM and LR in terms of precision by 0.16 and 0.29, 
respectively, and outperforms them in terms of F1 score by 0.09 and 0.17, respectively. 
Nonetheless, all three models obtained a precision of 0.89.

Fig. 6   SHAP beeswarm plots; a LR, b RF, and c SVM
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5 � Discussion

The principal role of the LSM is to identify predictable risky zones to offer the decision-
maker insights for disaster mitigation (Zhou et al. 2021). Although many studies compared 
different approaches to generating landslide hazard maps for the same area, until now there 
has been no standard strategy for building reliable LSM that can be used globally (Sahin 
et al. 2020). During this study, the LSM generated by different ML approaches (LR, RF, 
and SVM), and the resultant maps revealed variations in risk zones distribution among 
the models, particularly in LR. LR identified 45% of the study area as very high and high-
risk areas, which was nearly double the coverage seen in RF and SVM, where these zones 
covered approximately 25% (Fig. 4d). Conversely, RF and SVM classified about 49% of 
the area as very low and low-risk, significantly higher than 35% of LR. While the moder-
ate-risk zones exhibited slight variation among the models, ranging between 19 and 25%. 
Furthermore, the spatial distribution of risk zones varied as well. Moreover, RF and SVM 
identified the risky areas in the northwest, characterized by steep slopes, and in the south, 
near the roads. In contrast, LR extended risk zones into the eastern and central parts of 
the study area, emphasizing its different susceptibility predictions. These variations in the 
LSMs can cause significant confusion, and selecting the wrong model may increase the 
risk of landslides in the study area rather than mitigate it. Investigation of how each model 
processes the conditional factors and assessing the reliability of these susceptibility maps 
are a crucial step.

Fig.7   ROC curves and AUC values of the models

Table 3   Performance metrics of 
the models

Metrics LR RF SVM

ACC​ 0.77 0.90 0.83
Recall 0.89 0.89 0.89
Precision 0.61 0.90 0.74
F1 score 0.73 0.90 0.81
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5.1 � Evaluation of the significance of landslide factors

There is no fixed guide for selecting these factors or determining their significance because 
of the complexity of landslide occurrences and the relative importance of each landslide 
factor varies depending on the features of the study area, the analysis model used, and the 
other variables included in the study (Dai et al. 2023). Therefore, studying the influence of 
each factor on landslide events is vital to our study. ML algorithms use different mecha-
nisms to make decisions. Consequently, their contributions towards model predictions vary 
even when the same factors are utilized. ML models offer some insights into the relative 
importance of the factors through feature importance functions; however, this approach 
does not enough to explain how the models make predictions, hence their characterization 
as "black box" models. To overcome this limitation, this study used the SHAP value plots 
for the interpretability of ML-based LSMs (Lu et al., 2023; Pradhan et al., 2023).

The analysis of SHAP plots across the three models (Fig. 6) revealed that topographic 
factors, particularly slope, elevation, and profile curvature, have a high impact on landslide 
occurrence predictions. This result aligns with the well-established understanding that 
topographic factors play a dominant role in driving landslide occurrence due to their influ-
ence on slope morphology and natural erosion process (Youssef and Pourghasemi 2021; 
Agboola et  al. 2024). Additionally, the hydrological factor (TWI) and human activities 
(distance to roads) also demonstrated significant impacts on landslide hazards by affecting 
slope resistance.

Notably, the relative importance of factors varied across models, except for the slope 
factor, which consistently ranked as the most influential. This variation highlights the dif-
ferent ways in which each model captured and utilized information from contributing fac-
tors. The SHAP values in the LR and SVM showed straightforward patterns, with clear 
clusters of red and blue points representing positive and negative influences (Fig. 6a, c). 
These patterns indicate that these models captured the relationships between factors and 
landslide susceptibility in a linear way. In contrast, the RF model (Fig. 6b) displayed more 
complex SHAP patterns. The color gradients were less distinct, suggesting that RF cap-
tured nonlinear relationships between the factors and landslide susceptibility. This com-
plexity likely explains the higher predictive accuracy of RF, as it was able to account for 
complex interactions among the variables (Chen and Fan 2024).

5.2 � Validation and rationality of susceptibility maps

In this study, the prediction performance of the resultant models was examined firstly 
by using ROC–AUC, which is use most frequently in LSM studies (Akinci and Zeybek 
2021; Wang et al. 2023, 2024). All the models achieved ROC–AUC values exceeding 
88%, with ROC–AUCs of 0.95.4 in RF, 0.90 in SVM, and 0.882 in LR (Fig. 7), indi-
cating that these models provide acceptable outcomes align with the previous research 
projects (Chowdhury et al. 2024; Usta et al. 2024; Lee and Lee 2024). However, while 
these high ROC–AUC values indicate good overall model performance, they do not nec-
essarily mean that each model is equally reliable for decision-making in LSM, which 
was cleared by the difference in the risk locations from one map to another for the same 
area. Thus, in this work, there are two additional methods to validate the generated 
LSMs. The initial evaluation involved computing the F1 score, recall, ACC, and preci-
sion. These metrics are used frequently in recent studies of LSM (Liao et al. 2022; Chen 



10317Natural Hazards (2025) 121:10299–10321	

and Fan 2024; Lee and Lee 2024). The results showed that the RF model consistently 
performed better than the others whether in predicting the landslide or the safe zone, 
with values of 0.90 for ACC, 0.89 for recall, 0.90 for precision, and 0.90 for the F1 
score (Table 3). These higher performance metrics of the RF model owing to its dis-
tinct mechanism to learn complex relationships between the independent factors and the 
occurrence of landslides, which is compatible with research findings (Khalil et al. 2023; 
Lee and Lee 2024).

Moreover, the second significant step in the validation stage is investigating the 
rationality of these maps by comparing the number of safe places in areas of low and 
very low susceptibility for each vulnerability class and the number of landslides in areas 
of high and very high susceptibility (Usta et al. 2024; Alkan Akinci et al. 2024). This 
analysis showed a very effective way of understanding how well each model performs 
in practical terms. The distribution of landslides across susceptibility classes showed a 
consistent trend among all models, with an increase in landslide occurrences in high- 
susceptibility zones (Fig. 8a). The RF model correctly classified 145 landslide locations 
in the very high risk zone, followed closely by LR with 143 landslides, and SVM with 
96 landslides. Additionally, the RF model had only two landslides misclassified in the 
very low and low susceptibility zones, compared to five misclassified landslides in both 
the LR and SVM models.

When considering safe locations, the SVM model performed best in correctly classi-
fying them within the very low and low susceptibility categories and had the fewest safe 
points incorrectly placed in the high and very high-risk zones (Fig. 8b). In contrast, the 
LR showed the greatest number of misclassifications, with 64 safe locations incorrectly 
classified in the very high and high-risk areas.

These results highlight an important point about model evaluation: a high ROC–AUC 
score, while often seen as a sign of good performance, does not automatically mean a 
model is reliable. This is particularly evident in the case of the LR model, which showed 
a high ROC–AUC score, and exhibited the highest number of misclassifications when 
predicting both landslide-prone and safe areas. In contrast, the RF model showed supe-
rior performance across multiple evaluation metrics and produced a rational landslide 
susceptibility distribution, establishing it as the most reliable model for LSM in this 
study. Finally, these results indicate that choosing the right model for landslide suscepti-
bility mapping comes down from the combination of evaluation metrics and assessment 
of the rationality of the resultant maps.

Fig. 8   Rationality of the models; a comparison with landslide locations, b comparison with safe locations
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6 � Conclusion

This study compared the accuracy and reliability of three different machine learning 
methods (LR, RF, and SVM) used in generating LSM maps for an area located south-
east of Cairo and east of the New Administrative Capital, Egypt. This research marks 
the first application of these three models to produce LSM for this region, as previous 
studies primarily relied on qualitative and subjective methods. 183 landslide locations 
and an equal number of safe locations were used as a landslide record database for this 
region that was collected by fieldwork and Google Earth images. Moreover, this study 
examined the significance of the fourteen factors that could control landslide occurrence 
by using the SHAP value analysis. The results showed that topographic factors, practi-
cally the slope, have the greatest impact on the occurrence of a landslide. Also, human 
activities and hydrological factors showed an important effect compared to other fac-
tors; these can accelerate the rate of landslide. On the contrary, trigger factors such as 
rainfall and earthquakes exhibited the lowest influence on landslide occurrences.

The findings of this work showed that the RF model exceeded the others, achieving 
the highest ROC–AUC score of 0.95 and the highest values in ACC, recall, precision, 
and F1 scores. It demonstrated a consistent ability to correctly classify landslide loca-
tions in high-susceptibility zones and minimize misclassification in low- susceptibility 
areas, making it the most reliable choice for practical LSM. The SVM model, while 
proficient in classifying safe locations and maintaining a high AUC of 0.90, fell short 
in accurately predicting landslide-prone areas compared to RF. The LR model, despite 
achieving a respectable AUC of 0.88, exhibited lower performance metrics and higher 
misclassification rates for both landslide and safe locations. These outcomes highlight 
the importance of not relying only on ROC–AUC results when assessing model per-
formance for decision-making purposes. Effective LSM requires models that not only 
exhibit high predictive accuracy but also demonstrate practical reliability in distinguish-
ing between high-risk and safe zones. The RF model’s balanced performance across 
multiple evaluation metrics highlights its suitability as the most dependable tool for 
landslide risk management. This study promotes a complete approach to model eval-
uation that integrates both statistical performance and realistic applicability to better 
ensure mitigation strategies for vulnerable communities.
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