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Abstract 

Landslide-prone hilly regions experiencing rapid urban expansion need susceptibility models 

that provide both robust predictive performance and transparent uncertainty estimates. This 

study develops an uncertainty-aware probabilistic framework for landslide susceptibility 

mapping in Bangladesh’s Chattogram metropolitan hill system, incorporating 14 conditioning 

factors: geomorphological, hydrological, environmental, and anthropogenic. Multicollinearity 

analysis, i.e., VIF and tolerance, verified the statistical stability of the predictors. We compared 

four classifiers, Bayesian Logistic Regression, Gaussian Process Classifier, L2-regularized 

Logistic Regression, and Random Forest, within a standardized preprocessing pipeline. Models 

were evaluated using cross-validation, holdout testing, and spatial block validation, with 

metrics for discrimination, robustness, and calibration. Random Forest had the strongest 

discrimination (ROC-AUC = 0.866; MCC = 0.611) on the holdout set, while the Gaussian 

Process Classifier showed better probability calibration (ECE = 0.084) with competitive 

discrimination (ROC-AUC = 0.821) among Bayesian models. Susceptibility and uncertainty 

were combined in a 3×3 scheme to visualize hazard and confidence. Mapping showed that 

78.71% of landslides were in the Very High class, covering only 9.47% of the area (SCAI = 

0.12). These results show that uncertainty-aware Bayesian modeling with bivariate spatial 

integration enhances interpretability and provides transparent hazard assessments in data-

limited urban hill areas. 

Keywords: Landslide susceptibility; Bayesian inference; Gaussian processes; Uncertainty 

quantification; SCAI. 

Introduction 

Landslides are complex geohazards that result from interactions among geological, 

lithological, hydrological, and human factors (Roy et al., 2025). They cause significant loss of 

human life and damage to infrastructure in mountains and hilly areas worldwide (Tsompanakis 

et al., 2023). Due to rapid land-use change and heavy rainfall, their impact is becoming more 

significant (Ehsan et al., 2025). Landslides are among the most frequent lithosphere hazards, 

and their occurrence in Bangladesh has been increasing for the last 20 years (Hafsa et al., 2022). 

Therefore, spatially explicit landslide susceptibility maps (LSMs) serve as targeted tools for 

land use planning, early warning systems, and disaster risk reduction (Chowdhury et al., 2023). 
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The predictive ability of LSMs has been greatly enhanced by recent developments in remote 

sensing, geographic information systems (GIS), and machine learning (Poddar & Roy, 2026). 

However, there are still two methodological challenges. First, despite having high predictive 

accuracy, models often fail to generalize spatially, especially when evaluation relies on naïve 

random cross-validation that does not account for spatial autocorrelation (Adnan et al., 2020; 

Koldasbayeva et al., 2024). Second, many models provide only deterministic point predictions 

without uncertainty estimates, which makes them less useful for decision-making under risk 

(Milà et al., 2024). 

Common machine learning algorithms like Random Forest and Support Vector Machines tend 

to maximize classification accuracy. However, they do not, by default, offer well-calibrated 

probabilistic outputs or explicit uncertainty quantification (Shaker & Hüllermeier, 2025). As a 

result, predictions may appear overconfident when transferred to novel terrain conditions. On 

the other hand, the Bayesian approach treats model parameters as probability distributions 

instead of fixed numbers. This allows for the formal propagation of epistemic uncertainty into 

posterior predictive distributions (Mirus & Woodard, 2023). Such models are well-suited for 

risk management, as they not only yield high predicted risks but also explicit statements of the 

confidence in those predictions (Stefanini et al., 2025). 

In Bangladesh, Chittagong Hill Tracts and metropolitan areas represent a setting where 

improved LSM practices are urgently needed. This region is highly susceptible to landslides 

for several reasons, such as steep slopes, intense monsoon rainfall, and escalating human 

encroachment (Biswas et al., 2026). During the monsoon, the frequency of landslides becomes 

a significant threat in this area, which eventually causes fatalities and socio-economic losses 

(Roy et al., 2025). Traditional GIS methods, logistic regression, decision tree variants, 

ensemble tree-based models and some deep learning models have shown strong performance 

in discriminating landslide susceptibility in regional susceptibility studies (Roy et al., 2025). 

However, a considerable number of these studies lack proper spatial data resolution, lack 

spatial validation and sufficient uncertainty quantification. Addressing these shortcomings is 

essential for effective disaster risk reduction in such a dynamic environment (Rahman et al., 

2025). 

Recent research efforts on data-driven LSMs have evolved towards two main pathways. The 

former focuses on optimizing algorithmic performance metrics, such as the area under the 

receiver operating characteristic curve (AUC) and accuracy when using ensemble strategies, 

while the latter combines evaluation data with generation data (Zhou & Xing, 2025). The 

hybrid and stacked models usually perform better than single learners. These models are also 

fairly complex, making them less explainable (SINDHU, 2025). The second direction, which 

emphasizes a methodological domain in its evaluation for LSMs (spatial validation, 

probabilistic calibration and uncertainty quantification) as essential elements of any robust 

model (C. H. Cheng & Fan, 2024).  

Bayesian machine learning addresses these limitations in a coherent manner. Bayesian logistic 

regression and Gaussian process classifiers are machine learning algorithms that provide 

posterior predictions instead of point estimate (W.-J. Yan et al., 2025). This ability is especially 

advantageous in hilly urban settings, where significant epistemic uncertainty accompanies 

landslide susceptibility across data-poor contexts because of diverse and overlapping 

conditioning factors (Chowdhury et al., 2023). In addition, mitigation actions such as the 

reinforcement of slopes, improvement of drainage, or even relocation need to be informed not 

only by where landslides are likely to happen but also by how confident we are in these 

predictions (Pareek et al., 2024). 



Addressing these methodological and practical gaps, this study proposes a reproducible and 

uncertainty-aware modeling framework for LSM at urban hillslopes in regions like Chittagong, 

Bangladesh. The framework incorporates spatial validation, probabilistic calibration 

assessment, and uncertainty quantification. We compare performance estimates (statistically 

robust and spatially realistic) under repeated stratified cross-validation, spatial block cross-

validation, and independent holdout testing for both deterministic and Bayesian classifiers. 

Model evaluation goes beyond measures of discrimination, but also includes calibration 

metrics that assess how predicted probabilities relate to observed rates of landslide occurrence. 

Although several algorithms are benchmarked under identical conditions, final deployment is 

limited to Bayesian classifiers that generate posterior predictive distributions and associated 

uncertainty surfaces. 

This study contributes to improving LSM practice for evidence-based intervention planning in 

data-scarce urban hill regions through the integration of predictive accuracy, strong spatial 

validation, probabilistic classification, and explicit uncertainty representation. 

Study Area and Data 

Study area 

The study area is situated in the Chattogram Metropolitan Area (CMA), Bangladesh. CMA is 

located roughly between (22°06′N–22°34′N) latitude and (91°40′E–92°02′E) longitude, 

covering an area of about 775 km² (Chowdhury et al., 2023). Within CMA, the study area 

covers a spatially continuous terrain covering Fatehpur Union and parts of several wards under 

Chattogram City Corporation (CCC) jurisdiction, as well as adjacent administrative areas 

associated with Bayezid Bostami, Khulshi, Kotwali, and Panchlaish thanas (Ahmed, 2014). 

The studied region is characterized by a typical geomorphological feature of Chattogram 

metropolitan hill system, an amalgamated topography composed of varied elevations, moderate 

to steep slopes separated from each other by low-lying plains (Islam et al., 2021). Elevation 

can change significantly over short spatial distances, leading to localized areas of slope 

instability (Song et al., 2023). Natural relief has been modified due to rapid urban growth, hill 

cutting, road construction, and changing land use, which has increased landslide susceptibility 

(Hen-Jones et al., 2025). 

Regarding climatic conditions, the region falls in a tropical monsoon zone with high seasonal 

rainfall during the monsoon period (June–September) (Rahman et al., 2025). Heavy continuous 

rain increases soil moisture, decreases shear strength and raise the risk of landslide (Hamza et 

al., 2025). The area studied was selected due to the documented occurrence of landslides 

combined with heterogeneous terrain, an area subject to urban infrastructure and building 

construction development pressures. These attributes render it an ideal case for probabilistic 

landslide-susceptibility modeling and subsequent infrastructure-vulnerability assessment, 

employing geospatial and Bayesian machine-learning techniques. 

 



 

Figure 1: Study Area with Landslide Inventory Points 

 

Landslide inventory 

The landslide inventory map is the primary step of this research. The historical landslide 

locations were collected from several credible datasets such as NASA’s global landslide 

catalog dataset, the Centre for Environmental and Geographic Information Services (CEGIS), 

the Bangladesh Army, and some related literature records (Rabby & Li, 2019). Overall, 155 

validated landslide points were recognized in our study area, encompassing various 

topographical and geomorphological conditions. These sites were treated as point features in a 

GIS environment to create an overall landslide inventory map that can be used for modelling 

susceptibility. In addition to those recorded at the landslide points, around 200 non-landslide 

alternatives were randomly synthesized from stable places devoid of any historical landslide 

incidents (Xia et al., 2023). 

 

Landslide Conditioning Factors 

Based on a literature review and availability of data, fourteen conditioning factors representing 

topographic (slope, aspect, elevation), hydrological (drainage density), environmental (land 

use land cover), proximity (distance to road, distance to river), and soil-related factors were 

selected (Table 1). All raster layers were resampled to a consistent 30-m spatial resolution for 

data analysis (Adnan et al., 2020). 



Topographic derivatives, including slope, aspect, curvature, SPI, TWI, and TRI, were extracted 

from the 30 m SRTM DEM (Sun et al., 2021). Hydrological and proximity-related variables 

were generated from DEM-based drainage networks and OpenStreetMap road data (Tai et al., 

2020). Vegetation and land cover information were derived from Landsat 8 Level-2 surface 

reflectance imagery (NDVI) and Esri Sentinel-2 Land Cover data (10 m, resampled to 30 m) 

(Tulbure et al., 2022). Precipitation data were obtained from the CHIRPS dataset (5 km 

resolution), and soil texture data were sourced from the ISRIC SoilGrids (250 m resolution) 

(Cunha et al., 2018). 

Categorical variables (aspect, LULC, and soil texture) were transformed using one-hot 

encoding to avoid artificial ordinality in machine learning models (Hengl et al., 2017). 

Table 1: Landslide Conditioning Factors 

Factor Source of Data Spatial Resolution (m) 

Elevation 
https://earthexplorer.usgs.gov/ 

SRTM DEM 
30 m × 30 m 

Slope 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

Aspect 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

Curvature 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

SPI 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

TWI 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

TRI 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

NDVI 
https://earthexplorer.usgs.gov/ 

Landsat 8 Level-2 Surface Reflectance 
30 m × 30 m 

LULC 
https://livingatlas.arcgis.com/landcover/ 

Esri Sentinel-2 Land Cover 
10 m × 10 m 

Rainfall 
https://www.chc.ucsb.edu/data/chirps 

CHIRPS Precipitation Dataset 
5000 m × 5000 m 

Drainage Density 
https://earthexplorer.usgs.gov/ 

Derived from SRTM DEM 
30 m × 30 m 

Distance to River 
https://earthexplorer.usgs.gov/ 

Derived from drainage network (SRTM DEM) 
30 m × 30 m 



Distance to Road 
https://www.openstreetmap.org/ 

OpenStreetMap Road Network 
30 m × 30 m 

Soil Texture 
https://soilgrids.org/ 

ISRIC SoilGrids 
250 m × 250 m 

 

The spatial patterns of the fourteen conditioning factors are presented in Figure 1. 

In our study area, elevation ranges from −0.9 m to 88 m and is classified into five altitudinal 

intervals. Slope values were grouped into six classes (0–5°, 5–10°, 10–15°, 15–20°, 20–25°, 

and 25–35°), reflecting gradual to moderately steep terrain conditions. Aspect was categorized 

into eight cardinal directions. 

Curvature values were divided into five classes representing concave to convex terrain forms. 

SPI and TWI were derived from hydrological analysis of the DEM and categorized into five 

classes each, representing increasing flow accumulation and soil moisture potential, 

respectively. TRI was grouped into five classes to represent increasing terrain ruggedness. 

The LULC layer was classified into seven categories: water bodies, trees, flooded vegetation, 

cropland, built-up areas, barren land, and rangeland. NDVI values were reclassified into five 

vegetation-density levels. 

Mean annual precipitation ranges between approximately 2,983 mm and 3,150 mm and was 

grouped into seven intensity classes. Drainage density was categorized into seven classes 

reflecting increasing channel concentration. Euclidean distances to rivers and roads were 

classified into seven proximity intervals to represent the influence of fluvial erosion and the 

intensity of anthropogenic disturbance. Soil texture was categorized into three dominant 

classes: sandy loam, loam, and clay loam. 

 



 

Figure 2: (a)Elevation, (b)Slope, (c)Aspect, (d)Curvature, ISPI, (f)TWI, (g)TRI, (h)LULC, (i)NDVI, 

(j)Precipitation, (k)Drainage Density, (l)Distance to River, (m)Distance to Road, (n)Soil Texture. 

 

 



Methodology 

This study presents an integrated Bayesian machine-learning framework for landslide 

susceptibility mapping (LSM), which incorporates flexibility-revealed preposing, probabilistic 

modeling, multilevel testing, and uncertainty-aware spatial deployment. The workflow begins 

with the compilation of historical landslide records and the associated conditioning factors, 

followed by standard preprocessing operations. Multivariate analysis, assessment, imputation, 

and feature scaling were conducted only on the training data set (Nair, 2024) beginning with 

an exploratory data analysis (EDA). All steps were performed carefully to prevent data leakage. 

Both classes of models (Bayesian: Bayesian Logistic Regression, Gaussian Process Classifier; 

conventional benchmark) are trained in the same pipeline configurations for a fair comparison. 

The proposed model performance is evaluated using a comprehensive validation strategy, 

along with repeated stratified cross-validation, spatial block cross-validation to assess the 

geographic generalization of results, and an independent holdout test for external evaluation 

(Shojaeezadeh et al., 2024). Discrimination, calibration, and probabilistic error metrics are 

jointly analyzed, and formal statistical tests are applied to identify groups that differ 

significantly. Final model selection is also based on performance assessments within a 

weighted multi-criteria rank-based framework that balances predictive power, spatial stability, 

and calibration fit. The chosen Bayesian model was then retrained on the entire dataset to 

produce a bivariate map of landslide susceptibility and uncertainty. 

 

Figure 3: Methodological workflow for Bayesian deployment with benchmark comparison. 

 



Multicollinearity screening 

We evaluated multicollinearity among the conditioning factors prior to model development to 

ensure that regression-based and kernel-based models would be statistically stable and 

interpretable (Bobb et al., 2018). Predictor intercorrelation induces inflation in variance 

estimates, destabilizes coefficient estimation, and distorts posterior uncertainty of inference 

based on Bayesian frameworks (Gregorich et al., 2021). Hence, the multicollinearity 

diagnostics were carried out only on the training subset to avoid any information leakage into 

the validation stages (Truong et al., 2025). 

In this study, multicollinearity was assessed using the Variance Inflation Factor (VIF) and its 

reciprocal, the Tolerance (TOL) index. For each predictor variable 𝑋𝑗, a regression model was 

fitted against all remaining predictors, and the corresponding coefficient of determination 

𝑅𝑗
2was computed. The tolerance value is defined as: 

Tolerance𝑗 = 1 − 𝑅𝑗
2 (1) 

 

The Variance Inflation Factor is then calculated as: 

VIF𝑗 =
1

Tolerance𝑗
(2) 

 

where 𝑅𝑗
2represents the coefficient of determination obtained when the 𝑗𝑡ℎ  The predictor is 

regressed on the remaining predictors. 

Following established recommendations in susceptibility modeling studies, predictors with 

VIF values greater than 5 were considered indicative of substantial multicollinearity and were 

iteratively removed. The iterative elimination process continued until all remaining predictors 

met the predefined VIF criterion (Manczinger et al., 2025). 

 

Machine Learning Models 

Four classification algorithms were implemented within a unified preprocessing and validation 

framework to ensure methodological consistency, while conventional models were included as 

discriminative benchmarks. These algorithms were selected based on various studies in the 

literature (Bhatti et al., 2024). 

Bayesian Logistic Regression (BLR) 

Bayesian Logistic Regression was implemented as a probabilistic linear classifier using a logit 

link function (Genkin et al., 2007). Regression coefficients were treated as random variables 

with zero-mean Gaussian priors (Zucknick & Richardson, 2014), and the intercept remained 

unpenalized (Ghosal et al., 2025). The Laplace method was used for posterior inference, 

employing a multivariate normal approximation centered around the maximum a posteriori 

estimate (Sisti et al., 2024). Probability predictions were obtained by marginalizing the 

posterior distribution of model parameters, enabling direct quantification of predictive 

uncertainty via propagation of posterior variance (Cheng et al., 2022; Ting, 2025). The BLR 

model was chosen for its interpretability, regularization under moderate sample sizes, and use 

in probabilistic landslide susceptibility modelling (Das et al., 2012). 



Gaussian Process Classifier (GPC) 

The Gaussian Process Classifier was used as a non-parametric Bayesian model that can learn 

non-linear relationships between conditioning factors and landslide occurrence (Lisart-

Liebermann & Medina, 2025; Zhang & YUE, 2024). A Gaussian Process prior with a Matérn 

covariance kernel was defined that provides an adequate trade-off between flexibility and 

smoothness to model spatially structured processes in the environment (Booth & Carpin, 2023; 

North et al., 2023). Due to the non-Gaussian nature of the likelihood, posterior inference was 

approximated via the Laplace method (Lombardo et al., 2018). The GPC not only produces 

predictive probabilities, but also latent variance estimates, allowing explicit characterization of 

epistemic uncertainty and more complicated decision boundaries in comparison to linear 

models (Ting, 2025). 

L2-Regularized Logistic Regression (LR-L2) 

We used a simple linear benchmark, L2-regularized Logistic Regression. Ridge regularization 

was applied to constrain coefficients, combat overfitting, and enhance generalizability (Şensoy 

et al., 2020). We addressed class imbalance through balanced class weighting. Unlike its 

Bayesian counterpart, LR-L2 provides point parameter estimates without posterior uncertainty, 

and we included it to evaluate the added value of Bayesian inference in terms of calibration 

and spatial robustness (Black et al., 2022). 

Random Forest (RF) 

Random Forest was implemented as an ensemble tree-based classifier using bootstrap 

aggregation and random feature selection. The model captures non-linear interactions without 

parametric assumptions (Pope et al., 2024). A balanced subsampling strategy was adopted to 

address class imbalance. Although RF typically demonstrates strong discriminative 

performance in landslide susceptibility studies, it does not provide coherent posterior 

uncertainty; therefore, it was treated strictly as a benchmark model in this research (Lv et al., 

2025). 

Validation design 

To obtain statistically robust and spatially realistic performance estimates, three 

complementary validation strategies were implemented. First, repeated stratified cross-

validation (5-fold × 3 repeats) was applied to the training subset to generate stable average 

metrics while preserving class proportions within each fold (Porrello et al., 2019). Second, we 

employed stratified sampling to reserve 20% of the data as an independent holdout set 

untouched by model development and reserved solely for external evaluation. Third, we 

performed spatial block cross-validation using GroupKFold and spatial clusters derived from 

KMeans clustering in geographic coordinates (Nothdurft et al., 2025). This approach maintains 

spatial separation between training and test samples, approximating spatial independence and 

curbing metric inflation resulting from spatial autocorrelation (Singh et al., 2025). 

Evaluation metrics 

A wide range of discrimination, robustness, and probabilistic calibration metrics were used for 

model evaluation to ensure balanced and statistically meaningful assessment of landslide 

susceptibility predictions. Both threshold-dependent and threshold-independent measures were 

considered (Halder et al., 2025). Metrics based on confusion matrices summarize concordance 

in class predictions at a fixed decision threshold, whereas ranking-based metrics characterize 

the model’s ability to distinguish between landslide and non-landslide locations irrespective of 

threshold selection (Tehrani et al., 2022). As the suggested framework primarily centers on 



probabilistic forecasting, especially for Bayesian models, we integrated proper scoring rules to 

evaluate the goodness of predicted probabilities, not just class labels (Mwakapesa et al., 2024). 

Additionally, calibration metrics were added to consider the reliability between predicted 

susceptibility probabilities and observed landslide occurrence (Pareek et al., 2024). This 

integrated evaluation approach guarantees a simultaneous assessment of discrimination 

strength, class-imbalance robustness, probability accuracy, and calibration reliability before 

model selection and spatial deployment. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 3 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 4 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 5 

F1 = 2 ⋅
Precision ⋅ Recall

Precision + Recall
 6 

MCC =
𝑇𝑃 ⋅ 𝑇𝑁 − 𝐹𝑃 ⋅ 𝐹𝑁

√(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
 7 

TPR =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 8 

FPR =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 9 

Brier =
1

𝑛
∑(

𝑛

𝑖=1

𝑝𝑖 − 𝑦𝑖)
2 10 

LogLoss = −
1

𝑛
∑[𝑦𝑖log (𝑝𝑖) + (1 − 𝑦𝑖)log (1 − 𝑝𝑖)]

𝑛

𝑖=1

 11 

𝐸𝐶𝐸 = ∑
𝑛𝑘

𝑛

𝐾

𝑘=1

|𝑎𝑐𝑐(𝐵𝑘) − 𝑐𝑜𝑛𝑓(𝐵𝑘)| 12 

Where: 

𝑇𝑃, 𝑇𝑁, 𝐹𝑃, 𝐹𝑁denote true positives, true negatives, false positives, and false negatives; 𝑝𝑖is 

the predicted probability for observation 𝑖; 𝑦𝑖 ∈ {0,1}is the observed label;𝑛is the total number 

of samples; 𝐵𝑘denotes the 𝑘𝑡ℎprobability bin; 𝑛𝑘is the number of samples in bin 𝑘; acc(𝐵𝑘)is 

empirical accuracy within the bin 𝑘; conf(𝐵𝑘)is the mean predicted probability in the bin 𝑘. 

This formulation of metrics provides a clear and reproducible way to evaluate and is consistent 

with both traditional classification semantics and uncertainty-based probabilistic modeling 

goals. 

 

Model Comparison, Selection, and Spatial Deployment Framework 

To evaluate if differences in predictive performance were statistically significant, 

nonparametric hypothesis testing was performed on repeated cross-validation F1 scores 

(Mwakapesa et al., 2024). Since several models were assessed in the same folds, differences in 

global performance across groups were assessed using the Friedman test (Y. Yan et al., 2018). 

Significance was confirmed using the Friedman test (α = 0.05) prior to performing pairwise 



comparisons to determine specific model differences with the Nemenyi post-hoc test (Gardner 

& Brooks, 2018).  

Following the statistical comparison, final model selection was performed using a weighted 

rank-based multi-criteria framework that integrates discrimination performance, spatial 

robustness, and probabilistic calibration. Each model was ranked across five criteria: (i) cross-

validation MCC (20%), (ii) holdout MCC (35%), (iii) spatial block MCC (30%), (iv) holdout 

Brier score (10%, lower is better), and (v) holdout Expected Calibration Error (5%, lower is 

better) (Khan et al., 2025). The composite score was computed as a weighted average of 

normalized ranks; deployment was restricted to Bayesian candidates (Bayesian Logistic 

Regression and Gaussian Process Classifier) to ensure consistency between the susceptibility-

mapping and uncertainty-representation objectives (Torizin et al., 2024). 

In order to promote decision-oriented interpretation, susceptibility and predictive uncertainty 

were jointly visualized using a bivariate classification scheme (Kangas et al., 2023). Quantile 

thresholds were applied to obtain three ordinal classes (low, moderate, and high) for continuous 

susceptibility probabilities as well as normalized predictive variance class variables that 

preserved balanced spatial representation. The resulting 3 × 3 matrix was used to combine these 

classes into nine composite categories representing all combinations of susceptibility–

uncertainty (Ghasemian et al., 2022). In this way, it permits the concurrent identification of 

high-susceptibility regions, confirmed by low infrastructural estimates (high susceptibility–low 

uncertainty), midzones with mixed characteristics (moderate combinations), and spatially 

uncertain predictions associated with significant indeterminacy. The bivariate representation 

enhances transparency by clearly demarcating confidently identified hazard hotspots from 

those where elevated susceptibility co-occurs with reduced certainty in the model’s predictions 

(Agrawal & Dixit, 2023). 

To evaluate the spatial concentration effectiveness of susceptibility classes, the Seed Cell Area 

Index (SCAI) was computed for each tier. SCAI quantifies the ratio between the spatial 

proportion of a susceptibility class and the proportion of landslides occurring within that class 

(Singh et al., 2024). Lower SCAI values in higher susceptibility tiers indicate improved 

concentration of landslides within smaller mapped areas, thereby reflecting more efficient 

hazard delineation (Zhao et al., 2023). 

 

 

 

 

 

 

 

 

 

 

 

 



Results 

Multicollinearity analysis 

Multicollinearity diagnostics confirmed that all fourteen conditioning factors met the 

predefined thresholds (VIF < 5; TOL > 0.20). No predictors were excluded (Figure 4) in this 

dataset. VIF values ranged from 1.12 to 3.32, indicating low to moderate multicollinearity. 

Tolerance values (0.30–0.90) further confirmed the absence of critical redundancy in the data 

set. Overall, the predictor set was statistically stable and suitable for both Bayesian and 

benchmark modeling for landslide susceptibility mapping. 

 

Figure 4: VIF and tolerance profile for the conditioning factors. 

 

Holdout performance and multi-metric comparison 

In the independent holdout evaluation (Table 2), Random Forest showed the strongest 

discrimination (ROC-AUC = 0.866; PR-AUC = 0.865) and overall agreement (MCC = 0.611). 

GPC (ROC-AUC = 0.821) achieved competitive discrimination among the Bayesian 

candidates and yielded the lowest calibration error overall (ECE = 0.084), indicating that GPC 

produced more reliable probabilities compared with BLR. Despite a high recall (0.774) 

reported by Bayesian logistic regression, lower precision and a higher Brier score indicated 

weaker probabilistic performance. Performance curves (Fig. 5) verify that RF prevails in the 

discrimination space. While RF had superior discriminative ability, GPC provided improved 

calibration stability, which is essential for probabilistic hazard communication. 

 

 

 

 

 



Table 2: Holdout test performance (20% split). 

Model Accuracy Precision Recall F1 MCC ROC-AUC PR-AUC Brier ECE 

RF 0.811 0.774 0.774 0.774 0.611 0.866 0.865 0.153 0.120 

GPC 0.743 0.676 0.742 0.708 0.481 0.821 0.814 0.172 0.084 

LogReg_L2 0.703 0.615 0.774 0.686 0.420 0.768 0.667 0.203 0.110 

BLR 0.676 0.606 0.645 0.625 0.340 0.775 0.723 0.193 0.112 

 

 

Figure 5: Holdout (test set) performance of all benchmarked models. (a) ROC curves with AUC values. (b) 

Precision–Recall curves with PR-AUC values (c) Smoothed calibration curves; the dashed line indicates perfect 

calibration. 



Cross-validation and spatial generalization 

Repeated stratified CV produced higher MCC and ROC-AUC values than spatial block CV 

(Table 3), indicating performance inflation under non-spatial validation. Spatial blocking 

reduced MCC by approximately 35% for RF (0.498 to 0.323) and 42% for GPC (0.450 to 

0.259), highlighting the challenge of geographic transferability. Despite this degradation, 

model ranking remained stable, with RF and GPC consistently outperforming linear baselines 

under both validation schemes. 

Table 3: Repeated CV and spatial block CV summary 

Model 
CV MCC 

(mean) 

CV ROC-AUC 

(mean) 

Spatial MCC 

(mean) 

Spatial ROC-AUC 

(mean) 

RF 0.498 0.849 0.323 0.805 

GPC 0.450 0.836 0.259 0.769 

LogReg_L2 0.433 0.756 0.214 0.709 

BLR 0.388 0.757 0.226 0.709 

 

 

Figure 6: Comparison of repeated stratified CV and spatial block CV performance (MCC and ROC-AUC) across 

models. 

 

Statistical significance and model ranking 

The Friedman test on repeated cross-validation F1 scores showed significant differences 

between models (χ² = 17.73, p < 0.001). Weighted multi-metric ranking was performed next; 

Random Forest was ranked first, GPC, LogReg_L2, and BLR performed last. However, only 

Bayesian candidates were deployed because we needed to represent uncertainty explicitly, and 

RF scored the highest composite rank. Of these, GPC exhibited the highest overall calibration 

stability and spatial robustness and thus was chosen for final susceptibility and uncertainty 

mapping. 



Interpretation of Conditioning Factor Contributions 

SHAP analysis (Fig. 7a) identified Elevation, Precipitation, and LULC as the most dominant 

predictors. Increased gravitational stress and slope-gradient effects at higher elevations 

positively contribute to SHAP, while the positive contributions of high precipitation values 

result from hydrological destabilization mechanisms through reduced pore-water pressure. The 

effect of LULC was found to be class-specific, which suggests the dependency of slope stability 

on vegetation coverage and human disturbance. The waterfall plot (Fig. 7b) shows that 

combined feature interactions propel predictions from the baseline of the model to a high-

susceptibility local outcome scale. 

 

Figure 7: Interpretation of the GPC via SHAP on holdout dataset (a) SHAP summary (beeswarm) plot of the 

aggregated contribution and direction of influence of each conditioning factor to model predictions. (b) SHAP 

waterfall plot for a representative holdout sample showing the cumulative contribution of individual features from 

expected value 𝐸[𝑓(𝑋)]to the final predicted output 𝑓(𝑥). 

Integrated Susceptibility–Uncertainty Patterns 

Figure 8 illustrates a 3×3 bivariate classification of susceptibility and predictive uncertainty 

jointly conditioned on the output of the deployed GPC model. This modeling facilitates joint 

evaluation of forecasted hazard strength and model certainty in a spatial context. 

Areas of high susceptibility are mostly clustered along the central and southeastern hill sectors 

of the study area, exhibiting well-defined clusters in space that track steep terrain and 

anthropogenically disturbed slopes. A significant fraction of these zones falls into classes with 

uncertainty on the low- or medium-side of the scale, implying that the local density of training 

data supports stable posterior predictions. Regions like these are potential landslide hotspots, 

with high confidence. 

On the other hand, localized patches exhibit high susceptibility and high uncertainty. These 

zones primarily develop in border terrain and vadose zones and peripheral hill zones. Areas for 

which the predicted probability and variance were both high are indicative of lower posterior 

stability, perhaps due to heterogeneous geomorphological conditions or a training inventory 

that is not representative in those areas. Data in these areas should be interpreted with caution 

and potentially could benefit from localized field-based validation. 

Low-susceptibility areas predominate in the northeastern and relatively flat sectors of the study 

area. These areas are typically regions of low predictive uncertainty providing confidence in 

mapped stable terrain. Nonetheless, neighborhoods of moderate uncertainty on low-



susceptibility classes reveal model sensitivity near the susceptibility threshold for isolated 

sectors. 

Overall, the bivariate analysis shows that most high-susceptibility clusters are underpinned by 

relatively low uncertainty, providing greater confidence in hazard delineation while 

transparently highlighting areas where predictive certainty is lessened. 

 

Figure 8: Bivariate landslide susceptibility–uncertainty map based on deployed Gaussian Process Classifier. 

Susceptibility (vertical axis) and predictive uncertainty (horizontal axis) were categorized into three ordinal 

classes based on quantile thresholds and combined into a 3 × 3 matrix. The color of the squares indicates the 

combined classification of susceptibility and predictive uncertainty. 

 

Susceptibility stratification is robust according to SCAI analysis (please see Table 4). More 

specifically, the Very High class was predictive because it contains 78.71% of all mapped 

landslides but covers only 9.47% of the study area. On the other hand, the Very Low and Low 

classes, which together cover over 50% of the area, account for only 1.3% of the landslides. 

The significant decrease in SCAI from Very Low (45.53) to Very High (0.12) represents good 

spatial discrimination as well as the significance of hazard zonation. 



Table 4 SCAI by susceptibility tier. 

Tier Area % Landslide % Landslide Count SCAI 

Very Low 29.37 0.65 1 45.53 

Low 23.16 0.65 1 35.90 

Moderate 24.04 5.81 9 4.14 

High 13.96 14.19 22 0.98 

Very High 9.47 78.71 122 0.12 

 

Discussion 

The comparative evaluation of deterministic and Bayesian classifiers reveals the trade-off 

between discriminative strength and probabilistic reliability. Random Forest showed the best 

discrimination on our independent holdout dataset, confirming its ability to model nonlinear 

interactions between geomorphological and hydrological predictors. Earlier studies have also 

shown that RF is effective for landslide susceptibility mapping (Halder et al., 2025; Naceur et 

al., 2026). However, calibration analysis provides a more sophisticated reading. Though the 

Random Forest achieved the highest scores on the ROC-AUC and MCC metrics, the Gaussian 

Process Classifier (GPC) exhibited the lowest Expected Calibration Error, indicating the best 

agreement between predicted probabilities and observed landslide frequency. Hence, the multi-

criteria framework with weights focuses on achieving balanced performance across 

discrimination, calibration, and spatial robustness to select which one to deploy from GPC. Its 

selection in the current study was additionally justified by its improved predictive performance 

and lower false-positive rates compared with other models, resulting in a more reliable and 

robust evaluation of landslide susceptibility (Singh et al., 2025).  

The explicit comparison between repeated stratified cross-validation and spatial block cross-

validation highlights the necessity of geographically realistic validation schemes (Wang et al., 

2023). Performance under spatial blocking corroborates that random cross-validation 

overestimates metrics due to spatial autocorrelation effects in training and testing samples 

(Wang et al., 2023). However, differences between models persisted across test schemes, 

indicating stable model behavior. Bayesian models can further reduce overconfidence by 

representing the uncertainty in extrapolated regions (Ting, 2025). The increased predictive 

variance at the transition zones of susceptibility indicates either insufficient local training 

support or lower posterior certainty. 

The bivariate susceptibility–uncertainty representation refines hazard interpretation by 

differentiating between robust and uncertain hotspots. In central hill sectors, high susceptibility 

coincides with low posterior variance, indicating strong model support. Peripheral hill margins 

exhibit elevated susceptibility with higher uncertainty, suggesting extrapolation beyond well-

represented conditions. The Seed Cell Area Index (SCAI) results validate the spatial 

concentration efficiency of the final model. The Very High susceptibility class contains nearly 

four-fifths of mapped landslides while occupying less than one-tenth of the study area, 

indicating strong stratification. The monotonic decline in SCAI values confirms the 

effectiveness of hazard zonation.  



Interpretability analysis based on SHAP values provides geomorphological plausibility. 

Elevation, precipitation, and land use/land cover emerged as dominant predictors. The 

consistency of feature importance across validation schemes indicates alignment with 

established physical understanding. 

Despite its methodological rigor, the study has limitations. The landslide inventory remains 

modest in size, and additional temporal records could enhance posterior stability. Rainfall was 

incorporated as a climatological layer rather than event-based intensity, limiting temporal 

sensitivity (Moreno et al., 2023). Spatial interpolation may smooth localized micro-

topographic effects. Future research may incorporate event-scale rainfall thresholds, 

hierarchical spatial priors, or hybrid physics–Bayesian neural network frameworks (Yan et al., 

2025). 

 

Conclusion 

This study develops and evaluates an uncertainty-aware landslide-susceptibility framework 

using Bayesian and deterministic classifiers with a unified preprocessing and validation 

strategy for Chattogram’s hilly area. The findings show how evaluation metrics alone can 

overestimate predictive capability when accounting for spatial autocorrelation. Overall, 

although Random Forest delivered the best discrimination performance, its predictive 

capability was hindered by inadequate probabilistic calibration and uncertainty estimation, 

unlike the Gaussian Process Classifier. However, GPC provided nearly comparable predictions 

and improved performance by offering well-calibrated uncertainty estimates, which are vital 

for risk-informed decision-making. 

With the Bayesian model deployed, we modeled continuous surfaces of susceptibility and 

predictive variance, then combined them via bivariate classification to separate robust hazard 

hotspots from spatially uncertain predictions. Hazard stratification was also supported by 

spatial concentration analyses, with most historical landslides concentrated in a small fraction 

of the mapped area and some clustered within that area. 

This study integrates discrimination assessment, spatial cross-validation, calibration analysis, 

statistical comparison, and uncertainty visuals into a workflow, advancing landslide 

susceptibility modeling toward a transparent, decision-oriented framework. This is especially 

suited for fast-urbanizing, data-poor hill terrains where hazard prioritization considers both 

probability and confidence. Concepts like an area of applicability could further improve 

transparency by indicating where predictions are reliable. 
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