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Abstract. Landslide susceptibility mapping is essential for risk management and mitigation. Traditional multivariate models
have achieved high nominal accuracy in predicting landslide occurrence, but the underlying methods rarely account for spatial
dependence in the input data. We test how spatial Hierarchical Generalized Linear Models (HGLMs) and spatial autoregressive
models might enhance both accuracy and reliability of landslide susceptibility. We estimate the frequency of landslides in a
catchment, drawing on a catalogue of 10,837 landslides and several predictors (e.g., rainfall, elevation, slope) in the north-
ern Colombian Andes. Our HGLMs integrate the effects of spatial dependency and heterogeneity through Markov Random
Field (MRF) models, i.e. Intrinsic Conditional Autoregressive (ICAR), Besag-York-Mollié (BYM), and Leroux models. Our
results show that landslide frequency is significantly influenced by spatially-dependent unobserved factors, likely represent-
ing contiguous geological formations or shared soil properties, which we therefore incorporate as latent variables. Even after
accounting for known covariates, the HGLMs capture spatial dependencies that non-spatial models fail to address. Incorpo-
rating spatial structure in the data improves model performance, judging from model selection metrics such as the Deviance
Information Criterion (DIC) or the Watanabe—Akaike Information Criterion (WAIC). By accounting for latent spatial effects,
spatial HGLMs produce smoother and more reliable susceptibility maps. This approach overcomes a key limitation of tradi-
tional models: the underestimation of landslide frequency in high- density areas where unobserved, spatially-structured factors
are most influential. Our findings highlight the importance of integrating spatial dependence and heterogeneity in landslide

susceptibility models to achieve enhanced predictive performance and reliability.

1 Introduction

The primary objective of landslide susceptibility studies is to map how likely a given terrain portion is to slope failure, based
on some known spatial distribution of landslides (Fell et al., 2008; Corominas et al., 2014; Soeters and Van Westen, 1996).
Statistical studies that tackle this task rely on a set of predictors (also termed covariates, or independent variables) that may
reflect whether a landslide is likely at a given location (Reichenbach et al., 2018; Steger and Kofler, 2019). These predictors
are essentially spatial data that can be cross-sectional, represented by discrete terrain mapping units (TMUs) at a given time

slice (Elhorst et al., 2014), or panel data that encompass values from TMUs over several time slices.
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TMUs are known as areal or lattice data in spatial statistics, and are regular or irregular homogeneous subdivisions of the
terrain used to discretize and aggregate data relevant to landslide susceptibility (Carrara et al., 1995; Erener and Diizgiin,
2012). Pixels or grid cells are the most common TMUSs, straightforward to define, and easy to use in computation (Ba et al.,
2018). Irregular TMUs, such as slope units (Tanyas et al., 2019; Alvioli et al., 2016), unique conditions (Clerici et al., 2002),
or catchments (von Ruette et al., 2013; Shou and Lin, 2020), are physically more meaningful, but require some pre-processing
(Caleca et al., 2025).

Although recent research has highlighted spatial effects in landslide susceptibility (Lombardo et al., 2019), few studies have
explicitly considered or evaluated these effects. In this context, spatial effects comprise two main components at two distinct
levels: spatial heterogeneity, which reflects large-scale variations between regions that reflect differences in environmental,
geological, or geographical conditions; and spatial dependence, where processes in one location are influenced by those in its
immediate neighborhood. For example, Samia et al. (2019) proposed the concept of landslide path dependence, arguing that
once a landslide occurs, it can serve as an attractor for future landslides, making subsequent events more likely to occur within
or near its vicinity. Lombardo et al. (2019) identified significant spatial structures in event-based landslide analyses, even when
triggers like precipitation or seismic activity were excluded from the covariates.

A persistent challenge is that landslide occurrence cannot be fully explained by predictors alone (Di Napoli et al., 2023).
This unresolved variance, often visible as spatial patterns in model residuals, may stem from either missing covariates or from
inherent spatial processes that are not captured by the predictors. Spatial landslide patterns may not simply mimic those of
the predictors (Lombardo et al., 2020), but also include interactions between neighboring TMUs. Most currently used suscep-
tibility models are not designed to account for such spatial structure and interactions between neighboring units (Fang et al.,
2023). Thus, spatial effects often remain in model residuals, while violating the key assumption of identical and independence
distributions (i.i.d.) in likelihood-based models (Wagner, 2013). This oversight artificially lowers p-values and standard errors
of parameter estimates, inflating the statistical relevance of predictors (Lee and Ogburn, 2021; Lombardo et al., 2020). Hence,
these models may become overconfident in their predictions. Beyond representing unaccounted for variability, any residual
spatial effects may contain valuable information about physical drivers of landslide occurrence. Hence, there is a need for
comprehensive modeling approaches that capture these spatial effects. This residual spatial structure often acts as a proxy for
unobserved but spatially correlated factors, such as local geological characteristics, soil property variations, or fine-scale an-
thropogenic effects, which are not captured by the regional-scale covariates. Therefore, failing to model this spatial structure
is not just a statistical oversight; it is a failure to account for the physical, spatially-organized predictors that govern landslide
initiation. This can lead to maps that misidentify susceptibility by ignoring this crucial geological context.

Recent research has advanced hierarchical spatial modeling approaches that account for spatial effects (Dong et al., 2015;
Morris et al., 2019; Lawson, 2018). For example, Hierarchical Spatial Autoregressive (HSA) models have been successfully
applied in fields such as disease mapping (Vranckx et al., 2019), the modeling of social well-being (Pierewan and Tampubolon,
2014), and land-market analysis (Dong et al., 2015). However, to the best of our knowledge, HSA models have not yet been
implemented in landslide susceptibility mapping. More generally, spatial modeling approaches are still hardly used in landslide

susceptibility assessment. One exception is the work by Lombardo et al. (2018, 2019, 2020). By using a continuous-space point
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process with a latent spatial effect, they demonstrated that landslide patterns are not simply a reflection of the predictors’ spatial
distribution. Their key finding was that significant spatial dependencies remain even when triggers like precipitation or seismic
shaking are included in the model, pointing to the importance of underlying, unmeasured processes.

HSAs are usually implemented within a Bayesian framework that requires numerical approximation methods such as Markov
Chain Monte Carlo (MCMC). A newer, faster, and computationally less expensive method Integrated Nested Laplace Approx-
imation (INLA) has been proposed by Rue and Held (2005) as a viable alternative.

Therefore, the primary objective of this study is to test and compare several spatial HGLMs for landslide susceptibility
mapping in the northern Colombian Andes. We first establish a non-spatial baseline model and then progressively incorpo-
rate spatial effects, including random intercepts for regional heterogeneity and different conditional autoregressive structures
(ICAR, BYM, and Leroux) for local spatial dependence. By systematically comparing these models, we aim to quantify the
improvement in predictive performance and demonstrate the critical importance of accounting for spatial structure to pro-
duce more accurate and reliable susceptibility assessments that better reflect the underlying physical processes and geological

controls.

2 Generalised Linear Models (GLM)

Generalized Linear Model (GLM)-based methods are popular to model landslide susceptibility because they are easy to in-
terpret and extend (Reichenbach et al., 2018; Corominas et al., 2014; Guzzetti et al., 1999). They encompass a broad class of
models where the response variable (y) is assumed to follow an exponential family distribution (Coxe et al., 2013; Hastie and
Pregibon, 2017), such as Gaussian, Poisson, Binomial, or Gamma. The expected value of the response (E(y) = p) is modeled
by a linear predictor (n)) through a link function (g(x) = n) that assumes additive effects (or weights) of covariates. GLMs can
accommodate both continuous and discrete predictors (Camilo et al., 2017; Goetz et al., 2011).

Logistic regression has been a long-standing GLM method for modeling landslide susceptibility (Hosmer et al., 2000;
Ayalew and Yamagishi, 2005), and uses a logit link function to map the linear combination of predictors Z?:l Bjxi; to values
of the unit interval, which represents a probability scale of success under a Bernoulli likelihood (Hosmer et al., 2000), where
x;; is the value of the j-th predictor for the i-th observation, and 3; is its corresponding regression coefficient. However,
the application of logistic regression to data aggregated into TMUs presents a fundamental limitation. The model requires a
dichotomous (presence/absence) response variable, which necessitates the binarization of what is inherently count data. This
process results in a loss of information regarding event density, which can confound the true relationship between conditioning
factors and landslide frequency, an effect that is also scale-dependent (Lombardo et al., 2018). Poisson regression is another
GLM member that models count data Y, and allows for aggregating landslide counts and probabilities across TMUs (Tay et al.,

2014; Opitz et al., 2022). The Poisson distribution has a single parameter, A, which is both the mean and variance.

Y ~ Poisson(\) (1)
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EY)=X )
var(Y) =\ 3)
Poisson regression uses an exponential link function to estimate \:
Ai = exp(1;) 4)
k
mi=a+ Y Bz +log(A) ®)
j=1

2.1 Spatial hierarchical structure

Spatial effects in a GLM can occur at two distinct levels. At the higher level, spatial heterogeneity is often hierarchical or
contextual, capturing a top-down or vertical effect in the data structure, where the properties of an individual TMU (like a
catchment) are partly determined by the broader characteristics of the group it belongs to (like a basin) (Corrado and Fingleton,
2011). At the lower level, spatial dependency reflects the continuity of physical processes like erosion, hydrology, or slope
instability (Cellmer et al., 2019).

GLMs can be cast in hierarchical structures to account for spatial heterogeneity in predictors (Lee and Nelder, 1996; Lee
et al., 2017), such that regression coefficients vary across spatial domains (Atkinson et al., 1998; Ma et al., 2021; Dalthorp,
2004). Coefficients in hierarchical models are separated into fixed effects, associated with lower-level units (e.g., TMUs) and
random effects, which represent variability at the upper level (e.g., basins or regions). Fixed effects refer to the regression
coefficients that represent the central tendency of the model (Torres-Reyna, 2007), whereas random effects are parameters that
may influence the target variable beyond the primary focus of the model (Firebaugh et al., 2013). In terms of the Poisson

regression, both can be cast as:

k r
N = 04+Zﬁj$ij +10g(Ai)+Z%Zu +e; (6)
Jj=1 =1
fixed effects random effects

The random effects include » components, where z;; is the value of the [-th random effect component for the i-th observation
with coefficient ;. Finally, e; represents the spatially structured random effects, and log(4;) is the offset term to account for

the area of the TMU.
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Although HGLMs are frequently applied to spatial data, they are not full spatial models (Dong et al., 2015), and limited
in their assumption that covariate effects at lower levels are independent of each other, thereby neglecting spatial dependence
(Raudenbush and Bryk, 2002; Goldstein, 2011). While HGLMs naturally capture spatial effects within higher levels and pro-
vide a flexible framework for modeling the spatial heterogeneity of predictors, these models fail to capture neighborhood

structures and spatial dependency (Dong et al., 2015; Osland et al., 2016; Rabe-Hesketh and Skrondal, 2008).
2.2 Spatial Autoregressive models

The latent spatial effect at the lower level represents the unexplained, but spatially structured (horizontal or proximity-based),
component of the data that remains after accounting for the predictor effects (Austin et al., 2013; Aigner et al., 1984). Spatial
statistics offer various approaches to incorporate spatial dependence at a lower level. For discrete data, such as TMUs, auto-
regressive models are often recommended, where the spatial structure is represented by a neighborhood connectivity matrix
(Rodrigues and Assungao, 2012), and determines whether TMUs are neighbors based on metrics such as contiguity, distance,
or nearest neighbors (Moraga, 2023).

The two most common auto-regressive models for discrete data are the Simultaneously Autoregressive (SAR) and Condi-
tionally Autoregressive (CAR) models (Jaya and Chadidjah, 2021). The primary distinction between them is the scope of the
spatial dependence. SAR models treat this dependence as a global process, where the spatial effect is incorporated as a new
term reflecting the influence of all other locations, typically in the response variable or the error term (Hooten et al., 2014;
Anselin and Griffith, 1988). In contrast, CAR models define spatial dependence as a local process and are a type of Markov
Random Field (MRF) (Earnest et al., 2007; Besag et al., 1991). A spatial process is considered to have the Markov property
if the state of a parameter depends only on its immediately adjacent neighbors, making it conditionally independent of all
other locations (Clifford, 1990; Rue and Held, 2005). The most common form of MRF represents this first-order neighborhood
connectivity in terms of contiguity, where TMUs sharing a boundary are considered neighbors.

The Markov assumption of CAR models is physically well-suited for landslides, as the geotechnical and geomorphological
properties (e.g., soil depth, weathering grade, rock fractures) of one catchment are most likely to be similar to its immediate
neighbors rather than to catchments far away.

Several models have been proposed within a class of CAR structures, including intrinsic and convolution models (Besag
etal., 1991), as well as alternatives such as Leroux CAR (Leroux et al., 2000). The intrinsic CAR (ICAR) model is the simplest
CAR structure, assuming a spatially autoregressive random effect to address associations among neighboring regions (Besag
et al., 1991). The conditional expectation equals the mean of the random effects in neighboring TMUs, while the conditional
variance is inversely proportional to the number of its neighbors. This model represents strong spatial correlation structures
and may be unsuitable if the predictors are weakly correlated.

Besag et al. (1991) proposed the convolution model, or Besag-York-Mollié (BYM) model, which combines two latent
random effects, i.e. an ICAR latent effect (p) and an i.i.d. Gaussian latent effect (o). However, the two separate random effects

components cannot be individually identified, and only their sum is identifiable.
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Leroux et al. (2000) proposed using a single random effect instead, including a parameter (p) to measure the level of spatial
correlation among terrain mapping units, taking values on the unit interval. This model is a variation of the BYM and ICAR
models. Like the ICAR model, it has one spatial random-effect parameter for each TMU. However, the conditional distribution
incorporates characteristics of both structured and unstructured spatial random effects (from the BYM model) into a single
parameter (p). The Leroux model generalizes the ICAR model and the independent model (i.e., a model without any structured
spatial random effect). When p = 1, the ICAR model is recovered; when p = 0, the independent model is recovered instead.
Thus, the Leroux model seeks to balance these two models by estimating the value of p.

The choice between these models has physical implications. An ICAR model assumes a very strong, smooth spatial process,
suggesting that unobserved factors (like a large, contiguous geological formation) are dominant. The BYM and Leroux models
are more flexible, allowing the data to decide how much of the unexplained variance is due to this structured spatial process
(the "geology’) and how much is just unstructured random noise (local variability unique to that specific catchment and not

shared).
2.3 Bayesian inference framework

Bayesian methods are well-suited for handling spatial data because they are informed by prior knowledge, handle uncertainty
in a probabilistic manner, and can model complex spatial dependencies.

The fundamental concept of the Bayesian approach is to use probability to quantify uncertainty in all unknown aspects of
a statistical model (Johnson et al., 2022). The uncertainty about the model parameters, given the current state of knowledge
and without observing any new data, is described by a prior distribution. The inferential process combines the prior and the
current data model (i.e. a likelihood function of the model parameters) to derive a posterior distribution, which is typically the
objective of the inference (Congdon, 2014).

Fitting a Bayesian model involves computing the joint posterior distribution of the latent field « and the hyperparameters 6,

denoted as p(6, x|y), using Bayes’ rule:

p(ylz,0)p(x|0)p(6)
p(y)

(7

In the context of our landslide susceptibility model, these terms have specific physical interpretations. The latent field ()
represents all the unobserved spatial processes that influence where landslides occur. It is the combination of the known effects
of your predictors (constructed from fixed effects) and the spatial random effects, which account for unmeasured but spatially
structured factors, such as those modeled using a Conditional Autoregressive (CAR) prior.

The hyperparameters (), in turn, are the parameters of the prior distributions that control the overall behaviour of this
latent field. For instance, they determine the variance of the spatial random effects (i.e., the degree of smoothness in the final
susceptibility map) or the strength of the spatial correlation, p, in the Leroux model (i.e., how much a catchment’s susceptibility

is influenced by its neighbors).
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The term p(x|6) represents the prior distribution for the latent field, which mathematically formalizes our assumptions about
its structure. A key component of our latent field is the vector of spatial random effects, denoted as u. We assume these spatial
effects follow a Gaussian Markov Random Field (GMREF) structure, where the neighborhood relationships are defined by a
precision matrix ()(#). Specifically, the prior for the vector of spatial random effects v is defined as a multivariate normal

distribution:

u~N(0,Q71(6)) ®)

Depending on the likelihood and the prior distribution, computing p(6,z|y) can be challenging (Gallagher et al., 2009)
or impossible analytically. Several computational sampling approaches, such as Monte Carlo methods, have been proposed
to estimate 7 (6, z|y). Markov Chain Monte Carlo (MCMC) provides simulations from the ensemble of model parameters
(Brooks, 1998) to approximate the joint posterior distribution using random sampling. However, MCMC may require many
simulations for valid inference, and "burn-in" simulations must be completed to obtain the posterior distribution accurately
(Jones and Qin, 2022).

Some applications require only marginal inference on some parameters p(f|y), and the latent effects are integrated out to
obtain the marginal posterior distribution for the hyperparameters. For such cases, Rue et al. (2009) proposed the integrated
nested Laplace approximation (INLA), which yields univariate distributions that are computationally faster to estimate by

numerical integration techniques (Gémez-Rubio and Rue, 2018).

3 Data and methods

To achieve these objectives, we test a HSA model with a Poisson distribution for estimating landslide susceptibility, which we
define as the expected number of landslides per catchment in the Colombian Andes. Our model employs a two-level hierarchical
structure defined by hydrological scales: the three primary drainage basins (Atrato, Cauca, and Magdalena) serve as the upper
level to capture regional heterogeneity (Fig. 1), such as distinct tectonic domains, major lithological groups, or large-scale
climatic zones. While the 526 smaller catchments nested within them act as the lower-level Terrain Mapping Units (TMUs),
where we model local, proximity-based processes. This is the scale at which factors like rock-mass strength, hillslope-scale
hydrology, and shared soil properties create spatial clusters of instability. To account for spatial dependency at the lower level,
we test several conditional autoregressive structures.

The study area in the northern Colombian Andes is a tectonically active, mountainous region characterized by steep topog-
raphy, deep weathering profiles, and intense seasonal rainfall. Consequently, the landscape is dominated by frequent, rainfall-
induced slope failures. Our landslide inventory is predominantly composed of shallow translational soil slides and debris flows,
which typically mobilize residual soils and saprolite on hillslopes steeper than 25°. We compiled this inventory of 10,837 that
occurred between 1970 and 2023 (Fig. 1) from manual mapping based on true-color optical images from Google Earth Pro

(provided by Maxar/Airbus Technologies and Landsat/Copernicus), at a nominal resolution of <1 m.
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Figure 1. Landslide occurrences. (A) Study area in the northern Colombian Andes with the three main basins. (B) Inventory of 10,837

landslides mapped using Google Earth Pro (Imagery © 1970-2023 Google, Maxar/Airbus Technologies & Landsat/Copernicus)
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Aided by correlation matrix analysis and Principal Component Analysis (PCA), we selected three predictors, i.e. the number
of days with rainfall totals >20 mm (R,); mean elevation (H); and mean slope (.5). These predictors were selected for their
direct physical relevance to landslide initiation. S is a primary factor, as steeper terrain increases the shear stress on soils. Ry
acts as a proxy for the frequency of triggering events; intense rainfall increases pore-water pressure within the soil. Finally,
H often serves as an effective proxy for a combination of factors, including orographic effects on precipitation, variations in
geological materials and weathering, and changes in land cover, all of which strongly influence slope stability. We derived the
terrain parameters from the digital elevation model (DEM) of the Advanced Land Observing Satellite-Phased Array-Type L-
Band Synthetic Aperture Radar (ALOS-PALSAR) at a resolution of 12.5 m (Logan et al., 2014). We computed R, from 1981
to 2023 with Google Earth Engine (GEE) using the Climate Hazard Group InfraRed Precipitation with Station Data (CHIRPS)
(Funk et al., 2015) version 2.0 at a 5-km resolution.

The spatial structure at the lower level was represented employing the Queen adjacency rule (Moraga, 2023), where TMUs
are considered neighbors if they share at least one border. The derived spatial contiguity weight and covariance matrices are

shown in Figure 2.
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Figure 2. Spatial contiguity weight matrix (queen). (A) Adjacency matrix representation. (B) Covariance matrix visualization.



225

230

235

240

245

250

https://doi.org/10.5194/egusphere-2026-1749
Preprint. Discussion started: 18 May 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

4 Results

We present the results from a series of five hierarchical models designed to assess landslide susceptibility in the northern
Colombian Andes. This series follows a progression of increasing complexity to systematically evaluate the impact of spatial
effects. We begin with a simple Poisson model (M1) to estimate the predictor effects on landslide counts, assuming spatial
independence. We then introduce a multilevel model (M2) that incorporates random intercepts at the upper level (basins). We
further extend this structure by modeling spatial dependence at the lower level (catchments) with Conditional Autoregressive
(CAR) structures in the random effects. We explore three increasingly flexible spatial models: the Intrinsic Conditional Au-
toregressive (ICAR) model (M3), the Besag—York—Mollié (BYM) model (M4), and the Leroux model (M5). This progression
of models, from a simple non-spatial baseline to different spatial formulations, enhances the capacity to represent both large-
scale spatial heterogeneity and local spatial dependency, providing a more comprehensive framework for capturing the spatial

complexity of landslide processes.
4.1 Model 1: Simple Poisson model

Our simplest model (M1) is a standard Poisson GLM where the expected landslide count, \;, is modeled as a function of our

three predictors, including an offset term to account for the area of each catchment (A;). The linear predictor is defined as:

1 = Bo+ P1Rd; + B25; + B3 H; +1og(A4;) )

where Y; is the number of landslides in catchment 7. This count is modeled as a function of days with rainfall exceeding 20
mm (Rd), mean catchment slope (.5), and mean catchment elevation (H), and includes an offset term, log(A;), to normalize
for the area (A;) of each catchment.

This simple Poisson model reveals significant positive relationships between landslide occurrence and all predictors. After
exponentiating the model coefficients to obtain Rate Ratios (RR), we found that for each additional day with rainfall exceeding
20 mm, the expected landslide count increases by a factor of 1.16 (RR =1.16, p < 0.05). For each one-degree increase in mean
catchment slope, the expected count multiplies by 1.85 (RR = 1.85, p < 0.01). For each one-meter increase in mean catchment
elevation, the expected count increases by a factor of 1.51 (RR = 1.51, p < 0.01). These results highlight mean slope as the
predictor with the strongest effect on landslide rates.

The Moran’s statistic indicates residual spatial autocorrelation, which may reduce the reliability of the model estimates,
and suggests the need for additional spatial effects or a more sophisticated spatial structure. This strong spatial clustering in
the residuals (Fig. 3) is a clear statistical signal of unmodeled physical processes. It indicates that our predictors (slope, rain,
elevation) are insufficient on their own to explain where landslides are concentrated, strongly suggesting the presence of an

underlying, spatially-organized geological or soil factor.

10
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Figure 3. Model M1 — Standard Poisson. (A) Observed landslide counts per catchment in the northern Colombian Andes. (B) Standardized
Pearson residuals from the baseline Poisson model without spatial effects (M1). The residuals show pronounced spatial clustering, indicating
strong residual spatial autocorrelation. The high Moran’s Index (MI = 0.513) supports the presence of unaccounted spatial structure in the

model.

4.2 Model 2: Random intercept model at basin level

The random intercept model at basin level includes an unstructured latent random effect at the basin level (Cauca, Magdalena,

and Atrato):

Yij ~ Poisson(\ij),\ij = exp(Bo + B1Rd; + B2.S; + B3 H; +uj +log(A;)) (10)

where u; is the random intercept for basin j, capturing unobserved heterogeneity (i.e., systematic baseline differences)
among the known basins.
Prior to modeling, all predictors were standardized (e.g., scaled to a mean of O and a standard deviation of 1). After fitting

the model, all three predictors showed credible positive effects. In particular, slope and elevation show relatively high posterior

11
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means (0.661 and 0.485, respectively), suggesting strong contributions to landslide susceptibility. While the effect of rainfall
days is small (0.299), it remains positive.

The global intercept of the model represents the average baseline landslide susceptibility for the entire study area (i.e., the
mean across all 526 catchments). The basin-specific random effects are then interpreted as deviations from this overall average.
Among these effects, only the Cauca basin has a positive posterior mean (0.311), indicating a higher baseline susceptibility rel-
ative to this global intercept. Conversely, the Atrato and Magdalena basins show negative or near-zero values, suggesting either
inherently lower landslide activity or that their local variability is better captured by other, likely catchment-level predictors.

This M2 formulation (DIC = 13,228; WAIC = 10,296) shows a notable improvement in model fit over the non-spatial M1
benchmark (DIC = 13,649; WAIC = 10,295). Furthermore, the residual Moran’s Index (MI) decreases substantially from 0.513
(M1) to 0.447 (M2), indicating that incorporating basin-level heterogeneity successfully reduced some of the residual spatial
autocorrelation. This reduction shows that some of the spatial clustering is due to large-scale regional differences between
basins (e.g., the Cauca basin being inherently more susceptible). However, the still-high Moran’s I confirms that most of the

spatial structure exists at a local, catchment-to-catchment scale.
4.3 Model 3: ICAR model

To account for local spatial dependency at the TMU level, we test the Intrinsic Conditional Autoregressive (ICAR) model:

Y; ~ Poisson(\;),\; = exp(Bo + B1Rd; + B2 + B H; + u;) an

where u; is a spatial random effect that follows an ICAR structure. The ICAR prior for u; is defined as:

1 o2
iHu; :j#£it~N| — g Pp— 12
UH“J Jj#i} n Uj n (12)

which ensures that spatially neighboring units have similar random effects, imposing smoothness on the spatial structure.

In terms of fixed effects, the posterior means for slope (0.727) and elevation (0.832) remain credibly positive, confirming
their effect on landslide susceptibility. The estimate for rainfall days (1.355) is substantially higher than in previous models.

The random intercepts at the basin level are more spread out in this model: Cauca continues to exhibit a strong positive
effect (0.757), whereas Atrato (-0.521) and Magdalena (-0.235) are negative, indicating that basin-level heterogeneity is not
fully explained.

Although the DIC (2626) and WAIC (2657) are slightly higher than in the BYM and Leroux models, the residual Moran’s
Index (MI) drops to -0.254, the lowest across all models tested. This behaviour of the spatial model is controlled by the precision
of the TMU-level effect, a hyperparameter that dictates how much the spatial random effect is allowed to vary between adjacent
catchments. A high precision forces neighbors to be very similar (i.e., high smoothing), while a low precision allows for more
local variability. We estimated a precision of 5.253. As precision is the inverse of variance (1/5.253 ~ 0.19), this value indicates

a relatively low variance, reflecting that the model is applying a moderate level of spatial smoothing across neighboring units.

12
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Figure 4. Model M2 — Multilevel Poisson with Random Effects at Basin Level. (A) Pearson residuals from the multilevel Poisson model
including an unstructured random intercept at the basin level (Atrato, Cauca, Magdalena). (B) Distribution of residuals by basin. While
the inclusion of upper-level heterogeneity reduces some regional variability, spatial clustering of residuals remains apparent—especially in
the Cauca basin—suggesting unaccounted local spatial dependence. The residual Moran’s Index (MI = 0.447) confirms the persistence of

moderate spatial autocorrelation, thus justifying the need for models incorporating spatial dependency at the catchment level.

4.4 Model 4: Besag—-York—-Molli¢ (BYM) model

The BYM model combines spatially structured and unstructured random effects:

Y; ~ Poisson(\;), \; = exp(Bo + f1Rd; + B2.S; + B3 H; + u;) (13)

where u; includes both structured and unstructured components, accounting for overdispersion and unobserved heterogene-
ity.

Regarding fixed effects, all predictors have positive coefficients. Slope and elevation remain credibly non-zero, with posterior
means of 0.745 and 0.408, respectively, in the R-INLA implementation. The effect of rainfall days is reduced compared to the
ICAR model (now 0.121).
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Figure 5. Model M3 — Intrinsic Conditional Autoregressive (ICAR). (A) Predicted landslide counts using the ICAR model at the catchment
level. (B) Pearson residuals after including a spatially structured random effect via an ICAR prior. The spatial pattern of residuals is substan-

tially reduced (MI = —0.254), indicating that the model effectively captures local spatial dependence in landslide occurrences.

The estimated precision for the TMU-level effects is 1.42, corresponding to a posterior variance of approximately 0.704,
which confirms residual overdispersion, but lower than in the ICAR-only model (variance = 0.19). The upper-level (basin)
random effects are largely attenuated in this specification, with near-zero posterior means for all three basins: Atrato (-0.001),
Cauca (0.001), and Magdalena (0.000), indicating that most of the regional variation has been absorbed by the flexible structure

at the TMU level.
Model fit remains favorable, with a DIC of 2524 and WAIC of 2453, showing only marginal increases in complexity relative
to the ICAR model. The residual Moran’s Index (MI) is -0.111, suggesting that the model effectively mitigates residual spatial

autocorrelation.
4.5 Model 5: Leroux model

Lastly, we evaluate the Leroux model, incorporating spatial independence at the upper level, and a parameter to control the

degree of spatial smoothing:

Y; ~ Poisson(\;), \; = exp(Bo + f1Rd; + B2.5S; + B3 H; + u;) (14)

where u; follows a Leroux prior:
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Figure 6. Model M4 — Besag—York—Mollié (BYM). (A) Predicted landslide counts under the BYM model, which includes both structured
and unstructured random effects at the TMU level. (B) Residuals show moderate spatial randomness, with most high values removed and MI

reduced to 0.073. The BYM model balances spatial smoothing and overdispersion control, improving model fit relative to ICAR.

u~N|p Z wijug, (1—p)o? (15)
JEN(9)

with p controlling the balance between spatial dependence and independence, allowing flexibility in the spatial structure.

The posterior estimates for the fixed effects remain credibly positive. Both slope and elevation retain significant contributions
to landslide susceptibility, with posterior means of 0.818 and 0.628, respectively. In contrast, the effect of rainfall days remains
low and statistically ambiguous (0.134), consistent with the pattern observed in the BYM model.

The posterior mean of p = 0.869 shows a strong spatial dependency, indicating that most of the variability in the latent
field is explained by the spatially structured component. This is a key physical finding, indicating that the landslide process
is dominated by local spatial dependence. In physical terms, this means that nearly 87% of the unexplained variability is
structured (shared with neighbors) rather than random. This provides strong quantitative evidence that unobserved factors,
such as contiguous lithology, soil type, or fracture networks, are a primary control on the landslide pattern.

The precision associated with the TMU-level effect is 0.401, corresponding to a posterior variance of approximately 2.49,
which highlights a relatively high degree of overdispersion at the local level. The random intercepts at the basin level again
show minimal influence, with posterior means near zero: Atrato (0.025), Cauca (-0.008), and Magdalena (-0.017), suggesting

that once catchment-level spatial structure is incorporated, there is little remaining variability attributable to basin-level context.
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Model performance is comparable to the BYM model, with DIC and WAIC values of 2522 and 2471, respectively. These
scores confirm that the Leroux model fits the data well while maintaining interpretability and computational efficiency. Impor-

tantly, the residual Moran’s Index (MI) is -0.159, indicating that residual spatial autocorrelation has been effectively mitigated.
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Figure 7. Model M5 — Leroux.(A) Predicted landslide counts from the Leroux model, which flexibly combines spatial and unstructured
effects through a data-driven spatial dependency parameter (p=0.869). (B) Pearson residuals demonstrate low residual spatial structure (MI
= —0.217), confirming that the Leroux formulation effectively mitigates spatial autocorrelation while maintaining model parsimony and

interpretability.

5 Discussion
5.1 Selecting the best model

Among all models evaluated, the Leroux conditional autoregressive model (M5) offers the best balance between model fit,
spatial structure representation, and residual independence. While the ICAR model (M3) has the lowest residual Moran’s
Index (-0.254), this comes at the cost of inflated parameter estimates—particularly the rainfall coefficient—and a higher level
of complexity due to a missing noise term. The BYM model (M4) performs comparably, with acceptable fit (DIC = 2524,
WAIC = 2453) and effective control of overdispersion (variance=0.704), but still assumes independence between structured
and unstructured spatial components.

Model selection criteria also overwhelmingly favor the spatial models. All three spatial formulations (M3-M5) provided
an important improvement in model fit compared to the non-spatial baseline (M1), as evidenced by the massive drop in DIC
and WAIC values. While this confirms the necessity of including spatial effects, the models were not all equally optimal. The

Leroux model (M5), in contrast, provides a flexible spatial formulation that blends structured and unstructured effects within
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Table 1. Table 1. Results. Moran’s Index (MI). The inverse of the precision is the variance.

Variables M1 M2 M3-ICAR  M4-BYM  M5-Leroux
Fixed Effects

Intercept -15.550 -15.684  -16.847 -16.758 -16.717
Rainfall days 0.150 0.299 1.355 0.121 0.134
Mean elevation 0412 0.485 0.832 0.408 0.628
Mean slope 0.617 0.661 0.727 0.745 0.818
Random Effects

Atrato - -0.131 -0.521 -0.001 0.025
Cauca - 0.311 0.757 0.001 -0.008
Magdalena - -0.179 -0.235 0.000 -0.017
p - - 1 - 0.869
Precision TMU - - 5.253 1.42 0.401
Precision basins - 27.5 0.323 16,151 152.414
DIC 13,649 13,228 2626 2524 2522
WAIC 10,295 10,296 2657 2453 2471
MI (res) 0.513 0.447 -0.254 0.073 -0.217

a single latent field via the autoregressive parameter p, which is estimated at 0.869. This allows for adaptive smoothing driven
by the data, while avoiding overfitting and preserving parsimony. The fixed effects remain stable and interpretable, and the
residual spatial autocorrelation is largely removed (MI = —0.159). Moreover, the model retains the lowest DIC (2522) and

WAIC (2471) among the spatial formulations, suggesting a better trade-off between complexity and explanatory power.
5.2 Physical interpretation of spatial effects

A key limitation of most hierarchical models previously used in landslide susceptibility studies is the assumption that Terrain
Mapping Units (TMUs) are spatially independent. This simplification neglects both local spatial interactions among neighbor-
ing TMUs and regional-scale spatial heterogeneity, potentially leading to biased or incomplete representations of the underlying
spatial processes.

Our findings directly address this limitation. The best-performing model (M5 - Leroux) quantitatively revealed the magni-
tude of these processes by estimating the spatial autoregressive parameter, p, at 0.869. This high value, which approaches the
1.0 of a fully spatial model, provides a clear answer: these spatial processes are dominant. We learn that even after accounting
for the known fixed-effect predictors (slope, elevation, rainfall), a significant component of landslide occurrence is attributable
to unobserved, spatially structured factors. These factors likely represent underlying geological characteristics, anthropogenic

effects, or soil properties that are spatially contiguous across catchments but were not explicitly included as predictors. There-
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fore, our results demonstrate that failing to model this strong spatial dependence, as standard models do, would omit one of the
most influential components driving the observed landslide patterns.

By explicitly modeling this spatial structure (as in M3-MS5), the model can disentangle these correlated effects, providing
a less biased estimate of the true relationship between predictors and landslide occurrence. For instance, the slope coefficient
increased from 0.617 (M1) to 0.818 (M5), and elevation from 0.412 to 0.628, suggesting the spatial confounders in the M1
model were likely acting as suppressors.

The spatial models also re-allocate variance between the hierarchical levels. In the standard (non-spatial) multilevel model
(M2), the basin-level random effects were notable (e.g., 0.311 for Cauca). However, once local spatial interactions among
catchments are included (M3-MS5), these upper-level (basin) effects decrease to near-zero, indicating that much of the variability
previously attributed to basin-level context is now better explained by the local spatial structure. This pattern suggests that
rainfall-related spatial variability is being partially absorbed by the spatial random effect, particularly in models like ICAR and

Leroux that impose strong local smoothing.
5.3 Implications for susceptibility zonation

These findings have direct implications for the practice of landslide susceptibility zonation. A traditional, non-spatial model
(like M1) produces a patchy map, where susceptibility is driven only by the local predictors. This map would fail to capture the
cohesive, higher-susceptibility zones where landslides cluster due to shared geological weaknesses. Our spatial HGLM (M5),
by incorporating the p parameter, effectively listens to the neighboring catchments. The resulting map is smoother and, more
importantly, propagates susceptibility across contiguous areas that share these unobserved factors. This creates zones of high

susceptibility (e.g., in the Cauca basin) that are more geologically realistic, providing a superior tool for land-use planning.

6 Conclusion

This study underscores the critical need to incorporate spatial hierarchical models in landslide susceptibility mapping. Land-
slide susceptibility is inherently a spatial process, and traditional models often fail to account for the spatial dependence and
heterogeneity present in geospatial data, leading to biased or inaccurate predictions.

Our research demonstrates that spatial HGLMs provide a more robust framework for landslide susceptibility assessment.
By integrating spatial dependency effects and spatial heterogeneity, these models address the limitations of standard multilevel
models. The incorporation of MRF models, such as ICAR, BYM, and Leroux, allows for a detailed representation of spatial
relationships.

In practical terms, the spatial HGLM approach results in susceptibility maps that are smoother and more accurate, reflecting
the underlying spatial processes governing landslide occurrence. We argue that addressing spatial dependence and heterogene-

ity through spatial hierarchical models yields better estimates and more reliable susceptibility maps.
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