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Abstract

Landslides constitute one of the most lethal and costly hydrometeorological hazards at the
global scale. There is a growing trend associated with the increase in extreme precipitation
and the expansion of urban development on unstable slopes. In the tropical Andes, this
problem is intensified under climate change scenarios. The objective of this study is to
develop a logistic regression model to analyze socioeconomic risk due to landslides in
the Bogotá Savannah (Colombia). An integrated risk model was developed using binary
logistic regression and a socioeconomic vulnerability index. A total of 12 physical–biotic
variables and SSP climate projections (2021–2040) were used. A GIS-based environment was
implemented to generate prospective spatial risk scenarios. The model demonstrated high
robustness and predictive capability, with an improvement in statistical goodness-of-fit of
8.2% (AIC: 2574–2367), adequate probabilistic calibration (Pseudo-R2: 0.675; Brier Score:
0.084), and excellent predictive performance (AUC: 0.935; sensitivity: 84.7%; specificity:
90.0%). Simulations estimated maximum risk probabilities close to 0.600 (scale between
0 and 1), concentrated in geomorphologically critical sectors. Simulations under SSP
scenarios showed a progressive increase in risk toward 2040 (up to 0.673), associated with
precipitation increases between 10 and 30%. Integrated modeling constitutes a reliable
technical tool for land-use planning, climate adaptation, and prospective landslide risk
management in urbanized Andean regions.

Keywords: probabilistic hazard assessment; Shared Socioeconomic Pathways (SSP);
territorial vulnerability; geospatial modeling; land-use planning; hydroclimatic extremes

1. Introduction
Landslides constitute one of the most lethal hydrometeorological geohazards at the

planetary scale. These events generate economic losses exceeding USD 20 billion annu-
ally and thousands of fatalities documented each year in international databases such as
EM-DAT and the Global Fatal Landslide Database [1,2]. In the context of global climate
variability, these phenomena have shown an upward trend in both frequency and mag-
nitude since the late twentieth century. This trend is primarily driven by the increase in
the intensity of extreme precipitation events associated with global warming [3,4]. The
highest density of fatal events concentrate in tropical mountainous regions. Currently,
approximately 13% of the global land surface is classified under conditions of very high
landslide susceptibility, with the Andes Mountain Range representing one of the principal
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global hotspots. In Latin America, Colombia, Mexico, and Brazil record the highest rates of
landslide-induced disasters. This phenomenon is exacerbated by unplanned urban expan-
sion on unstable slopes and by limited institutional capacity in risk management [5–7].

Intense precipitation constitutes the primary trigger of landslides at the global scale,
with consolidated evidence linking increases in the frequency and intensity of extreme
rainfall events. There is a significant increase in susceptibility and risk associated with
these phenomena, projected under the Shared Socioeconomic Pathway (SSP) scenarios
of CMIP6 [8,9]. The Sixth Assessment Report of the IPCC (AR6, 2021) establishes that
global warming will intensify hydroclimatic anomalies in tropical mountainous regions.
The northwestern Andes of South America, including Colombia, represent one of the areas
with the highest projected variability in precipitation regimes for the 2021–2040 horizon.
This occurs under all SSP scenarios considered. Available projections for tropical South
America indicate significant increases in precipitation variability and intensification of
extreme events toward the mid-twenty-first century, particularly under SSP3-7.0 and SSP5-
8.5 scenarios [10,11]. Nevertheless, a significant gap persists in the scientific literature.
Operational landslide risk models at the regional scale in Latin America rarely integrate
SSP projections as prospective inputs for land-use planning and risk management [12–14].

Landslide risk modeling has evolved from heuristic and bivariate statistical ap-
proaches, such as the frequency ratio index and weight-of-evidence analysis, toward
machine learning (ML) methods and physically based models. This capacity to capture
nonlinear relationships among conditioning factors has substantially improved predic-
tive accuracy [15]. However, high-complexity ML models present critical limitations in
interpretability and transferability that restrict their applicability in land-use planning
and institutional landslide risk management contexts [16,17]. In contrast, logistic regres-
sion maintains a central role in the specialized literature due to its statistical robustness,
methodological transparency, and efficiency with limited datasets. Logistic regression is
consistently validated in comparative studies as a robust technique for hazard estimation
at the regional scale [18]. In the present study, logistic regression was selected because
the objective extended beyond predictive optimization toward the development of an
interpretable and operational framework for prospective territorial risk assessment. Al-
though ensemble machine learning methods may achieve higher predictive performance,
their limited interpretability may constrain applicability in land-use planning. Logistic
regression enables transparent estimation of predictor effects, probabilistic interpretation,
and straightforward integration of SSP-based climate projections within a reproducible
modeling framework. The most commonly used physical and biotic variables in these mod-
els include slope, lithology, vegetation cover, cumulative precipitation, and land use [15].
However, the literature identifies three persistent limitations: the predominance of static
susceptibility models, the limited integration of socioeconomic vulnerability indicators
(scientific production <15% of the total published on risk), and the low incorporation of
future climate scenarios as prospective inputs [19,20].

Landslide risk is commonly defined as a function of three interdependent compo-
nents: physical hazard, exposure, and vulnerability. The latter represents the dimension
that introduces the greatest spatial heterogeneity in total risk estimation at the regional
scale [21,22]. Socioeconomic indicators, including poverty levels, population density, access
to basic services, and urban informality, critically determine the response and recovery
capacity of exposed communities facing landslide events [23]. Empirical evidence is con-
clusive. Ronco et al. [24] demonstrated, through analysis conducted between 2016 and
2021 in 90 countries, that displacement due to landslides can be primarily attributed to the
combination of deficient housing conditions and precipitation intensity. This confirms that
differential vulnerability significantly amplifies human and material losses under the same
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level of physical hazard. In the Colombian tropical Andes, this issue acquires particular
relevance. Colombian communities informally settled on unstable slopes in cities such as
Bogotá and Medellín concentrate the highest historically recorded mortality rates due to
landslides [7,25]. Nevertheless, a critical scientific gap persists in the literature. Integrated
models that simultaneously combine physical hazard and socioeconomic vulnerability
for hillside zones in the tropical Andes remain scarce [26,27]. This limitation reduces the
effectiveness of land-use planning instruments and landslide risk management strategies.

The analysis of the specialized literature allows the identification of three scientific
gaps that justify the present study. First, there is a scarcity of quantitative landslide risk
models that simultaneously integrate physical, biotic, and socioeconomic variables for
the tropical Andes and the Bogotá Savannah. Available studies in the region address
either physical susceptibility or social vulnerability in isolation [19,26], without a systemic
perspective on landslide risk. Second, SSP scenarios from CMIP6 (climate projections
to 2040 from IDEAM) have been scarcely incorporated into operational territorial risk
management tools at the regional scale in the tropical Andes and Colombia, limiting the
prospective capacity of land-use planning decisions [28]. Third, the predominance of partial
approaches (focused solely on hazard or vulnerability) prevents a holistic estimation of
landslide risk required for effective planning [29]. In response to these gaps, the present
study contributes an integrated logistic regression model that incorporates physical, biotic,
and socioeconomic variables, projected under SSP scenarios for the 2040 horizon. Its results
can be directly applied to land-use planning instruments in regions of the tropical Andes
and contribute to the achievement of the Sustainable Development Goals (11: Sustainable
Cities and Communities, and 13: Climate Action).

In this context, the objective of this study is to develop a logistic regression model
to analyze socioeconomic landslide risk in the Bogotá Savannah (Colombia) through the
integration of physical, biotic, and socioeconomic variables under climate change scenarios.
The study addresses three scientific gaps identified in the literature: the limited integration
of territorial vulnerability in landslide models, the scarce incorporation of SSP climate
projections in operational risk assessments, and the lack of integrated approaches for
tropical Andean regions. Prospective risk scenarios for 2040 were evaluated using regional
SSP climate projections.

2. Materials and Methods
2.1. Study Area

The characterization of the study area is presented as an integral component of the
methodological framework, given that the geomorphological, hydroclimatic, and territo-
rial conditions of the Bogotá Savannah directly determine the selection of conditioning
variables, model structure, and spatial interpretation of landslide susceptibility and socioe-
conomic risk.

The Bogotá Savannah is located in the Department of Cundinamarca, within the
Eastern Cordillera of the Colombian Andes, approximately at coordinates 4.848◦ N and
−74.020◦ W (Figure 1). The study area covers an approximate surface of 427,163 hectares
and has a perimeter of 433.7 km, comprising 49 municipalities and the megacity of Bogotá.
From a land cover perspective, the region includes nearly 230 km2 of forested areas and
approximately 4041 km2 of non-forested land, predominantly characterized by agricultural
and urban uses. The hydroclimatic regime presents annual precipitation ranging between
500 and 2000 mm, with maximum values in the northeastern sector of the territory, and
temperatures ranging between 0 and 18 ◦C, characteristic of high-Andean ecosystems.
According to the Caldas–Lang climate classification [30], ten climatic zones are identified,
with cold semi-arid zones predominating (approximately 1160 km2). Likewise, the aridity
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index presents values >0.20, with nearly 1991 km2 under conditions of water deficit. These
environmental characteristics, combined with territorial transformation processes, establish
a context of particular environmental vulnerability in the study region.

 

Figure 1. Location of the Bogotá Savannah, Colombia. Regional location and location of instabil-
ity zones.

From a hydrological and geomorphological perspective, the study region is predomi-
nantly located within the Bogotá River basin, with a small fraction in the Garagoa River
basin. The study area contains 21 sub-basins, among which the Tibitoc–Soacha sub-basin
stands out, with an approximate extent of 718 km2. The territory includes four moor com-
plexes and nine units of the Cundiboyacense high plateau, with the Cruz Verde–Sumapaz
moor being the largest (276 km2), located in the southeastern sector. Additionally, ap-
proximately 398 km2 of wetlands are recorded, representing key ecosystems for regional
hydrological regulation. In terms of land cover, grasslands predominate (1650 km2), fol-
lowed by crop–pasture mosaics (798 km2), artificialized territories (523 km2), and dense
herbaceous vegetation (338 km2). Soil degradation processes are also significant, with
approximately 2660 km2 affected by very slight salinization and 2374 km2 exhibiting mod-
erate erosion. These conditions, together with urban expansion on slopes and geologically
susceptible zones, increase territorial exposure to slope instability processes in the trop-
ical Andes (Figure 1). These biophysical and socio-environmental conditions make the
Bogotá Savannah a particularly relevant territory for evaluating risks associated with mass
movement processes under climate change scenarios, especially in urban and peri-urban
contexts of the Andean tropics.
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2.2. Preliminary Scope Review and Selection of Conditioning Variables

To identify the most widely used modeling approaches and explanatory variables in
landslide susceptibility studies, a preliminary scope review was conducted for the period
2020–2024. The following scientific databases were considered: Scopus, ScienceDirect,
Taylor & Francis, and Google Scholar. The preliminary scope review was structured into
three consecutive stages: (i) characterization of the bibliographic universe, (ii) identification
of modeling approaches, and (iii) identification of explanatory variables. In the first
stage, the combination of keywords “Landslides” and “Susceptibility” was used, allowing
the identification of an initial universe of 3647 documents. A preliminary analysis was
conducted on this information universe using descriptive statistics. In the second stage,
the term “Model” was incorporated into the search algorithm, enabling the identification
of 13 predominant modeling approaches employed in landslide susceptibility studies.
Based on inclusion criteria related to thematic relevance, methodological quality, and
recurrence in the literature, 29 scientific articles were selected for detailed analysis of
modeling approaches. Lastly, in the third stage, the term “Variable” was incorporated into
the search strategy, enabling the identification of 12 explanatory variables with the highest
recurrence in landslide susceptibility models. This was achieved through the analysis of
an additional 44 articles, resulting in a total of 73 documents analyzed in the preliminary
scope review. In other words, the information exclusion rate corresponded to 99.7% of the
initial universe of records.

This preliminary scope review was conducted exclusively to support the selection of
conditioning variables and the modeling approach used in the present study. Therefore, it
should be interpreted as a methodological justification step rather than as a systematic or
standalone review of landslide susceptibility literature.

To evaluate the relative relevance of the identified modeling approaches and explana-
tory variables, a normalized relative citation index was applied [31], calculated from the
citation frequency of each approach or variable across the considered databases. This index
was classified into bibliographic influence quartiles with values ranging between 0 and 1,
defined as: Q1 (1–0.75), Q2 (0.75–0.50), Q3 (0.50–0.25), and Q4 (0.25–0). The Q1 quartile rep-
resented the highest level of scientific relevance (highest citation frequency). The final index
value was obtained through the arithmetic mean of the values recorded in each database,
reducing potential bias derived from differences in bibliographic coverage among the
databases considered. The bibliometric analysis was conducted in RStudio V.4.x (Boston,
MA, USA) using the bibliometrix package and its Biblioshiny interface (Naples, CAM,
Italy), tools widely used in scientometric analyses for the evaluation of scientific trends [32].
Initially, descriptive statistics were applied to characterize the temporal, geographic, and
thematic distribution of the bibliographic universe. Subsequently, the citation frequency of
modeling approaches and explanatory variables was evaluated, as well as their geographic
distribution in the analyzed studies. The potential association between approaches and
variables was evaluated using Fisher’s exact test (α = 0.05), recommended for contingency
matrices with small frequencies [33]. Lastly, a Principal Component Analysis (PCA) was
applied based on presence–absence matrices of variables in the selected documents. This
procedure aimed to identify co-occurrence patterns and reduce the dimensionality of the
set of variables used in landslide susceptibility models.

2.3. Socioeconomic Landslide Risk Modeling Framework

The construction of the socioeconomic landslide risk model was carried out through
the integration of a probabilistic hazard model and a socioeconomic vulnerability model.
The conceptual framework for risk assessment proposed by United Nations Office for Disas-
ter Risk Reduction (UNDRR) and Intergovernmental Panel on Climate Change (IPCC) [34]
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was followed, in which risk was defined as a function of hazard and vulnerability. The
hazard model was developed using binary logistic regression, a technique widely applied
in landslide susceptibility studies due to its capacity to estimate occurrence probabilities
from continuous and categorical explanatory variables [35]. The analysis was implemented
in RStudio V.4.x (Boston, MA, USA) for statistical modeling and ArcGIS ArcMap V.10.8.2
(Redlands, CA, USA) for spatial processing and analysis of variables.

For prospective simulations under SSP scenarios (2021–2040), only the maximum
24 h precipitation variable was dynamically modified using regional climate projections
from IDEAM [36]. Land use, socioeconomic vulnerability, population distribution, and
other physical conditioning variables were kept constant to isolate the climatic effect on
landslide risk. This assumption was considered appropriate given the relatively short
projection horizon and the absence of harmonized spatial projections of urban expansion
and demographic redistribution at the regional scale of the Bogotá Savannah. In this
study, climate-related effects were operationalized exclusively through projected changes
in maximum 24 h precipitation derived from regional SSP scenarios (2021–2040). Therefore,
prospective simulations should be interpreted as precipitation-driven modifications in
landslide susceptibility and socioeconomic risk rather than as a comprehensive represen-
tation of climate change impacts. Other physical, land-use, and socioeconomic variables
were kept constant to isolate the influence of projected hydroclimatic variability on slope
instability processes within the Bogotá Savannah.

Socioeconomic vulnerability was estimated using a composite index constructed from
three territorial indicators [37,38]: socioeconomic status (https://www.dane.gov.co/index.
php/servicios-al-ciudadano/servicios-informacion/estratificacion-socioeconomica, ac-
cessed on 1 January 2024), poverty classification—SISBEN IV (https://www.sisben.gov.co/
Paginas/conoce_el_sisben.html, accessed on 1 January 2024), and the Multidimensional
Poverty Index (MPI) from DANE (https://microdatos.dane.gov.co/index.php/catalog/903,
accessed on 1 January 2024). These indicators were integrated through normalized weight-
ing. Lastly, landslide risk was obtained through the spatial combination of hazard and
vulnerability surfaces, generating probabilistic risk maps applicable to land-use planning
and prospective risk management.

2.3.1. Landslide Inventory and Sample Construction

The model was constructed from an inventory of 2450 mass movement events. This
inventory was obtained through the integration of records from the Mass Movement Infor-
mation System (SIMMA–SGC) (Table S1), identification using official orthophotographs
from IGAC, and visual verification in Google Earth for the period 1900–2024. The inventory
was divided into 70% for training (n = 1715), 10% for calibration (n = 245), and 20% for
validation (n = 490). To construct the binary logistic regression model, both landslide and
non-landslide samples were incorporated. The susceptibility database consisted of 4900
records, including 2450 documented landslide events and 2450 non-slide observations.
Non-slide samples were generated from areas without documented landslide occurrence
to represent absence conditions and support probabilistic discrimination between stable
and unstable terrain. This strategy has been recommended to evaluate model stability and
avoid overfitting problems in predictive models of natural hazards [39]. The dataset was
divided into 70% for training, 10% for calibration, and 20% for validation.

2.3.2. Conditioning Factors and Spatial Standardization

The model incorporated 12 physical and biotic variables related to slope stability,
previously identified in the literature review: maximum precipitation in 24 h, elevation,
slope, slope aspect, topographic wetness index (TWI), plan curvature, normalized differ-
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ence vegetation index (NDVI), distance to roads, distance to rivers, distance to geological
faults, lithology, and land use. The information for these variables was obtained from the
digital elevation model (DEM) generated by the Phased Array L-band Synthetic Aperture
Radar (PALSAR) on the Advanced Land Observing Satellite (ALOS)—ALOS PALSAR DEM
(12.5 m) (https://www.earthdata.nasa.gov/data/tools/vertex, accessed on 1 January 2024),
Sentinel-2 (10 m) (https://dataspace.copernicus.eu/data-collections/copernicus-sentinel-
missions/sentinel-2, accessed on 1 January 2024), thematic cartography from Agustín
Codazzi Geographic Institute—IGAC (https://www.colombiaenmapas.gov.co/inicio, ac-
cessed on 1 January 2024), and Colombian Geological Survey—SGC (https://www2.sgc.
gov.co/sgc/mapas/Paginas/geoportal.aspx, accessed on 1 January 2024). These variables
were standardized to an approximate spatial resolution of 12.5 × 12.5 m, consistent with
common practices in regional landslide susceptibility modeling [40].

A detailed layout of the conditioning parameters used in the landslide susceptibility
model is presented in Table S2, including variable type, thematic classification, spatial
resolution, source, and role within the modeling framework. The conditioning variables
were spatially standardized to a resolution of 12.5 × 12.5 m (Figure S1). Land-use in-
formation corresponded to the official IGAC land-cover cartography for the year 2021,
which was used as the baseline territorial condition for model calibration and maintained
constant during SSP-based prospective simulations (2021–2040) to isolate the climatic effect
on landslide risk.

2.3.3. Derivation of Geomorphological and Biophysical Variables

The variables used represented the principal geomorphological, hydrological, and
anthropogenic controls on slope stability. Elevation, slope, slope aspect, and plan curvature
were derived from the ALOS PALSAR DEM (12.5 m), with altitudinal values ranging
between 2532 and 3991 m above sea level in the Bogotá Savannah. These variables were
derived from ALOS PALSAR DEM (12.5 m), Sentinel-2 (10 m), and official cartography
from IGAC and SGC. The Topographic Wetness Index (TWI) [41] was calculated using
Equation (1):

TWI = ln
(

As

tanβ

)
(1)

where As corresponded to the specific catchment area and β represented the local slope.
The obtained values ranged between 0.8 and 27, indicating spatial gradients of moisture
accumulation. The Normalized Difference Vegetation Index (NDVI) [42] was estimated
from Sentinel-2 imagery using the following spectral relationship (Equation (2)):

NDVI =
NIR − Red
NIR + Red

(2)

with values ranging between −1–0.76, representing gradients of vegetation cover. Proximity
variables (distance to rivers, roads, and faults) were calculated using Euclidean distance
based on official cartography from IGAC (1:25,000) and the Colombian Geological Survey
(1:100,000), with maximum ranges of 3.6 km for rivers and 40 km for roads and faults.
Maximum precipitation in 24 h was estimated from 73 meteorological stations of Colombian
Institute of Hydrology, Meteorology, and Environmental Studies—IDEAM (1996–2024)
using ordinary Kriging interpolation [43], generating continuous climatic surfaces with a
resolution of 12.5 m.
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2.3.4. Logistic Regression Formulation and Model Calibration

The conditional probability of landslide occurrence was estimated using the following
logistic model (Equation (3)):

P(Y = 1 | x) =
1

1 + e−g(x)
(3)

where g(x) = β0 + ∑n=12
i=1 βifi + · · ·+ βnfn, fi represents the 12 physical and biotic factors

considered.
A manual backward simplification strategy was applied to refine the preliminary

logistic regression model. Variable selection was not based exclusively on p-values, but on
the combined evaluation of statistical significance (p-value < 0.050), parameter stability, and
overall model performance. Variables showing non-significant effects, unstable parameter
estimation (quasi-complete separation), or limited explanatory contribution were sequen-
tially assessed for removal. After each adjustment, model performance was re-evaluated
using residual deviance, Akaike Information Criterion (AIC), and probabilistic calibration
metrics to improve model parsimony while minimizing overfitting risk and preserving
predictive robustness.

Model selection was performed using the training dataset (n = 1715) through residual
analysis and statistical significance testing of coefficients. The relevance of each predictor
was evaluated using the z-statistic, the Akaike Information Criterion (AIC), and multi-
collinearity analysis using the Variance Inflation Factor (VIF), considering VIF values >5 as
indicative of problematic collinearity [44,45]. Statistical standardization of predictors (e.g.,
z-score normalization) was not applied prior to logistic regression because the objective
of the model emphasized interpretability in original measurement units and probabilistic
inference rather than coefficient comparability or algorithmic optimization. Moreover,
multicollinearity diagnostics (VIF < 5) indicated stable parameter estimation despite differ-
ences in predictor scales. All predictors were spatially harmonized to a common analytical
resolution (12.5 × 12.5 m) to ensure model consistency. For variables exhibiting nonlinear
behavior, cubic spline functions were applied, enabling flexible modeling of relationships
between covariates and occurrence probability [9].

Model calibration was conducted with the 10% subset (n = 245) using goodness-
of-fit tests, including Likelihood Ratio, Hosmer–Lemeshow, Spiegelhalter’s Z-statistic,
Brier Score, and Pseudo-R2 [46]. External validation was performed with the 20% dataset
(n = 490) using the Receiver Operating Characteristic (ROC) curve and the Area Under the
Curve (AUC), in addition to metrics derived from the confusion matrix (accuracy, precision,
sensitivity, specificity, F1-score, and Kappa coefficient) [47,48]. Although an independent
validation subset (20% of the inventory; n = 490) was used to evaluate predictive perfor-
mance, the dataset was randomly partitioned from the same regional landslide inventory
and therefore did not constitute a temporally or geographically independent validation
dataset. This limitation may constrain model generalizability beyond the calibration do-
main. However, this approach was adopted due to the absence of temporally stratified and
spatially independent landslide inventories for the Bogotá Savannah. Future studies should
evaluate model transferability using independent temporal inventories and geographically
withheld validation domains. Model sensitivity was evaluated using Equation (4) and
specificity using Equation (5):

Sensitivity =
VP

VP + FN
(4)

Specificity =
VN

VN + FP
(5)
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where VP, VN, FP, and FN represent true positives, true negatives, false positives, and false
negatives, respectively. These metrics allowed evaluation of the discriminative capacity of
the model to correctly classify zones with and without landslide occurrence. This procedure
has been widely applied in recent studies of probabilistic landslide susceptibility modeling
in mountainous regions [49,50].

2.3.5. Socioeconomic Vulnerability Assessment

Socioeconomic vulnerability was conceptualized as the differentiated capacity of
households to anticipate, withstand, and recover from landslide events. This definition
is consistent with the conceptual frameworks of the IPCC (AR6) [51] and UNDRR [52].
Its quantification was carried out using a multicriteria composite index (IVSE) [53], con-
structed from three indicators representative of the socioeconomic conditions of the terri-
tory: Stratification-Based Vulnerability Indicator (IVE) [54], poverty classification—SISBEN
IV (IVS) [55], and the Multidimensional Poverty Index (MPI) [55]. These indicators were
integrated under an equal-weighting scheme. The adopted formulation was as follows
(Equation (6)):

IVSE =
IVE + IVS + MPI

3
(6)

where each indicator was previously normalized within the range between 0 and 1, ensur-
ing comparability and metric consistency. Data were obtained from the following official
sources in Colombia: DANE (2018 Census and MPI 2024) and the Government of Cundi-
namarca (SISBEN IV). The information was obtained at a spatial resolution equivalent to
urban census sections (20–22 city blocks) and rural sections (20 km2), enabling analysis at a
scale of 1:25,000. Additionally, the Stratification-Based Vulnerability Indicator (IVE) was
estimated from the distribution of households across six socioeconomic strata, assigning
weights between 1 (stratum 1, <195 USD/month) and 0.1 (stratum 6, >840 USD/month),
and calculated as a weighted average by number of households. The equation used was as
follows (Equation (7)):

IVE =
∑6

i=1(Vi · Gvi)

∑6
i=1 Vi

(7)

where Vi represented the number of households and Gvi the degree of vulnerability. The
Poverty Indicator—SISBEN IV (IVS) was calculated analogously, considering four popula-
tion groups (A–D), with weights between 1 (extreme poverty) and 0.1 (non-poverty). The
MPI was incorporated directly as a continuous indicator (0–1), derived from 15 variables
grouped into five dimensions (education, health, employment, childhood, and services)
(Table S3), in accordance with DANE standards. The three indicators were classified
into five categories (low to high vulnerability) with consistent intervals between 0.1 and
1.0, enabling direct integration without additional transformations. This procedure fol-
lowed multicriteria approaches widely applied in territorial vulnerability assessments and
risk analysis in complex socio-environmental systems [56,57], ensuring statistical coher-
ence and applicability in spatial risk models. Although an equal-weighting scheme was
adopted to ensure methodological transparency, reproducibility, and consistency among
normalized indicators, it is acknowledged that multicriteria socioeconomic indices may be
sensitive to weighting assumptions. The selected approach was considered appropriate
given the absence of a validated regional weighting framework for the Bogotá Savan-
nah and the operational objective of developing a transparent territorial risk assessment
model. Nevertheless, alternative weighting strategies (e.g., expert-based, entropy-based,
or sensitivity-driven methods) may influence the relative contribution of socioeconomic
dimensions. Future research should incorporate formal sensitivity and robustness analyses
to evaluate IVSE stability under alternative weighting configurations.
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2.3.6. Risk Quantification and Spatial Mapping

Spatial quantification of risk was performed through raster-based integration of physi-
cal, biotic, and socioeconomic variables, ensuring prior spatial homogeneity and analytical
resolution. All geographic layers were reprocessed and resampled to a common reso-
lution of 12.5 × 12.5 m, using bilinear interpolation for continuous variables [58] and
nearest-neighbor interpolation [59] for categorical variables in ArcGIS ArcMap V.10.8.2
(Redlands, CA, USA). This ensured consistency with the resolution of the ALOS PALSAR
DEM and avoided distortions in probability calculations. This procedure was consistent
with spatial analysis standards for raster-based susceptibility modeling [60]. The variables
included comprised 12 environmental factors, 3 socioeconomic indicators (IVE, IVS, and
MPI), and the spatial distribution of the population (DANE projection 2024). These were
integrated into a coherent cartographic database at a scale of 1:25,000 (Figure S1). Pixel
alignment (co-registration) was verified to prevent overlay errors in raster operations, a
critical condition in multivariable spatial risk models [61]. Risk estimation was performed
using Equation (8):

R = A × V (8)

where R corresponded to landslide risk, A to the probability of occurrence (probabilistic
hazard model), and V to the socioeconomic vulnerability index (IVSE). Both variables
were normalized within a range between 0 and 1, allowing direct combination through
map algebra in a GIS environment [38]. The resulting risk classification was conducted
using a five-category matrix scheme (low, low–medium, medium, medium–high, and
high), derived from the cross-combination of hazard and vulnerability intervals (Figure S2).
Additionally, population exposure was incorporated through the overlay of demographic
projections from DANE (2018–2024), enabling identification of critical zones where high
landslide probability, high vulnerability, and high population density coexisted. The
complete methodological workflow for this phase was synthesized in an operational model
framework (Figure 2), integrating the probabilistic hazard model, the vulnerability model,
and spatial risk assessment within a GIS environment. This approach is consistent with
standard practices in territorial risk analysis in mountainous regions [62,63].

2.4. Risk Simulation Under Climate Change Scenarios

Prospective risk simulation was based on the modification of the climatic variable
maximum precipitation in 24 h (Pmax24h). Climate change projections for the period
2021–2040 derived from the Fourth National Communication of Colombia were incorpo-
rated [36]. These projections, based on an ensemble of 25 global climate models (GCMs)
from CMIP6, were previously adjusted using statistical downscaling techniques (Bias
Correction–Quantile Mapping, Delta Q–Q, and KNN) [64]. This ensured statistical consis-
tency and spatial coherence at resolutions of 10 × 10 km. In accordance with international
methodological frameworks [65], four representative SSP trajectories were selected: SSP1-
2.6, SSP2-4.5, SSP3-7.0, and SSP5-8.5. These scenarios showed spatial precipitation increases
between 0 and 30%. At the territorial scale, the SSP1-2.6 scenario presented increases of
10–20% in 53% of the area, while SSP2-4.5 concentrated increases of 10–20% in 71% and up
to 30% in 4% of the territory. The SSP3-7.0 and SSP5-8.5 scenarios exhibited more heteroge-
neous distributions, with predominance of increases between 0 and 20% across more than
90% of the territory (Figure S3). These variations were integrated as direct perturbation
factors applied to the variable Pmax24h, given its high statistical significance in hazard
modeling. To ensure compatibility between the 10 × 10 km SSP climatic projections and the
12.5 m analytical grid, a constant-value spatial assignment procedure was implemented.
Each 10 km climate grid cell was treated as a homogeneous precipitation perturbation
unit, and its associated SSP percentage change was uniformly assigned to all nested 12.5 m
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cells contained within its spatial extent. Grid boundaries were handled through direct cell
intersection without interpolative smoothing or nearest-neighbour resampling. This ap-
proach preserved the original spatial structure of the observed maximum 24 h precipitation
(Pmax24h) raster while consistently incorporating SSP-driven precipitation perturbations
into the landslide hazard model. Adjusted precipitation was estimated using Equation (9):

Pesc = Pobs · (1 + ∆SSP) (9)

where Pesc represented projected precipitation, Pobs observed precipitation, and ∆SSP the
relative increase associated with each scenario. Subsequently, these surfaces were incor-
porated into the previously calibrated logistic model to generate new probabilities of
occurrence ASSP, while keeping non-climatic variables constant. Future risk was estimated
as RSSP = ASSP × V, allowing the construction of risk maps comparable across scenarios.
This controlled univariate perturbation approach has been widely applied in susceptibil-
ity studies to isolate the contribution of climatic forcing on landslide dynamics [66,67].
This framework enabled evaluation of spatial changes in risk intensity under contrasting
climate trajectories.

 

Figure 2. Methodological flow diagram for the development of the socioeconomic landslide
risk model.

In the present framework, climate change influenced socioeconomic landslide risk
indirectly through modifications in landslide hazard rather than through direct changes in
socioeconomic conditions. SSP-based increases in maximum 24 h precipitation altered the
probability of landslide occurrence, while socioeconomic vulnerability remained constant
during the 2021–2040 horizon. Therefore, projected socioeconomic risk patterns reflected
the interaction between climate-driven hazard intensification and pre-existing territorial
vulnerability, whereby highly vulnerable populations experienced greater increases in risk
under equivalent hydroclimatic forcing. Although this controlled modeling framework
enables isolation of the hydroclimatic signal associated with SSP-driven precipitation
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changes, it may underestimate or overestimate future landslide risk in rapidly urbanizing
sectors of the Bogotá Savannah, where land-use transitions, demographic redistribution,
and expanding hillside occupation may alter exposure and territorial vulnerability by 2040.
Thus, prospective simulations should be interpreted as precipitation-driven scenarios rather
than fully dynamic territorial forecasts. Future research should incorporate harmonized
urban growth and demographic projection datasets to evaluate the sensitivity of risk
estimates to territorial change.

3. Results and Discussion
3.1. Preliminary Scope Review and Selection of Conditioning Variables

The query “Landslides AND Susceptibility” identified 26,519 documents, with 15.5%
indexed in ScienceDirect, 13.8% in Scopus, and 4.8% in Taylor & Francis (Table 1). Scientific
output increased substantially between 2020 and 2024, rising from 463 to 1223 publications
in ScienceDirect (+164%) and from 466 to 1000 in Scopus (+114%). Research was concen-
trated in China (24.8%), India (6.61%), and Italy (3.97%), whereas Colombia represented
only 0.43%. These trends were consistent with previous reports [68,69], which documented
exponential growth in the application of spatial modeling and machine learning approaches
for landslide susceptibility assessment.

Scopus-based filtering identified 13 landslide susceptibility models, dominated by
artificial intelligence approaches (71.6%), followed by statistical–probabilistic (23.9%) and
numerical models (4.5%). Logistic regression showed the highest application frequency
(9.09%), followed by regression analysis (7.90%) and probability-based models (6.90%).
The principal variables identified in the models were as follows: elevation, land use,
slope, precipitation, slope aspect, distance to roads, distance to rivers, distance to faults,
lithology, Topographic Wetness Index (TWI), plan curvature, and Normalized Difference
Vegetation Index (NDVI). Additionally, Fisher’s exact test revealed statistically significant
associations between the models and the identified variables (p-value: 3.5 × 10−6–0.00142),
confirming functional dependence between territorial factors and the selection of modeling
approaches (Table S4). These findings were consistent with studies demonstrating that
artificial intelligence models and logistic regression achieved predictive accuracy levels
exceeding 80%, particularly when geomorphological and climatic variables were integrated
in mountainous environments [70,71].

Regarding the identified variables, the following were highlighted as those with the
highest recurrence in the models: elevation (Q-index = 0.72), land use (0.69), slope (0.64),
and precipitation (0.64). These variables were likely the predictors with the greatest statisti-
cal relevance, all classified within the Q2 quartile, indicating a high level of methodological
consistency in the scientific literature. Correlation analysis revealed 33 significant relation-
ships and six negative correlations, with the association between distance to rivers and
distance to roads (ρ = 0.49) being the strongest (Figure 3). The results suggested spatial
convergence between road infrastructure and hydrographic networks in landslide-prone
areas. Additionally, PCA showed that the first two dimensions explained 41.5% of the
total variance, where the first component (28.1%) was dominated by geomorphological
and locational variables (elevation, lithology, and distances to roads, rivers, and faults).
The second component (13.4%) reflected the influence of hydrological and morphometric
variables (Figure S4). The greatest relative contribution corresponded to distance to rivers
and elevation, confirming their structural role in the spatial configuration of landslide
risk. These findings were consistent with studies that have consistently identified topogra-
phy, precipitation, and proximity to drainage networks as the principal determinants of
landslide susceptibility in tropical mountainous regions [72,73].
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Table 1. Modeling approaches and variables in landslide susceptibility studies: Preliminary scope
review (2020–2024).

Ph
as

e

Keywords
Databases

Total
DD

A
ve

ra
ge

In
de

x

Q
ua

rt
il

e
of

th
e

A
ve

ra
ge

In
de

x

Scopus Taylor & Francis Science Direct Google Scholar

DD Index DD Index DD Index DD Index

In
fo

rm
at

io
n

un
iv

er
se

Landslides,
Susceptibility 3647 1 1273 1 4099 1 17,500 1 26,519 1.00 -

M
od

el
s

Numerical Model 266 0.07 1181 0.93 1439 0.35 16,300 0.93 19,186 0.57 Q2

Probability Model 409 0.11 776 0.61 2231 0.54 16,600 0.95 20,016 0.55 Q2

Machine Learning
Model 1072 0.29 471 0.37 1569 0.38 16,100 0.92 19,212 0.49 Q3

Regression
Analysis Model 468 0.13 530 0.42 1818 0.44 16,700 0.95 19,516 0.49 Q3

Random Forest
Model 718 0.20 469 0.37 1513 0.37 16,300 0.93 19,000 0.47 Q3

Learning
Algorithms Model 547 0.15 408 0.32 1420 0.35 16,000 0.91 18,375 0.43 Q3

Deep Learning
Model 276 0.08 506 0.40 1197 0.29 16,100 0.92 18,079 0.42 Q3

Neural Networks
Model 549 0.15 341 0.27 1161 0.28 16,400 0.94 18,451 0.41 Q3

Support Vector
Machines Model 458 0.13 348 0.27 1120 0.27 16,400 0.94 18,326 0.40 Q3

Artificial Neural
Network Model 349 0.10 277 0.22 993 0.24 16,600 0.95 18,219 0.38 Q3

Logistic Regression
Model 538 0.15 287 0.23 892 0.22 15,300 0.87 17,017 0.37 Q3

Artificial
Intelligence Model 110 0.03 203 0.16 667 0.16 16,400 0.94 17,380 0.32 Q3

Convolutional
Neural Network

Model
161 0.04 114 0.09 402 0.10 16,300 0.93 16,977 0.29 Q3

V
ar

ia
bl

es

Elevation 846 0.53 994 0.78 2579 0.63 16,500 0.94 20,919 0.72 Q2

Land use 1157 0.32 956 0.75 3009 0.73 16,900 0.97 22,022 0.69 Q2

Slope 1935 0.09 943 0.74 3121 0.76 17,000 0.97 22,999 0.64 Q2

Rainfall 1061 0.29 821 0.64 2693 0.66 16,600 0.95 21,175 0.64 Q2

Slope aspect 772 0.23 857 0.67 2675 0.65 16,800 0.96 21,104 0.63 Q2

Distance to roads 457 0.32 549 0.43 1506 0.37 16,200 0.93 18,712 0.51 Q2

Distance to River 332 0.09 540 0.42 1876 0.46 16,300 0.93 19,048 0.48 Q3

Distance to faults 338 0.18 593 0.47 1064 0.26 15,100 0.86 17,095 0.44 Q3

Lithology 664 0.13 355 0.28 1289 0.31 15,500 0.89 17,808 0.40 Q3

Topographic
wetness index 207 0.04 297 0.23 888 0.22 15,900 0.91 17,292 0.35 Q3

Plan curvature 157 0.21 565 0.44 686 0.17 6700 0.38 8108 0.30 Q3

NDVI 270 0.06 230 0.18 743 0.18 8990 0.51 10,233 0.23 Q4

Note. DD = Documents detected.
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Figure 3. Correlation between the variables considered by the models for studying landslide sus-
ceptibility. Identified in the preliminary scope review. Colors represent quartile-based groupings
of the observed values for each variable (Q1–Q4). * = p-value < 0.010, ** p-value < 0.050, and
*** p-value < 0.001.

3.2. Development, Calibration, and Validation of the Probabilistic Hazard Model

Exploratory analysis revealed low significant correlation among the numerical covari-
ates, with linear correlation coefficients ranging between 0.00 and 0.20, with the maximum
value observed between distance to roads and plan curvature (r = 0.20) (Figure 4). The min-
imum relationship corresponded to maximum precipitation in 24 h and distance to faults
(r ≈ 0.00). The results suggested the absence of significant multicollinearity and supported
the simultaneous inclusion of variables in the preliminary logistic model. From a method-
ological viewpoint, correlations <0.30 were reported as acceptable in spatial susceptibility
models, as they reduce coefficient instability and improve model interpretability [15,18,68].
Thus, the observed dependency structure suggested that the selected variables provided
complementary information on geomorphological and climatic processes associated with
landslide occurrence in the study area.

The preliminary model, estimated with 12 predictor variables and 1715 training
observations, showed that 10 of the 12 evaluated variables exhibited statistical signifi-
cance (p-value < 0.050). Elevation (z = −10.97, p-value < 0.001) and NDVI (z = −24.38,
p-value < 0.001) were identified as the most influential predictors. Likewise, the geologi-
cal categories of the Paleogene (z = 8.81) and Cretaceous (z = 8.13) presented significant
positive effects on the probability of landslide occurrence. These findings suggested the
importance of lithological control in slope instability dynamics. In contrast, the slope
aspect variable and the Neogene geological category did not show statistical significance
(p-value > 0.050) (Table S5), suggesting redundancy or low explanatory capacity in the
regional study context. From a statistical perspective, the presence of elevated standard
errors (3.18 × 102) in the slope aspect variable suggested potential quasi-complete separa-
tion problems, a phenomenon frequently reported in logistic models applied to landslide
inventories [18,19]. The removal of these variables allowed optimization of model par-
simony without compromising predictive capacity. This approach was consistent with
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variable selection criteria commonly applied in landslide susceptibility studies in tropical
mountainous regions [48,74].

 

Figure 4. Linear correlation coefficients among the numerical covariates considered for the devel-
opment of the preliminary logistic model. The red line represents the linear trend of the data under
consideration. * = p-value < 0.010.

Model refinement led to a reduction in residual deviance from 2536 to 2329, equiva-
lent to an approximate 8.20% relative improvement in model fit. This indicated greater
agreement between predicted probabilities and observed events (Figure 5). This result was
corroborated using the Akaike Information Criterion (AIC), which decreased from 2574 to
2367, reflecting a substantial improvement in the statistical efficiency of the selected model.
Moreover, goodness-of-fit tests confirmed model robustness. The Hosmer–Lemeshow test
yielded a value of χ2 = 14.38 (p-value = 0.072), while Spiegelhalter’s Z-statistic showed a
value of −0.64 (p-value = 0.523), indicating the absence of systematic bias in risk estimation.
The Brier Score (0.084) and the Nagelkerke Pseudo-R2 (0.675) demonstrated high predictive
power and adequate probabilistic calibration of the model. These values were comparable
to those reported in logistic models applied to landslide susceptibility in mountainous
regions [15,19].

The final model enabled estimation of the spatial distribution of landslide hazard in
the study area, classifying occurrence probabilities into five categories ranging between 0
and 1 (Tables S6 and S7). In this study, values greater than 0.81 corresponded to high-hazard
zones. Cartographic analysis revealed that areas with the highest occurrence probability
were concentrated in the northern, southern, and eastern sectors of the territory (Figure 6).
In contrast, the central region of the study area exhibited predominantly low probabilities
(<0.40). This spatial pattern was consistent with the geomorphological and lithological
distribution of the region, characterized by steep slopes and sedimentary formations
susceptible to mass movement processes. Moreover, the incorporation of 95% confidence
intervals allowed identification of uncertainty scenarios associated with model predictions.
An increase in areas classified as high hazards was observed at the upper bound of the
confidence interval. These results were consistent with studies highlighting the importance
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of integrating statistical uncertainty into landslide susceptibility mapping to improve
decision-making in risk management [21,24,52].

 
Figure 5. Deviance residuals versus predicted probabilities of the preliminary logistic regres-
sion model.

 
(a) (b) 

 
(c) 

Figure 6. Spatial simulation of landslide hazard in the study area. Predicted values: (a) mean,
(b) lower limit of the confidence interval (CI = 95%), and (c) upper limit of the confidence interval
(CI = 95%).
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3.3. Spatial Assessment of Socioeconomic Vulnerability

Estimation of the Socioeconomic Vulnerability Index (SVI) revealed a predominance
of the medium vulnerability category, with values ranging between 0.41 and 0.60, followed
by the low–medium category (0.21–0.40) across most of the territory (Figure 7 and Table S6).
The results suggested an intermediate level of social resilience to mass movement events.
Areas with medium–high vulnerability were primarily concentrated in the southern portion
of the study region (cities of Soacha and Bogotá), where higher values of sub-indices
associated with income and housing conditions were observed. These findings suggested
that vulnerability in the study area was primarily determined by indirect socioeconomic
factors (socioeconomic stratum, poverty indicator—SISBEN IV; Table S7). Moreover, the
Multidimensional Poverty Index (MPI) exhibited relatively low values (0.08–0.48) in the
study region, suggesting better access to basic services compared with other regions of the
country. This pattern was similar to that reported in urbanized regions of Latin America,
where social vulnerability has typically been driven by socio-spatial inequalities rather
than absolute structural deprivation.

 

Figure 7. Spatial simulation of the socioeconomic vulnerability index in the study region.

3.4. Spatial Quantification of Socioeconomic Landslide Risk

Integration of the probabilistic hazard model with the vulnerability index enabled
estimation of socioeconomic landslide risk in the study region. The predominant category
corresponded to medium risk, followed by low–medium risk (Figure 8 and Table S8). The
maximum simulated risk values were approximately 0.60 (scale from 0.0 to 1.0), while mean
values were around 0.20. These results revealed a spatial distribution of risk concentrated
primarily in the northern and southwestern sectors of the territory, where unfavorable
geomorphological conditions converged with moderate levels of socioeconomic vulner-
ability. The observed spatial risk patterns may also be influenced by future land-use
transitions, urban expansion, and vegetation-cover changes. In the Bogotá Savannah, urban
growth on geomorphologically unstable slopes and reductions in vegetation cover may
increase territorial exposure and susceptibility, particularly in peri-urban sectors. Although
these dynamics were not explicitly projected in the SSP simulations, their interaction with
precipitation-driven hazard may amplify future landslide risk.

https://doi.org/10.3390/hydrology13060161

https://doi.org/10.3390/hydrology13060161


Hydrology 2026, 13, 161 18 of 28

 
(a) (b) 

 
(c) 

Figure 8. Spatial simulation of socioeconomic landslide risk in the study region. Predicted values:
(a) mean, (b) lower limit of the confidence interval (CI = 95%), and (c) upper limit of the confidence
interval (CI = 95%).

The results showed that while steep slopes were associated with a higher physical
risk, areas with moderate or gentler slopes could also pose a high socioeconomic risk
when combined with high territorial vulnerability and high population exposure. In
these areas, poor housing quality, poverty, and limited adaptive capacity could exacerbate
human and material losses despite lower geomorphological susceptibility, reinforcing the
multiplicative interaction between risk and vulnerability in shaping landslide risk. This
pattern likely confirmed the multiplicative nature of risk, in which areas with moderate
hazard may present elevated risk levels when coinciding with vulnerable populations.
Similar findings have been reported in tropical mountainous regions, where the interaction
between territorial exposure and socioeconomic conditions explained more than 60% of the
variability in landslide risk [25,34].

Analysis of 95% confidence intervals enabled evaluation of uncertainty associated
with model predictions, revealing a systematic increase in risk classes under the upper-
limit scenario (Figure 8c). In particular, the number of sections classified as medium–high
risk increased from 100 to 195, representing an approximate spatial increase of 2.5%. The
medium and low–medium risk categories increased by 7% and 3.6%, respectively, while
the low-risk category decreased by 13.1%. These results suggested that model uncertainty
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was primarily manifested in transitions between intermediate risk levels rather than at the
extremes of the distribution. Moreover, from a risk management perspective, these findings
indicated that territorial planning should consider probabilistic rather than deterministic
scenarios, particularly in regions characterized by high geomorphological variability. This
approach is consistent with reports emphasizing the importance of incorporating uncer-
tainty analysis into landslide risk mapping to improve decision-making under climate
change conditions [13,18].

Joint analysis of hazard and vulnerability models enabled identification of territorial
conditions associated with the highest landslide risk levels in the study region. In this study,
priority areas for risk management were characterized by elevations between 2676 and
2850 m above sea level, slopes < 12◦, NDVI values between 0.17 and 0.32, and proximity to
geological faults and water bodies. These conditions increased the probability of terrain
instability. Moreover, these areas coincided primarily with Cretaceous and Paleogene
geological units and with municipalities exhibiting medium or medium–high socioeco-
nomic vulnerability levels. Although landslides are frequently associated with steeper
terrain in purely geomorphological analyses, the identified pattern in this study reflected
the combined interaction of multiple conditioning factors incorporated into the logistic
regression model. Therefore, areas with slopes <12◦ may still exhibit elevated landslide risk
when occurring jointly with susceptible lithological units, proximity to geological faults
and water bodies, vegetation conditions, and medium to medium–high socioeconomic
vulnerability. From a territorial planning perspective, this pattern suggested that risk in
the study region was determined by the interaction between physical and social factors
rather than by the individual intensity of each component or variable considered in the
developed risk model. This result was consistent with the conceptual risk framework pro-
posed by UNDRR, which defines risk as a function of hazard, exposure, and vulnerability.
Studies conducted in Andean regions have demonstrated that identification of these factor
combinations can reduce economic losses associated with landslides by up to 30% through
preventive land-use planning strategies [19,27,28]. Consequently, the proposed risk model
may constitute a useful technical tool for prospective risk planning in urban and peri-urban
regions of the tropical Andes.

Validation results demonstrated high predictive performance of the landslide hazard
model, reflected in an Area Under the ROC Curve (AUC) value of 0.935 (Figure 9). This
indicated excellent discrimination capacity between landslide and non-landslide events.
The optimal classification threshold was established at 0.590, enabling correct identification
of 84.7% of landslide events (sensitivity) and 90.0% of non-landslide cases (specificity). The
false positive rate was 10%, and the false negative rate was 15.3%. This behavior confirmed
that the model maintained an appropriate balance between omissions and false alarms,
a condition essential for territorial risk management applications. From a comparative
perspective, the obtained AUC values exceeded the performance threshold commonly
considered acceptable in regional landslide susceptibility studies, generally established
between 0.80 and 0.90. Research conducted in tropical mountainous regions has reported
AUC values between 0.82 and 0.92 for models based on logistic regression and machine
learning approaches [15,35,48]. This positioned the performance of the developed model
within the upper range of predictive accuracy reported in the literature.

Analysis of the confusion matrix and complementary metrics confirmed the statistical
robustness of the model, evidenced by an overall accuracy of 0.875, a precision of 0.894,
a negative predictive value of 0.855, and an F1-score of 0.87 (Table 2). These indicators
reflected an adequate balance between sensitivity and specificity. The Kappa coefficient
of 0.747 indicated a substantial level of agreement between predictions and observed out-
comes. The McNemar test value (p-value = 0.0247) indicated a slight asymmetry in the
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distribution of errors, characterized by a higher proportion of false negatives relative to
false positives. In operational terms, the model correctly identified 42.4% of observations
as landslides, compared with a true prevalence of 50%, suggesting consistent performance,
albeit with a slight underestimation of events. From a practical risk management perspec-
tive, this asymmetry suggests a slight tendency of the model to underestimate landslide
occurrence in localized sectors, implying that some areas with actual instability potential
may be classified under lower risk levels. Thus, risk maps should be interpreted with
particular caution in transitional or geomorphologically heterogeneous zones, where com-
plementary local-scale assessments may be necessary to support territorial planning and
prospective risk management decisions. This behavior was consistent with studies indi-
cating that logistic regression models applied at regional scales tend to exhibit omission
rates slightly higher than commission rates, particularly in scenarios characterized by high
geomorphological heterogeneity [15,37,48].

Figure 9. ROC/AUC for the proposed socioeconomic landslide risk model.

The principal limitations of the model were associated with the temporal availability
and spatial resolution of input data, factors that introduced structural uncertainty into
risk estimates. In particular, geomorphological data derived from the ALOS PALSAR
sensor (2011) and socioeconomic data corresponding to 2018 represented temporal lags
of approximately 7 to 13 years relative to the analysis period. This may have affected the
representativeness of current territorial conditions. Likewise, the spatial resolution used
(12.5 × 12.5 m) constrained the model’s capacity to identify instability processes at the local
scale, particularly in urban environments where topographic and anthropogenic variability
is high. Studies have demonstrated that spatial resolution in susceptibility models may
explain up to 20–30% of variability in predictive accuracy, particularly in regions char-
acterized by highly fragmented land use [58,59,61]. In this context, the incorporation of
higher-resolution and temporally updated datasets constitutes a priority for improving the
accuracy of future estimates.

From a methodological viewpoint, another limitation was related to the statistical
assumptions inherent to logistic regression, particularly the functional relationship between
predictor variables and event occurrence probability. In the developed model, variables
such as NDVI, elevation, and slope exhibited nonlinear behavior, requiring the application
of cubic spline adjustment functions to improve statistical representation of their effects.
Although this procedure reduced model fitting error, evidence indicates that machine
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learning algorithms, such as Random Forest or artificial neural networks, may capture
complex nonlinear relationships with greater accuracy in geospatial contexts. Research has
reported performance increases between 3 and 8% in AUC when machine learning models
are used compared with traditional logistic models in landslide susceptibility studies [35,37].
Furthermore, estimation of the potentially affected population was based on demographic
projections from DANE for the years 2024 and 2040, introducing uncertainty associated with
unforeseen demographic changes. These limitations do not invalidate the robustness of the
model but rather delimit its spatial and temporal applicability and should be considered in
prospective landslide risk planning processes.

Table 2. Performance Indicators of the Confusion Matrix for the Proposed Socioeconomic Landslide
Risk Model.

Metric Value

Accuracy 0.874

Balanced Accuracy 0.874

No Information Rate 0.500

Sensitivity 0.847

Specificity 0.900

F1 Score 0.870

Precision 0.894

Negative Predictive Value 0.855

Kappa 0.747

McNemar’s Test p-Value 0.0247

Prevalence 0.500

Detection Prevalence 0.474

Detection Rate 0.424

3.5. Prospective Landslide Risk Under SSP Climate Change Scenarios

Prospective simulations should be interpreted as precipitation-driven modifications in
landslide susceptibility and socioeconomic risk rather than as a comprehensive representa-
tion of climate change impacts. In the present study, SSP scenarios were operationalized
exclusively through projected changes in maximum 24 h precipitation derived from re-
gional IDEAM climate projections (2021–2040). Therefore, simulated variations in risk
reflect the potential influence of hydroclimatic variability on slope instability while keeping
other territorial conditions constant.

Simulation results indicated that the SSP1-2.6 scenario, characterized by maximum
precipitation increases close to 20%, exhibited the most stable risk levels compared with
the other evaluated scenarios. The spatial distribution of risk maintained a predomi-
nance of medium and low–medium risk categories, with localized clusters of medium–
high risk (up to 0.635) in the northeastern and southwestern sectors of the study region
(Figure 10a). These results suggested that, under conditions of climate mitigation and insti-
tutional strengthening, the territorial system exhibited relative risk stability, although criti-
cal hotspots associated with unfavorable geomorphological and socioeconomic conditions
persisted. This behavior was consistent with studies conducted in tropical mountainous
regions reporting marginal reductions in risk under low-emission trajectories, without
complete elimination of territorial exposure [8,9].
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Figure 10. Spatial simulation of socioeconomic landslide risk under climate change scenarios:
(a) SSP1-2.6, (b) SSP2-4.5, (c) SSP3-7.0, and (d) SSP5-8.5.

The SSP2-4.5 scenario exhibited the greatest generalized increase in precipitation, with
maximum values close to 30% and a predominance of 20% increases. This translated into a
significant expansion of areas classified as medium and medium–high risk (up to 0.648,
Figure 10b). This increase in both the magnitude and spatial extent of risk suggested
that the continuation of current urban development trends and anthropogenic pressure
could amplify territorial vulnerability to landslide events. These results were consistent
with studies demonstrating that intermediate emission scenarios generate moderate but
persistent increases in landslide susceptibility due to intensified extreme precipitation
events [3,8,13].

The SSP3-7.0 scenario showed a predominant 10% increase in precipitation, accompa-
nied by a significant expansion of areas classified as medium risk, maintaining a spatial
structure similar to that observed under the SSP2-4.5 scenario (Figure 10c). Maximum risk
values reached a magnitude of 0.635. Analysis of the upper confidence interval revealed
additional increases in occurrence probability, reaching values of up to 0.673. This con-
firmed the persistence of critical zones under conditions of institutional fragmentation and
territorial inequality. This behavior was consistent with studies indicating that scenarios
characterized by high social vulnerability increase exposure to landslide risk, even when
climatic changes are moderate [22,24].

The SSP5-8.5 scenario exhibited one of the highest levels of intensification in socioeco-
nomic landslide risk, associated with precipitation increases of up to 30% and expansion of
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areas classified as medium–high risk (up to 0.635; Figure 10d), particularly in the south-
western and northeastern sectors of the study region. Analysis of the upper confidence
interval revealed additional increases in risk probability, reaching maximum values of up
to 0.673. This confirmed a systematic trend toward increasing risk under conditions of
high emissions and carbon-intensive economic growth. These results were consistent with
global assessments demonstrating that high-emission scenarios increase the frequency and
intensity of extreme events, thereby amplifying landslide risk in tropical mountainous
regions [8,11].

The observed increase in projected socioeconomic landslide risk toward 2040 should
be interpreted cautiously. Within the methodological framework of this study, changes in
risk were associated exclusively with projected increases in maximum 24 h precipitation
under SSP scenarios, identified as the principal hydroclimatic trigger of slope instability.
Consequently, the results do not represent the full spectrum of climate change impacts
but rather the sensitivity of landslide occurrence to precipitation-driven hydroclimatic
variability in the Bogotá Savannah.

In simulations conducted under climate change scenarios, the developed model in-
tegrated 12 physical, biotic, and socioeconomic variables and was constructed from a
dataset of 4900 records, including 2450 landslide events and 2450 non-events. This structure
enabled robust estimation of landslide occurrence probabilities. The division of data into
training (70%), calibration (10%), and validation (20%) subsets ensured statistical stability
and reproducibility of model results. Model performance was high, with sensitivity of
84.7%, specificity of 90%, and discriminatory power of 93.5% (AUC ≈ 0.935). These values
exceeded performance thresholds commonly considered adequate in landslide susceptibil-
ity and risk studies [15,48]. Moreover, the methodological framework based on integration
of a hazard submodel and a vulnerability submodel enabled explicit representation of the
interaction between physical processes and socioeconomic conditions. This constituted a
relevant advancement compared with traditional approaches focused solely on geomorpho-
logical susceptibility. Studies have reported that integrated hazard–vulnerability models
exhibit greater predictive capacity and practical utility in territorial planning processes,
particularly in rapidly expanding urban regions [23,34].

The principal limitations of the simulation were associated with the spatial and tempo-
ral resolution of climatic data used in the SSP scenarios, which were generated at an approx-
imate resolution of 10 km × 10 km. This required rescaling procedures to integrate them
with local hydrometeorological information at a resolution of 12.5 m × 12.5 m. This process
may have introduced uncertainty in the spatial representation of extreme precipitation,
particularly in areas characterized by high topographic heterogeneity. Likewise, estimation
of the potentially exposed population was based on demographic projections derived from
2018, which may underestimate recent demographic changes in rapidly expanding urban
areas. A methodological limitation of this study is that prospective simulations kept land
use, socioeconomic vulnerability, population distribution, and geomorphological variables
constant throughout the 2021–2040 horizon. This assumption was adopted to isolate the
specific contribution of projected precipitation variability to landslide risk. Future studies
should incorporate dynamic territorial scenarios, including urban expansion, demographic
redistribution, and land-use transitions, to provide a more comprehensive assessment of
long-term socioeconomic landslide risk. Despite these limitations, the simulated climate
scenarios enabled identification of medium-term trends in the evolution of socioeconomic
risk. These trends were consistent with methodological recommendations from the IPCC,
which recognizes the use of SSP scenarios as valid tools for prospective risk assessment
under conditions of climatic uncertainty [10,12].
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4. Conclusions
The developed logistic regression model demonstrates statistical robustness and pre-

dictive capability for estimating socioeconomic landslide risk in the study region. The
absence of significant multicollinearity (r ≤ 0.20) and the statistical significance of 10 of
the 12 variables considered support the strength of the model’s explanatory structure. The
reduction in residual deviance from 2536 to 2329 and in the Akaike Information Criterion
from 2574 to 2367 suggests an 8.2% improvement in model fit. The Pseudo-R2 value of 0.675
and the Brier Score of 0.084 indicate adequate probabilistic calibration of the model. Valida-
tion results show high performance (AUC = 0.935, sensitivity = 84.7%, specificity = 90.0%,
accuracy = 0.874, and Kappa = 0.747), positioning the model within the upper performance
range reported in the literature. The resulting cartography identifies maximum risk proba-
bilities close to 0.600 (scale between 0 and 1) and confirms spatial concentration of risk in
geomorphologically critical sectors. These findings suggest the operational utility of the
model as a technical tool to prioritize spatial planning interventions and prospective risk
management in urbanized Andean regions.

Simulation under climate change scenarios indicates a consistent trend of increasing
risk toward the year 2040, particularly under intermediate and high emission trajectories.
The SSP1-2.6 scenario maintains the most stable risk levels, with maximum risk values close
to 0.635, whereas the SSP2-4.5, SSP3-7.0, and SSP5-8.5 scenarios show progressive expansion
of areas classified as medium and medium–high risk, reaching magnitudes of up to 0.648
and probabilities exceeding 0.673 within 95% confidence intervals. This behavior suggests
that precipitation increases between 10 and 30% generate systematic increases in territorial
risk, particularly in areas characterized by intermediate socioeconomic vulnerability. In
this study, the effects of climate change are quantified through changes in 24-h maximum
precipitation (Pmax24h) based on social and economic development scenarios (SSPs). This
suggests that the projected increases in the socioeconomic risk of landslides primarily
reflect an intensification of landslide hazard driven by precipitation by around 2040. The
results indicate that prospective modeling based on SSP scenarios constitutes a useful tool
for anticipating the spatial evolution of risk. Moreover, it can support decision-making in
urban planning, climate adaptation, and disaster risk reduction in tropical Andean regions.

The study presents two principal limitations. First, the spatial resolution and tempo-
ral updating of input data introduce uncertainty in the representation of local instability
processes. Second, the functional structure of the logistic model limits the ability to cap-
ture complex nonlinear relationships among geomorphological and climatic variables.
Consequently, future research should prioritize the integration of high-resolution geospa-
tial datasets and updated temporal series. Furthermore, machine learning and hybrid
algorithms should be comparatively implemented to improve representation of nonlinear
dynamics and reduce predictive uncertainty under climate change scenarios.
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were taken into account in the development of the risk management model; Figure S2: Concep-
tual arrangement of risk classification; Figure S3: Scenarios of climate variability according to the
IDEAM period (2040); Figure S4: Analysis of principal components of the selected factors; Table S1:
SIMMA Inventory Point Attributes (Example of a sample of the data used); Table S2: Detailed layout
of conditioning parameters used in the integrated socioeconomic landslide risk model; Table S3:
MPI classification; Table S4: Fisher Test Models and Variables; Table S5: Metrics of the Complete
Model of Mass Movements for the Bogotá Savannah; Table S6: SVI classification for the Bogotá
savannah; Table S7: Socioeconomic Vulnerability Index by Municipality of Bogotá savannah; Table S8:
Classification of the socioeconomic risk due to landslides for the Bogotá savannah.

https://doi.org/10.3390/hydrology13060161

https://www.mdpi.com/article/10.3390/hydrology13060161/s1
https://www.mdpi.com/article/10.3390/hydrology13060161/s1
https://doi.org/10.3390/hydrology13060161


Hydrology 2026, 13, 161 25 of 28

Author Contributions: Conceptualization, D.C.O.-H.; Data curation, D.C.O.-H., C.A.Z.-M. and A.B.P.;
Formal analysis, D.C.O.-H., C.A.Z.-M. and A.B.P.; Funding acquisition, C.A.Z.-M. and A.B.P.; Inves-
tigation, D.C.O.-H. and C.A.Z.-M.; Methodology, D.C.O.-H. and C.A.Z.-M.; Project administration,
C.A.Z.-M.; Resources, C.A.Z.-M. and A.B.P.; Software, D.C.O.-H. and C.A.Z.-M.; Supervision, C.A.Z.-
M.; Validation, D.C.O.-H. and C.A.Z.-M.; Visualization, C.A.Z.-M. and A.B.P.; Writing—original draft,
D.C.O.-H. and C.A.Z.-M.; Writing—review and editing, C.A.Z.-M. and A.B.P. All authors have read
and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author.

Acknowledgments: The authors would like to thank the Environmental Engineering Research Group
(GIIAUD) and the Sustainable Development Research Group (INDESOS) at the Universidad Distrital
Francisco José de Caldas (Colombia).

Conflicts of Interest: The authors declare no conflicts of interest.

References
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