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Abstract: This study develops a landslide susceptibility zoning map for the Zipaquira—Pacho road corridor in
Cundinamarca, an area prone to frequent landslides. Two statistical methods—Weight of Evidence (WoE) and
Information Value (IV)—were used alongside various causal factors to generate the map using GIS software. A
landslide inventory with 101 points was compiled through fieldwork and Google Earth image analysis. Of these,
70% were used to build the models, while the remaining 30% were reserved for validation, ensuring spatial
representativeness. The resulting susceptibility maps classified the area into five categories: "very high," "high,"
"moderate," "low," and "very low." For WoE, 19.62% of the area was classified as "very high" and 19.71% as
"high," while for IV, the respective values were 17.57% and 26.55%. Notably, 88% of the identified landslides
occurred in "high" and "very high" zones. Model validation using the AUC (Area Under Curve) metric yielded
an efficiency of 81%, confirming the reliability of both methods for landslide prediction. The study's findings are
essential for supporting mitigation strategies and serve as valuable input for local authorities and stakeholders

involved in risk management and infrastructure planning.
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1. Introduction

Landslide susceptibility assessment and mapping are essential tools for landslide risk
management and serve to support decision-makers in developing territorial planning strategies, risk
mitigation measures, and the implementation of monitoring and warning systems [1-4].

Landslide susceptibility refers to the probability of landslides occurring in an area based on local
terrain conditions [5], considering morphological, geological, land use, land cover, and local
environmental and climatic characteristics, thereby providing an estimate of where such events are
most likely to occur [6]. Note that landslide susceptibility does not consider the temporal occurrence
or magnitude of expected landslides [7].

Several predictive models have been developed to assess and map landslide susceptibility,
considering factors such as scale, study objectives, modeling approaches, and evaluation criteria [8,9].
These models include both qualitative and quantitative methods [10]. Qualitative methods typically
provide a zonation of landslide susceptibility using weighted indices and relative categories (e.g.,
low, medium, high), which are suitable for local-scale and site-specific studies. In contrast,
quantitative methods offer numerical estimates of landslide occurrence.

According to the United States Geological Survey (USGS), a landslide is defined as the
downward movement of earth materials (such as rocks, debris, and soil) at velocities ranging from
millimeters per year to meters per hour [11]. These landslides may be triggered by various natural
factors—such as slope, geological faults, heavy rainfall, and earthquakes—or result from human
activities [12], causing significant impacts in the affected areas.

Landslides vary in their characteristics, and understanding their causes and mechanisms is
essential for effective mitigation [13]. In this context, the inventory of critical sites or event occurrence
points, combined with the assessment of the resulting damage, plays a crucial role in landslide
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analysis [14,15]. These inventories also contribute to a more comprehensive spatio-temporal analysis
of landslides; consequently, zoning—which is defined as the delineation of geographic areas where
specific events occur—enables the identification of regions susceptible to landslides due to the
interaction of various land instability factors [16].

Landslide Susceptibility Zoning classifies the territory based on the probability of landslide
occurrence, utilizing different methods (including direct, heuristic, statistical, and process-based
models) and tools [7]. International guidelines for landslide susceptibility zoning recommend that
landslide mapping should include the following components: (a) landslide inventory mapping,
which indicates the points or areas identified as having failed due to landslide processes; and (b)
landslide susceptibility zoning, which involves the classification, extent, and spatial distribution of
existing and potential landslides in the study area [3,17].

Landslide susceptibility mapping begins with the creation of a landslide inventory map [18].
Landslide inventory maps provide information on the location and distribution of landslides that
have left noticeable features in an area [7]. Most landslide inventory maps are generated by visually
integrating the interpretation of one or more sets of satellite imagery or aerial photographs, along
with varying degrees of direct on-site observations. An inventory is essential for preparing a
susceptibility map [19]. In addition, successful mapping requires the identification of optimal causal
factors, which are generally selected based on an analysis of the types of landslides and the
characteristics of the study area [20]. Consequently, landslide occurrence is influenced by the
interaction of topographic, hydrologic, and geologic factors [21,22].

Identifying the factors that influence landslide occurrence is a complex task due to the lack of
standardized criteria for selecting which factors to include or exclude [23]. The causal factors used
for assessing and zoning landslide susceptibility are determined based on a comprehensive literature
review and detailed field observations [18,24]. These causal factors are often effectively derived from
satellite imagery and Digital Elevation Models (DEMs) [25]. Based on this, thirteen landslide causal
factors were selected for this study: elevation, slope, aspect, flow length, flow accumulation,
insolation, Sen2p, distance to faults, distance to folds, distance to rivers, ground cover, geology, and
geomorphology.

As noted previously, various methods have been employed for landslide susceptibility
assessment and zoning, typically focusing on empirical, statistical, and deterministic approaches
[26,27]. Statistical approaches are the most commonly used for both landslide susceptibility and
hazard zoning [8,28], although they have a general limitation: they do not propose mechanisms for
controlling slope failure. Instead, it is assumed that the prediction of future landslide areas can be
achieved by evaluating combinations of variables that contributed to past landslide occurrences [29].
The Weight of Evidence method (WoE) is widely used to predict areas that are potentially susceptible to
landslides by employing the Bayesian probability model in a log-linear form. In this approach, each factor
is linearly superimposed in the GIS environment based on its independent characteristics [30,31].

The WoE method calculates the weight of each landslide causal factor based on the presence or
absence of landslides within the area. Its fundamental assumption is that future landslides will occur
under conditions similar to those that contributed to past landslides [32].

By overlaying the landslide inventory map with each causal factor map, spatial statistical
relationships can be derived to quantify the impact of various landslide-causing factors by assigning
them positive or negative weights. This process evaluates the potential for future landslides based on
the presence or absence of each causal factor class, Ei, using a pair of likelihood ratios as outlined in
Equation (1) [33].

P{E |}

Wi_ =1In m (1)

+ _ 1o PLEL}
W;" =1In P(ET)
For calculating the weight of each causal factor contributing to landslide occurrence, Equations

(3) and (4) have been employed [34]:
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In these equations, Npix1l denotes the number of pixels where both landslides and landslide-
contributing factors are present; Npix2 represents the number of pixels where landslides are present
but the contributing factors are absent. Conversely, Npix3 indicates the presence of landslide-
contributing factors without a landslide, and Npix4 signifies the absence of both landslides and
contributing factors.

The final weight, expressed as Wc, is calculated using Equation (4):

— +) _ -

Here, Wc is defined as the difference between W+ and W-. This formulation refines the spatial

relationship between all contributing factors and landslides.

LSZ = Z we 5)
i=1

where i is the class of a factor whose values vary from 1 to n.

Another method that employs a bivariate statistical approach—widely applied by numerous
authors [28,30,35-38] is the Information Value (IV) method. Based on information theory, the IV
method measures the amount of information carried by an event [39] and is primarily used as a
statistical predictive approach in environmental geological research, particularly for spatial
predictions of landslides and slope stability [40]. It converts measured data of landslide triggers, such
as elevation and slope, into information values that reflect landslide susceptibility, which can then be
used to determine potential landslide occurrence areas [41]. Based on the presence or absence of the
classes of causal factors within past landslides, information values can be determined [42].

Nslpix
Conditional probability Ncpix
IV = log (<~ ) = tog | el
°9 Prior probability °9 Ntspix (6)
Ntapix

where Nslpix is a number of landslide pixels in a given class, Ncpix is the number of pixels in a given
class, Ntspix is a total number of landslide pixels in the study area, and Ntapix is a total number of
pixels in the entire study area.

LSZ = Z IV * causal factors (7)

Regardless of the zoning method used, it is recommended to utilize descriptors or parameters
associated with nominal scales to differentiate the magnitude and intensity of landslides [3] and to
describe the degree of susceptibility to landslides [43]. When interpreting a landslide susceptibility
map, different shades (colors) are employed, with the nomenclature reflecting actual field
observations and descriptions of common scenarios [30] (see Table 1: Examples of Landslide
Susceptibility Mapping Descriptors).
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Table 1. Examples of landslide susceptibility mapping descriptors.
Descriptors Frequency Description
Very low Rare The event is conceivable, but only under exceptional circumstances.
Low Unlikely The event might occur under very adverse circumstances.
Moderate  Possible The event could occur under adverse conditions.
High Likely The event will probably occur under adverse conditions.
Very high Almost certain The event is expected to occur.

The purpose of this research is to develop a reliable landslide susceptibility zoning map for the
Zipaquira-Pacho road corridor, an area where emergencies have been reported, due to the presence
of various triggering factors that decrease slope stability and increase the risk of landslides, especially
in areas with steep slopes. This process will be generated through the application of bivariate
statistical approaches -specifically, the Weights of Evidence (WoE) method and the Information
Value (IV) method- supported by specialized GIS software.

This map is intended to evaluate and establish mitigation strategies for the impacted area.
Effective assessment of landslide occurrence in an area that is already failing or susceptible to failure
requires the identification of existing and past landslides (inventory), the determination of the
contribution of predominant causal factors, and the generation of landslide susceptibility mapping
and zoning [44,45]. Materials and Methods

2. Materials and Methods

The selection of an appropriate method for landslide assessment and zoning depends on the
objective and scope of the investigation [33]. In this study, two bivariate statistical models—namely,
the Information Value (IV) model and the Weight of Evidence (WoE) model —were used to generate
a landslide susceptibility zoning map for the Zipaquira-Pacho Road corridor. The methodology
comprises a workflow that integrates data capture and collection; the identification and
determination of causal factors; the creation of a raster geodatabase; normalization of these factors;
extraction of weights through WoE analysis and the Information Value method; generation of the
susceptibility map; and, finally, evaluation through the proposal of mitigation strategies based on
observed events, affected areas, and incidence zones. From these steps, the landslide inventory map
and the landslide susceptibility maps are produced, and the model is subsequently validated (see
Figure 1: Workflow of Methodology Adopted in the Study).
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Figure 1. Workflow of Methodology adopted in the study.
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2.1. Study Area

This study focuses on the Zipaquira—Pacho road corridor, which connects the municipality of
Zipaquira (5.024107°, -74.014034°) —located 29 kilometers from Bogotd, Colombia’s capital and part
of its metropolitan area—with the municipality of Pacho (5.133582°, -74.154024°), situated in the
department of Cundinamarca, 88 kilometers from Bogota and 35.93 kilometers from Zipaquira. The
region where the road corridor is located is an area where emergencies have been reported due to several
factors that reduce slope stability and increase the risk of landslides, especially in areas with steep slopes.

2.2. Input Data

The data source and accuracy directly affect the results of landslide susceptibility evaluation.
Primary data were collected through field observations using tools such as GPS and mobile applications
with smart forms, which allowed for the collection of location data and the classification of events based
on type. Additionally, data from satellite platforms—specifically Google Earth Pro—were utilized.

2.3. Landslide Inventory

It is essential to compile inventories to understand how landslides are distributed across a
region, to identify the types of movements impacting certain areas, and to recognize patterns among
the triggering factors. This information can then be used to estimate the frequency and potential
severity of future landslides [46]. In the study area, 20 landslide events were identified through field
inspections along the road corridor. These data were further supplemented by 81 points obtained
from visual interpretation and digitization of landslides using images available on Google Earth Pro,
captured between 2014 and 2022, bringing the total inventory to 101 critical points. The locations of
these events were recorded, imported, and analyzed using the specialized software ArcGIS Pro 3.2.0,
and are presented as georeferenced points using the Magna Sirgas — National Origin projection.

2.4. Landslide inventory Mapping

The inventory and distribution of landslides along the Zipaquira — Pacho road corridor were
developed through visual interpretation of Google Earth Pro images, detailed field assessments, and
the implementation of a mobile application that faciliated the capture of both event locations and
their typology based on the type of mass movement (landslide). This process resulted in a database
with 101 landslide event records collected along the road corridor.

In this study, 71 (70%) of the landslides were used to train landslide susceptibility models, while
the remaining 30 (30%) were used for model validation, as illustrated in Figure 2 (see figure 2:
Landslide inventory map).

ﬁ:@:hm‘i‘:} .

Figure 2. Landslide inventory map.
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2.5. Causal Factors of Landslides

The identification of these factors is a critical step that significantly influences the application of
the model. In this process, 13 conditioning factors were considered, allowing us to determine
landslide susceptibility around the road corridor. These factors are based specifically on geo-
environmental conditions and the Digital Elevation Model (DEM). They were converted to a raster format
with a cell size of 12.5 x 12.5 meters. The datasets and their sub-classes are presented in Table 2 (see Table
2: Weights of Each Landslide Causal Factor and Its Sub-Classes by the WoE and IV Methods).

These conditioning factors are often effectively derived from satellite images and the DEM [23].
In this study, a DEM derived from Alos Palsar—one of the many cartographic resources available
from the Japanese Aerospace Exploration Agency's ALOS satellite—with a spatial resolution of 12.5
meters was utilized.

Table 2. Weights of each landslide causal factor and its sub-classes by the WoE method.

Causal factors Sub-clases
Elevation (m) 1538 — 1854; 1855 — 2172; 2173 — 2490; 2491 — 2807; 2808 — 3125; 3126 — 3443; 3444 - 3761
Slope (degree) 0-2,2-4;4-8;8-16,16-35;35-55;55-90
Aspect (degree) -1-0; 1-45;45-135; 135 — 225; 225 — 315; 315 - 360
Flow length 0 —694; 694 — 1090; 1090 — 1459; 1459 — 1884; 1884 — 2365; 2365 — 3084; 3084 — 7657
Flow accumalate 0-1009; 1009 — 2030, 2030 — 3135; 3135 — 4587; 4587 — 6638; 6638 — 10389; 10389 - 44045
Insolation 34.30 - 59.61; 59.62 - 75.53; 75.54 - 90.61; 90.62 - 105.53; 105.54 - 120.38; 120.39 - 135.15; 135.16 - 149.84
Sen2P(slope) 0-0.14;,0.15-0.28; 0.29 - 0.42, 0.43 - 0.57;0.58 - 0.71, 0.72 - 0.85,; 0.86 - 1
Distance to faults 0 —1580; 1581 — 3005; 3006 — 4428, 4429 — 5850, 5851 — 7270; 7271 — 8689; 8690 - 10111
Distance to rivers 0—1308; 1309 — 2466, 2467 — 3623; 3624 — 4778; 4779 — 5932, 5933 — 7084; 7085 - 8235
Distance to folds 0—1399; 1400 — 2646, 2647 — 3892; 3893 — 5136; 5137 — 6379; 6380 — 7621; 7622 - 8862
Ground cover Agricultural; Agroforestry; Water body; Forest; Urban areas
Geology b6k6-Stm; E1-Sc; k1k6-Stm; k6E1-Stm; Q-al; Q-ca; Q1-1
Alluvial fans; Major ridges and scarps; Crestones, Colluvial glacis; Accumulation glacis and hills; Hills;
Geomorphology

Terraces; Glacifluvial valleys

2.6. Raster Geodatabase

The construction of geodatabases is a fundamental element in landslide susceptibility mapping
[45]. As part of this process, a database was created encompassing all causal factors such as slope,
aspect, curvature, and land cover (see Figure 3), along with field data collected via a mobile
application supported by Survey 123 (ArcGIS Sur-vey123 is part of Esri’s geospatial cloud, based on
smart XLSForm-based forms). This resulted in a landslide inventory map within the ArcGIS Pro GIS
environment. The in-formation layers were referenced with the same projection system (Magna
Sirgas, Na-tional Origin projection) and pixel size (12.5x12.5 meters) for the corresponding data
analysis (see Figure 3: Layers of causal factors for assessment of susceptibility, Zipaquira — Pacho: a)
elevation; b) slope; c) aspect; d) flow lenght; e) flow accumulation; f) insolation; g) sen2p; h) distance
to faults; i) distance to folds; j) distance to rivers; k) ground cover; 1) geology; m) geomorphology).
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Figure 3. Layers of causal factors for assessment of susceptibility, Zipaquira — Pacho: a) elevation; b) slope; c)
aspect; d) flow lenght; e) flow accumulation; f) insolation; g) sen2p; h) distance to faults; i) distance to folds; j)

distance to rivers; k) ground cover; 1) geology; m) geomorphology.

3. Results

Using both methods—namely, the Weights of Evidence (WoE) method and the Information
Value (IV) method —weight values were determined for each subclass, indicating their influence on
landslide generation in the study area. Thirteen causal factors were considered for predicting and
generating the zoning map. Table 1 outlines the parameters for each type of causal factor. The
obtained weight values reflect the number of pixels associated with landslides and their distribution
across each causal factor class. In this context, the calculated weights reveal that most factors exhibit
ranges where landslide occurrence is probable, with a generally random distribution and specific
concentrations within certain ranges (see Table 3: Weights of Each Landslide Causal Factor and Its
Sub-Classes by the WoE and IV Methods).
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Table 3. Weights of each landslide causal factor and its sub-classes by the WoE method and IV methods.
Type of causal Number of pixels of Number pixels of
* factor Sub-classes each sub{)class landslides w};thin sub-cl We IV
1538 - 1854 75882 3 -0.873-0.832
1855 - 2172 140394 4 -1,254-1,160
2173 - 2490 99974 8 -0.139-0.127
Elevation (m) 2491 - 2807 209604 19 -0.003-0.002
2808 - 3125 274427 61 1,538 0.895
3126 - 3443 265962 6 -1,605-1,393
3444 - 3761 45498 0 0 0
0-2 31924 0 0 0
2-4 67998 4 -0.462-0.439
4-8 209916 5 -1,502-1,343
Slope (degree) 8-16 407336 28 -0.417-0.283
16-35 341817 59 1,146 0.638
35-55 44575 5 0.216 0.207
55-90 3676 0 0 0
-1-0 24789 1 -0.829-0.816
1-45 140054 19 0.47 0.397
Aspect (degree) 45 -135 269212 24 -0.03 -0.023
135 -225 199220 16 -0.153-0.127
225-315 327296 26 -0.191-0.138
315 - 360 146671 15 0.133 0.114
0-694 1088549 99 0.053 0.001
694 - 1090 11726 2 0.639 0.63
1090 - 1459 4575 0 0 0
Flow length 1459 - 1884 2720 0 0 0
1884 - 2365 1647 0 0 0
2365 - 3084 1312 0 0 0
3084 - 7657 1212 0 0 0
0-1009 1097929 100 0.23 0.003
1009 - 2030 5601 1 0.681 0.676
2030 - 3135 2875 0 0 0
Flow accumalate 3135 - 4587 1752 0 0 0
4587 - 6638 1364 0 0 0
6638 - 10389 1165 0 0 0
10389 - 44045 1055 0 0 0
34.30 - 59.61 149 0 0 0
59.62 - 75.53 412 0 0 0
75.54 - 90.61 966 0 0 0
Insolation 90.62 - 105.53 2340 0 0 0
105.54 - 120.38 9946 4 1,513 1,482
120.39 - 135.15 52247 6 0.241 0.228
135.16 - 149.84 1039101 91 -0.547-0.043
0-0.14 123382 4 -1,112-1,034
0.15-0.28 214813 6 -1,338-1,184
0.29-0.42 224851 13 -0.545-0.456
Sen2P(slope) 0.43-0.57 212737 21 0.099 0.079
0.58-0.71 141337 28 0.964 0.776
0.72-0.85 100446 21 0.968 0.829
0.86 -1 89676 8 -0.024-0.022
0-1580 340004 43 0.52 0.331
1581 - 3005 223550 20 -0.019-0.015
Distance to faults 3006 - 4428 180219 4 -1,546-1,409
4429 - 5850 129473 21 0.689 0.58

5851 - 7270 120866 13 0.192 0.169
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7271 - 8689 81404 0 0 0
8690 - 10111 36225 0 0 0
0-1308 325679 17 -0.717-0.554
1309 - 2466 220204 17 -0.199-0.163
2467 - 3623 179049 26 0.591 0.469
Distance to rivers 3624 - 4778 159248 33 1,066 0.825
4779 - 5932 150536 8 -0.599-0.536
5933 - 7084 49427 0 0 0
7085 - 8235 27598 0 0 0
0-1399 305264 14 -0.855-0.684
1400 - 2646 237674 40 0.88 0.617
2647 - 3892 203342 41 1,116 0.797
Distance to folds 3893 - 5136 149910 1 -2,746-2,611
5137 - 6379 114503 5 -0.791-0.733
6380 - 7621 62747 0 0 0
7622 - 8862 38301 0 0 0
Agricultural 348496 50 0.764 0.457
Agroforestry 214415 0 0 0
Ground cover Water body 1856 0 0 0
Forest 485805 48 0.155 0.084
Urban areas 61272 3 -0.645-0.618
b6k6-Stm 326957 37 0.328 0.22
E1-Sc 25779 0 0 0
k1k6-Stm 265802 31 0.343 0.25
Geology k6E1-Stm 205836 22 0.204 0.163
Q-al 62265 0 0 0
Q-ca 160865 11 -0.325-0.284
Q1-1 64340 0 0 0
Alluvial fans 30327 0 0 0
Major ridges and scarps 114231 12 0163 0
Crestones 455026 39 -0.0970.145
Colluvial glacis 110723 17 0.604-0.058
Geomorphology Accumulation glacis and hills 94088 0 0 0525
Hilllocks 233719 33 0.601 0
Terraces 35336 0 0 0.441
Glacifluvial valleys 10994 0 0 0
Other 27400 0 0 0

3.1. Landslide Suceptibility Zoning Map

The objective of this mapping is to identify areas or zones that are susceptible to landslides. To
create the map, a range of factors was considered to understand where landslides occur and to assess
the extent of the problem. Additionally, potential causal factors—such as elevation, slope, and
geology —were identified. Finally, both past and recent events were documented using available data
sources. The map was generated using Esri’s ArcGIS Pro tool, with the spatial reference system
Magna Sirgas — National Origin (see Figure 4: Landslide Susceptibility Zoning Map).
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Figure 4. Landslide susceptibility zoning map.

The zoning map was classified into five susceptibility zones: very low (rare), low (unlikely),
moderate (possible), high (likely), and very high (almost certain). This classification was achieved by
reclassifying the data using natural breaks, which established the aforementioned ranges (see Table
4: Description of the Zones of the Landslide Susceptibility Map).

Table 4. Description of the zones of landslide susceptibility map.

1\ WOE
S tib
u§c.e P Descr # of pixels #of . # of # of events -
ility | . % area eventsin pixels % area X Description
iptor in each . in each
classes coverage each ineach coverage
class category
category class
Areas of alluvial fans and guadua formations that
Verylow Rare 116902 10,58 1 222183 20,11 1 generally have slopes of less than 47, as well as
areas of limestone and chert with low slopes. The
urban areas located in the flat part of the sector
Areas of alluvial fans and Guaduas formation that
Low Unlik 220,464 19,95 0 25503 2041 4 generall.y have slopes of less t.han 8°, as well as
ely areas of limestone and chert with low slopes. The
urban areas are located in the flat part of the sector.
Moderate Possi 280165 2536 10 20652 2015 8 Areas of alluvial fans and Guéduas formation that
ble generally have slopes ranging from 8° to 16°.
Alluvial fans and colluvial deposits with slopes
oriented to the north, covered by agriculture,
High Likely 293.311 26,55 25 217.828 19,71 22 claystones, shales, and limestones from the
Guaduas formation. The slopes range from 16° to
55°.

Almo Claystones, shales, and limestones from the

Very hihg ceittai 194.099 17,57 65 216.775 19,62 66 Guaduas formation, with slopes between 8° and 35°
n and north-facing slopes.
Total pixel 1.104.941 100 101 1.104.94 100 101

1
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As shown in the landslide susceptibility zoning map, the high and very high susceptibility
zones, based on the raster units, represent 19.71% and 19.62% of the area, respectively, for the WoE
model, and 26.55% and 17.57% for the IV model. Of the 101 landslide event records captured along
the road corridor, the density distribution shows a gradual increase from the very low to the very
high susceptibility zones. Only 5 event points fall within the low to very low susceptibility ranges for
the WoE model, and only 1 for the IV model. Most events are concentrated in the high and very high
susceptibility zones, with a total of 88 events for the WoE model and 90 for the IV model.

3.2. Mitigation and Risk Management Strategies in Landslide Suceptibility Zones

The zoning map highlights the areas affected by these events, indicating zones that are highly
dangerous for users of the road corridor. In such areas, the establishment of settlements and urban
development should be avoided. In zones where low or very low susceptibility is detected, the slopes
are gentle, reducing the risk; however, mitigation measures—such as proper surface water
management—are still required. In areas with moderate susceptibility, the slopes are more
pronounced, increasing the risk of ground instability. Therefore, it is essential not only to manage
surface water effectively but also to implement additional measures, such as slope stabilization,
drainage works, revegetation, and bioengineering projects, to reduce the likelihood of failure. In
zones marked with high and very high susceptibility, the steeper slopes further increase the risk of
instability, necessitating the aforementioned measures along with specific protection and
stabilization works—such as shotcrete and anchored walls—which should be designed based on
prior geotechnical and geological studies.

4. Discussion

A landslide susceptibility map without validation is meaningless in the scientific community [47],
making the validation process crucial for assessing model accuracy using various techniques [45]. In this
study, 70% of the landslide events (71 events) were used to train the susceptibility model, while the
remaining 30% (30 events) were reserved for validation, maintaining a random spatial distribution.

Validation of the landslide susceptible zones produced by the IV and WoE models was
performed using the receiver operating characteristic (ROC) curve method—specifically, by
calculating the area under the curve (AUC). This statistical tool is widely used to estimate the
accuracy of presence/absence predictive models [48,49]. An AUC value between 0.9 and 1 indicates
excellent performance; between 0.8 and 0.9, very good performance; between 0.7 and 0.8, good
performance; between 0.6 and 0.7, average performance; and between 0.5 and 0.6—or equal to or less
than 0.5—poor performance [45,50]. In this study, based on ROC curve analysis, the AUC values for
both models exceeded 81%, indicating very good performance for landslide prediction (see Figure 5:
Validation of the Methods Using the ROC Curve).

The landslide susceptibility zoning map for the Zipaquira-Pacho road corridor in the
department of Cundinamarca was prepared using both the Weight of Evidence (WoE) and the
Information Value (IV) methods. This map incorporates a variety of causal factors related to the study
area’s specific characteristics, such as geomorphology, geology, and elevation. When comparing
these two GIS-based statistical models, it is evident that both are widely used for landslide
susceptibility mapping and zoning, although each has limitations. For instance, Wubalem and Meten
(2020) note that the Information Value method cannot determine the direct relationship between
landslide factors and occurrences; while it provides insights into the influence of each factor class on
landslide occurrence and predicts the probability of each class contributing to a landslide, it does not
indicate which factor is most influential.

The accuracy of the two models demonstrates nearly equal predictive ability, with values of
81.21% for the WoE method and 81.79% for the IV method —suggesting that the IV method is slightly
more effective. In this study, the success rate curve value for the IV method was 82.23%, while its
prediction rate curve value was 81.79%. In comparison, the WoE method yielded a prediction rate
curve value of 81.51% and a success rate curve value of 82.67%. The close similarity between the
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curves for both methods may be attributed to the use of the same dataset for both analyses.
Ultimately, while our primary focus was on generating the susceptibility zoning map for the road
corridor rather than solely on model accuracy, we recognize the importance of validation. Therefore,
the Information Value model outperforms the logistic regression model in predicting the probability
of landslide occurrences.

VALIDATION

100%

90%

80%

70%

60%
AUC: 82.67% WOE Success rate curve

50%
—  AUC: §2.23% IV Success rate curve

40% —  AUC: 81.51% WOE Predictive rate curve

— AUC: 31.79% IV Predictive rate curve

CUMULATIVE % OF MASS MOVEMENTS

30%

20%

10%
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CUMULATIVE % SUSCEPTIBILITY

Figure 5. Validation of the methods using the ROC curve.

5. Conclusions

The landslide susceptibility zoning of the road corridor enabled the identification of areas
potentially prone to landslides—an essential step for developing disaster prevention and mitigation
plans in the study area. In this study, using two methods—the Weight of Evidence (WoE) method
and the Information Value (IV) method —a GIS-based landslide susceptibility zoning map was developed
for the Zipaquira—Pacho road corridor in the department of Cundinamarca. The results indicate a direct
relationship between landslide susceptibility and certain causal factors, such as soil conditions.

The landslide susceptibility zoning map was classified into five levels: very low, low, moderate,
high, and very high. Overlay analysis of the test data revealed that the high and very high
susceptibility zones encompassed more than 88% of the analyzed landslides for both methods.
Validation using the area under the ROC curve (AUC) indicated that both models achieved AUC
values above 81%, demonstrating very good predictive performance for landslide occurrence.

Overall, the study’s findings show that landslide susceptibility analysis and zoning have
significant implications for disaster prevention and mitigation in the affected area. By predicting and
identifying zones of high and very high susceptibility, local authorities can prioritize resource
allocation to these critical areas and enhance monitoring and early warning systems for landslides.
The high predictive accuracy demonstrated by both models provides robust scientific support for
developing effective prevention strategies and for strengthening control and mitigation measures,
particularly in high-risk zones.
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