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Abstract

Soil is a strategic resource essential for maintaining ecosystem services, an initiative closely
linked to a country’s stage of development. In this sense, urgent strategies are required
to mitigate the impacts of climate change on soil systems. This study aimed to assess the
susceptibility to soil erosion as a means to support sustainable land-use planning in the
municipality of Anápolis, presenting a highly disturbed landscape in Brazil. To achieve
this, we applied the Information Value (IV) technique—a Bayesian statistical method based
on frequency analysis—which quantifies the influence of various geoenvironmental factors
on the probability of erosion occurrence by statistically evaluating their relationship with
past erosion events. The results showed that approximately 50% of the municipality is
highly susceptible to erosion, and for this reason, these areas should be prioritized by
public authorities. The proposed geoenvironmental model demonstrated a satisfactory
accuracy (~80%), confirming its effectiveness as a tool to enhance soil resilience.

Keywords: soil erosion; information value; susceptibility; landscape planning; GIS

1. Introduction
Growing global pressures from climate change and unsustainable land-use changes

have heightened concerns about soil degradation, underscoring soil’s role as one of the
most critical natural resources supporting human activities [1]. Among the various forms
of land degradation, soil erosion stands out as a major environmental threat, resulting in
severe impacts such as the loss of arable land, disruption of ecosystem services, and severe
socio-economic damages [2,3]. This process directly compromises the ability of ecosystems
to provide essential services, including food production, regulation of water and carbon
cycles, and biodiversity conservation, ultimately jeopardizing long-term sustainability
efforts [4].
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Soil erosion results from an imbalance in the interactions between climate, soil proper-
ties, and land use, leading to the progressive removal of soil layers [5]. Although erosion is
a natural process, human activities substantially accelerate its rate, rendering landscapes
increasingly vulnerable to degradation [2]. Projections suggest that global soil erosion
rates will continue to rise due to climate change, particularly in response to more intense
precipitation events associated with the intensification of the hydrological cycle in a warm-
ing atmosphere [6,7]. Recognizing the urgency of addressing soil erosion, the United
Nations has included combating land degradation and promoting sustainable land use
in Sustainable Development Goal 15 of the 2030 Agenda [8]. Target 3 of this goal has as
its aims to combat desertification, restore degraded land and soil, including land affected
by desertification, drought and floods, and strive to achieve a land degradation-neutral
world by 2030, focusing on ending desertification and restoring degraded lands to achieve
a balanced world regarding land use.

The impacts of climate change on soil erosion affect both terrestrial and aquatic
ecosystems [9]. In the case of the former ones, impacts regard the enhancement of drought
risks, leading to further erosion and desertification, as well as habitat disruption and
biodiversity loss, which causes the destruction of micro-organisms that are vital for nutrient
cycling and soil health. As to aquatic ecosystems, the threats to be mentioned are sediment
pollution, habitat smothering, eutrophication, chemical contamination, and increased flood
risk [10]. At a higher scale level, soil erosion can cause air pollution, given that suspended
fine soil particles in the air may create dust storms [11], and also impacts the carbon cycle,
for a healthy soil is a massive carbon sink [12].

Brazil is particularly vulnerable to soil erosion impacts. The country’s trade balance
strongly relies on agricultural exports, a fact that keeps pushing forward agricultural
frontiers into previously forested areas [13]. Nowadays, the current rate of such expan-
sion contributes to an estimated 800 million tons of annual soil loss, a figure likely to
increase if deforestation-driven agricultural activities continue in sensitive biomes such as
the Cerrado and the Amazon [14]. This scenario emphasizes the importance of adopting
technical and scientific approaches to enhance soil resilience and assessing soil suscepti-
bility to erosion, while preserving essential ecosystem services. These can be categorized
into: (i) provisioning services, which assure food production, forage for livestock, fresh-
water supply, and the protection of biomass/genetic resources; (ii) regulating services,
which promote flood control, water quality, and climate regulation, this latter through
carbon sequestration; (iii) cultural services, that protect aesthetic values of landscapes as
well as heritage sites and assets, and finally (iv) supporting services, that prevent soil
loss, maintain nutrient cycling, sustain primary production, and preserve below-ground
biodiversity [4,15].

According to [16], soil resilience is defined as the ability of this resource to tolerate
disturbances without changing to an alternative configuration. This is important for main-
taining desired ecosystem functions, especially in a scenario where climate variability
and land use practices impose frequent and sudden threats. From a geoscientific perspec-
tive, effective territorial management relies on systematic analyses and the integration of
environmental and socio-economic data to support sustainable landscape planning [17] pri-
marily through the assessment of the landscape’s susceptibility to erosion. Recent advances
in geospatial technologies have considerably improved the ability to assess environmental
hazards, with Geographic Information Systems (GIS) playing a significant role in processing
multi-source geographic data and integrating mathematical models for geoenvironmental
analyses [18–22].

Several works in the literature are committed to producing erosion susceptibility maps
with varied approaches, ranging from simple maps algebra and multicriteria evaluation
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analyses to machine and deep learning (ML/DL) algorithms. These studies encompass
diverse sets of input factors and were accomplished throughout the world, in regions
belonging to Europe, Middle East, Asia, and North and South America, and the set of
critical variables greatly differ from one another [23–29]. A couple of studies leveraged the
parameters of the Universal Soil Loss Equation (USLE) and its variations for identifying
erosion-prone areas [26,30–33]. The USLE parameters have been explored either indepen-
dently, as in [31], or integrated with other geoenvironmental variables [26,32,33]. Physical
and climatic characteristics, like soil texture, elevation, slope, lithology, the Normalized
Difference Vegetation Index (NDVI), and the average and cumulative annual precipitation,
were also considered in the study of [32].

In Brazil, studies dedicated to investigating erosion susceptibility rely on distinct
methods and were applied to different regions [34]. Some of them made use of simple
though effective approaches, like multicriteria evaluation (MCE) [35,36]. In the latter
work, the authors sought to understand how climate change and land use have affected
susceptibility to erosion in the central-eastern region of São Paulo State, southeastern
Brazil, over the past few decades. They concluded that slope and soil types were the most
sensitive factors; however, changes in land use, in particular, increased land cultivation and
its expansion showed to be highly susceptible to erosion.

Among the various modeling techniques used for susceptibility mapping, the Infor-
mation Value (IV) is to be mentioned for it has gained prominence due to its efficiency,
ease of application, besides its capability to produce reliable results [37,38]. The IV method
assigns statistical weights to explanatory variables based on the spatial distribution of
known erosion events, enabling the identification of erosion-prone areas through the inte-
gration of key conditioning factors, including soil type, slope, land use, and topographic
patterns [14,39]. This method was thus chosen for its capacity to deliver systematic and
reproducible susceptibility assessments while minimizing subjectivity in the analysis.

In most of the previously reported cases in the literature, the methods tend to be
conceptually complex and data-intensive, sometimes demanding data not easily acces-
sible or readily available for driving an analysis in a GIS. This paper is committed to
introducing instead an operational method relying on open-access data and free software,
aimed to assess soil erosion susceptibility to gullies and, consequently, provide subsidies
for future investigations of soil resilience to climate change within a highly disturbed
environment. By integrating GIS and statistical modeling, this study contributes to the
development of spatially explicit tools to support sustainable land management and erosion
mitigation strategies.

2. Materials and Method
2.1. Study Area

The municipality of Anápolis is located in the Brazilian Cerrado, a biome originally
vulnerable with respect to climatic conditions, regardless of climate change, in face of
its well-defined seasons, marked by intense droughts during the dry season and heavy
rainfalls during the rainy season [40].

Anápolis is a central-western Brazilian municipality, located 60 km away from Goiânia
(the capital of Goiás State) and 154 km away from Brasília, the national capital, situated
within the Federal District (Distrito Federal—DF) (Figure 1). It shelters a population
of 398,869 inhabitants and extends over a surface of 935.672 km2, of which 103.35 km2

are urbanized—being ranked as the 41st municipality with the largest urbanized area
in Brazil [41]. The municipality, according to the Köppen-Geiger climate classification,
has a tropical savanna climate, type ‘Aw’—tropical with a dry season in winter, with an
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average annual temperature of 22.5 ◦C, with average minimum and maximum temperature
oscillating between 18 ◦C and 28 ◦C, and average annual rainfall of 1553 mm [41].

Figure 1. Location of the study area: the municipality of Anápolis, GO, Brazil. Source: Adapted
from [42].

At a geomorphological macroscale, the municipality is found in the morphostructural
domain of the Neoproterozoic Mobile Belts, characterized by extensive areas represented
by plateaus, mountain alignments, and interplateau depressions developed in folded and
faulted terrains, mainly comprising metamorphic rocks and associated granitoids [43]. The
geological substrate of Anápolis is primarily composed of Neosols and Latosols, reflecting
both the relief and underlying geology of the region. Metasedimentary and sedimentary
rocks are predominant throughout the area. On a more localized scale, the relief is marked
by plateaus and broad valleys, along with lower, flatter areas resembling river terraces [44],
with elevations ranging from 722 m to 1153 m.

The data produced and made available by [45] demonstrate that 65% of the territory
of Anápolis is covered by agricultural activities, mainly related to soybean cultivation
and pastures, while only 21% of the territory is composed of forests. According to [46],
the central plateau region of Brazil has undergone an intensive process of agricultural
mechanization, often without consideration for the soil’s susceptibility to erosion. As a
result of unplanned land occupation, areas such as Anápolis have experienced severe soil
erosion over the past two decades. This degradation is particularly evident in the northern
and western sectors, where the edges of the plateaus are being heavily eroded due to the
pronounced headward retreat of watercourse springs (Figure 1).

The municipality of Anápolis was selected due to its local and national peculiarities. At
a local level, it is characterized by an intrinsic climate vulnerability as previously exposed,
a fact that is aggravated by the considerable pressure exerted by agricultural activities on
its landscapes. At a national level, it is worth mentioning its inclusion in the monitoring
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network of the National Center for Monitoring and Early Warning of Natural Disasters
(Cemaden), under the National Plan for Risk Management and Disaster Response. This
is due to the presence of areas at risk for both hydrological and geological hazards [47].
Furthermore, Anápolis is located within the Cerrado Biome, which is in absolute terms the
most deforested Brazilian ecosystem, and has contributed substantially to climate change
and reduced biodiversity, consequently threatening soil stability and fertility [48].

2.2. Methodological Development

The methodological procedures of this study were divided into three main stages:
(i) the inventory of erosive processes; (ii) the acquisition of geoenvironmental data; and
(iii) the mapping of vulnerability to soil erosion, using the IV method (Figure 2).

Figure 2. Methodological procedures applied in this study.

2.2.1. Inventory of Erosive Processes

The IV method used to analyze susceptibility to soil erosion in this study is based
on the occurrence frequency of such phenomenon. Erosion features (gullies, ravines, and
rills) were mapped through the interpretation of remote sensing data, using high spatial
resolution images from [42], complemented by qualitative field inspection. A total of
190 erosion events were assessed. Figure 3 illustrates some examples of the identified soil
erosion features.

2.2.2. Geoenvironmental Data Collection

To identify the most relevant factors favoring the occurrence of erosion processes in
landscapes with geographic physiognomies similar to those of the study area, a biblio-
graphic review was conducted. Based on the studies of [49–53], five key factors were iden-
tified as most decisive in triggering erosion: terrain forms, relief patterns, pedology, slope,
and land use. Accordingly, these variables were selected to compose the geoenvironmental
dataset, as detailed in Table 1, along with their respective sources and acquisition dates.
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Figure 3. Examples of soil erosion features in the study area, with borders highlighted in orange.
(a) Furrow next to a river; (b) Gully in a drainage head; (c) Furrow and ravine near a road; (d) Gully
in an urban area; (e) Gully of large proportions on a steep slope; (f) Gully in a rural property. Some
vegetated areas were subject to subsidence, and hence, are included within the erosion processes
boundaries. Source: Adapted from [42].

Table 1. Dates and sources of the dataset used in this study.

Data Source Spatial Resolution (m) Year

Terrain Forms [54] 30 2008
Relief Patterns [44] 30 2024

Pedology [55] 30 2023
Slope (from SRTM DEM) * [56] 30 2011

Land Use [45] 30 2024
* Shuttle Radar Toography Mission Digital Elevation Model.

2.2.3. Susceptibility to Soil Erosion Assessed by the Information Value (IV) Method

Susceptibility is the spatial probability of occurrence of a certain phenomenon in a
given area, considering the conditioning factors existing in the territory [37]. Thus, mapping
susceptibility to gully erosion corresponds to a spatial delimitation of areas with the greatest
probability of soil loss by gully erosion [57].

In this study, the mapping of susceptibility to erosion was executed with the IV
method, originally proposed by [58] to evaluate susceptibility to landslides. This method
refers to a Bayesian statistical approach based on frequency analysis, where a score is
assigned to each independent variable (classes of conditioning factors relevant to the
erosive process) as a function of the dependent variable (samples of erosive processes
mapped according to an inventory). IV was chosen in view of its benefits, like the fact
that it relies on historical evidence rather than expert opinion, eliminating human bias; it
is easier to compute and interpret compared to complex machine learning “black boxes”;
handles well heterogeneous data, allowing to easily compare the influence of a discrete
factor (e.g., lithology) with a continuous one (e.g., slope) on the same numerical scale;
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works well for regional assessments where detailed physical parameters (like soil cohesion)
are unavailable; besides being resilient to messy or missing real-world data.

The occurrence frequency of erosion processes in each class defines the relative im-
portance of each independent variable. Thus, for each of the classes of each variable, the
respective IV is determined based on the elaboration of binary matrices that reflect the
spatial correlation between the classes of variables of interest and 130 erosion samples used
in the analysis, according to Equation (1):

li = log
Si/Ni
S/N

, (1)

where li is the IV of variable i, Si represents the number of terrain units with movements
of type y and with the presence of the variable Xi, Ni is the number of land units with the
presence of the variable Xi, S is the total number of terrain units with y-type movements,
and N is the total number of land units.

The total IV of the analyzed area is determined by the sum of the IV of the independent
variables, according to Equation (2).

total li = ∑m
t=1 Xji li, (2)

where m is the number of variables, Xji is equal to 0 or 1 whether the variable is present or
not in pixel j, respectively.

When the value of li is negative, the analyzed variable is not decisive for erosion.
On the other hand, positive values reveal a decisive relationship between the variable
and the occurrence of erosive processes, where the more critical the instability, the greater
the resulting value. Thus, the susceptibility to erosion varies directly on the basis of the
respective total IV (li) [59]. The IV method relies on some assumptions. Initially, the model
assumes that the target variable is binary (e.g., classes like “events” and “non-events”),
and all continuous variables must be discretized. Each variable range must have non-zero
counts for both “events” (class 1) and “non-events” (class 0) of the dependent variable. It
also assumes that each predictor variable’s relationship with the outcome is independent
of other variables, allowing for the isolation of their effect [60].

Another important aspect of IV concerns the fact that it is calculated on a variable-
by-variable basis. In other words, it assesses the strength of each individual feature in
predicting the target without considering its correlation or interaction with other predictor
variables. A monotonic relationship between the predictor variables and the probability
of the outcome is as well assumed, meaning as the value of the predictor increases, the
probability of the outcome either consistently increases or decreases. Finally, a sufficient
amount of data is necessary for reliable estimation of IV to ensure accurate evaluation of
the variables predictive power [61].

The study by [37] states that the class division method that obtains the best results for
creating the final erosion susceptibility map is based on the geometry breaks applied to
the success curve. After obtaining the range of IVs for the entire study area, we validated
the model using the area under the curve (AUC) method, considering both the success
and prediction curves [62], a statistical technique widely used in geosciences, mainly to
evaluate the accuracy of predictive models for the occurrence of geological events. This
approach aims not only to verify the quality of the model but also to analyze the success
curve geometry breaks and support class division for the final map.

The success curve is based on the spatial comparison between the susceptibility
classes and the 130 erosion samples used to generate the susceptibility map, and represents
the model’s internal efficiency rate. Based on the analysis of the success curve, the AUC
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method [62,63] aims to characterize the model’s ability to correctly anticipate the occurrence
of predefined events, as indicated in Equation (3).

∑n
i=1 (lsi − li)×

ai + bi,

2
(3)

where lsi − li is the class amplitude, ai is the value of the corresponding ordinate (li), and bi

is the value of the ordinate corresponding to lsi.
In addition to the success curve, we constructed a prediction curve to evaluate the

model’s predictive capability using an independent dataset. For this end, 60 erosion samples
were separated prior to the modeling process and were not used in the computation of the
information value (IV). The prediction curve is obtained by comparing these independent
occurrences with the susceptibility classes, following the same cumulative logic applied in
the success curve. This procedure allows assessing the model’s generalization capacity, that
is, its effectiveness in identifying erosion-prone areas not previously used in calibration.
Higher AUC values in the prediction curve indicate a stronger correspondence between
predicted susceptibility levels and independently observed erosion features. Together, the
success and prediction curves provide complementary insights, allowing the evaluation of
both internal consistency and external predictive performance of the susceptibility model.

3. Results
3.1. Accuracy Performance

The AUC analysis for the success curve (Figure 4) indicated that the success rate
obtained by the model was 0.79, a value that indicates that the model is reliable for analyzing
susceptibility to erosion, mainly because we have worked with coarse data, within the 30-m
spatial resolution range.

 
Figure 4. The success curve for the results generated in this work (AUC = 0.79).

In addition to the success curve, the prediction curve was generated using the
60 independent erosion samples reserved exclusively for validation (Figure 5). The curve
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shows a clear positive relationship between the accumulated susceptible area and the
proportion of correctly predicted erosion occurrences. Hence, the model rapidly captures a
substantial share of the independent erosion features within the lower susceptibility classes,
indicating that the model effectively prioritized the most erosion-prone areas.

 
Figure 5. The prediction curve for the results generated in this work.

The prediction curve approaches the upper asymptote gradually, reaching approxi-
mately 0.95 of the cumulative eroded area at around 0.70 of the accumulated map area, and
stabilizing near 1.0 in the final portion of the curve. This behavior demonstrates that the
model maintains good predictive consistency. Although the prediction curve tends to be
more conservative than the success curve—as expected when independent samples are
used—the model still shows a satisfactory predictive performance.

Overall, the prediction curve confirms that the susceptibility map exhibits a robust
capacity to generalize erosion occurrence beyond the training dataset. This reinforces
the reliability of the final susceptibility classes for supporting territorial management and
identifying priority areas for erosion prevention and monitoring.

3.2. Information Value (IV) and Soil Erosion Susceptibility Map

The application of univariate statistics produced IV for each independent variable,
which reveals the role of each class in causing erosion, as shown in Table 2. Negative values
are the least contributory to this process, while the highest positive values are the most
decisive ones [59].

Figure 6 spatially demonstrates the IVs distribution for each independent variable,
diagnosed throughout the analyzed study area.
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Table 2. Information Value (IV) results. * Slope classes were defined according to [64].

Class N.◦ of Pixels in
Each Class

Eroded
Pixels IV

Slope *

<5% 262,010 350 −0.719
5.1–10% 388,646 903 −0.165
10.1–15% 197,992 629 0.147
15.1–20% 124,781 626 0.604
20.1–25% 22,358 223 1.291

Land Use

Forest 103,035 60 −1.470
Savannah, Wetland, Grassland, Water 54,711 422 1.100

Silviculture, Coffee 39,182 97 −0.030
Pasture, Mosaic of Uses 586,249 1664 0.100

Sugarcane, Soy, Other Temporary Crops 128,406 51 −1.860
Urban 120,443 112 −1.010

Bare Soil, Mining 32,942 316 1.320

Relief

Hills 55,254 49 −1.098
Isolated Ridges and Low Mountain Ranges 35,548 333 1.259

Technogenic Deposits (Landfills) 523 0 -
Degraded Cliffs, Structural Steps, and Erosive Ledges 92,165 795 1.177

Karst Features 419 0 -
Technogenic Formations 312 89 4.675

Waterbody 2051 0 -
High Hills 44,031 124 0.057
Low Hills 53,358 118 −0.184
Plateaus 74,986 66 −1.106

Dissected Plateaus 422,584 782 −0.362
Floodplains 108,915 147 −0.678

Alluvium-Colluvium Ramps 8493 36 0.466
Degraded Planed Surfaces 134,706 161 −0.800

Terrain Forms

Convex-Divergent 131,055 498 0.360
Rectilinear-Divergent 170,834 703 0.440
Concave-Divergent 24,689 145 0.796

Concave-Planar 34,801 77 −0.181
Rectilinear-Planar 202,026 460 −0.152

Convex-Planar 25,776 110 0.476
Convex-Convergent 33,099 101 0.141

Rectilinear-Convergent 323,153 341 −0.921
Concave-Convergent 91,662 314 0.256

Soils

CXbd—Haplic Inceptsols Tb Dystrophic 4828 0 -
LVd—Dystrophic Red Oxisol 62,565 59 −1.03

LVw—Acric Red Oxisol 742,040 1941 −0.01
PVAd—Dystrophic Red-Yellow Ultisol 16,210 22 −0.67
PVAe—Eutrophic Red-Yellow Ultisol 105,425 565 0.70

Urban Area 106,134 170 −0.50

The erosion susceptibility map (Figure 7) originally had IVs oscillating between −5.64
and 6.43. Following the methodological proposition, these values were reclassified into four
susceptibility classes based on the geometric breaks: (i) low (<−2.14); (ii) moderate to low
(−2.14 to −1.02); (iii) moderate to high (−1.02 to 0.04); and (iv) high (>0.04). The proportions
of area and sample points used both to generate and validate the model for the different
erosion susceptibility classes are shown in Table 3. This statistics-based mapping reveals
that the most susceptible areas in the geographic context of the municipality of Anápolis
are mainly related to slopes greater than 15%, presence of Savannah (Cerrado), pastures and
bare soil, isolated ridges and low mountain ranges, degraded cliffs, structural steps, and
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erosive ledges and technogenic formations, besides concave-convergent, concave-divergent,
rectilinear-divergent, and convex-divergent landforms and eutrophic red-yellow ultisol soils.

Figure 6. Spatial distribution of IVs related to each independent variable.

Table 3. Proportions of area and sample points used both to generate and validate the model for the
different erosion susceptibility classes.

Susceptibility Class

Area (ha) of the
Erosion Samples
Used to Generate

the Model

% of the Erosion
Samples Used to

Generate the Model

Area (ha) of the
Erosion Samples

Used to
Validate the Model

% of the Erosion
Samples Used to

Validate the Model

Low 8.87 3 1.2 1

Moderate to Low 20.01 8 10.5 11.5

Moderate to High 46.6 20 28.5 31.5

High 169.99 69 51.2 56
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Figure 7. The soil erosion susceptibility map, indicating the erosion samples (black circles) extracted
from [42].

The high susceptibility class expands over a surface of 229 km2 and is recognized
as a critical area due to its steep slopes, dissected terrains, presence of pastures, thin
grass, bare soil, abandoned mining deposits, essentially convergent landforms that increase
surface runoff, and sandy soils. Thus, this class refers to the portion where soils have
the least resilience to the impacts of climate change, being strongly sensitive to changes
in the volume, energy, and intensity of rainfall, which potentially lead to an increase in
weathering and erosion rates, in addition to secondary impacts. Precipitation becomes the
most important climatic factor among those that promote water-driven erosion; thus, the
intensity of soil erosion is directly connected to local edaphoclimatic characteristics and
their possible changes related to climate change [65].

The moderate to high class on the map accounts for areas of steep slope with high
surface runoff and several thalwegs with river erosion. It is also noted that many areas
of this class correspond to permanent preservation areas—a category within the Brazilian
legal framework that requires the preservation of territories with critical environmental
functions [66]—which makes it mandatory by law that degraded areas be recovered and
those still vegetated be maintained.

In our mapping, the moderate to low susceptibility class indicates that, despite re-
quiring careful management of land use, this is a zone of landscape resilience in terms of
erosion caused by the increasing impacts of climate change in the Brazilian Cerrado. This
refers to regions with slopes of less than 10% (and in many locations, they are spatially
corresponding to the catchment areas of drainage networks), with divergent landforms
that disperse surface runoff, and with more mature and structured soils.
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Lastly, the low erosion susceptibility class indicates the locations with greater resilience
to erosion in the municipality of Anápolis. These are places presenting the lowest slope
values (less than 5%), soils with a higher clay content, essentially flat and divergent land-
forms (which dissipate surface runoff along the slopes), and land uses that tend to protect
the local soil, such as forests, the Savannah biome (Cerrado), wetlands, and grasslands.

4. Discussion
In its onset in geosciences applications, the IV technique aimed to contribute essentially

to the identification of areas susceptible to the occurrence of landslides [67–69]. However,
in recent years, several studies have applied it to soil erosion investigations [38,70], corrob-
orating the methodological application carried out in this study.

The advantages of the IV approach concern its methodological straightforwardness,
for it is a univariate probabilistic method. In this sense, it assesses the occurrence of a
phenomenon (erosion susceptibility) in relation to each class of the explaining variables
in an independent way by means of the natural logarithm of the ratio of the phenomenon
occurrence density in a given class to the average density of this occurrence throughout
the study area. It offers a direct interpretability of results, handles well scarce and low-to-
medium resolution data, is easily implemented in GIS environments, and presents a low
computational cost. Nonetheless, the IV method presents some disadvantages, like the loss
of information through the categorization of continuous variables, the sensitivity to zero
frequencies; the lack of multivariate perspective; the risk of overfitting; besides the sample
size sensitivity and the binary limitation.

When compared to other statistical and machine learning methods, IV does not depend
on experts’ judgments, as in the AHP method, and does not require previous distribution
assumptions or multicollinearity assessments either. In view of its simplicity, it is suitable
for being explored by local practitioners due to its intuitive character.

The application of the IV technique proved to be a robust methodological approach,
achieving an accuracy of nearly 80%. This good level of predictive performance validates
its utility for identifying areas at risk and guiding mitigation efforts. The satisfactory
correlation between past erosion occurrences and geoenvironmental factors such as slope
gradient, relief forms, relief patterns, land use, and soil type reaffirms the role of these
elements as key drivers of erosion processes in the study area. Alike works in the literature
attained AUC values ranging from 0.512 to 0.927. Ref. [26] conducted several experiments,
diversifying the set of input variables, and the authors concluded that the different combi-
nations of variables subsets impact the AUC values, which extended from 0.512 to 0.630. In
general, the tangential curvature, stream power index (SPI), and plan curvature showed
high predictive skills.

In the study of [25], who followed the same line of research of [26], the authors adopted
the Maxent model and different combinations of topography, pedology, land cover, and
meteorological variables, and the 21 generated models had AUC values oscillating from
0.753 to 0.828, indicating slope, land cover, organic matter, seasonal leaf area index (LAI),
and maximum daily precipitation as the most contributing environmental factors for gully
erosion susceptibility. Ref. [28] explored random forest (RF), support vector machine (SVM,
and logistic regression (LR) driven by topographic, geomorphological, environmental, and
hydrologic factors, with AUCs respectively attaining 0.890, 0.87, and 0.87, revealing NDVI),
lithology, drainage density, and distance to rivers as the most influential factors. In the
work of [34], the LR AUC reached 0.888, mainly pushed by NDVI, erosivity and land
surface temperature.

Higher AUC values were reported by [23], who achieved 0.916 using a stacking
model, combining RF and gradient boosting machine (GBM) as base models with LR as
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the meta-learner. Slope, vertical curvature, LAI, and yearly precipitation emerged as the
most important variables. An AUC of 0.921 was obtained by [33] relying on memetic
programming (MP) taking into account elevation, slope, distance from river, TWI, and
SPI, although slope and land cover showed to be the most decisive factors for erosion
susceptibility. Ref. [24] attained an AUC of 0.927 using RF and concluded that elevation,
fractional vegetation cover, rainfall erosivity, lithology, and TWI acted as the most impactful
variables. In our work, in its turn, slope, relief forms, and land use had crucial roles for
assessing erosion-prone areas. None of the works consulted in the literature explored IV
for erosion susceptibility, but the AUC we obtained lies within the AUC values spectrum
range found in the literature.

According to [5], the most susceptible areas to erosion result from environmental
degradation caused by the transformation of territories without soil protection mechanisms,
which raises the need for territorial planning actions, meant to organize the landscape
occupation so that the land use respects local potentialities and vulnerabilities [71]. Notably,
the results indicate that erosion susceptibility is not uniformly distributed across the
municipality. Areas with steep slopes, degraded or rugged landforms, unconsolidated soil
formations, and intensive land use changes exhibit higher vulnerability, also reported in
studies worldwide [23,25,27,29,30,33]. These findings are consistent with previous studies
on soil erosion in tropical environments, which emphasize the combined effects of natural
terrain characteristics and anthropogenic activities in exacerbating erosion processes [36].
Reinforcing this argument, ref. [72] identified in the southwest of Anápolis the relationship
between linear erosion features in relief form units with slopes greater than 10%, covered by
Latosols and Cambisols, developed from rocks of the Anápolis-Itauçu Granulitic complex
and the Araxá Sul de Goiás Group, and with land deprived of conservation practices.

The high susceptibility diagnosed in this study poses a crucial challenge in the context
of climate change impacts. According to [73], the main impacts of climate change related to
soil erosion will be derived from extreme precipitation, making the unrestrained increase
in surface runoff on slopes a factor of extreme concern, especially in tropical environments
with high rainfall rates, like Brazil [71,74]. The Brazilian Cerrado region (a Savannah-like
biome where the study area is located) has future predictions of an increase in average
temperatures and long periods of drought as a reflection of climate change, according
to [75]. In these places with lower amounts of rainfall, there is a global tendency for
infrastructure to be less prepared for extreme rainfall events. This fact raises great concern
as the impacts caused by human activities on a local scale, combined with climate impacts
on a global scale, tend to also increasingly cause extreme events, even in dry regions [76].

Therefore, Anápolis, as a vulnerable area in the Brazilian Cerrado, cannot underestimate
the occurrence and consequences of such events, which can further aggravate local erosion
processes, focusing efforts on their mapping and implementing mitigating actions in the
most vulnerable regions. Thus, our results aimed to guide the process of occupying the
territory in a sustainable way, avoiding proposing total conservation scenarios, but rather
indicating the least vulnerable portions of the land for human use.

For sustainable territorial planning, given the imminent impacts of climate change
in the Brazilian Cerrado, the areas with greater susceptibility to erosion should be consid-
ered as total conservation zones, with restrictions on human activities and with urgent
adoption of soil erosion control techniques for already eroded areas, as well as prevention
initiatives and reforestation projects to inhibit/slow down new erosion processes. Con-
sidering that the municipality of Anápolis heavily depends on farming—mainly livestock
and soybeans—[77], it is imperative that land use planning stop the advancement of the
agricultural frontiers into the conservation and recovery zones.
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As further recommendations, it is as well suggested to allow human activities in the
moderate to low susceptibility areas, as long as they respect the carrying capacity of the
area, that is, activities with reduced impact on the soil. Given its characteristics, this portion
of the territory can be considered as a consolidation area, which is also in accordance
with what is stated by [78], where it is recommended that studies be implemented on soil
loss tolerance thresholds, aiming to identify the maximum rate of erosion that allows the
maintenance of high productivity and thus guides mitigating actions and anthropogenic
use [79].

The low erosion class can be considered an expansion class, mainly due to its greater
environmental carrying capacity, being ideal for the expansion of human activities in
the municipality. As to flat areas with lower surface runoff rates and more structured
soils, ref. [80] claim that they are suitable for agricultural production, which is one of
the main economic activities in the municipality of Anápolis [41]. Thus, the areas less
susceptible to erosion (and consequently with greater resilience to the impacts of climate
change)—moderate to low and low classes—should, according to [78], be the only places
intended for the expansion of the municipality’s productive potential.

In this context, analyzing and identifying susceptibility to erosion is a fundamental tool
for territorial planning aimed at combating climate change, mainly because it contributes
to the mitigation of serious social, economic, and environmental problems, such as the
degradation of landscapes, loss of arable land, risks of disasters, and degradation of urban
environments, being fundamental for the development of countries like Brazil. Similarly,
delimiting the expansion zone in the municipality of Anápolis is a strategic tool to achieve
the goals set in SDG 15, especially in topic 15.3, which aims to effectively contribute to a
neutral world in terms of soil degradation [79]. Given that erosion-prone areas require
immediate attention, policy makers and local authorities should prioritize interventions
in highly susceptible zones. For areas where erosion processes already occurred, ref. [81]
recommended control techniques, such as runoff diversion, gully reshaping, check dams,
and revegetation, mainly in a scenario of evolving loss of native vegetation in the Cerrado
biome, as proven by [14,45,82].

More specifically, considering that the land use that most impacts erosion in Anápolis
is bare soil, refs. [83,84] indicate that vegetation recovery techniques, such as cover crops,
reforestation, and mulching, are particularly suitable, resulting in a reduction of up to 90%
in erosion and runoff rates. For regions where erosion occurs on steep slopes, isolated ridges,
landfills, degraded cliffs, structural steps/erosive edges, and technogenic formations,
ref. [85] highlight the effectiveness of implementing structural measures, such as terraces,
trenches, and bunds, which promote up to 87% erosion reduction in areas of severe risk. In
concrete terms, incorporating nature-based solutions, such as reforestation and agroforestry
systems, could play a key role in mitigating erosion risks while simultaneously promoting
biodiversity conservation and sustainable livelihoods [81,86,87].

Analysis of the municipality’s current land use patterns, an important tool that informs
about the level of soil protection [46], indicates that only 9% of the territory is forested,
a factor that demands attention considering that natural plant formations are decisive
elements for controlling and preventing erosion [45]. In this context, several studies such
as [88–90] reinforce the need to implement reforestation projects in territories sensitive to
erosion. Furthermore, in other portions of the conservation zone, where erosion has not yet
occurred, prevention techniques are recommended, such as land use control, soil and water
conservation, maintenance of topsoil resistance, and the implementation of vegetation
barriers [81].

From a planning perspective, the susceptibility map developed in this study can be
directly integrated into local territorial management instruments. In the context of Anápolis,
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the map provides an evidence-based premise for zoning and defining priority areas for
conservation, ecological restoration, and controlled land-use expansion, as recommended
by [91].

Areas classified as highly susceptible should be incorporated into municipal envi-
ronmental zoning as permanent preservation or restoration priority zones, guiding refor-
estation projects and limiting new urban or agricultural developments on steep slopes
and erosion-prone soils. Conversely, areas with moderate to low susceptibility can be
designated for productive uses, provided that sustainable soil management practices are
adopted. Moreover, the susceptibility analysis outputs can support decision-making within
the Municipal Master Plan [92] and the Environmental Regularization Program [93], ensur-
ing that land-use policies align with the municipality’s natural vulnerability and contribute
to long-term climate adaptation strategies.

As a limitation of this work, we ought initially to mention statistical and conceptual
constraints of the IV method. Since it is highly dependent on how continuous variables
are discretized, different grouping strategies (equal width, equal frequency, or optimal
binning) can yield wildly different IV scores for the same feature. Another problem is that
IV ignores non-linearity, for its final score is a single scalar. It may aggregate a complex
relationship into a medium importance score, missing the nuance of the susceptibility
profile. Moreover, IV looks at each variable in isolation (univariate). It cannot detect if
two variables are providing the same information, which may end up with a model full of
redundant predictors.

Additionally, the IV method is designed specifically for binary outcomes (events versus
non-events). This creates several conceptual bottlenecks, such as information loss, given
that by forcing a problem into a binary (0 or 1) box, the richness of ordinal or continuous
data is lost. A second bottleneck regards the probability disconnect, because IV measures
the strength of a relationship but not the functional form of the probability, and hence, it
will never inform how much the probability of the event changes with a unit change in
the predictor. A third bottleneck is the binary target bias, which occurs when the target
event is extremely rare (class imbalance problem), forcing manual smoothing that may
introduce bias.

A critical issue in this method is also the lack of replication, a characteristic that imposes
difficulty in maintaining the predictive power of IV-based groupings when applied to new,
unseen data (out-of-time or out-of-sample). Because IV encourages fine-classing (creating
many small ranges to maximize IV), it often captures noise specific to the training set.
When the model is replicated on a new dataset, these specific ranges often fail to hold their
predictive power. In sum, the method owns a static nature, missing a dynamic component
in the sense that there is no built-in mechanism in the IV framework to update or replicate
the logic as new data flows in, unlike other methods.

Still in methodological terms, another limitation of the present research concerns the
fact that we worked with fixed training and validation datasets, as observed in the majority
of the literature works. However, we consider applying resampling techniques, such as
cross-validation or bootstrapping, to evaluate the stability of the model’s performance in
prospective studies. A further limitation we must report regards the use of input data at
coarse scales. The best available soil map for Goiás State was originally produced at a
1:250,000 scale, and all remaining input data were released at a 1:50,000 scale. We ought to
highlight that if the analysis were carried out with geoenvironmental data at more refined
scales (1:10,000, for example), the results would be more significant, possibly achieving a
higher accuracy rate for the model. However, Brazil, being a country of continental size,
is still incipient in producing highly detailed geoenvironmental data. For this reason, we
reinforce the need for geoscientists and related institutions in Brazil to produce detailed
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data for the entire country, which should be rendered available in open-access repositories
of our National Geospatial Data Infrastructure. Dealing with such fine-scale input data is
envisaged as a strategy for future works.

5. Conclusions
This study highlights the relevant susceptibility of the municipality of Anápolis to

erosion, using the IV method and success curve analysis and emphasizing the necessity
of targeted land management strategies to mitigate soil degradation. The use of the IV
technique proved effective in assessing erosion risk, with an approximate 80% accuracy
rate, reinforcing its applicability for similar climate-vulnerable landscapes.

The analysis identifies four classes that indicate the degree of soil resilience in a highly
disturbed environment. The geoenvironmental characteristics of Anápolis municipality,
combined with the lack of territorial planning, result in a high share of erosion-prone areas,
a factor proven by the 190 erosion events mapped in different landscapes (urban areas,
areas with natural vegetation, degraded pastures, agricultural areas, etc.). The use of the IV
method (often applied to landslides) in the context of susceptibility to erosion proved to be
efficient, even when applied at a cartographic planning scale (approximately 1:50,000), as it
is an approach with a low implementation cost, with a satisfactory success rate and able to
meaningfully reduce the subjectivity associated with heuristic models.

Finally, we hope that the proven effectiveness of this study will inspire similar works in
other Brazilian regions that face erosion processes in a way to help pressing public managers
to give greater importance to preventing and mitigating such environmental problem.
Furthermore, based on the arguments that even in regions subject to long-lasting droughts
there will be an increase in extreme rainfall events, it is important to raise awareness among
Brazilian governmental decision makers so that they do not underestimate the occurrence
of extreme rainfall events and their soil consequences even in drier regions.
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