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Abstract

Landslides are among the most hazardous natural phenomena affecting Greater Abid-
jan, causing significant economic and social damage. Strategic planning supported by
geographic information systems (GIS) can help mitigate potential losses and enhance
disaster resilience. This study evaluates landslide susceptibility using logistic regression
and frequency ratio models. The analysis is based on a dataset comprising 54 mapped
landslide scarps collected from June 2015 to July 2023, along with 16 thematic predictor
variables, including altitude, slope, aspect, profile curvature, plan curvature, drainage area,
distance to the drainage network, normalized difference vegetation index (NDVI), and
an urban-related layer. A high-resolution (5-m) digital elevation model (DEM), derived
from multiple data sources, supports the spatial analysis. The landslide inventory was
randomly divided into two subsets: 80% for model calibration and 20% for validation.
After optimization and statistical testing, the selected thematic layers were integrated to
produce a susceptibility map. The results indicate that 6.3% (0.7 km2) of the study area is
classified as very highly susceptible. The proportion of the sample (61.2%) in this class had
a frequency ratio estimated to be 20.2. Among the predictive indicators, altitude, slope, SE,
S, NW, and NDVI were found to have a positive impact on landslide occurrence. Model
performance was assessed using the area under the receiver operating characteristic curve
(AUC), demonstrating strong predictive capability. These findings can support informed
land-use planning and risk reduction strategies in urban areas. Furthermore, the prediction
model should be communicated to and understood by local authorities to facilitate disaster
management. The cost function was adopted as a novel approach to delineate hazardous
zones. Considering the landslide inventory period, the increasing hazard due to climate
change, and the intensification of human activities, a reasoned choice of sample size was
made. This informed decision enabled the production of an updated prediction map.
Optimal thresholds were then derived to classify areas into high- and low-susceptibility
categories. The prediction map will be useful to planners in helping them make decisions
and implement protective measures.

Keywords: landslide inventory; prediction accuracy; logistic regression model; cost–curve
function; greater Abidjan; Attecoube; West Africa
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1. Introduction
Landslides (LS), defined as the downward movement of rock, debris, or soil along

a slope [1], represent a significant geohazard in many parts of the world, causing thou-
sands of fatalities annually [2]. This threat is particularly severe in tropical urban areas,
where rapidly expanding populations and unplanned development increase exposure
to LS events. The high frequency of LS in these regions is driven by a combination of
demographic pressure, land-use changes, and climate change [3]. As urban expansion
pushes settlements onto steep and unstable hillslopes, the vulnerability of local populations
to LS hazards intensifies [3]. Consequently, the reduction and prevention of LS-related
damage have become major research areas in natural disaster risk management [4]. In light
of the severe impacts of these mass movements, assessing LS susceptibility is crucial for
mitigating damage and loss of life. The development of LS susceptibility maps enables the
identification of areas with elevated landslide risk, thereby supporting effective planning
and early warning strategies [5].

Over the past decade, various models have been applied in LS susceptibility as-
sessment [6]. These approaches are generally classified into qualitative and quantitative
categories. Qualitative methods rely heavily on expert judgment and are often considered
subjective and context-dependent [7]. In contrast, quantitative approaches are data-driven
and provide a more objective means of assessing LS susceptibility [8]. Quantitative tech-
niques primarily include deterministic models, specific machine learning algorithms, and
conventional statistical methods. Deterministic models, which are grounded in the physi-
cal laws governing LS processes, are theoretically robust. However, their application to
regional-scale LS susceptibility mapping is limited due to the complexity of input parame-
ters and the high computational demands involved.

With the rapid development of artificial intelligence (AI), machine learning (ML)
algorithms, particularly ensemble learning methods, have gained prominence in modeling
complex nonlinear relationships. In the context of LS prediction assessment, ensemble
techniques such as bagging, boosting, and stacking have produced promising results [9].
For instance, Zhang et al. [4] applied the bagging method in combination with decision
tree (DT), logistic model tree (LMT), and reduced error pruning tree (REPT) algorithms
to develop three hybrid models: Bag-DT, Bag-LMT, and Bag-REPT. In Chenggu County,
China, the Bag-REPT model achieved the highest prediction accuracy (92.5%) among the
three. Similarly, Zhang et al. [10] conducted LS susceptibility mapping in Fengjie County,
China, using two ensemble methods: random forest (RF) and extreme gradient boosting
(XGBoost). The models achieved area under the curve (AUC) values of 0.866 (RF) and 0.864
(XGBoost), respectively, highlighting their strong predictive performance. In another study
conducted in Turkey, Sahin [11] compared the predictive capabilities of four ensemble
models-gradient boosting machine (GBM), categorical boosting (CatBoost), XGBoost, and
light gradient boosting machine (LightGBM). Among them, CatBoost demonstrated the
highest predictive accuracy, with an AUC of 0.8975.

Although machine learning (ML) techniques often yield better predictive perfor-
mance, traditional mathematical statistical methods still offer distinct advantages in specific
contexts. These methods are generally grouped into two main categories: (1) bivariate
statistical approaches and (2) multivariate statistical approaches. Bivariate approaches
include the frequency ratio (FR) [12,13], weight of evidence (WoE) [13], statistical index
(SI) [14], index of entropy (IoE) [15], certainty factors (CF) [13,16], Dempster–Shafer mod-
els (DSM) [12], Bayesian probability model (BPM) [12], and evidential belief function
(EBF) [13,17]. Among multivariate approaches, support vector machine (SVMs), artificial
neural networks (ANNs), and logistic regression models have been used for LS susceptibil-
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ity mapping. The logistic regression (LR) method [18,19] has been extensively applied in
LS susceptibility assessment due to its simplicity and interpretability.

Ivory Coast, located in West Africa, has experienced significant LS events, primarily
due to intense rainfall during the rainy season [20]. These geohazard events pose serious
threats to life, livelihoods, and infrastructure, especially in coastal urban areas such as
Greater Abidjan, situated in the southern part of the country. In this study, the municipality
of Attecoube, located centrally within Greater Abidjan, was selected as a representative
LS-prone area of interest. This urban area typifies all LS-prone zones in Greater Abidjan.
For instance, between 2005 and 2007, heavy rainfall triggered LSs that resulted in ten
fatalities and the destruction of buildings [21]. Similarly, during 2014–2015, LSs caused
sixteen fatalities and damaged numerous buildings [22]. Most recently, on 11 June 2023,
five people were killed by LSs in the Mossikro and Boribana districts [23].

Despite the frequent LS occurrence, this area is subject to anthropogenic disturbances
(clearing of hillslopes, construction of buildings at the top of hillslopes, etc.). These hu-
man activities may contribute to the destabilization of hillslopes. Several studies have
focused on assessing LS susceptibility [21]. However, those studies are limited because
they are based solely on the spatial overlay of topographical data without integrating
field observations or they lack validation by field data. Therefore, the resulting maps are
overly abstract and do not provide comprehensive LS susceptibility analysis. Moreover,
they rely heavily on geomorphological expertise. To address these gaps, we propose an
ensemble approach combining logistic regression (LR) and frequency ratio (FR) models to
evaluate LS susceptibility in this urban area. The assessment of LS susceptibility is based
on the integration of factors that influence the occurrence of LSs. Using these models and
applying the LS prediction model in practice results in economic consequences due to the
classification of land according to its susceptibility. For example, a unit of land (in this case,
a pixel) classified as stable can be used without restriction, which increases its economic
value. In contrast, an unstable unit of land is subject to restrictions on use and, therefore,
sees its market value reduced. The inclusion of a cost function in a logistic regression
model significantly affects the accuracy of LS susceptibility mapping, particularly in urban
contexts where the consequences of classification errors can be severe.

The main objective of this paper is to identify LS-susceptible areas by selecting the most
appropriate logistic regression model and evaluating its effectiveness in minimizing costs
through testing the sensitivity of the threshold to variations in the cost ratio. This study
aims to provide valuable support to administrators and policymakers for the planning and
implementation of infrastructure projects, such as building and road construction.

2. Study Area
The study area was located in the central part of Greater Abidjan (Figure 1A) at lati-

tude 5◦20′01′′ N and longitude 4◦02′16′′ W. Attecoube (Figure 1B) extends over ~70 km2,
of which the Banco forest covers 40 km2 on its northern side, the Lake Ebrie occupies
5 km2 in the southern part, and the remaining 25 km2 are inhabited by approximately
260,911 residents [24]. Divided into two distinct halves by the lake, the area is character-
ized by altitudes ranging from ~0 m.a.s.l in the flat plain around the lake and valleys to
~65 m.a.s.l on the northern strips of the dissected low plateau.

In the eastern half, the relief is characterized by two main, steep-sided, W-flowing,
U-shaped valleys that deeply incise the low plateau, exhibiting geomorphological evidence
of active slope processes. These valleys’ transverse sections are asymmetric, with steeper
N-facing slopes. Especially in the north, where the plateau reaches its highest altitudes, the
part of the study area west of the lake is also characterized by deeply incised ravines and
valleys, albeit with a more dendritic pattern (Figure 1, pictures 1–3). Although this makes
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the sector less suitable for urban development than Abobo-Doume to the south, urban
sprawl has completely invaded it, with poorly built houses and precarious dwellings set in
every imaginable location.

 

Figure 1. Location map of the study area in central Abidjan, on a background digital elevation model
(DEM). (A) The pink rectangle indicates the position of Attecoube within the city. (B) Location of
districts and main valleys investigated in the study area. Av, Agban-village. CF, Cite Fairmont. SM,
Sanctuaire Marial. Bo, Bobito. Bor, Boribana. Se, Sebroko. Ba1, Banco1. AA, Agban-Attié. Ne,
Nematoulaye. DE, Djene-Ecare. Mo, Mossikro. Sa 3, Sante 3. AD, Abobo-Doume. The numbers 1, 2,
and 3 in Figure 1B represent main valley respectively pictures 1, 2 & 3.

Geologically, Attecoube lies within the coastal sedimentary basin of Abidjan, which
is filled with Mesozoic deposits overlain by Mio-Pliocene sediments of the Continental
Terminal. At Attecoube, these ~100–200 m thick deposits mainly consist of, from top
to bottom, clayey sands, fine to middle sands, and coarse sands resting on a granitic
basement [25]. No data exist about possible spatial variations in facies (in particular grain
size) of the shallow clayey sands, which are thus commonly considered uniform throughout
the study area, except for their thickness varying from 10 to 25 m [26].

The determination of soil types and characteristics is key to slope stability analysis [27].
Based on the harmonized soil map of the Soil Atlas of Africa, which uses the World Reference
Base for Soil Resources [28,29], the dominant soil types in Attecoube are arenosols. They
developed on sands with a variable content in clay (10–45%), themselves derived from the
weathering of the basement and deposited in a marine environment. The arenosols are
categorized as moderately well-drained soils with sand to clay texture due to the presence
of clay in the lower horizon, which reduces the absorption capacity of the soils under
saturated conditions.
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Hydrologically, the main U-shaped valleys are occupied by perennial streams that
flow directly into Lake Ebrie, whereas their tributaries exhibit ephemeral flow. Attecoube
has a humid tropical climate with two humid seasons (the main one from May to July, and a
minor one from October to November) and two dry seasons (August to September and De-
cember to March) and is classified as Aw (tropical savannah climate) in the Köppen–Geiger
classification [30,31]. The rainfall seasons are largely controlled by the movement of the
tropical rain belt associated with the Intertropical Convergence Zone (ITCZ), which oscil-
lates between the northern and southern tropics throughout the year. Monthly rainfall data
for the study area are available only for the 1981–2012 period. Moreover, average values
cannot represent their high interannual variability. The most humid months are May and
June, each with an average rainfall of more than 350 mm, during which the LS hazard is
high (Figure 2). Temperatures generally range between 25 ◦C and 29 ◦C.

 

Figure 2. Monthly averages of rainfall (P) and temperature (T◦) in the Abidjan region over the period
1996–2023. The red line displays average monthly temperatures over the period 2005–2012. The red
bar graph represents the number of LSs occurring and identified during the period 1996–2023.

In recent years, Attecoube has experienced a rapid change in land cover. Popula-
tion growth has increased the demographic pressure, resulting in uncontrolled and wild
construction, first at the foot of slopes and then on the slopes themselves. The current
demographic growth is a result of the birth rate, estimated at 8%, and the proximity of
cities, notably Yopougon, Adjamé, and Plateau, where attractive economic activities are
taking place.

3. Materials and Methods
3.1. Landslide Inventory and Dataset Preparation

Before carrying out the LS susceptibility modeling, acquiring information about LS
data in the study area is vital. For our surveyed area, no reports of LS were found.
Three steps were considered to address this problem of LS inventory. Firstly, we examined
several archives: scientific articles, newspapers, and website information. Unfortunately,
these archival sources explored appeared to be of very limited use, delivering frequently
incomplete basic information about LSs. For example, the terminology used to describe
types of LS is unclear, randomly confusing LS and debris or soil fall. Moreover, the number
of LS occurrences during a particularly rainy day is not provided. The lack of clear temporal
information and vagueness in the location of LSs were noted.

In response to these data scarcities, we undertook intensive fieldwork during multiple
rainy seasons between 2015 and 2023 to develop a comprehensive and reliable landslide
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inventory. Consequently, LSs were mapped using a Garmin eTrex-10 GPS (KS, USA)
receiver, which provided planimetric accuracy within a few meters. Furthermore, all
identified mass movements were systematically described and classified according to the
updated Varnes’ classification [32]. Moreover, morphometric attributes including scarp
height, length, and width were measured whenever LSs were physically accessible. The
LSs were further categorized as shallow or deep-seated based on the 2 m depth threshold
proposed by [33].

To finalize the LS inventory, we employed a combined human–computer visual inter-
pretation approach to identify and delineate observed LSs. This process was supported
by the analysis of multiple data sources (Table 1). Specifically, we used Pleiades satellite
imagery acquired on 29 April 2015; a 2016 orthophoto covering the eastern portion of
the study area; post-2015 Google Earth images to detect more recent LS events; and high-
resolution imagery from SAS Planet 2023. These data enabled us to accurately delineate
landslides as polygons within the ArcGIS 10.3.1 environment [34] (Figure 3).

Table 1. Information used. BNETD: Bureau National d’Etudes Technique et de Développement
(or National Office of Technical Studies and Development); CCT: Centre de Cartographie et de
Télédétection (Centre for Cartography and Remote Sensing); ONPC: Office National de la Protection
Civile (or National Agency for Civil Protection); N.A.: not applicable.

Types Years Scale and Resolution Associated Data Sources

Topographic map 1988 1:5000 - BNETD/CCT
Orthophoto 2016 0.05 m - BNETD/CCT

Satellite image 2002–2023 0.3 to 0.6 m - Google Earth
Pleiades images 29 April 2015 0.5 m (Pansharpened) - Airbus

SAS Planet image 2023 0.3 m -
Reports 1981–2023 N.A. Impacts of LS ONPC/Mun. Attecoube

 

Figure 3. Examples of mass movements identified in the digital elevation model (DEM). (A) Recent
rotational slide in altered material (regolith) surveyed in the study area. The photo was taken in
August 2017 (−4.036◦, 5.356◦). The white arrow shows the tilted tree. (B) The planar slide is covered
by grasses. The photo was taken in August 2017 (−4.036◦, 5.361◦). (C) Shallow planar slide occurred
in clayed sandy material. The photo was taken in June 2015 (−4.045◦, 5.337◦). The black arrow
indicates an uprooted tree that has been cut by inhabitants. (D) Deep-seated planar slide. The photo
was taken in August 2019 (−4.037◦, 5.355◦). The red circle indicates waste discharged in this LS.
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In total, 67 LSs were recorded, most of which were small in size. The inventory
comprised 54 planar slides and 13 rotational slides. A large majority (55) of these landslides
were classified as deep-seated, while 5 were shallow, and the depth of 7 could not be
determined. These landslides are predominantly located in the western part of Lake Ebrie,
where the higher density is linked to the presence of steep-sided valleys.

The surface area of the smallest LS was 24 m2, while the largest reached 2100 m2, with
an average of 301 m2. Altogether, the 67 landslides covered 0.0193 km2 (~2 ha), representing
approximately 0.30% of the total study area.

Most of the LSs in the study area appeared to exhibit a climatic triggering pattern. The
dates of occurrence, gathered through archival sources and field investigations, were
correlated with daily rainfall data collected over the past 42 years (1981–2023) from
SODEXAM (Société d’Exploitation et de Développement Aéroportuaire, Aéronautique et
de la Météorologie, Ivory Coast), located 44 km from the site (Table 2). This external dataset
was used due to the lack of local rainfall records.

Table 2. LS occurrence dates associated with cumulative rainfall from 1996 to 2023.

Dates Cumulative Rainfall over 15 (mm)
Before 3 Days

Cumulative Rainfall over
3 Days (mm)

31 May 1996 141.1 125.7
2 July 1999 320.2 98.1

31 May 2000 111.3 17.9
23 June 2003 300.5 26.5
25 June 2005 72.7 98.5
6 June 2007 105.1 76.3
4 June 2007 71 35.2
6 July 2007 25.3 64.9

17 June 2009 382 121.2
9 June 2010 259.3 10.7
24 June 2011 80.91 38.78
4 June 2012 74.47 35.75
4 June 2014 117.8 15.64
6 June 2014 132.7 182.09
18 June 2014 222.75 18.04
20 June 2014 191.67 23.26
21 June 2015 268.29 0
6 July 2017 163 0.8

21 June 2018 168.6 52
19 June 2021 76.3 13.7

22 October 2021 32.1 24.9
2 June 2021 53.5 3.9
15 June 2022 61.1 3.6
7 July 2023 334.8 105.4

11 June 2023 435.1 132.6

Table 2 provides records for 25 landslides with precisely known dates between
1996 and 2023. Based on these data, two types of rainfall regimes were identified [35]:
(i) high-intensity rainfall episodes (0–182.09 mm within the 3 days preceding the event),
and (ii) moderately intense rainfall episodes (25.3–435.1 mm over the 15 days before those
3 days).

A comprehensive and reliable landslide inventory is critical for susceptibility model-
ing. According to [36], landslide susceptibility assessment is a complex and multivariate
challenge, often involving considerable uncertainty in estimating the probability of oc-
currence. One major difficulty lies in the spatial variability of different types of mass
movements, which are typically driven by distinct threshold conditions of contributing
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factors. When all types of movements are treated as a single input, weak correlations can
arise between landslide distribution and causative factors [36].

To overcome this, it has been suggested [37] that the type of mass movement should
be defined before the modeling stage. In this study, we focused solely on the 54 planar
slides for the susceptibility analysis.

Another essential step in landslide modeling involves identifying representative
samples of the failure zones. Various approaches exist for sampling, including using
the full extent of the landslide, the source zone (scarps), or the centroid of either. In this
study, only the scarps were selected for analysis. This decision was based on the fact
that deposition zones are often altered by human activity, which complicates the accurate
delineation. While using centroids can reduce spatial autocorrelation [38], it may also
introduce model uncertainty [39]. Furthermore, a single value of a landslide-predisposing
factor may not fully capture the complex mechanisms responsible for slope failure.

The scarp polygons of the 54 planar slides were converted into raster format at a
spatial resolution of 5 m. From this, 443 pixels were identified and assigned a value of “1”,
representing positive instances. For negative instances, pixels from non-landslide areas
were randomly selected and assigned a value of “0”. A 1:5 ratio between LS and non-LS
pixels was applied, resulting in a dataset of 2658 samples.

This dataset was randomly divided into calibration and validation subsets, using
an 80:20 ratio. Although there are no fixed rules for determining this division, the 80%
calibration and 20% validation split is commonly used [40] to balance the amount of data
used for model training and performance testing.

3.2. Landslide Conditioning Factors

Estimating the probability of landslide (LS) occurrence requires the careful selection
of relevant environmental factors. However, there are currently no universally accepted
guidelines for identifying these influencing parameters. In this study, factor selection was
guided by three main criteria: data availability, the typology of landslides observed, and
findings from previous research [41]. Based on these considerations, nine primary factors
were selected as input variables: altitude, slope, aspect, profile curvature, plan curvature,
flow accumulation, distance to drainage networks, the normalized difference vegetation
index (NDVI), and an urban-related layer (Table 3).

Table 3. Database of explanatory variables for the current study.

Variables Type Sources

Altitude (m) Continuous From TIN interpolation approach using a shapefile of contour lines
acquired by photogrammetric treatment of aerial photographs.

Slope (◦) Continuous
Profile curvature (m−1) Continuous
Plan curvature (m−1) Continuous
Drainage area (m2) Continuous

Distance to drainage network (m) Continuous
Aspect (◦)

North Dummy
Northeast Dummy

East Dummy
Southeast Dummy

South Dummy
Southwest Dummy

West Dummy
Northwest Dummy

Land cover NDVI Continuous Pleiades multispectral image (Access: 29 April 2015)
Urban-related layer (%) Continuous Shapefile of contour lines and Pleiades multispectral image
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To derive topographic attributes, a high-resolution digital elevation model (DEM) with
a spatial resolution of 5 × 5 m was created using the Spatial Analyst toolbox in ArcGIS.
This DEM was constructed from contour lines (2 m interval, 1.5 m planimetric accuracy),
produced through photogrammetric processing of aerial photographs at a scale of 1:14,500
(Table 1). These primary datasets were enhanced with 766 ground control points and
break lines. A triangulated irregular network (TIN) interpolation method, implemented in
ArcGIS, was used to generate the DEM. The resulting DEM had a vertical root mean square
error (RMSE) of 0.75 m, which provided sufficient detail for geomorphological analysis.

Several morphometric variables, derived from this DEM, benefit from the fine spatial
resolution, allowing improved representation of local terrain characteristics [42]. The
final dataset consisted of 16 explanatory variables: eight continuous and eight categorical
variables derived from aspect reclassification. These variables formed the basis for assessing
LS susceptibility in the study area.

Altitude (A) (Figure 4a): The altitude factor is a variable frequently used in studies of
LS susceptibility and is quite often recognized as a significant predisposing factor. In the
study area, the altitude range is very small (0–65 m), and we cannot expect any orographic
effect on the amount of rain that would link the latter to altitude. Furthermore, altitude
is frequently a derived predisposition factor linked to a primary factor such as lithology
or slope. This low-relief area is characterized by sandy-clayed formation—on the scale for
which information is available—uniform throughout the area. We paid close attention to
the possible relationship between slope and altitude, two factors included in the list of
potential predisposing factors.

Slope (S) (Figure 4b): The slope factor is an essential variable in slope stability analysis.
Physically, it is directly linked to the seepage process, shear stress, and gravitational effect,
which directly affect LS stability [43]. The slope map in this study area was produced by
the DEM and ranged from 2◦ to 45◦.

Aspect (As) (Figure 4c): The aspect is considered to be a significant predisposing factor
in LS susceptibility assessment [44,45]. It is decisive in specific climatic characteristics, such
as the predominant direction of precipitation and the amount of solar radiation [46]. This
factor was derived from DEM and divided into eight directions: north (N), northeast (NE),
east (E), southeast (SE), south (S), southwest (SW), west (W), and northwest (NW).

Plan curvature (Cpa) (Figure 4d): The Plan curvature was used to describe the contour
curvature of the slope surface. This factor controls the convergence/divergence of surface
runoff and is derived from DEM produced, ranging from −43.67 to 41.48.

Profile curvature (Cpo) (Figure 4e): The profile curvature indicates the rate of slope
change in the direction of the maximum slope. It corresponds to the curvature of the
topographic surface along the line of greatest slope. This parameter controls the accel-
eration/deceleration of surface water flows and erosion/accumulation processes; it was
extracted from DEM and ranged from −52.28 to 47.12.

Flow accumulation (Fa) (Figure 4f): The area drained by the pixel controls the degree
of water saturation of the slopes and, hence, their stability. The relationship between
flow accumulation, runoff concentration, flow rate, and LS occurrence has frequently been
highlighted [47]. The greater the surface area drained upstream of a scarp, the greater the
quantity of water that infiltrates the soil at the head of LS, bringing the slopes made of
loose materials even closer to their failure threshold. This factor was extracted from DEM
and ranged from 0 to 351,402 (pixels).
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Figure 4. Thematic maps of LS controlling factors. (a) Elevation; (b) slope; (c) aspect; (d) profile
curvature; (e) plan curvature; (f) flow accumulation (g) distance to drainage network; (h) Normal-
ized difference vegetation index (NDVI); (i) URL (artificial loading of upper hillslopes). The grey
background represents slope values below 2◦ and is a non-susceptible area.
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Distance to drainage network (Ddr) (Figure 4g): The cutting and erosion of the
river-to-bank slope is considered the critical factor of LS stability. This factor’s influence is
probably related primarily to the fact that the top of the water table is closer to the surface
of the ground near valley bottoms and perhaps also to changes in the terrain caused by
more effective gully erosion in this same topographical position. The distance ranged from
0 to 300 m from the buffer of the drainage work.

Normalized difference vegetation index (NDVI) (Figure 4h): The nature and density
of ground vegetation cover can affect the resistance of slopes to LS, mainly through the
strong control it exerts over the balance between infiltration and surface runoff during
rainfall and through the effect of interception of drops and evapotranspiration on soil water
content. This factor was derived from an overlay of bands 4 (PIR) and 3 (R) of the Pleiades
multispectral image from 29 April 2015, using the “Image Analysis” window in ArcMap,
and ranged from −0.23 to 0.62.

Urban-related layer (URL) (Figure 4i): This factor represents the artificial loading
of upper hillslopes. “Construction” is considered to be human actions that can, to some
extent, cause LS incidence. This parameter provides information about the percentage of
built-up area on the tops of hillslopes. Using a topographic contour map and Pleiades
image, constructions were digitized within a 100 m buffer from the edges of the interfluve
plateau, considering a slope angle of 15◦, and then converted to raster format in ArcMap.
The values ranged from 0 to 1.

Before extracting the thematic layers, we delineated the area covered by our LS
susceptibility modeling. We know that the identified LSs were exclusively distributed on
the steep slopes separating the lowlands connected to Lake Ebrie from the residual plateau
areas in the interfluves. Intensive fieldwork allowed us to confirm that interfluves and
subhorizontal lowlands will never constitute LS starting zones. For this reason, to quantify
the hazard inherent in the slopes alone more realistically, we reduced the area for which
the modeling was carried out to only those surfaces with slopes greater than 2◦.

3.3. Multicollinearity Analysis

Effective selection of LS-favoring variables is essential to produce reliable results when
using the logistic regression (LR) model. A high correlation between independent variables
can test the models produced in terms of performance and generalizability. Two stages
were adopted for the optimal selection of variables.

The first phase consisted of estimating the Pearson coefficient (r). This assesses the
linear relationship between continuous independent variables [48]. A variable with an
r value of 0.7 or more indicates a strong linear correlation and should be excluded from
predictive modeling. This coefficient was calculated using the following expression:

r =
∑n

i=1
(
Xi − X

)(
Yi − Y

)√
∑n

i=1
(
Xi − X

)2
√

∑n
i=1

(
Yi − Y

)2
(1)

where Xi and Yi are the values taken by the independent variables. X and Y represent their
respective means.

The second stage involved estimating 2 statistical indicators, such as the variance
inflation factor (VIF) and the tolerance (TOL), in order to detect and reject strongly related
variables. These were calculated as follows:

VIF =
1

1 − R2
j
=

1
Tolérance

(2)
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where R2
j is the coefficient of determination of a regression of j explanatory variables on

the prediction variables. The exclusion or not of a variable from the model is based on the
critical values of these 2 indicators. The elimination of a variable occurred when TOL < 0.1
and VIF > 10 occurred simultaneously [49].

The calculations were performed using the pixels of the calibration sets of scarps,
corresponding to the pixels of the 8 explanatory variables.

3.4. Preliminary Assessment of the Individual Explanatory Power of Predictor Variables

Here, the frequency ratio (FR) was used as a complementary approach to assess the
spatial correlation between the distribution of LS and potential LS-favoring variables [50],
which helped to explain the role of the variables in contributing to LS occurrence. FR
values were computed by dividing the LS frequency for a given predictor factor class by
the frequency of LS incidence for the whole. If FR is more significant than 1, this indicates
that the relationship between LS events and the influencing factors is stronger. This index
is calculated as follows:

FR =
Npix(LSi)

/Npix(Ci)

∑N
i=1 Npix(LSi)

/∑N
i=1 Npix(Ci)

(3)

FR: Frequency ratio
Npix (LSi): Number of LS pixels into class (i) of the factor
Npix (Ci): Number of pixels belonging to class (i) over the whole study area
∑N

i=1 Npix(LSi)
: Total number of LS pixels in the study area

∑N
i=1 Npix(Ci)

: Total number of pixels in the study area

3.5. Logistic Regression Model

Logistic regression (LR) is a generalized linear model that predicts the probability of
spatial occurrence based on a binary response (0 or 1) [51]. LR consists of finding the best fit
of the model, establishing the relationship between LS (from an inventory and represented
by a binary variable—LS presence: 1; absence: 0) and the independent variables. The basic
equation for predicting future occurrence is as follows:

π(x) =
1

1 + e−(β0+∑n
j=1 β jXj)

(4)

where π(x) represents the probability of LS occurrence and takes values between 0 and 1,
β0 is the intercept of the model, Xj represents the jth of n predictive variables, and β j is the
coefficient of respective variable that is needed to build the model. All calculations were
performed in the RStudio environment (version 1.4.1717).

All coefficients obtained allowed predicted probabilities to be estimated, and these
were classified into one of the response levels (i.e., 1 or 0) based on probability, with a
cut-off value of 0.5. Then, cells with a probability above this cut-off value were classified as
LS cells while those with lower probabilities were classified as non-LS cells.

During this process, we carried out backward elimination, which consisted of introduc-
ing all the explanatory variables into the model at the start and progressively eliminating
them, depending on whether or not they were statistically significant. Then, we looked
for models that minimized the loss of information by comparing their Akaike information
criterion values [52]. Models with a low AIC value were considered to be robust. It should
not be forgotten that AIC is a measure of the quality of a statistical model. It is calculated
using the following expression:

AIC = −2 × log (L) + 2 × k (5)
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where L is the maximized likelihood, and k is the number of LS-favoring variables in the
model. AIC represents a compromise between bias (which decreases with the number
of independent variables) and parsimony (the need to describe the data with as few
variables as possible). Based on the AIC quality criterion, we simplified the model(s)
produced. Assume a model M with the following parameters: spatial resolution of 5-m,
X corresponding to scarps (E), the sampling ratio 1:5, where n is the number of explanatory
input variables. This model is written as follows: 5X€ (1:5)|n.

3.6. Model Performance

After building the LS susceptibility models (LSMs), it was essential to evaluate their
performance. According to [53], LS susceptibility models that have not been validated
hold no scientific value. For this reason, we used different accuracy metrics to evaluate
the performance of the models obtained. In this study, overall accuracy (OA), RMSE, and
area under the receiver operating characteristic curve (AUC-ROC) metrics were used to
validate the results of the models. Regarding AUC-ROC, this metric represents a measure
of the model’s predictive power. Thus, an AUC value close to 1 indicates that the model
has high predictive power. An AUC value of 1 would indicate perfect discrimination of
the danger zones. On the other hand, an AUC value slightly above 0.5 indicates a poorly
predictive model, while an AUC of 0.5 means that the model’s performance is equal to
that of a random prediction. Except for RMSE, the performance evaluation metrics were
computed using the components of the confusion matrix. In Equation (6), TP (true positive)
and TN (true negative) express the number of pixels correctly classified as LS and non-
LS, respectively; FP (false positive) and FN (false negative) denote the number of pixels
misclassified as LS and non-LS, respectively [54].

Overall accuracy (OA) =
TP + TN

TP + TN + FP + FN
(6)

RMSE =

√
∑n

i=1(XP − XO)
2

n
(7)

where n is the number of calibration or validation data sets, XP corresponds to the prob-
abilities predicted by the models (LS pixels), and XO represents the events (LS pixels) or
non-events (non-LS pixels).

3.7. Cost Functions and Risk Classes
3.7.1. Cost Curve

In a binary classification problem, the input vectors (variables) are X = {x1, . . ., xm}
with xi ∈ Rd, and the landslide classes are Y = {y1, . . ., ym} with yi ∈ {0, 1}. Here, xi

is the i-th value of the variable described by dimension d, yi = 1 represents the class of
events, and yi = 0 represents the class of non-events. In this scenario, each event/non-event
pixel i is associated with a specific cost Ci. For example, for correctly classified pixels,
i.e., true negatives and true positives, the associated costs are CTN and CTP, respectively.
Furthermore, the costs associated with model-induced misclassification of pixels are the
cost of false negatives (CFN) and the cost of false positives (CFP), respectively. [54]. In
general, the costs associated with CTN and CTP equal zero. Therefore, for the classifier hi (x)
(here, the decision threshold), the total expected cost based on this cost matrix is given by
the following expression:

Cost =
n

∑
i=1

(CFP × (1 − yi)× Pi + CFN × yi × (1 − Pi) (8)
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where yi ∈ {0, 1} is the observed category and hi ∈ {0, 1} is the predicted category for
observation i, with n being the number of observations. Pi represents the logistic regression
model (5X (=E) (1:5)|n) obtained in Section 3.5.

The (arbitrary) sample ratio of 1:5 shows a disproportion between event and non-
event pixels. This significant imbalance logically calls for the application of rare event
modeling. However, our sample was sufficient to train a standard logistic regression. To
better reflect reality, we reconsidered the sampling ratio. Our sample spanned several
years (up to 10 years), during which the inventory could not be constructed systematically.
Nevertheless, the prediction map derived from this inventory is likely to remain valid for
several decades (up to 50 years), during which LS hazard is expected to increase due to
climate change [55] and the impact of human activities on hillslopes [3,9]. Consequently,
the number of events is likely to be significantly higher than what we initially observed.
Our dataset indicates that one pixel out of 1000 experienced a LS, which is a very low rate.
Considering the extended time span covered by the susceptibility map, along with climate
change and anthropogenic alterations, we anticipate a higher frequency of LSs in this urban
area. We can reasonably assume that the future number of events will be twenty times
greater than our current observation, that is, 20 out of 1000 pixels, or 2%, equating to a
1:50 ratio between LS and non-LS pixels. This defines the new model, expressed as follows:
(5X (=E) (1:50)|n).

3.7.2. Data Description

Estimating the costs associated with model misclassification (CFN and CFP) ideally
requires detailed socio-economic data. However, due to the unavailability of such informa-
tion, we empirically assessed these costs based on specific considerations that would give a
realistic character to the data sets envisaged. To this end, we defined a false positive to false
negative (FN/FP) cost ratio. The cost associated with false positives (CFP) is interpreted
as an additional investment in prevention measures, which we estimate to be around 10%
of the total investment, particularly since some buildings are located in areas of potential
instability. Given the sparsity of the study area, false positives were assigned a weight of
1. In contrast, the occurrence of a LS can expose certain elements to high socio-economic
losses and, potentially, human fatalities. Therefore, the cost of false negatives was estimated
at 150% of the investment, relative to CFP. Based on a projected LS frequency increase by a
factor of 20 (see Section 3.7.1), we assigned a weight of 300 (20 × 15) to FN and 1 to FP, to
examine the sensitivity of the threshold to variations in the cost ratio. Additional scenarios
were tested using alternative cost ratios of 250 (12.5 × 20) and 350 (17.5 × 20).

4. Results
4.1. Multicollinearity Analysis

The selection of LS conditioning variables is essential for developing reliable models
that can accurately distinguish between areas susceptible to mass movement and stable
zones. In this study, variable selection was performed using Pearson correlation, the
variance inflation factor (VIF), and tolerance (TOL). The results of the correlation matrix
are presented in Table 4. As shown in this table, none of the LS-conditioning variable pairs
exceed the critical correlation threshold of 0.7. This indicates the absence of multicollinearity
among predictor variables, confirming their suitability for LS hazard assessment.

The next step in the variable selection phase was to analyze the VIF and TOL statistical
indicators. A VIF > 10 and TOL < 0.1 indicate significant multicollinearity between these
factors [56]. The results (Table 5) showed that variables such as profile curvature (1.48),
plan curvature (1.44), altitude (1.29), and urban-related layer (1.23) had the highest VIF
values, indicating low tolerance values. These results satisfied the critical thresholds, i.e.,
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VIF > 10 and TOL < 0.1, which means that there was no multicollinearity between these
eight LS-favoring variables. Therefore, these factors were used as input factors of LS
susceptibility mapping for model calibration.

Table 4. Pearson correlation between pairs of predictor variables.

A URL Ddr Fa NDVI Cpa Cpo S

A 1 - - - - - -
URL 0.41 1 - - - - - -
Ddr 0.24 0.16 1 - - - - -
Fa −0.04 −0.02 −0.07 1 - - -

NDVI −0.18 −0.17 0.02 0.01 1 - -
Cpa 0.01 −0.02 −0.03 −0.012 0.01 1 -
Cpa −0.11 −0.05 0.002 0.01 −0.07 −0.54 1 -

S −0.04 −0.09 −0.08 −0.03 0.31 −0.02 −0.094 1

Table 5. Multicollinearity analysis of the evaluation factors.

Predictive Variables TOL VIF

A 0.77 1.29
URL 0.81 1.23
Ddr 0.92 1.09
Fa 0.99 1.01

NDVI 0.86 1.16
Cpa 0.69 1.44
Cpo 0.68 1.48

S 0.88 1.13

4.2. Relationship Between Explanatory Variables Using FR

The frequency ratio (FR) establishes the correlation between LS and the factors that
cause failures. If a class has an FR value > 1, then this class has a high correlation with LS
events; in contrast, if a class has an FR value < 1, then this class has a low correlation with
LS events [57]. The FR values for each class of the 16 factors that cause mass movements
are shown in Table 6. In the table, altitude values between 20 and 50 m have FR values > 1,
indicating the high probability of LS occurring in these classes of variables. In the case of
the slope variable, the higher its value, the greater the probability of LS. For the classes
5–15◦ (1.03), 15–30◦ (2.65), 30–45◦ (4.94), and >45◦, the FR values are greater than 1, showing
the association between these classes of independent variables and the dependent variable
(LS). Regarding the drainage network variable, the 0–75 m and 75–150 m classes have high
FR > 1 values. However, no LSs were observed as the distance from the network increased
(classes 150–225 m and 225–300 m). In the case of the urban-related layer, classes 0–0.22
and 0.22–0.44 have FR > 1 values, indicating the high susceptibility to mass movement
in these classes. It can be seen from this table that NDVI values between 0.11 and 0.62
have FR values > 1, indicating the association between areas (wooded or grassy) and the
occurrence of failures. The FR values for the flow accumulation class (0–57,274 pixels) are
greater than 1. As can be seen from this table, aspect classes such as north (1.29), south
(1.27), and northwest (3.56) have FR > 1 values. This shows the strong correlation between
these variable classes and LS. However, the remainder of the aspect classes have a FR
value < 1. The FR values for the plan curvature classes −43.67–−2.93 (5.65) and 2.93–41.48
(7.27) are greater than 1, indicating a high probability of mass movement. However, the
class −2.93–2.41 has a FR (0.77) value < 1, indicating a low probability of LS. In the case of
curvature in profile, the classes −52.28–−3.16 (6.08) and 3.07–47.12 (3.10) have FR values
greater than 1.
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Table 6. Spatial relationship between each prediction variable and LS. Legend: Npci = number
of pixels belonging to class (i) over the whole study area; NpLS = number of pixels of LS in class
(i) of the variable; Ppci = percentage of pixels belonging to class (i) over the whole study area;
PpLSci = percentage of pixels of LS in class (ci); Fri = frequency ratio.

Classes Npci NpLS Ppci PpLSci Fri

A 0–10 67,456 0 15.42 0.00 0.00
10–20 73,664 41 16.84 9.26 0.55
20–30 79,672 123 18.21 27.77 1.52
30–40 61,353 146 14.02 32.96 2.35
40–50 66,898 129 15.29 29.12 1.90
50–60 55,083 4 12.59 0.90 0.07
60–65 33,437 0 7.64 0.00 0.00

S 2–5 262,891 8 60.08 1.81 0.03
5–15 105,774 110 24.17 24.83 1.03

15–30 37,968 102 8.68 23.02 2.65
30–45 21,413 107 4.89 24.15 4.94
>45 9517 116 2.18 26.19 12.04

Ddr 0–75 270,143 283 61.74 63.88 1.03
75–150 139,497 160 31.88 36.12 1.13
150–225 26,318 0 0.00 0.00 0.00
225–300 1605 0 0.00 0.00 0.00

URL 0–0.22 343,032 362 78.40 81.72 1.04
0.22–0.44 35,024 72 8.00 16.25 2.03
0.44–0.67 31,675 9 724 2.03 0.28

0.67–1 27,832 0 6.36 0 0
NDVI (−0.23)–0.11 198,605 15 45.39 3.39 0.07

0.11–0.24 88,874 140 20.31 31.60 1.56
0.24–0.38 70,734 156 16.17 35.21 2.18
0.38–0.62 79,350 132 18.13 29.80 1.64

Fa 0–57274 437,389 443 99.96 100 1.00
57274–351402 174 0 0.04 0 0

As N 42,719 56 9.76 12.64 1.29
NE 46,639 33 10.66 7.45 0.70
E 65,427 28 14.95 6.32 0.42

SE 59,796 58 13.67 13.09 0.96
S 66,808 79 15.27 17.83 1.17

SW 57,299 3 13.10 0.68 0.05
W 56,385 33 12.89 7.45 0.58

NW 42,490 153 9.71 34.54 3.56
Cpa −43.67–2.93 7692 44 1.76 9.93 5.65

−2.93–2.41 420,092 327 96.01 73.81 0.77
2.41–41.48 9779 72 2.23 16.25 7.27

Cpo −52.28–3.16 16,890 104 3.86 23.48 6.08
−3.16–3.07 402,521 282 91.99 63.66 0.69
3.07–47.12 18,152 57 4.15 12.87 3.10

4.3. LS Occurrence Model

The LS occurrence model was built after carrying out an exploratory analysis of
all LS-favoring variables. The final model was built using the backward elimination
approach. In this process, three LS susceptibility models (M1 = 5E1:5|16, M2 = 5E1:5|11
and M3 = 5E1:5|10) were produced (Table 7). Based on the AIC criterion, models M2 and
M3 fit the sampled variables well. These two models have similar AICs, and this does not
facilitate the choice of the best model. Adopting the principle of parsimony, we selected
M3 (5E1:5|10), because of the reduced number of independent variables (10) and its AIC
quality (Table 7). For the prediction of susceptibility to mass movements, variables such as



Earth 2025, 6, 84 17 of 26

altitude, aspect (NW, SE, S, and SW), urban-related layer, flow accumulation, NDVI, profile
curvature, and slope were included in the model, because of their statistical significance
(significance level α = 5%). Table 8 presents the coefficients for these predictor variables.

Table 7. Models and their respective AICs.

Models Ranks AICs

M1 = Model including all variables (As, A URL, Ddr, Fa, NDVI, Cpa, Cpo, and S) 1 1179
M2 = Model without variables (E, NE, W, Ddr, Cpa) 2 1174.8

M3 = M4 without N 3 1175.2

Table 8. Estimated variable coefficients, odds ratios, coefficient confidence (95%), and p-value for the
final LR model M3.

Variables Dufinal (M3) Coeficient (β) Exp (β) Coefficient Confidence (95%) Exp (β) p-Value

A 0.03 1.03 [1.01, 1.04] <0.05
NW 1.75 5.93 [3.89, 8.48] <0.05
SE 0.69 1.99 [1.23, 3.17] <0.05
S 1.060 2.89 [1.88, 4.46] <0.05

SW −1.94 0.14 [0.03, 0.42] <0.05
URL −1.48 0.23 [0.07, 0.64] <0.05

Fa 0.008 0.99 [0.98, 0.99] 0.005
NDVI 2.96 19.33 [6.80, 55.56] <0.05
Cpo −0.07 0.93 [0.89, 0.98] <0.005

S 0.14 1.14 [1.13, 1.17] <0.05
Intercept −5.32 0.005 [0.003, 0.009] <0.05

4.4. Performance Assessment

In this study, different metrics, including overall accuracy (OA), RMSE, and area
under the receiver operating characteristic (ROC) curve (AUC), were used to evaluate the
performance of the LR model (Table 9). These metrics were applied for both calibration
and validation stages. Based on the calibration datasets, the model 5E1:5|10 presented OA
equal to 87.5%, while a value of 89.5% was obtained for validation datasets. One of the
commonly used metrics to measure the accuracy of models is RMSE [58]. This is used to
measure the prediction error of the model; the closer it is to 0, the better the performance
of the model [58]. Thus, the RMSE was 0.291 for the calibration datasets and 0.267 for the
validation datasets. In this study, we also used the AUC metric to evaluate the models’
performance in terms of calibration and validation datasets. As can be seen, Figure 5 shows
the ROC curves and AUC values of the model 5E1:5|10. Examining this figure, it can be
seen that the model had an AUC value (0.915) using calibration datasets, while this value
was 0.938 for validation datasets. It may be noted that the AUC value obtained with the
testing datasets was greater than the AUC value acquired with the training datasets.

Table 9. Performance of the LR (5E1:5|10) models in the calibration and validation stages.

Stage Metrics LR

Calibration Accuracy (%) 87.5
RMSE 0.291

Validation Accuracy (%) 89.5
RMSE 0.267



Earth 2025, 6, 84 18 of 26

 

Figure 5. ROC curves and AUC values of the model (5E1:5|10).

4.5. Landslide Susceptibility Map (LSM)

LR was used to build the model 5E1:5|10 to find the optimal regression coefficients
(Table 8). These were used to generate probabilities of LS occurrence based on a scale of
0 to 1. These estimated probabilities associated with LS were classified into five levels
of susceptibility according to the natural breaks–Jenks approach: very low (0–0.06), low
(0.06–0.2), moderate (0.2–0.4), high (0.4–0.7), and very high (0.7–1). Visual inspection of the
susceptibility maps after classification revealed the distribution of the LS susceptibility level
(very high) throughout the entire study area (Figure 6). To better analyze the classification
of the LS susceptibility maps, two indicators were used in this case: the proportion of area
and LS pixels.

 

Figure 6. LS susceptibility map using model 3, showcasing several identified LSs.
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In model 5E1:5|10 (Table 10), the susceptibility classes (very low and low) covered
more than half (86.7% or 9.5 km2) of the study area (slope > 2◦), with a proportion of LS
equal to 15.6% and an estimated frequency ratio of 0.6. The model’s susceptibility levels
(high and very high) covered only 6.3% (0.7 km2) of the built-up area, with values of 61.2%
and 20.2% attributed to the LS proportion and FR, respectively.

Table 10. Classification statistics for LS susceptibility based on the model (5E1:5|10).

Levels Susceptibility Surfaces (km2) Surface Ratio (%) LS Ratio of LS (%) FR

Very low 7.18 65.75 21 4.74 0.07
Low 2.29 20.97 48 10.83 0.52

Moderate 0.76 6.96 103 23.25 3.32
High 0.39 3.57 122 27.53 7.79

Very high 0.30 2.75 149 33.63 12.39

4.6. ROC and Cost Curves

In the LS risk management context, the definition of a decision threshold associated
with the ROC curves enables the determination of whether a given area (pixel) is hazardous
or not, leading to the consideration of preventive measures. In this study, the threshold
value was determined using the model (5E1:50|10) and data derived from empirical costs.
Considering the cost ratio (300/1), Figure 7 shows an estimated global optimum threshold
of 0.04, and the total cost associated with this value equaled 75,000 (an arbitrary value). for
the additional scenarios, the results revealed a negligible threshold value similar to the first.
This shows the low sensitivity of the threshold to changes in cost ratios.

Figure 7. ROC curve and cost function showing optimal threshold for the scenario (FN/FP). This
scenario indicates an optimal threshold equal to 0.04. The cyan dotted line on the cost function curves
indicates where the optimal point is for plotting costs. For the ROC curve, the intersection shows the
location of the FP rate and the TP rate corresponding to the optimal threshold value. The color of the
curve indicates the cost associated with this point: greener means that the cost is lower, while blacker
means the opposite.

The ROC curves constructed from the different threshold values show the rate of true
positives identified as a function of the false positives misclassified. The area under these
curves, estimated at 0.92, shows the performance of our model (AUC > 0.90, excellent).

The optimal thresholds, as shown on the ROC curves, were used to evaluate statistical
indicators (Table 11) and obtain an overall view of cost minimization. Taking into account
the optimum threshold (X = 0.04), we note that the dangerous (or unstable) areas are
concentrated in the upper part of the hillslopes, and a large part of the study area is
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classified as stable and available for construction (Figure 8). Although a clear difference
was not observed, these susceptibility maps associated with costs constitute decision-
making tools for local authorities responsible for land use and urban space planning. This
could be improved by taking accurate socio-economic data into account.

Table 11. Evaluation of statistics using optimal threshold values for cost ratio (300/1).

Observed

Stable Unstable

Predicted
Stable 90.15% 23.48%

Unstable 9.85% 76.52%

Figure 8. Susceptibility patterns classified into stable/unstable zones using optimal threshold value
for the scenario (FN/FP).

5. Discussion
5.1. Determination of Unsafe Slopes Using the Model and the Influence of Individual Variables

The study area, located in the central part of Greater Abidjan, is frequently subject to
LSs. This study aims to fill the knowledge gap about LSs and to produce a LS susceptibility
map for the study area. Some research has been conducted in this urbanized area [22]
focused on the impacts of meteorological conditions on slope classification. Marcel et al. [23]
have assessed the socio-economic impacts of LS occurrence. However, they did not assess
the LS-driving variables or LS susceptibility.

Field observations and the interpretation of satellite images revealed that many natural
and human-made factors contribute to triggering these mass movements. In the study area,
LS are mainly affected by morphological factors, precipitation, geological formations, and
changes in land use. To determine the relationship between LS occurrence and the driving
variables, the FR approach was produced using weights for each class of conditioning
factors (Table 6). Table 6 represents the relationship between LS events and the classes
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of each conditioning factor. In the case of the relationship between LS occurrence and
altitude, the failure mainly occurred at altitude between 30 and 40 m. For areas with a slope
angle > 45◦, the area’s susceptibility to the LS occurrence is higher. Regarding distance to
drainage, susceptibility to LS increases with class 75–150 m. The ratio for the urban driving
variable is higher for the 0.22–0.44% class. NDVI is one of the conditioning factors that
directly impact the presence of LS.

For this driving variable, the highest FR ratio (2.35) was obtained for forested slopes,
which amplified the LS occurrence. For flow accumulation, the increase in LS occurrence
was obtained for class 0–57,274 (pixels). The impact of each aspect was assessed as con-
tributing to the occurrence of LS. The ratio was highest (3.56) for the NW class. A high value
of the FR ratio for the slope curvature class is characteristic of concave slopes, indicating a
high probability of landslides.

The multivariate statistical analysis (MSA) was performed using LR, and the relation-
ship between the LS incidence and LS driving factors was assessed. The LS favouring
factors are obtained and listed in Table 8. As shown in this table, driving variables (altitude,
slope, southeast, south, northwest, and NDVI) positively influenced LS occurrence in this
urban area. Among these six significant driving factors, NDVI was the main conditioning
factor. This predictive variable had a high magnitude positive coefficient (eβ = 19.33),
revealing vegetated areas where slopes are likely to be stable. Some studies have pointed
out that the presence of vegetated surfaces may be more effective in reducing susceptibil-
ity [59]. Similarly, other work [60] highlighted that vegetated areas are commonly related
to increased slope stability. However, we note the inverse relationship between NDVI and
LS occurrence in the study area. The density of LS occurrence increases and decreases with
increasing NDVI values. Surfaces with NDVI values of 0.24–0.38 are most susceptible to LS
incidence. The presence of plants (Rottboellia Cochinchinensis and Panicum Maximum)
and urban crops such as maize, cassava, potato, and peanut along the hillslopes does not
offer protection against LS, because these plants have shallow roots. Recent studies [61] in
Lin’an, a city in Zhejiang Province, China, have revealed that shrub forests with shallow
root systems (0 to 30 cm) favor the occurrence of LS. On the other hand, low NDVI values
are primarily concentrated in valleys and interfluves where human activities are prevalent.
These areas are relatively flat and are not conducive to the formation of LSs.

In this study, the results showed that the most susceptible class of the aspect factor
was the northwest (eβ = 5.93), followed by the south (eβ = 2.89) and southeast (eβ = 1.99)
classes. This may be due to the prevailing wind direction coming from the south and
southeast (Greater Abidjan). These hillslopes, exposed to the wind during the rainy season,
receive rainfall that infiltrates the clayed sand units. This water infiltration reduces the
shear strength of this formation and triggers a LS. Regarding the slope, our results revealed
that slope angle plays a role in the occurrence of LSs in the study area. The frequency
distribution of LSs shows that slopes above 5◦ are potentially subject to landsliding. This is
consistent with results found in other tropical regions [62]. However, our results do not
align with those of [63]. Those authors reported that, at a constant altitude, the probability
of LS occurrence increased, then decreased with the increasing slope, reaching its maximum
between 28◦ and 50◦. These findings were confirmed by the work of [64], who indicated
that the probability of LS increased with the slope, but decreased with slopes greater than
70◦. We note that the altitude variable has a minor influence on the occurrence of LS in this
urbanized area, as its odds ratio (eβ = 1.03) is close to unity. The interelationship between
LSs and altitude is more pronouced at elevations ranging from 20 m.a.s.l to 40 m.a.s.l.
The weak association of LSs with altitude has been investigated in previous studies. For
example, Van Den Eeckhaut et al. [65] used a “rare event logistic regression” model to assess
LS susceptibility prediction in W Belgium (altitude ranging from 10 m.a.s.l to 150 m.a.s.l)
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and stressed that terrain height had a relatively minor influence, with an odds value
estimated at (eβ = 1.005).

Although altitude has little impact on the initiation of LSs, hillslopes concentrate
anthropogenic activities such as clearing of slopes, construction of informal settlements at
the tops of slopes, and inadequate solid waste management, which can lead to an increase
in LSs in areas with gentle slopes [66]. In this highly urbanized context, we introduced
an anthropogenic variable (URL) that describes artificial loading (informal settlements)
of upper hillslopes to assess its real contribution to LS occurrence. Incorporated into the
dataset to assess the prediction map, the model revealed that this variable had no significant
influence (eβ= 0.23) on LS development. Several reasons may explain this situation. Firstly,
this variable reflected the low levels of construction at the immediate edges of the hillslopes,
especially since distributed loads created by buildings with diffuse local stress presented
a weak intensity of surcharge. Secondly, the size of the map unit (25 m2) may not be
appropriate to cover a sufficient portion of the buildings. Therefore, increasing the pixel
size will be necessary in future research. Notwithstanding its lesser contribution, this
variable remains important when modeling LSs in a continuously changing urban context.
On the other hand, in addition to this, it would be desirable to include other anthropogenic
variables such as huge amounts of waste, pedestrian paths, and makeshift pipes, to improve
understanding of their influence on LS incidence. Given the spatial dynamics, it will be
important to update our construction dataset (polygons) by considering recent satellite
images of urban sprawl.

Based on the coefficients derived from the LR, the LS probability map was generated
from the (5E1:5|10) model. This LS probability map shows that the probability of failure is
high along hillslopes with steep slopes and altitudes. The obtained LS probability map was
categorized into five susceptibility levels, using the Jenks Breaks method. This classification
approach was used because it minimizes intra-class variance and maximizes inter-class
variance. Finally, the LS susceptibility map for Attecoube, using only the main escarpments,
included values as follows: very low (0–0.06), low (0.06–0.2), medium (0.2–0.4), high
(0.4–0.7), and very high (0.7–1); map is shown in Figure 6. Based on the LS susceptibility
map acquired, most areas (around Lake Ebrie, interfluves, and valley bottoms) are located
in very low and low susceptibility zones, covering more than 86.7% or 9.5 km2, with a
proportion of LS equal to 15.6% and an estimated frequency ratio (FR) of 0.6. The high
and very high susceptibility zones cover only 6.3% (0.7 km2) of the urban area, with
values of 61.2% and 20.2% attributed to the proportion of LS and the FR, respectively.
These zones are distributed over almost the entire study area and are located along the
slopes. The (5E1:5|10) model obtained during this research was evaluated using the area
under the curve (AUC-ROC). The performance and predictive capacity of the model were
determined by considering different configurations of calibration and validation samples.
The AUC-ROC values obtained were described as excellent (AUC-ROC > 0.9). This result
suggests that the model produced in this study demonstrates a high level of accuracy
in predicting the spatial probability of LS in Attecoube. Having been used in several
publications, logistic regression has produced promising AUC-ROC results ranging from
0.79 to 0.93 [67].

The results of this study can help urban planners and decision-makers reduce the
areas where LSs are likely to occur. The prediction model used in this study has proven to
be very useful for effective land management.

5.2. ROC and Cost Curves

The adoption of the prediction model enabled the assessment of the minimum costs for
the study area, based on various cost ratios. Figure 7 shows a negligible optimum threshold
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value, which was used to estimate these two costs. Integrating a cost function into a
logistic regression model (5E1:50|10) enables the determination of optimum thresholds,
which are useful for discriminating between areas susceptible to mass movement and
stable zones (Figure 7). The threshold (X = 0.04) shows a low frequency of pixels exposed
(unsafe/unstable) to mass movements in the study area. However, a significant fraction
of pixels were classified as safe or stable. This was due to the sufficient quantity of non-
events derived from the sampling ratio (1:50), which was introduced to calibrate the
susceptibility model.

The increase in stable zones (FN) coupled with the reduction in unstable zones (FP)
constitutes a significant housing problem in the study area (Table 11). Unstable areas,
characterized by high economic costs, are concentrated on the upper parts of the hillslopes.
To a certain extent, these areas, which are considered dangerous, are unsuitable or even unfit
for construction. The current planning regulations adopted by the Attecoube municipal
authorities (and, indeed, the Ivorian government) are very close to this situation. In this
context, residents reported the destruction of several buildings at the top of the hillslopes
during our fieldwork. This was linked to the recurrent occurrence of mass movements with
their attendant loss of life and injuries. Stable zones with low economic costs occupy a
significant proportion of the study area (talwegs, slopes, and hilltops). Analysis of the costs
associated with misclassification reveals that the probability of committing a type II error
(false negative rate) is almost three times higher than that of committing a type I error (false
positive rate). Given the evolution of the hillslopes in this urban area, except for the gentle
slopes (talwegs, tops of slopes, around the bay lagoon), the other slopes can be assumed
to be hazardous. It is, therefore, essential to recommend preventive measures to stabilize
hillslopes, especially as human activities and the effects of climate change have adverse
consequences on the balance of slopes in urban areas.

This study assessed the costs associated with classification errors based on empirical
data (extracted from LS datasets). Using real socio-economic conditions, which control the
cost of elements exposed to LS risk, would be interesting. This approach would enable
the susceptibility model to effectively determine the real costs associated with type I and
type II misclassifications. These costs could also be allocated based on the decision-maker’s
approach to the hazard, which reflects society’s perception of the risk. For example, suppose
a given company is prepared to tolerate a high level of risk. In that case, decision-makers
will depreciate the cost of false negatives, reducing the cost ratio (FN/FP). On the other
hand, if the company tolerates a low level of risk, decision-makers will have to increase
the cost of false negatives. In the first case (low cost ratio), a cost-sensitive criterion would
favor a model that classifies a small part of the zone as unstable and of course, the opposite
would apply in the second case.

6. Conclusions
Accurate LS prediction maps are essential tools for urban planners and decision-

makers to reduce the risk of human casualties and infrastructure damage. In this study, we
applied logistic regression (LR) and frequency ratio (FR) models to assess LS susceptibility
maps for the municipality of Attecoube, situated in the central part of Greater Abidjan. The
dataset used consisted of 54 scarps from planar slides and 16 LS-conditioning variables.
Among these, altitude, slope, southeast, south, northwest orientations, and NDVI were
identified as significant positive contributors to LS occurrence. The most at-risk areas are
located in hilly zones where clayed sands are saturated and anthropogenic activities are
concentrated. The LR-based model (5E1:5|10) classified the study area into five suscep-
tibility categories: very low, low, moderate, high, and very high. High and very high
susceptibility zones together covered approximately 0.7 km2, accounting for 6.3% of the
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total study area (12.4 km2). Model validation using the ROC curve yielded a prediction
rate of 0.938, indicating strong predictive performance and reliability for application in LS
hazard forecasting within Attecoube. To further support risk planning, we recommend
that local authorities integrate susceptibility maps with detailed escarpment information
(E). The integration of a cost function into a logistic regression model made it possible
to test the sensitivity of thresholds to variations in the cost ratios of FN and FP, using a
reasoned sample size (1:50). The optimal thresholds obtained were similar and negligible
in their differences, allowing clear distinction between zones of low and high susceptibility.
Overall, the resulting maps constitute practical tools for guiding protection strategies and
land-use planning within the municipality.
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