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ABSTRACT

Landslides are a major geohazard in northern Jordan, especially in the Jerash region, where complex geological
conditions, steep terrain, and increased human activity contribute to slope instability. The goal of this study is to
assess landslide risk in the Jerash area using an integrated geographic information system (GIS) and analytic hi-
erarchy process (AHP) method. Seven conditioning factors were selected based on area features, data availability,
and previous research: slope, elevation, aspect, lithology, soil texture, land use/land cover (LULC), and rainfall.
These parameters were weighted using AHP pairwise comparisons, yielding a consistency ratio of 0.05, indicat-
ing satisfactory reliability of the expert judgments. Then, the weighted thematic layers were combined in a GIS
environment to create a landslide susceptibility map divided into low, moderate, and high susceptibility zones.
The findings show that slope is important factor in determining landslide incidence in the research area, followed
by soil texture and lithology. Areas with steep slopes, clay-rich soils, weak lithological units, heavy agricultural
activity, and high rainfall are moderately to highly susceptible to landslides. Spatial validation against documented
landslide locations shows a substantial correlation between observed events and anticipated high-susceptibility
zones, validating the robustness of the proposed model. The created susceptibility map is useful for land use plan-
ning, infrastructure development, and catastrophe risk reduction measures in the Jerash region. Overall, this study
demonstrates the usefulness of the GIS-AHP framework for landslide susceptibility evaluation in data-scarce,
semi-arid environments and supports its use for long-term hazard management in northern Jordan.

Keywords: analytical hierarchy process, geographic information system, Jordan, landslide susceptibility, re-
mote sensing.

INTRODUCTION varying in significance, might precipitate a land-
slide. These factors include construction activi-

Landslides are among the natural disasters ties, slope angle, slope aspect, slope curvature,

that inflict the greatest loss of life and property
worldwide (Aydin et al., 2022). They refer to the
gravitational descent of earth materials, includ-
ing weathered rock, rock, soil, and debris. The
primary causes of landslides include intense pre-
cipitation, snowmelt, geological factors, seismic
activity, environmental conditions, anthropogenic
activities, construction, deforestation, and min-
ing (Demirel et al., 2025). A multitude of factors,

proximity to faults, climatic conditions, and land
cover, among others. Depending on the region,
certain factors may be more or less important than
others (Noorollahi et al., 2018).

Numerous landslides have transpired in Jor-
dan during the past few decades. The majority of
significant landslides have transpired along the
Amman—Jerash—Irbid highway (AJIH), particu-
larly during winter; numerous previous studies
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have identified various forms of slope failure in
this area, including rockslides, rockfalls, slump-
ing, and earth flows (Al-Rawabdeh et al., 2024).
Landslide events in this region have increased
significantly due to rapid climate change, high
rainfall, and heightened human pressure. Land-
slides may be triggered by external or internal
agents, such as slope steepening, removal of
support from the slope, the addition of water or
moisture in various forms, and the presence of
fundamentally weak materials (Kanwal et al.,
2017). Different factors, such as earthquakes,
precipitation, and erosion, can also trigger land-
slides, posing a danger to people, industry, prop-
erty, and highways, and causing massive dam-
age (Ahmed et al., 2014). As a result, landslide
susceptibility mapping is a crucial stage before
landslide assessment, planning, management,
and disaster mitigation. Identification and care-
ful assessment of this underestimated threat are
required for effective reduction of landslide haz-
ard through disaster mitigation planning and de-
velopment methods.

Recent research has established methods to
quantify landslide vulnerability, demonstrating
a rise from natural processes in past several de-
cades (Althuwaynee and Pradhan 2016; Shahabi
et al. 2015). These works on landslide suscep-
tibility mapping have employed both determin-
istic models and probabilistic methodologies,
considering whether future environmental condi-
tions will satisfy the criteria for a landslide, as
established by prior occurrences (El Jazouli et al.
2019). Qualitative approaches rely on the opin-
ions of individual or group experts. Experts use
inventory and historical data to evaluate land-
slides, identify underlying causes, and locate
places with similar geological and geomorpho-
logical characteristics. The analytic hierarchy
process (AHP) and other qualitative approaches
may turn semi-quantitative through ranking and
weighting (Ayalew et al. 2005; Saaty 1977; Bar-
redo et al. 2000; Yalcin 2008).

The AHP is a measurement method used to
address both quantitative and intangible criteria
and has been implemented in various domains,
including decision theory and conflict resolu-
tion (Vargas, 1990). This method disaggregates
each layer used in landslide susceptibility zon-
ing into smaller components, which are subse-
quently weighted by their significance, culminat-
ing in the assembly of the prepared layers into
the final map. It is widely known that it has three
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components which are decomposition, compara-
tive assessment, and synthesis of priorities (Mal-
czewski, 1999). In this approach, the weight of
each layer is contingent upon the expert’s as-
sessment; hence, the greater the accuracy of the
judgment, the more congruent the resultant map
is with reality (Moradi et al. 2012). Researchers
have utilized several variants of the AHP tech-
nique to successfully analyze landslide suscepti-
bility. Kumar and Anbalagan (2016) applied the
AHP to landslide susceptibility mapping (LSM)
in the Tehri reservoir rim region of Uttarakhand,
India, achieving approximately 79% predictive
accuracy by integrating multiple causative factors
within a geographic information system (GIS) en-
vironment. Chen et al. (2016) employed AHP in
combination with certain factor (CF) models to
generate landslide susceptibility maps for a study
area in China, considering conditioning factors
including slope degree/aspect, altitude, plan cur-
vature, geomorphology, distances from faults and
rivers, and precipitation, and reporting an AHP
model accuracy of approximately 78% in delin-
eating susceptible zones. Recent studies have
reaffirmed the relevance of the AHP approach in
landslide susceptibility mapping. Liu et al. (2024)
used the AHP model to produce a landslide sus-
ceptibility zonation map for the Great Xi’an Re-
gion in China, incorporating various conditioning
factors such as elevation, slope, lithology, land
use, and drainage density. Their findings indicat-
ed that regions identified as having high and very
high vulnerability accounted for the bulk of docu-
mented landslide occurrences, thereby validating
the efficacy of the AHP methodology. Likewise,
Singh et al. (2024) performed a GIS-based assess-
ment of landslide susceptibility in the Beas River
Basin of the north-western Himalaya utilizing the
AHP approach. Their findings indicated a strong
correspondence between observed landslides and
high-susceptibility zones, highlighting the effec-
tiveness of AHP in mountainous terrains when
supported by appropriate spatial datasets and val-
idation techniques.

As a result, landslide susceptibility mapping
is crucial for improving hazard and risk manage-
ment in Jordan, particularly given the intricate
interplay among geological, geomorphological,
and soil factors influencing slope stability. Sev-
eral studies in Jordan used remote sensing (RS),
GIS, and statistical/machine learning techniques
to assess and map landslide susceptibility. For
example, Awawdeh et al. (2018) used a weighted
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overlay GIS-based method to create a landslide
susceptibility map for northern Jordan and the
Jerash-Amman corridor, highlighting zones of
high to low susceptibility and identifying key
controlling factors such as lithology, drainage,
and road cuts. More recently, Al-Rawabdeh et
al. (2023) created a landslide hazard zonation
map for the Amman-Jerash-Irbid Highway by
combining GIS and the fuzzy analytical hierar-
chy process (FAHP), testing the susceptibility
classes against documented landslide inventory.
Despite these efforts, there remains a lack of
comprehensive landslide research in many parts
of northern Jordan, including detailed suscepti-
bility assessments tailored to the Jerash region,
underscoring the ongoing need for more local-
ized studies using integrated GIS-RS and quan-
titative modeling approaches.

Although landslide susceptibility has been
identified for the Jordanian region through vari-
ous studies, there is still a need for a localized
model for the Jerash region. This is particularly
true because the existing models might not ac-
count for the most significant parameters that af-
fect the semi-arid region. Moreover, the valida-
tion process might not have been sufficiently ac-
curate for the model’s predictions. This research
will fill the gap by designing an AHP-GIS model
that can provide a reliable susceptibility map for
the Jerash region.

This research aims to develop a landslide sus-
ceptibility map for the Jerash region by combin-
ing geospatial data with AHP and GIS architec-
ture. They have proven effective for examining a
wide range of modeling criteria. This study used
a hybrid set of topographic, geological, and geo-
morphological factors to holistically assess land-
slide vulnerability. This model included criteria
into a systematic multi-criteria decision-making
(MCDM) framework. It improves model preci-
sion by leveraging complex spatial correlations
and validation approaches, such as a validation
model. This study strengthens the methodologi-
cal framework for assessing landslide hazards in
data-scarce, semi-arid environments. Landslides
in the Jerash area are mostly influenced by inter-
nal variables such as the region’s geological, geo-
morphological, and soil properties. The presence
of eroded rock formations and soil types with poor
shear strength makes slopes more prone to failure.
This inherent instability is exacerbated by extrin-
sic factors, such as heavy precipitation and anthro-
pogenic activities, including road construction and

land-use changes, which together exert additional
loads on slopes and trigger landslides.

STUDY AREA

The study area is located in the southern re-
gion of Jordan, Middle East, and is geographi-
cally 52 km north of Amman city. It is bounded
by the coordinates 32°13 to 32° 28N and 35° 85
to 35° 91E, as shown in Figure 1. It encompass-
es roughly 420 km? and features a severe land-
scape with elevations ranging from 2 m to 1.229
m above sea level. These altitude fluctuations
result in steep slopes that are frequently subject
to geomorphological processes, including land-
slides and erosion (Abed et al., 2022). According
to local statistics, the population in Jerash city is
around 262,100 capita, which corresponds to a
population density of 639.6 people/km? (Al-Sha-
beeb et al., 2022). Climatologically, Jerash city
normally experiences hot, dry summers and tem-
perate to warm, rainy winters due to its Mediter-
ranean climate. The winter months see the most
rainfall, often in the form of strong storms that
can cause slope instability and flash floods (The
Jordan Times, 2020).

GEOLOGICAL SETTING

Jerash clay deposits are part of the Early Cre-
taceous Kurnub Group of Jordan, as well as the
Upper Cretaceous Fuheis Formation. In northern
Jordan, the Kurnub Group (KG) is subdivided
into three formations, from base to top: Ramel,
Jerash, and Bir Fa’as (Amireh and Abed, 1999;
Amireh, 2000).

Jerash area is situated roughly 20-25 km
north of the Amman—Halabat structure and 20
km east of the Jordan Valley Fault. A portion of
the NE-SW Wadi Shu’ayb structure crosses the
southern portion of the research region. Monocli-
nal flexures, faults, and en echelon folds are its
constituents. The study area was traversed by the
Zarqa River fault in an E-W orientation. Mass
movement is motivated and occurs as a result
of incentive drainage driven by tectonic phases
(Sawariah and Barjous 1993, Abdelhamid 1993).

Over the past few decades, Jerash’s land
use has changed significantly due to population
growth, agricultural development, and urban-
ization. The three main forms of land cover are
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Figure 1. Map of the study area
built-up areas, forests, and agricultural fields; METHODOLOGY

urbanization frequently results in the loss of
rangelands and forests (Al-Bakri et al., 2013;
Al-Qudah, 2011). Soils in Jerash are mostly clay
loam, formed over limestone and colluvial de-
posits, and categorized primarily as Lithic Xe-
rorthents, which influence hydrological and geo-
technical processes (Abu-Awwad, 1998). Recent
studies have emphasized the role of soil condi-
tions in local hazards: Alharahsheh et al. (2025)
developed a flood forecasting framework for the
Jerash Basin by highlighting how soil and land
use characteristics affect runoff, while Al Fu-
kaha et al. (2024) investigated the freeze-thaw
durability of clayey soils from Jerash, demon-
strating the importance of stabilization methods
in improving soil performance. These findings
demonstrate that soil parameters in Jerash have
an important role in hydrological modeling and
geotechnical stability.

Jerash has a variety of lithological formations
and soil types, along with intense land use and
infrastructure near steep slopes, which increase
geotechnical risks in the area. Recent research has
identified rainfall intensity, slope gradient, lithol-
ogy, land cover, distance to roads, and hydrologi-
cal indices like the Stream Power Index and the
Normalized Difference Vegetation Index as criti-
cal factors influencing landslide susceptibility in
Jerash (Al-Najjar et al., 2022).

180

Criteria affecting the map of landslide
susceptibility

The identification of landslide conditioning
elements is crucial for attaining high modeling
precision. No established guidelines exist regard-
ing the parameters influencing the landslide sus-
ceptibility model (Vakhshoori et al., 2019). The
conditioning factors of landslides depend on the
specific characteristics of the case study, the na-
ture of the landslide occurrence, and the analytical
scale employed (Tseng et al., 2015). This study
identified 7 conditioning elements for generating
landslide susceptibility maps, taking into account
the specific characteristics of the study location,
the existing literature, and data availability. The
selection of the seven factors in this study was
not arbitrary, but rather based on precise scientific
criteria related to the specific geological and geo-
morphological characteristics of the Jerash region.
It’s worth noting that the region is characterized
by its unique rocky terrain and topography. Fur-
thermore, using a carefully selected set of factors
directly relevant to the region yields more accu-
rate results, unlike selecting factors unsuitable for
the local geological context. The study by Saaty
and Ozdemir (2003) concluded that it should keep
seven numbers or fewer would affect the landslide
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susceptibility. It appears that Miller’s seven plus
or minus two is indeed a limit, a channel capacity
that affects our ability to process information. The
seven parameters include topography, Geology
and Soil Factor, Land Cover Factor, and hydro-
logical elements. Data were gathered from differ-
ent sources as presented in Table 1.

However, topographic factors include eleva-
tion, slope, and aspect. Moreover, geology and
soil factor include lithology type and soil type.
Land cover factor include land use/land cover
(LULC). Hydrological factors include average
annual rainfall. These criteria were categorized
into four groups, distributed as follows:

Topographic factors

These criteria relate to the topography of the
area: Slope, Aspect, and Elevation. Terrain con-
ditions directly affect landslide occurrence, par-
ticularly the slope gradient and geomorphological
setting. Steep and elevated hillslopes, especially
areas located along valley edges or dissected
ridges, are more susceptible to slope failure due to
gravitational forces and reduced material stability
(Yalcin, 2008), and hence, slope has been repeat-
edly employed in landslide susceptibility studies.
Slope stability depends on the slope angle; the
steeper the slope, the higher the probability of a
landslide (Afzal et al., 2022). Figure 2a illustrates
the slope map generated from a DEM using Arc-
GIS 10.8, with slope values ranging between 0°
and 46°, separated into five classes: very gentle
slope (0—6.7°), gentle slope (6.7-11.2°), moder-
ately steep slope (11.2-16.1°), steep slope (16.1-
22.7°), and extremely steep slopes or escarpments
(>22.7°). The occurrence of a landslide is exceed-
ingly improbable due to reduced shear stress in
the first class. Weights were assigned to each
class based on the notion that landslide vulner-
ability increases with increasing slope steepness
(Kanwal et al., 2016). Aspect is another topo-
graphic parameter used in landslide susceptibility

Table 1. Data types, characteristics, sources

studies and is also used to determine the direc-
tion of slopes face. Aspect features are linked to
various factors, including the duration of solar
exposure on slopes, moisture retention, vegeta-
tion, and climatic conditions (Dai and Lee, 2002).
We created the aspect from the DEM data using
the GIS aspect analysis tool. It was classified for
landslide susceptibility analysis based on geo-
graphical aspects (Figure 2b).

Elevation significantly influences landslide
incidence by interacting with other regulating el-
ements, including slope gradient, rainfall inten-
sity, geological structure, and vegetation cover
(Demirel et al., 2025). In the study area, elevated
zones typically experience increased precipitation
and possess steeper gradients. Elevated precipita-
tion at higher elevations amplifies surface runoff
and subsurface infiltration, diminishing soil shear
strength and slope stability, thereby heightening
the probability of landslide occurrence. The el-
evation map was derived from DEM data. The
lowest level in the study is 189 m, and the highest
level is 1081 m (Figure 2c).

Geology and soil factor

The nature of lithology and soil texture in the
area influences the landslide occurrence. A land-
slide is a geomorphological phenomenon closely
linked to the terrain’s lithological properties. Di-
verse lithological units exhibit differing strengths
and variable degrees of susceptibility (Yalcin
et al. 2011). According to the classification, the
Jerash region contained three rock classes: (lime-
stone, dolomitic limestone), (marl, limestone, do-
lomite), and (sandstone), as shown in Figure 2d.
The type of soil can substantially affect the pos-
sibility of landslides. Various soil types exhibit
distinct characteristics, including density and
water-holding capacity (Ray et al. 2010). The soil
map is classified into three categories: “Clay”,
“Silty Clay Loam”, and “Silty Clay” as shown in
Figure 2f. So, the study area is abundant in clay

Data Source

Characteristics

United States Geological Survey USGS (freely accessible for

DEM download from the USGS website) 30 m spatial resolution
Geology USGS/ Lithological data (Geological Map of Jordan) Scale 1:50,000
Soil Jordanian Ministry of Agriculture Scale 1:50,000

LULC USGS

30 m spatial resolution derived from Landsat
8 imagery 2022

Rainfall Ministry of Water and Irrigation

Scale 1:50,000
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Figure 2. Represent maps of the criteria affecting of
Landslide Susceptibility: (a) slope, (b) aspect,
(c) elevation, (d) lithology, (e) landuse,
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soil, which considerably increases slope instabil-
ity due to its swelling-shrinkage behavior. Upon
exposure to water, clay minerals absorb moisture,
expand, and reduce shear strength, resulting in
decreased slope stability and an increased prob-
ability of landslides, particularly on steep inclines
(Wang et al., 2024).

Land cover factor

The LULC markedly affects landslide risk,
as vegetation enhances slope stability by increas-
ing soil cohesion and mitigating surface erosion
through root reinforcement. Conversely, defor-
ested or urbanized regions demonstrate compro-
mised soil structure and reduced root anchorage,
heightening the risk of slope failure, especially
during heavy rainfall occurrences (Pradhan and
Lee, 2010). In this study, the LULC map was cat-
egorized into four primary classes: Bare Land, Ur-
ban, Vegetation, and Water, as shown in Figure 2e.

Hydrological factors

Precipitation serves as the principal natural
trigger for landslides, as it enhances the move-
ment of slope materials through increase the soil
moisture content and diminish the soil strength.
The impact of precipitation is additionally

influenced by geographical differences in ter-
rain and vegetation cover, which alter infiltra-
tion rates and surface runoff dynamics. (Cheng et
al., 2025). The research area exhibits high fluc-
tuations in the annual precipitation rate. The data
were categorized into four intervals: 300-350,
350400, 400—450, and 450-500 mm/year (Fig-
ure 2g). Table 2 represents the class, rating, and
reference for each criterion.

For our analysis of landslide susceptibility,
we relied on a detailed landslide inventory to
create a strong base. The main source of data for
this inventory was Diabat et al. (2022), who pin-
pointed nine major landslide stations in the study
area. These recorded sites were rechecked and
expanded with our field records to ensure the data
are up to date. The locations and susceptibility
categories of these stations are shown in Table 3.
Combining documented data with our own field
data yields crucial ground-truthing observations
indispensable for effective susceptibility model
calibration and validation.

The AHP method

The AHP is a recognized methodology for
MCDM employed to ascertain the weight of dif-
ferent factors. It is a mathematical approach that
integrates qualitative and quantitative compo-
nents, together with individual or collective sub-
jective assessments for sustainability (Yamusa et
al., 2022). One of the major advantages of AHP is
that it enables the active involvement of decision-
makers and domain experts familiar with slope
stability and geological conditions (Chen, 2016).
Numerous studies have applied AHP to generate
scalable susceptibility maps that assess landslide
risk (Yalcin, 2008; Pradhan & Lee, 2010). The
workflow typically begins by identifying the key
conditioning factors affecting landslide occur-
rence, which are determined through an extensive
review of scientific studies on the topic over the
past decade. Or by creating a survey and distribut-
ing it to several experts who have comprehensive
knowledge of the study area. This study did not
rely on the traditional AHP Pairwise Comparison
matrix, but rather adopted the methodology based
on weights derived from previous studies, where
the main and similar factors were identified and
their ready-made weights were adopted as a sci-
entific alternative approved in AHP research to
determine the importance of each factor, due to
the similarity of the characteristics between the
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Table 2. Represent class, rating and reference of each criterion

Criteria Class

Rating

Weight Reference

<400

1

401-600

Elevation (m) 601-800

8.8 Al-Sababhah, 2022

801-1000

>1000

0-15

15-25

Slope (°) 25-35

22.2 Ibrahim, et al., 2025

35-50

50-90

0-67° (NE)

68-139° (NE-SE)

Aspect 140-208° (SE-SW)

Liu et al., 2024
Alharbi et al. (2024)

209-283° (SW-NW)

284-360° (NW)

Clay, Silt

Basalt

Lithology (Class) Limestone

Awawdeh et al., 2018

16 El Jazouli et al., 2019

Dolomite

Sandstone

Sandy loam

Loamy

Soil Texture (Class) Silty clay loam

Awawdeh et al., 2018

18 Tesi¢ et al., 2020

Silty clay

Clay

Water bodies

Vegetation

LULC (Class) Rangland, crops

13 Ibrahim et al., 2025

Bare ground

Built area, rock area

<50

51-100

Rainfall (mm) 101-200

14 Al-Sababhah, 2022

201-400

>401

albh|jlwiN|~lO|M|lOIN|~lOOM|lOIN|I~ N[OOI WOA|DMR[OIN|~lO|RROIN|~fO|BIO|IN

current study area and some of the areas previ-
ously studied in the literature, and to avoid per-
sonal bias in pairwise comparisons. The relative
weights were then used to construct the pairwise
comparison matrix following Saaty’s method.
The comparison follows a scale from one to nine,
where nine indicates the highest importance, and
one indicates the lowest (Saaty, 1990).

After determining the final weights for each
of the seven criteria based on a comprehensive
review of previous studies, the values were

184

normalized so that their sum equals 1.0. Each cri-
terion map was subsequently reclassified using
the Reclassify tool in ArcGIS 10.8 (Spatial Ana-
lyst Tools), with values assigned on a scale from
1 to 5 based on their relative impact on landslide
susceptibility, where 1 denotes very low suscepti-
bility, and 5 denotes very high susceptibility. The
classification thresholds for each class were de-
fined manually based on expert judgment and the
physical characteristics of each factor, rather than
automated statistical methods. The final landslide
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Table 3. Verified landslide stations and susceptibility classification (Based on the landslide inventory by Diabat

et al., 2022)
Station ID Location description Coordinates (Lat/Long) Susceptibility class
Station 1 Southern 32° 13/35° 53 Low
Station 2 Jerash-Amman Hwy 32° 13/35° 53 Moderate
Station 3 Jerash-Amman Hwy 32° 12/35° 51 Moderate
Station 4 Northern 32° 11/35° 51 High
Station 5 Northern 32° 11.5/35° 51.6 High
Station 6 Central 32° 06.95/35° 51.26 High
Station 7 Central 32° 13.7/35° 53.6 High
Station 8 Northern 32° 12.34/35° 52.25 High to moderate
Station 9 Southern 32° 9.7/35° 50.8 Moderate

susceptibility map was then generated using the cI

Raster Calculator tool in ArcGIS 10.8, by multi- CR= RI )

plying each reclassified raster by its correspond-
ing normalized weight and summing the resulting
layers, following the equation:

LSI = (0.088 x E) + (0.222 x S) +
+(0.080 x A) + (0.160 x Li) + M
+(0.180 X ST) + (0.140 x R) +

+(0.130 x LULC)

where: LSI— the landslide susceptibility index, £,
S, A, Li, ST, R, and LU — the reclassified
raster values for elevation, slope, aspect,
lithology, soil texture, rainfall, and land
use/land cover, respectively.

The consistency ratio (CR) is determined by
using the random consistency index scale (RI),
which depends on the number of criteria (Table
4). The matrix’s consistency value is deemed
acceptable if the CR is below 0.1 (Senapati and
Das, 2022). Nonetheless, having a CR above 0.1
(10%) necessitates an examination of the deci-
sion-makers’ choice matrix (Yamusa et al., 2022).
The following equations were used in the study:

n 3
1 (A w)i
Amax =— ) —— ()
1y wi

i=1
where: Amax — the principal eigenvalue of the
pairwise comparison matrix, # — the num-
ber of criteria, 4 — the pairwise compari-

son matrix, w - the priority weight vector.

Cl= Amax—n (3)
n-1
where: CI — consistency index, n — the number of
criteria.

where: CR — consistency ratio, CI — consistency
index, RCI — random consistency index.

RESULTS AND DISCUSSION

One of our research aims was to identify the
primary factors that precipitate landslides using
the AHP. Based on expert opinions, previous
study results showed that slope received the high-
est weightage of 22.2, followed by soil texture
(18) and geology/lithology (16). However, the
pairwise comparison matrix was created using the
relative weights obtained from previous research.
The matrix values indicate the interrelationships
among the seven elements affecting landslide
susceptibility in the Jerash region. The CI was 0,
and CR was 0.05, signifying flawless mathemati-
cal consistency. This outcome is attributed to the
matrix’s derivation from weights reported in the
scientific literature, thereby affirming the cred-
ibility of the criteria weights used in this study.
Table 5 represents the pairwise comparison ma-
trix and the results for checking the consistency
of the AHP model.

Each zone depicted in the maps of Figure 2
was evaluated based on landslide susceptibility,
as illustrated in Figure 3. In selecting the criteria
depicted in Figures 2 and 3, a comprehensive ex-
amination of all pertinent institutions’ open data-
bases was conducted, considering significant fac-
tors that may influence landslide susceptibility.
Consequently, a comprehensive, more nuanced
investigation into the region’s landslide vulner-
ability was undertaken.
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Table 4. Average random consistency index (Saaty, 1990)

N 1 2 3 4

Random consistency index 0 0 0.52 | 0.89

111 | 125 | 135 | 140 | 145 | 149 | 151 | 1.48

The slope aspect affects landslide vulnerability
in the Jerash area by influencing moisture retention
and microclimatic conditions. North- and north-
east-facing slopes are more susceptible due to de-
creased solar radiation and prolonged soil wetness,
whereas south-facing slopes are more stable, as
shown in Figure 3b (Guzzetti et al., 1999; Yilmaz,
2009; Ayalew and Yamagishi, 2005). Elevation is
a key factor controlling landslide susceptibility in
the Jerash area, with high-altitude plateaus show-
ing the highest susceptibility (Figure 3c). Higher
elevations increase precipitation and soil moisture,
reducing slope stability and increasing the risk of
landslides, as confirmed by GIS-AHP modeling in
northern Jordan (Al Sababhah, 2022).

The slope aspect affects landslide vulnerability
in the Jerash area by influencing moisture retention
and microclimatic conditions. North- and north-
east-facing slopes are more susceptible due to de-
creased solar radiation and prolonged soil wetness,
whereas south-facing slopes are more stable as
shown in Figure 3b (Guzzetti et al., 1999; Yilmaz,
2009; Ayalew and Yamagishi, 2005). E Elevation is
a key factor controlling landslide susceptibility in
the Jerash area, with high-altitude plateaus show-
ing the highest susceptibility (Figure 3c). Higher
elevations increase precipitation and soil moisture,
reducing slope stability and promoting landslides,
as confirmed by GIS-AHP modeling in northern
Jordan (Al-Sababhah, 2022).

Lithology is a primary determinant of land-
slide occurrence in the Jerash region (Figure 3d).
Marl formations exhibit significant landslide

susceptibility owing to their clay-rich composi-
tion, diminished shear strength, and marked loss
of mechanical stability under saturated conditions,
as evidenced by their prevalence in high-suscepti-
bility categories (Selby, 1993; Bell, 2007). Lime-
stone and dolomite formations exhibit significant
landslide susceptibility due to the extensively
faulted and fractured geological conditions of the
Jerash region, where structural discontinuities and
karstic features diminish rock mass strength and
foster instability on steep slopes (Abed and Al-
Khouri, 2006; Cruden and Varnes, 1996). Sand-
stone formations exacerbate landslide occurrence,
especially in areas with weak cementation and
fine-grained materials that diminish intergranu-
lar cohesion and slope stability (Bell, 2007). The
spatial distribution of susceptibility classes from
the AHP-weighted GIS model indicates that these
lithological units are primarily associated with
areas of elevated landslide risk, highlighting the
direct impact of rock type on slope instability in
the study region (Chen et al., 2016).

Land use has a substantial impact on land-
slide vulnerability in the Jerash area (Figure 3e),
with more landslides occurring in areas with in-
tensive agricultural and urban land uses. This
pattern emerges as a result of decreasing plant
cover and increasing human disturbance, which
increases surface runoff and weakens soil cohe-
sion, contributing to slope instability. The land-
slide susceptibility mapping study for northern
Jordan (including the Jerash-Amman corridor)
discovered that both agricultural and urban land

Table 5. Pairwise comparison matrix derived from literature-based weights and consistency check (Amax, CI, RI, CR)

Criterion Elevation Slope Aspect Lithology | Soil texture Rainfall LULC Weight

Elevation 1.000 0.396 1.100 0.550 0.489 0.677 0.629 8.8%
Slope 2.523 1.000 2.775 1.387 1.233 1.708 1.586 22.2%

Aspect 0.909 0.360 1.000 0.500 0.444 0.615 0.571 8.0%
Lithology 1.818 0.721 2.000 1.000 0.889 1.231 1.143 16.0%
Soil Texture 2.045 0.811 2.250 1.125 1.000 1.385 1.286 18.0%
Rainfall 1.591 0.631 1.750 0.875 0.778 1.000 1.077 14.0%
LULC 1.477 0.586 1.625 0.813 0.722 0.929 1.000 13.0%
Amax RI (n=7) CR Consistency check

7.00 1.35 0.00 0.05 CR < 0.1 (Yes)
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use areas are prominently located within high and
very high susceptibility zones, confirming the im-
portance of land use as a conditioning factor in
landslide occurrence (Awawdeh et al., 2018).
Landslides are more likely in the Jerash area
due to the prevalence of fine-textured and clay-rich
soils, which encourage water retention and reduce
shear strength in wet conditions. GIS-AHP landslide
susceptibility mapping in Jerash northern highlands
reveals that clay-dominant soils correlate with
higher susceptibility zones, showing that soil type
is a major conditioning factor for slope instability
(Figure 3f) (Awawdeh et al., 2018). Last important
criterion that triggers landslides is precipitation. Re-
sults revealed that all parts receive rainfall exceed-
ing 300 mm/year, which is clear evidence of the
area’s high risk of landslides. Seeping Water toward
the ground as a result of precipitation may trigger
landslides. Thus, the northwest and southeastern
regions were scored at high level (Figure 3g). The
clay soils were evaluated also as highly sensitive.
Figure 4 shows that the landslide susceptibility is
colored in three different degrees: low susceptible,
moderate susceptible, and high susceptible. The in-
tegrated landslide susceptibility map indicates that
moderate and high susceptibility zones are concen-
trated in the central, northern, and southeastern sec-
tions of the study area, which are characterized by
steep slopes, weak lithology, intensive agriculture,
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and rapid erosion. To verify the results’ accuracy,
four points in the study area within the Moderate
and High ranges were matched with previous stud-
ies and recorded landslide areas. Point 1 is located
200 meters north of the Zarqa River at the coordi-
nate of 32° 13. 375’N and 35° 53.536” E. Point 2
is located to the northeast of Point 1 along Jerash-
Amman Highway at 32° 13.741° N and 35° 53.816°
E. Point 3 is located south of Zarqga River and op-
posite King Talal Dam, 10 km south of Jerash city.
It is coordinated at 32° 12. 048’N and 35° 51.932°
E. Point 4 is located along the Jerash-Amman High-
way, about 15 km south of Jerash. It is coordinated
at 32° 11. 713’ N and 35° 51.878’ E, as illustrated
in Figure 4, thereby demonstrating robust predictive
capacity and reliability for hazard assessment.

Model validation

To assess which AHP-GIS model predicted
the best landslide susceptibility, the spatial vali-
dation of the generated susceptibility map was
carried out using a landslide inventory compris-
ing only nine landslide locations documented and
identified by Diabat et al. (2022). The validation
analysis mathematically measured how well the
model’s sus zones correspond to the actual dis-
tribution of landslides. The statistical distribution
of these nine landslide location stations showed a
very good spatial correlation between the ‘high’
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Table 6. Distribution of the documented landslide stations within the susceptibility zones

Susceptibility zone Very low

Low Moderate High Very high

Percentage of landslide stations (%) 0

111 33.3 44.5 111

and ‘very high’ susceptibility zones and the in-
ventory landslides. The distribution of different
susceptibility classes is presented in Table 6.

The analysis indicates that about 55.6% of the
stationed landslides are well captured in the (high
and very high (susceptibility zones, while the re-
maining stations fall into the moderate zone, and
none are in the very low zone. This strong spatial
correlation demonstrates the model’s trustworthi-
ness and its ability to locate landslide-prone areas.
These findings verify that the chosen conditioning
factors and the AHP weighting method are appro-
priate for regional hazard assessment and proac-
tive land-use planning in the Jerash area.

CONCLUSIONS

Landslides constitute a substantial natural dan-
ger impacting the viability of ecosystems and hu-
man habitats. This study evaluated landslide suscep-
tibility in the Jerash region of Jordan and identified
seven parameters that influence it. The landslide
susceptibility map was generated. The findings in-
dicate that the center, northern, and southeastern re-
gions of the research area exhibit moderate to high
landslide sensitivity. Slope, soil texture, and lithol-
ogy were identified as the most significant elements
in precipitating landslide events. The landslide sus-
ceptibility map demonstrated high predictive accu-
racy, indicating the robustness and reliability of the
modeling methodology.

This study’s findings establish a scientific
foundation for land-use planning and landslide
risk control in the area examined. The produced
susceptibility map facilitates the identification of
high-risk areas and supports informed decision-
making to prioritize mitigation strategies. These
findings can inform slope stabilization initiatives,
govern land-use practices, and facilitate safer in-
frastructure planning, ultimately mitigating land-
slide-related consequences and bolstering long-
term resilience and sustainable development.
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