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ABSTRACT

Soil degradation is a major constraint to ecosystem sustainability and agricultural productivity,
particularly in erosion-prone mountainous microcatchments where spatial heterogeneity
complicates soil management. This study presents an integrated spatial framework for assessing
soil quality in the Capak¢ur Microcatchment (Eastern Tiirkiye) by combining geostatistical
interpolation with multi-criteria decision analysis. Eighteen soil indicators representing
physical, chemical, and nutrient properties were spatially modelled through Inverse Distance
Weighting (IDW) and weighted using the Analytic Hierarchy Process (AHP). The Weighted
Sum Method (WSM) was then applied to derive a composite Soil Quality Index (SQI) that
integrates multidimensional soil attributes into a single decision-support layer. Results indicate
that physical attributes exert the greatest influence on overall soil quality, while chemical and
nutrient parameters display strong local variability. Approximately 85% of the study area falls
within moderate-to-low soil quality classes, highlighting widespread fertility limitations
associated with organic matter depletion, phosphorus fixation, and salinity. Principal
Component Analysis (PCA) confirmed the statistical robustness of the AHP—WSM weighting,
explaining 84.1% of the total variance, while Spearman correlation analysis revealed that
elevation and erosion intensity are key determinants of soil functionality (r; = 0.67 and —0.61,
respectively). The proposed AHP-WSM-GIS framework provides a reproducible model for
identifying soil degradation hotspots, prioritizing rehabilitation zones, and guiding precision
land management strategies in heterogeneous mountain ecosystems. Beyond its regional
application, the methodology contributes a transferable decision-support tool for sustainable
land use and the achievement of global soil-related Sustainable Development Goals (SDG 13
and SDG 15).

Keywords: Soil Quality Index (SQI), AHP-WSM Integration, GIS-Based Spatial Modelling,
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1. INTRODUCTION

Soil quality degradation is now recognized as one of the most critical barriers to sustainable
agriculture, the continuity of ecosystem services, and effective erosion control. In particular,
the high spatial variability of soil properties in mountainous micro-catchments complicates the
development of management strategies and limits the number of studies that holistically
evaluate physical, chemical, and nutrient characteristics in these areas (Abdu et al., 2023; Shit
et al., 2023). Globally, more than one-third of agricultural soils are affected by degradation
processes such as erosion, acidification, salinization, and compaction. These forms of
degradation not only diminish soil fertility but also weaken the capacity of ecosystems to adapt
to climate change (Davis et al., 2023; H. Liu et al., 2025; Zornoza et al., 2015). The Food and
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Agriculture Organization (FAO) of the United Nations reports that, with the global population
projected to reach 9 billion by 2050, current rates of soil loss pose a critical threat to food
security (Topa et al., 2025). In Europe, it is reported that 60—70% of soils are in an unhealthy
state, with erosion, organic carbon loss, and compaction leading to severe declines in ecosystem
services and resulting in economic losses amounting to hundreds of millions of euros annually
(Coblinski et al., 2025; Laage-Thomsen & Jacobsen, 2024).

Soil health plays a fundamental role not only in maintaining agricultural productivity but also
in sustaining critical ecosystem functions such as biodiversity conservation, water cycle
regulation, and carbon sequestration (Khallouf et al., 2021; Mason et al., 2023). Therefore,
integrating physical, chemical, and biological indicators in soil quality monitoring is of vital
importance for the development of sustainable land-use strategies. Moreover, such holistic
assessments are directly linked to the United Nations Sustainable Development Goals,
particularly SDG 13 (Climate Action) and SDG 15 (Life on Land), clearly demonstrating that
the conservation of soil resources is a critical component in achieving global environmental
objectives (Kumar et al., 2025; Rodrigo-Comino et al., 2020).

In the literature, soil quality assessments have predominantly focused on either physical or
chemical properties and are often limited to a single-index approach. However, due to its
dynamic nature, soil inherently requires the integrated evaluation of physical, chemical, and
nutrient-related indicators (Davis et al., 2023; Zornoza et al., 2015). However, most existing
studies fail to achieve such integration, and as a result, their findings do not fully capture the
multidimensional nature of soil functions. This limitation is particularly critical in mountainous
micro-catchments (areas characterized by high erosion risk and strong heterogeneity) where
there is a growing need for multi-criteria decision-making approaches that account for the
diversity of soil parameters (Abdu et al., 2023; Shit et al., 2023).

In this context, the integration of multi-criteria decision-making methods such as the AHP with
Geographic Information Systems (GIS) enables the systematic determination of the relative
importance of various indicators and their association with spatial analyses (Ha-Mim &
Hossain, 2022; Saaty, 2000, 2008). The consistency ratio criterion of the AHP enhances the
reliability of expert judgments, making it a robust tool in decision-support models. However,
since the standalone use of AHP cannot fully capture uncertainties, the literature frequently
recommends comparative analyses incorporating Fuzzy AHP (FAHP), PCA, or Entropy-based
approaches (Kumar et al., 2019). However, these hybrid approaches have mostly been applied
in large-scale studies, while applications that integrate multiple parameters at the
microcatchment scale remain exceedingly scarce.

In the literature, AHP is recognized as a robust and widely used method in multi-criteria
decision-making processes; its integration with GIS has been particularly effective in
generating more realistic and comprehensive spatial outcomes in fields such as environmental
vulnerability, groundwater potential, and flood susceptibility assessment (Al-Manmi et al.,
2021; Franga et al., 2020; Ha-Mim & Hossain, 2022; Meral & Eroglu, 2021; Sofi et al., 2024).
This integration offers significant advantages in identifying areas at risk by combining expert
judgments with spatial data (Mahmoud & Gan, 2018; Phakonkham et al., 2021). However, the



deterministic nature of AHP, which does not account for uncertainties, can lead to potential
inconsistencies in decision-making processes (Marselina et al., 2024; Nguyen & Liu, 2019).
This limitation has frequently been addressed in the literature through the adoption of hybrid
methods such as FAHP, Intuitionistic FAHP, or TOPSIS (Chan et al., 2019; Hajihasani et al.,
2022; Kovacevi¢ & Komazec, 2023). Nevertheless, most of these methods have been applied
to large-scale studies or tested with limited sets of criteria. At the microcatchment scale, the
systematic prioritization and integration of numerous criteria (such as physical, chemical, and
nutrient parameters) through AHP + GIS integration remain highly limited (Fernandes et al.,
2021; Mouhoumed et al., 2024; Neissi et al., 2020). Therefore, the existing literature reveals a
clear methodological gap for frameworks that can both manage uncertainties and spatially
integrate multidimensional datasets. In this context, the evaluation of spatial data generated
through IDW interpolation using an integrated AHP + WSM approach offers a novel framework
for simultaneously analysing soil quality in terms of its physical, chemical, and nutrient
dimensions at the microcatchment scale, thereby making a significant contribution to the
current body of knowledge.

The primary aim of this study is to assess and spatially map soil quality within the Capakgur
Microcatchment (Eastern Tiirkiye) using an integrated approach based on physical, chemical,
and nutrient indicators. For this purpose, point-based soil analysis data were transformed into
spatial surfaces through IDW interpolation. Subsequently, 18 different criteria were prioritized
based on expert judgments using the AHP, and a single Soil Quality Index (SQI) map was
generated through integration with the WSM. This methodological framework, grounded in the
integration of multi-criteria decision-making (MCDM) techniques with GIS, provides decision
support for identifying erosion-prone areas by considering the relative importance of different
soil indicators (Franca et al., 2020; Saaty, 2008; Sofi et al., 2024). The AHP has long been
widely utilized in environmental, natural resource, and soil management studies due to its
capacity to systematically evaluate the relative importance of multiple parameters within multi-
criteria decision-making processes (Saaty, 2000). In particular, its integration with GIS-based
spatial analyses has made it a powerful decision-support tool in numerous fields, including
environmental vulnerability assessment, land suitability analysis, and soil conservation studies
(Malczewski, 2006). Although similar approaches have been applied in the literature to topics
such as environmental vulnerability (Al-Manmi et al., 2021), groundwater potential (Meral,
2021; Mouhoumed et al., 2024), and flood susceptibility (Joshi et al., 2024; Meral & Eroglu,
2021), comprehensive soil quality assessments that simultaneously consider physical, chemical,
and nutrient parameters at the micro-catchment scale remain highly limited (Fernandes et al.,
2021; Neissi et al., 2020). In this context, the study not only reveals the spatial distribution of
soil quality but also aims to fill a gap in the existing literature by providing decision-makers
with an applicable and replicable method for erosion control, soil conservation, and sustainable
land management (Abdellatif et al., 2021; Mahmoud & Gan, 2018; Phakonkham et al., 2021).
This study presents a novel model that, for the first time in the literature, integrates physical,
chemical, and nutrient parameters to produce a soil quality map through a multi-criteria AHP +
WSM integration at the scale of the Capakc¢ur Microcatchment.



2. MATERIAL AND METHOD
2.1.Study Area

The present study was conducted in the Capakgur microcatchment, situated within the Upper
Euphrates Basin, a sub-region of Eastern Anatolia, Tiirkiye (Figure 1). Geographically, the
microcatchment lies between 38°51'N—40°16'E and 38°53'N—40°28'E, covering an area of
approximately 9,556.87 ha. The climate of the area is continental, with an annual average
precipitation of 949 mm, accompanied by 117 snowy days and 76 snow-covered days per year
(Demir et al., 2022; Meral et al., 2019). These climatic and topographic conditions not only
shape the ecological and hydrological dynamics of the watershed but also increase its sensitivity
to soil erosion and land degradation processes.
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Figure 1. Location of Capak¢ur Microcatchment
2.2.Integrated Thematic Mapping in the Capakc¢ur Microcatchment

To comprehensively characterize the spatial features of the Capak¢ur Microcatchment, various
thematic layers were generated and integrated into a single composite framework (Figure 2). In
this context, slope and elevation maps were prepared to represent the basin’s rugged
topography; a land capability map was developed to assess the suitability of lands for
sustainable use; and an erosion map was created to identify areas under degradation risk. In
addition, the geological formations of the basin were classified to illustrate lithological
diversity, while the landscape character map was designed to reflect the interaction between
natural and cultural components. The integration of all these thematic maps into a unified visual
representation systematically reveals the physical, ecological, and functional characteristics of



the study area, thereby establishing a robust spatial foundation for subsequent soil quality
assessments and decision-support analyses.
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Figure 2. Integrated thematic maps of the Capakc¢ur Microcatchment (A: Slope, B: Elevation,
C: Land use capability, D: Erosion area, E: Geological formation, F: Landscape characters)
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The Capakcur Microcatchment is characterized by a rugged topography with an average slope
of31.7% and an average elevation of 1,650 m. Nearly all of the lands within the microcatchment
fall under Class VII of the land capability classification, indicating severe limitations for
agricultural use and highlighting the need to prioritize soil conservation, erosion control, and
afforestation strategies. The entire area lies within the 3rd and 4th erosion classes,
demonstrating a high susceptibility to soil degradation and underscoring the necessity of
integrated soil quality assessments for sustainable land management.

The dominant geological formations in the Capakcur Microcatchment are agglomerate and
limestone, both of which play a crucial role in shaping soil properties, erosion sensitivity, and
overall land capability. The prevailing landscape character consists of bare lands, erosion-prone
areas, and forested zones. This heterogeneous structure not only reflects the ecological fragility



of the basin but also emphasizes the need to evaluate soil quality indices in conjunction with
land use and landscape dynamics to develop effective conservation and management strategies.

This study introduces a novel approach by integrating slope, elevation, land capability, erosion,
geological formations, and landscape character into a single thematic framework at the
microcatchment scale an approach rarely applied in the literature for comprehensive soil quality
and erosion risk assessments.

2.3.Soil Sampling, Analysis, and Spatial Integration

In habitat mapping studies, sampling intensity is generally determined based on the size of the
study area, with one soil profile considered sufficient for every 20-25 hectares (Hizal, 1982).
Following this approach, the Capakc¢ur Microcatchment was divided into 500 x 500 m grids,
resulting in a total of 428 sampling points ensuring both spatial representativeness and statistical
reliability. Soil samples collected from these points were analyzed across 18 criteria, including
physical properties (Texture, Bulk Density (Db), Field Capacity (FC), Wilting Point (WP),
Hydraulic Conductivity (Ks), Aggregate Stability (AS), Dispersion Rate(DR)), chemical
properties (pH, Electrical Conductivity (EC), Calcium Carbonate (CaCOs), Organic Matter
(OM), Cation Exchange Capacity (CEC)), and plant nutrient elements (Total Nitrogen (Total
N), Phosphorus (P), Potassium (K), Calcium (Ca), Magnesium (Mg), Sulphur (S)). This
comprehensive approach is particularly crucial in the study area, which is characterized by high
erosion risk and heterogeneous terrain conditions.

IDW interpolation method was employed to convert point-based analysis results into
continuous spatial data. This method is widely applied in soil quality assessment and
environmental spatial evaluations (Yanto et al., 2022). In the subsequent stage, the 18 soil
quality indicators were prioritized based on expert judgments using the AHP, and these layers
were integrated through the (WSM) to generate a composite Soil Quality Index Map (SQIM)
(Mendas & Delali, 2012; Meral, 2021; Meral & Eroglu, 2021). This methodological process
enabled the creation of separate index maps for physical, chemical, and nutrient parameters,
which were then integrated into a final, comprehensive SQIM. The methodological workflow
adopted in this study is illustrated in Figure 3.
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Figure 3. Methodology flowchart

By integrating systematic sampling, spatial interpolation, and multi-criteria decision-making
techniques, this framework establishes a replicable methodology for soil quality assessment at
the micro-catchment scale. Moreover, the integration of physical, chemical, and nutrient
parameters through the AHP + WSM approach provides an innovative perspective for erosion-
prone mountain ecosystems, offering valuable decision-support insights for soil conservation,
afforestation, and sustainable land-use management strategies.

2.4.Multi-Creteria and Spatial Integration Framework

The methodological workflow of this study was based on the integration of the AHP, IDW
interpolation, and the WSM. These approaches were combined to evaluate and spatially
represent the soil quality indicators in the Capakg¢ur microcatchment.

2.4.1. AHP for Criteria Weighting

AHP is a structured decision-making methodology that enables the prioritization of multiple
criteria by assigning relative importance values in a hierarchical framework (Saaty, 2000;
Timor, 2011). The process begins by defining the main objective at the top of the hierarchy,
followed by the decision criteria, and finally the alternatives at the lowest level (Demir et al.,
2022; Meral & Eroglu, 2021). The core of AHP is the pairwise comparison matrix:
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The priority vector is calculated as:
W = (wy,wy, ..., wy) (2)
where w; represents the priority eigenvalue. The consistency of judgments is verified by the
Consistency Index (CI) and Consistency Ratio (CR):
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with CR < 0.10 considered acceptable (Saaty, 2008).
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2.4.2. Inverse Distance Weighting (IDW) for Spatial Interpolation

IDW is an interpolation technique based on the assumption that nearby points have more
influence than distant ones in predicting unknown values (Hodam et al., 2017; Isaaks &
Srivastava, 1989). The interpolated value at location S|, is:

205) = D A Z(S) 5)
i=0

where A; are weights inversely proportional to distance:
-p
dig

A= —
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=1 (6)

with d;, being the distance between S, and S;, and p the power parameter controlling the
influence decay.

2.4.3. Weighted Sum Method (WSM) for Integrated Index Mapping

WSM is a widely used multi-criteria decision-making approach that aggregates weighted
criteria into a single composite score (Malczewski & Claus, 2015; Marler & Arora, 2009). For
m alternatives and n criteria, the WSM score is defined as:

AySM=score = 1 wiay, fori =1,2,...,m (7
where w; is the relative weight of criterion (; and a;; the performance of alternative A;. The

optimal choice corresponds to the highest aggregated score (Triantaphyllou, 2000).
2.4.4. Integration of AHP, IDW, and WSM

By combining IDW-generated spatial layers with AHP-derived weights and aggregating them
through WSM, a comprehensive soil quality index was developed. This integration enabled the
prioritization and mapping of 18 soil quality indicators, offering a robust and replicable
framework for soil conservation, afforestation, and sustainable land management in erosion-
prone mountainous microcatchments.

2.5.S0il Quality Indicators, Analytical Methods, and Reference Thresholds
To ensure a robust and standardized assessment of soil quality in the Capak¢ur Microcatchment,
a comprehensive set of parameters related to physical, chemical, and nutrient properties was
selected based on internationally recognized guidelines. Each parameter was analyzed using
widely accepted laboratory methods and classified from very low to very high to facilitate
comparative evaluation. The analytical methods and reference threshold values used in this
study are summarized in Table 1.



Table 1. Soil quality indicators, analytical methods, and reference threshold values used in the study

Parameter Unit Method Very Low Low Medium High Very High Reference
Total N % Kjeldahl <0.045 0.045-0.09 0.09-0.17  0.17-0.32 >(0.32 (FAO, 1990)
(Ulgen &
Available P mg kg™ Olsen (alkaline soils) <2.5 2.5-6.0 6.0-12.0 >12.0 Atesalp,
1972)
Exchangeable K mgkg?' 1N NHiOAc (neutral) <50 50-110 110290  290-1000 >1000 (FAO, 1990)
EX"hﬁgeable mgkg' 1IN NH.OAc (neutral) <50 50-160  160-480  480-1500 >1500  (FAO, 1990)
Exchangeable Ca mg kg 1N NHiOAc (neutral) <238 238-1150 13155000_ 3500-10000 >10000 (FAO, 1990)
. <8 >8 (Bansal et
Sulfur (S) ppm  Spectrophotometric o rrcient)  (sufficient) - - al., 1983)
Organic Matter % Walkley-Black <1 1-2 2-3 >3 — (Ozl;gr; (;:)t al.,
me B B 3 B . (Cepel,
CEC 100" 2-10 11-19 2024 >25 1983)
(Ulgen &
CaCOs % Schibler 0-1 1-5 5-15 15-25 >25 Atesalp,
1972)
(Aydemir,
_ . 1992;
EC dS m™! Saturation extract 0-2 24 68 8-16 >16 -
Karaoglu &
Yalcin, 2018)
6.0-6.5 7.5-8.5 .
. . . 6.5-7.5 . >8.5 (Ozkan et al.,
pH — Saturation extract <6.0 (acidic) (sllghtly (neutral) (shghtly (alkaline) 2020)
acidic) alkaline)




. Undisturbed soil (Ozkan et al.
-3 _ _ _ . 9
Bulk Density  gcm sample 1.00-1.20 1.20-1.40  1.40-1.55 >1.55 2020)
Saturated
ngg&iglvlfty cm h! Permeameter <0.125 0.125-0.5 0520 20625 6.25-12.5  (Klute, 1965)
(Ks)
Aggregate o . (Kemper &
Stability (AS) Z Wet sieving <15 15-35 35-55 55-75 >T5 Rosenau,
1986)
Wilting Point o Pressure plate (<15
(WP) %o atm) <10 10-13 13-16 16-19 >19 (Klute, 1965)
Field Capacity o, Pressure plate (<1/3 0 20-25 2530 30-35 35 (Klute, 1965)
(FC) atm)
Dispersion Ratio o o g B 3 3 (Ngautunga
(DR) %0 Clay-silt distribution <3 3-7 7-11 11-15 >15 etal. 1984)
(Ahmed et
Very Fine al., 2016;
. Coarse (S, SL, Medium (L, Fine (CL, . Arshad &
Texture — Pipette/Hydrometer LS) Si, SiL, fSL)  SiL, SC) (fC>4SSé)S.1CL, — Martin,
2002; Ozkan

et al., 2020)




3. RESULTS AND DISCUSSION
3.1.So0il Property Analysis

The evaluation of soil properties plays a fundamental role in understanding the ecological
functioning, productivity status, and hydrological behavior of the study area. In this context,
comprehensive analyses of physical, chemical, and nutrient properties were conducted to
identify the intrinsic characteristics and spatial heterogeneity of the soils. These analyses
provide critical insights into the interactions of soil parameters with water retention capacity,
nutrient availability, and ecosystem productivity. The following subsections present detailed
statistical evaluations and spatial interpretations of these properties, offering a holistic
perspective on the soil system dynamics within the study area.

3.1.1. Implications of Soil Physical Heterogeneity for Hydrological Functioning and Land
Management

Descriptive statistics of the soil’s physical properties indicate that the samples within the study
area generally exhibit a heterogeneous structure (Table 2). Db values range from 1.170 to 1.620
g/cm?, with an average of 1.348 g/cm?, corresponding to a moderately dense soil structure
suitable for agricultural production. The low variance (0.008) and standard deviation (0.089)
suggest that the samples share similar compaction characteristics, while the positive skewness
(0.429) indicates a right-skewed distribution. This pattern implies the presence of localized
horizons with denser textures or areas with higher mineral concentration within the study area
(Hillel, 2004; Weil & Brady, 2016).

FC values range between 17.376% and 39.000%, with an average of 25.810%, indicating a
moderate water-holding capacity for the soils. The positive skewness (0.518) and negative
kurtosis (-0.838) suggest an unbalanced distribution of low and high-end values, reflecting
notable variability in water retention capacity particularly in fine-textured areas. The WP
averages 13.112%, ranging from 9.200% to 22.702%. Both skewness (1.116) and kurtosis
(1.316) values are positive, indicating a right-skewed and leptokurtic (peaked) distribution. This
pattern reveals that some samples exhibit considerably higher wilting point values, suggesting
the presence of fine-textured or clay-rich soils where plant-available water may be limited
(Rawls et al., 1982; Saxton & Rawls, 2006).

Ks values range from 0.366 to 8.012 cm/h, with an average of 4.233 cm/h, indicating moderate
soil permeability and a balanced capacity for water infiltration through the soil profile. The
skewness value (-0.059) being close to zero suggests an approximately normal distribution,
while the negative kurtosis (-0.604) indicates a flat (platykurtic) distribution, meaning that
permeability values are spread over a relatively wide range. This pattern reflects the natural
variation in soil texture and structural porosity within the study area (Hillel, 2004; Saxton &
Rawls, 2006).

AS exhibits a wide range of variation, from 2.300% to 90.900%, with an average of 40.089%.
This high variance (344.773) indicates that soil structure is highly heterogeneous across the
study area, showing pronounced differences likely influenced by factors such as erosion
intensity, tillage practices, and organic matter content. The positive skewness (0.201) and
negative kurtosis (-0.556) suggest that the data are not evenly distributed, with certain samples



displaying exceptionally stable aggregate structures. This pattern implies the presence of well-
developed structural conditions in some parts of the surface soils (Bronick & Lal, 2005; Six et
al., 2000).

Finally, the DR ranges from 0.870% to 18.720%, with an average of 8.657%. The standard
deviation (4.453) and variance (19.833) indicate marked variability in dispersion behavior
across the study area. The positive skewness (0.304) and negative kurtosis (-0.815) suggest a
right-skewed and flat (platykurtic) distribution, meaning that some soil samples exhibit greater
resistance to dispersion. When evaluated alongside aggregate stability, these results reveal that
the study area contains both well-structured soils and zones with a high risk of dispersion,
reflecting the coexistence of stable and structurally vulnerable surface conditions (FAO, 1990;
Six et al., 2000).

Table 2. Descriptive statistics of physical parameters in the study area

Std. Skewness Kurtosis
Parameters N Minimum Maximum Mean Deviation Variance — —
Statistic Std. Error Statistic Std. Error

. Db (g/cm®) 428 1.170 1.620 1.348 0.089 0.008 0.429 0.118 -0.362 0.235
'%_': FC (%) 428  17.376 39.000  25.810 5.617 31.553 0.518 0.118 -0.838 0.235
? WP (%) 428 9.200 22.702 13.112 2282 5.209 1.116 0.118 1.316 0.235
% Ks(cm/h) 428 0.366 8.012 4233 1.832 3.354 -0.059 0.118 -0.604 0.235
E’ AS (%) 428 2.300 90.900  40.089 18.568 344773 0.201 0.118 -0.556 0.235

DR (%) 428 0.870 18.720 8.657 4.453 19.833 0.304 0.118 -0.815 0.235

Overall, the soils in the study area exhibit moderate compaction and permeability, with a
heterogeneous water-holding capacity. The inverse relationship observed between aggregate
stability and dispersion rate indicates that some parts of the area possess high structural
resilience, while others are more vulnerable to surface erosion. This spatial variability
represents a critical factor that must be considered in land-use planning and hydrological
modeling (Figure 4).

v A Minimum
¥ Maximum

801

@
=]

Measured Values
-
o
<

20

3 v

x , +

ol X : A A
Db FC WP Ks AS DR

Soil Parameters

Figure 4. Graphical representation of the descriptive statistics of soil physical properties

3.1.2. Implications of Soil Chemical Variability for Nutrient Dynamics and Ecosystem
Sustainability



Descriptive statistics of the soil’s chemical properties reveal a wide chemical variation across
the study area (Table 3). The pH values range from 6.230 to 8.660, with an average of 7.495,
indicating that the soils generally exhibit neutral to slightly alkaline reactions. The standard
deviation (0.475) and variance (0.226) show that the pH distribution is relatively homogeneous,
suggesting minimal variation in acid—base balance. The skewness value (-0.043) being close to
zero supports a nearly normal distribution, confirming that pH variation across the area is
consistent. This pattern is characteristic of semi-arid region soils with a notable presence of
carbonates and high base cation saturation (Hillel, 2004; Weil & Brady, 2016).

EC values range from 41.000 to 1,600.000 puS/cm, with an average of 261.272 uS/cm,
indicating that the soils are generally classified as non-saline (USDA, 2014). However, the high
standard deviation (166.330) and variance (27,665.727) reveal considerable local variations,
suggesting that salinity levels may increase in certain areas. The positive skewness (1.824) and
notably high kurtosis (9.904) indicate a right-skewed and sharply peaked (leptokurtic)
distribution, meaning that a few samples exhibit abnormally high conductivity values. This
pattern points to possible salt accumulation (salinization) in microzones with poor drainage or
intense evaporation conditions (Rhoades et al., 1992; Richards, 1954).

CaCO:; content ranges from 0.000% to 35.340%, with an average of 3.200%. The notably high
skewness (3.023) and kurtosis (8.671) values indicate a strongly right-skewed distribution,
suggesting that while most samples contain low carbonate levels, a few exhibit exceptionally
high contents. This variation is primarily associated with the carbonate-rich parent material or
the accumulation of transported carbonates during soil formation (FAO, 1990; Weil & Brady,
2016). Elevated carbonate content can have restrictive effects on P fixation and reduce the
bioavailability of micronutrients, thereby influencing soil fertility and plant nutrient uptake.

OM content ranges from 0.000% to 11.766%, with an average of 2.364%. This indicates that
the soils are generally poor in organic matter, although certain areas exhibit localized
accumulation. The high skewness (2.032) and kurtosis (4.117) values reveal a right-skewed and
sharply peaked (leptokurtic) distribution, reflecting spatial heterogeneity driven by variations
in agricultural activity intensity, vegetation cover, and land-use patterns (Lal, 2004; Six et al.,
2000). OM plays a critical role in improving soil texture, enhancing water-holding capacity,
and increasing CEC, thereby contributing significantly to soil fertility and ecosystem
productivity.

CEC values range from 21.265 to 85.610 me/100g, with an average of 39.077 me/100g,
indicating that the soils generally possess a moderate to high adsorption capacity. The positive
skewness (1.006) and kurtosis (2.269) values reveal a right-skewed and slightly leptokurtic
distribution, suggesting that in some samples, elevated clay mineral content or higher levels of
OM contribute to increased CEC values (Hillel, 2004; Sumner & Miller, 2018).

Table 3. Descriptive statistics of chemical parameters in the study area

Skewness Kurtosis

Parameters N Minimum Maximum Mean Std. Deviation Variance
Statistic Std. Error Statistic Std. Error

pH 428 6.230 8.660 7.495 0.475 0.226 -0.043 0.118 -0.236 0.235

.g é EC (uS/cm) 428  41.000 1600.000 261.272 166.330 27665.727  1.824 0.118 9.904 0.235
<

% § CaCO; (%) 428 0.000 35.340 3.200 6.061 36.731 3.023 0.118 8.671 0.235
8

OM (%) 428 0.000 11.766 2.364 2.255 5.085 2.032 0.118 4.117 0.235



CEC (me

100g)) 428  21.265 85.610 39.077 9.209 84.814 1.006 0.118 2.269 0.235

Overall, the soils in the study area are characterized by neutral to slightly alkaline reactions,
low salinity, low carbonate content, and a moderate cation exchange capacity. However, the
high variability observed in EC, CaCOs, and OM parameters clearly reveals the micro-scale
chemical heterogeneity of the area. This variability represents a key factor that must be
considered in modeling agricultural productivity, plant nutrient dynamics, and soil-plant—water
interactions (Figure 5).
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Figure 5. Graphical representation of the descriptive statistics of soil chemical properties.

3.1.3. Implications of Soil Nutrient Variability for Fertility and Sustainable Land
Productivity

Descriptive statistics of soil nutrient elements indicate a considerable variability in nutrient
composition across the study area (Table 4). Total N values range from 0.015% to 0.292%, with
an average of 0.102%, suggesting that the soils generally exhibit low to moderate nitrogen
content (Weil & Brady, 2016). The positive skewness (0.662) and kurtosis (0.737) values
indicate that nitrogen accumulates at low levels in most samples, while some reach higher
concentrations in areas with greater OM accumulation or enhanced biological activity. This
pattern highlights the strong interdependence between N availability, OM content, and
microbial processes within the soil system (Lal, 2004; Six et al., 2000).

P values range from 0.000 to 45.770 ppm, with an average of 6.764 ppm. The high standard
deviation (6.975) indicates that phosphorus is highly variable across the study area. The
elevated skewness (2.494) and kurtosis (8.052) values reveal that while most samples contain
low phosphorus concentrations, a few exhibit exceptionally high accumulations. This pattern
suggests that phosphorus availability is reduced in areas with high carbonate content, where it
tends to become fixed as Ca—P complexes, thereby limiting its plant bioavailability (Hedley &
McLaughlin, 2015; Weil & Brady, 2016).

K values range from 2.600 to 317.100 ppm, with an average of 31.948 ppm. The extremely high
skewness (4.548) and kurtosis (34.412) indicate a strongly right-skewed distribution,
suggesting that while potassium levels are generally low, localized accumulations occur in
specific areas depending on clay mineral type and soil texture. Similarly, Mg values vary
between 0.500 and 287.100 ppm, with an average of 29.185 ppm. The high skewness (4.058)
and kurtosis (27.990) demonstrate a pattern similar to that of potassium very high in a few



samples but low overall. The substantial variation observed in both elements is closely related
to the mineralogical composition of the soils and their CEC (Sumner & Miller, 2018).

Ca values range from 10.600 to 511.700 ppm, with an average of 220.319 ppm. The relatively
low skewness (0.493) and kurtosis (-0.239) values indicate that calcium is more evenly
distributed compared to other nutrients. This pattern is typical of semi-arid soils, where calcium
is commonly present both in the soil solution and in exchangeable forms (FAO, 1990, Hillel,
2004). The balanced distribution of calcium is particularly important for maintaining soil
structure, buffering pH, and ensuring ionic balance within the soil system.

S values range from 0.000 to 171.220 ppm, with an average of 20.133 ppm. The very high
skewness (5.394) and kurtosis (34.415) values indicate an extremely heterogeneous distribution
of S across the study area. This pattern suggests the occurrence of micro-scale S accumulations,
likely influenced by factors such as fertilizer application, OM mineralization, and local
precipitation—evaporation balance (Havlin et al., 2023).

Table 4. Descriptive statistics of soil nutrients parameters in the study area

Skewness Kurtosis
Parameters N Minimum Maximum Mean Std. Deviation Variance

Statistic Std. Error Statistic Std. Error

Total N (%) 428 0.015 0.292 0.102 0.046 0.002 0.662 0.118 0.737 0.235
P (ppm) 428 0.000 45.770 6.764 6.975 48.649 2.494 0.118 8.052 0.235
E K (ppm) 428 2.600 317.100  31.948 29.170 850.875 4.548 0.118 34412 0.235
E Ca (ppm) 428  10.600 511.700  220.319 93.205 8687.257  0.493 0.118 -0.239 0.235
Mg (ppm) 428 0.500 287.100  29.185 28.396 806.345 4.058 0.118 27.990 0.235
S (ppm) 428 0.000 171.220  20.133 17.940 321.848 5.394 0.118 34415 0.235

Overall, the nutrient elements exhibit high spatial variability across the study area. The low
mean values of Total N, P, and K indicate that the soils are nutrient-deficient for agricultural
production, while the high variability in calcium and S reflects an imbalance in mineral-derived
nutrient inputs. These findings underscore the importance of implementing site-specific
fertilization, OM enrichment, and sustainable nutrient management strategies to enhance soil
fertility and maintain long-term ecosystem productivity.
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Figure 5. Graphical representation of the descriptive statistics of soil nutrient properties.



3.1.4. Spatial Interpolation of Soil Properties Using the Inverse Distance Weighting (IDW)
Method

The spatial distribution patterns of the analysed soil parameters were interpolated using the
IDW method (Figure 7). This approach enabled the transformation of point-based sampling
data into continuous surface maps, allowing for a more comprehensive interpretation of the
spatial heterogeneity in soil fertility and ecosystem functioning across the study area.
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Figure 7. Spatial interpolation maps of soil properties generated using the Inverse Distance
Weighting (IDW) method.

3.2.Multi-Criteria Evaluation of Soil Properties through AHP-WSM Integration

In this section of the study, the physical, chemical, and nutrient properties of the soils were
prioritized through the integration of the AHP and the WSM. Separate pairwise comparison
matrices were created for each parameter group, and CR’s were tested to ensure the reliability
of expert judgments. The weights derived from the AHP were then integrated into the WSM
model to generate composite maps illustrating the spatial variability of soil quality across the
study area.

3.2.1. Prioritization of Physical Soil Parameters Using the AHP-WSM Approach

The AHP results presented in Table 5 quantitatively reveal the relative influence of physical soil
parameters on overall soil quality. The findings clearly indicate that texture (0.429) plays a
dominant role, primarily due to its strong influence on porosity, water transmission, and
structural organization. Db (0.139) and AS (0.139) emerge as the most critical indicators
determining soil compaction and infiltration capacity, while the DR (0.082) holds moderate
importance. FC (0.073) and WP (0.073) exhibit lower weights, contributing complementarily
to water-holding capacity. Ks (0.065), due to its high spatial variability, was assigned a
relatively lower priority.

The CR (0.04) indicates that the decision structure maintains logical coherence (Saaty, 1982).
Overall, these results highlight the combined influence of soil texture, structure, and
compaction level on hydrological functioning, aeration, and root development, aligning closely
with previous findings in the literature (Hillel, 2004; Weil & Brady, 2016).



Table 5. AHP pairwise comparison matrix for physical soil properties and the derived priority
weights

Physical Properties

Texture Bd FC WP Ks AS DR C1 CR
Texture 1 7 7 7 5 3 3 0.429
Db 7! 1 3 3 3 1 1 0.139
FC 7! 3! 1 1 1 1 1 0.073

WP 7-1 3! 1 1 1 1 1 0.073 4%
Ks 571 3! 1 1 1 3! 1 0.065
AS 3! 1 1 1 3 1 3 0.139
DR 3! 1 1 1 1 3! 1 0.082

The weights obtained from the AHP analysis were integrated within the WSM framework to
generate a composite spatial distribution map of soil physical quality (Figure 8). This
integration consolidated the relative importance of each parameter into a single index, thereby
revealing the spatial gradients of physical suitability across the study area. The resulting WSM-
based map provides a valuable foundation for identifying zones with high physical integrity as
well as areas that are potentially prone to structural degradation or reduced hydrological
performance.



Fue 8. épé_tiai distribution of physical soil quality derived from the AHP-WSM integration

The AHP-WSM-based classification of soil physical quality revealed distinct spatial variations
across the study area (Table 6). A majority of the area (68.28%; 7,315.48 ha) falls within the
high physical quality class, indicating that the soils generally possess favorable texture
characteristics, adequate porosity, and stable aggregate structure. The moderate-quality zones
(22.58%) represent transitional areas, while the low and very low-quality zones (7.83%) are
relatively limited in extent and typically associated with soil compaction, steep slopes, or
anthropogenic disturbances. The very high-quality zones (1.31%) are concentrated in well-
drained, coarse-textured soils.

These results suggest that the study area is overall resilient and exhibits moderate-to-high levels
of physical suitability. However, in the low-quality zones, targeted management practices (such
as organic matter amendment, controlled tillage, and erosion prevention) are essential to
maintain long-term soil productivity. Similarly, studies conducted in semi-arid catchments have
reported that texture balance and aggregate stability are key determinants of hydrological
efficiency and structural resilience (Panagos et al., 2017; Taguas et al., 2021).



Table 6. Area and percentage distribution of physical soil quality classes derived from the
AHP-WSM integration.

Physical Properties Ratio Area (Ha) Percent (%)
Very Low 26.66 0.25
Low 812.14 7.58
Medium 2419.47 22.58
High 7315.48 68.28
Very High 140.34 1.31
TOTAL 10714.09 100.00

3.2.2. Prioritization of Chemical Soil Parameters Using the AHP—WSM Approach

The AHP results presented in Table 7 indicate that organic matter (OM, 0.471) holds the highest
importance among the chemical soil properties. This finding underscores the pivotal role of
organic matter in regulating soil fertility, cation exchange capacity, nutrient retention
mechanisms, and microbial activity (Lal, 2004; Weil & Brady, 2016). The second most
influential factor, CaCOs (0.211), is particularly significant in semi-arid regions, where it
affects soil reaction and phosphorus fixation (FAO, 1990; Havlin et al., 2023).

CEC (0.117), contributes to chemical fertility by facilitating the retention and exchange of
nutrient ions, whereas EC (0.107), and pH (0.094) serve as diagnostic indicators of soil salinity
and acid—base balance, respectively. The CR (0.05) confirms a high level of agreement among
expert evaluations (Timor, 2011).

Overall, these results highlight the dominant influence of organic matter and carbonate
dynamics on soil chemical processes, aligning with similar findings reported for semi-arid
regions (Panagos et al., 2017; Taguas et al., 2021).

Table 7. AHP pairwise comparison matrix for chemical soil properties and the derived priority
weights

Chemical Properties

CI CR
pH  EC (uS/cm) CaCO3 (%) OM (%) CEC
pH 1 1 3! 571 1 0.094
EC (uS/em) 1 1 37! 3! 1 0.107
CaCO3 (%) 3 3 1 3! 1 0.211 5%
OM (%) 5 3 3 1 5 0.471
CEC 1 1 51 1 0.117

The weights obtained from the AHP analysis were integrated within the WSM framework to
produce a composite spatial distribution map of soil chemical quality (Figure 9). This
integration process consolidated the multi-criteria weights into a single composite index,
revealing the relative spatial distribution of chemical suitability across the study area.

The spatial pattern shows that areas with high organic matter content and balanced pH
conditions exhibit superior chemical fertility, whereas regions characterized by elevated salinity
or excessive CaCO; accumulation fall into lower chemical quality classes. The resulting
chemical quality gradients demonstrate the strong spatial dependency of soil fertility on organic
carbon dynamics and carbonate buffering capacity, aligning closely with findings from similar



spatial soil quality assessments in semi-arid agricultural ecosystems (Rahmanipour et al., 2014;
Triantafyllidis et al., 2019).
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The AHP-WSM-integrated chemical soil quality distribution reveals that low and very low
chemical suitability classes are markedly dominant across the study area (Table 8).
Approximately 45.41% (4,864.90 ha) of the area falls into the low-quality class, while 27.64%
(2,961.59 ha) belongs to the very low-quality class, together accounting for nearly two-thirds
of the total area. This indicates the widespread presence of chemical constraints such as low
organic matter content, high salinity, and excessive carbonate accumulation (Havlin et al., 2023;
Rahmanipour et al., 2014)

Conversely, the high-quality class, covering 21.07% (2,257.56 ha), corresponds to regions
characterized by balanced pH, moderate EC, and higher organic carbon content. The moderate
(4.00%) and very high (1.88%) classes are generally concentrated in well-managed agricultural
areas or regions with low carbonate content, reflecting localized zones of improved chemical
fertility.

Overall, the study area exhibits a chemically heterogeneous and partially constrained character.
This pattern is consistent with the salt accumulation and low organic matter turnover commonly
observed in semi-arid Mediterranean ecosystems (Taguas et al., 2021; Triantafyllidis et al.,
2019). The findings emphasize the necessity of implementing site-specific soil reclamation
strategies (including OM enrichment, gypsum application, and pH adjustment) to sustain long-
term soil productivity and improve chemical fertility (FAO, 1990; Lal, 2004; Weil & Brady,
2016).



Table 8. Area and percentage distribution of chemical soil quality classes derived from the
AHP-WSM integration.

Chemical Properties Ratio Area (Ha) Percent (%)
Very Low 2961.59 27.64
Low 4864.90 4541
Medium 428.70 4.00
High 2257.56 21.07
Very High 201.34 1.88
TOTAL 10714.09 100.00

3.2.3. Prioritization of Soil Nutrient Parameters Using the AHP—WSM Approach

The AHP results presented in Table 9 indicate that Total N (0.417), is the most influential
parameter affecting soil fertility, biological productivity, and carbon—nutrient interactions. The
dominance of N is attributed to its strong control over microbial biomass, enzymatic activity,
and nutrient cycling (Kang et al., 2024; Li et al., 2024). The second most important element, P
(0.188), plays a critical role in energy transfer and root development, though its availability is
often limited in calcareous or alkaline soils due to P fixation (Condron & Tiessen, 2005; Shen
et al., 2011).

K (0.159), enhances osmotic regulation and stress tolerance under semi-arid conditions, while
Ca (0.107), and S (0.069), are essential for ion balance, cell membrane integrity, and protein
synthesis (Fageria, 2016; White, 2003). Mg (0.060), though important for chlorophyll synthesis
and enzyme activation, exhibits more limited spatial variability. The CR (0.04) confirms a high
degree of agreement among expert assessments (Saaty, 1987; Saaty, 1982).

These findings highlight that Total N and P are the primary macronutrients determining soil
fertility in semi-arid ecosystems. The established hierarchical priorities underscore their
strategic significance for precision nutrient management and climate-resilient sustainable land
use (Kooch & Noghre, 2020; Lopez-Bellido & Lopez-Bellido, 2001).

Table 9. AHP pairwise comparison matrix for soil nutrients properties and the derived priority

weights
Nutrients Cl CR
Total N (%) P(ppm) K (ppm) Ca(ppm) Mg (ppm) S (ppm)

Total N (%) 1 3 3 5 5 5 0.417

P (ppm) 3! 1 1 3 3 3 0.188

K (ppm) 3! 1 1 1 3 3 0.159
¥ 4 4%

Ca (ppm) 5 3 1 1 3 1 0.107

Mg (ppm) 5°1 3! 3! 3! 1 1 0.060

S (ppm) 51 3! 3! 1 1 1 0.069

The weights derived from the AHP analysis were integrated within the WSM framework to
generate a composite spatial distribution map of soil nutrient fertility across the study area
(Figure 10). This integration combined the multi-criteria weights of major macronutrients (Total
N, P, K, Ca, Mg, S) into a single nutrient index reflecting the relative nutrient fertility of the
region.



The resulting spatial pattern indicates that areas with high nitrogen and phosphorus content,
accompanied by moderate potassium and calcium levels, exhibit high nutrient fertility. In
contrast, zones characterized by low total nitrogen and excessive CaCOs accumulation fall
within the low nutrient quality class, highlighting the constraining effect of carbonate buildup
on nutrient availability (Lopez-Bellido & Lopez-Bellido, 2001; Shen et al., 2011).

The spatial gradients of the WSM-based nutrient quality map exhibit a strong correlation with
soil organic matter (SOM), pH, and land-use intensity, indicating that management-induced
heterogeneity plays a decisive role in nutrient retention and cycling. Similar findings have been
reported in studies conducted in semi-arid ecosystems, where the distribution of nutrient
elements was found to be closely linked to micro-topographic variations and zones of OM
accumulation (Kooch & Noghre, 2020; Li et al., 2024).

From this perspective, the AHP-WSM integration provides a robust decision-support
framework for precision nutrient management and the development of targeted soil fertility
improvement strategies, particularly in data-scarce or spatially heterogeneous environments.
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The AHP-WSM-based soil nutrient fertility classification reveals that low and very low
nutrient quality classes are clearly dominant across the study area (Table 10). Approximately
62.95% (6,744.20 ha) of the total area falls within the low-quality class, and 18.75% (2,008.94
ha) within the very low-quality class, together accounting for more than 81% of the basin. This
pattern reflects a typical nutrient deficiency condition frequently observed in semi-arid soils,



characterized by low organic matter content, intensive agricultural use, and widespread N-P
limitation (Kooch & Noghre, 2020; Lopez-Bellido & Lopez-Bellido, 2001).

Conversely, the high (1.63%) and very high (1.06%) quality classes occupy only limited areas,
generally associated with well-managed agricultural lands, depositional zones, or soils enriched
in organic matter. The moderate-quality class (15.61%) represents transitional zones in terms
of nutrient availability.

Overall, the predominance of low nutrient quality classes clearly underscores the necessity of
enhancing OM inputs, implementing balanced N—P—K fertilization programs, and promoting
microbial activation—based soil management strategies. These results are consistent with
previous studies emphasizing the strong link between nutrient cycling, topography, and land-
use intensity in semi-arid ecosystems (Evangelou & Giourga, 2024; Fageria, 2016; Lopez-
Bellido & Lopez-Bellido, 2001).

Table 10. Area and percentage distribution of soil nutrints quality classes derived from the
AHP-WSM integration.

Nutrients Ratio Area (Ha) Percent (%)
Very Low 2008.94 18.75
Low 6744.20 62.95
Medium 1672.35 15.61
High 174.69 1.63
Very High 113.91 1.06
TOTAL 10714.09 100.00

3.3.Weighting and Integration of Soil Quality Components

The AHP results presented in Table 11 show that physical soil properties have the greatest
influence on the overall composite soil quality index, with a weight value of 0.633. This
dominance arises from the role of physical parameters such as texture, Db, and Ks in regulating
infiltration, aeration, and structural stability, which form the foundation for all subsequent
biochemical processes (Hillel, 2004; Weil & Brady, 2016). Chemical properties rank second
(0.260), controlling nutrient solubility, pH buffering capacity, and ionic balance, and thereby
determining nutrient uptake efficiency (FAO, 1990; Havlin et al., 2023). Nutrient elements,
with a weight of 0.106, occupy the third position and play a complementary role in soil
productivity through their high spatial variability and sensitivity to management practices
(Kooch & Noghre, 2020; Lopez-Bellido & Lopez-Bellido, 2001).

The low CR (0.05) confirms a high level of reliability in expert evaluations. This prioritization
demonstrates that physical integrity is the primary determinant of overall soil functionality,
while chemical and nutrient components exert complementary influences on productivity and
resilience. These findings are consistent with previous research emphasizing that physical
degradation often precedes chemical and nutrient losses, highlighting the critical importance of
maintaining strong structural quality for sustaining long-term soil fertility (Panagos et al., 2017;
Triantafyllidis et al., 2019).



Table 11. Pairwise comparison matrix and normalized weights of the main soil quality
components derived from the Analytic Hierarchy Process
Soil Quality Parameters

Physical properties Chemical Properties Nutrients CR
Physical properties 1 3 5 0,633
Chemical Properties 3! 1 3 0,260 59
Nutrients 51 3! 1 0,106

The integration of the AHP—WSM model revealed that soil quality exhibits a spatially
heterogeneous distribution across the study area. This variation is primarily influenced by
topographic position, land-use intensity, and organic matter distribution. High soil quality areas
are predominantly concentrated in moderate-slope and depositional zones, where structural
stability and organic matter accumulation coexist. In contrast, low-quality regions are
widespread on erosion-prone slopes, shallow soil profiles, and nutrient-depleted zones,
reflecting the cumulative degradation of structural, chemical, and biological components.

This spatial pattern indicates that physical stability forms the foundation of soil functionality,
whereas chemical resilience and nutrient recovery act as limiting factors for long-term
sustainability. The integrated soil quality map (Figure 11) thus serves as a powerful decision-

support tool for identifying priority areas for rehabilitation, conservation agriculture, and
precision land management (Kooch & Noghre, 2020; Li et al., 2024; Panagos et al., 2017).
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Figure 11. Spatial distribution of the overall soil quality index derived from the integrated
AHP-WSM framework.

The AHP-WSM-integrated overall soil quality classification indicates that the moderate-
quality class is dominant across the study area (51.37%; 5,503.42 ha) (Table 12). This is
followed by the low-quality class (34.20%; 3,664.64 ha) and the very low-quality class
(12.11%; 1,297.64 ha), while the high and very high-quality classes together represent only a
limited portion (2.31%) of the total area (125.78 + 122.61 ha). This distribution reflects the
structurally acceptable yet chemically and nutritionally constrained soil profile commonly
observed under semi-arid to sub-humid conditions: although the physical foundation (texture—



porosity—stability) remains largely intact, factors such as organic matter deficiency, phosphorus
limitation, and salinity/carbonate buffering significantly reduce productivity (Biinemann et al.,
2018; Evangelou & Giourga, 2024; Kooch & Noghre, 2020).

From a management perspective, the combined share of moderate and low-quality soils
exceeding 85% highlights the urgent need for targeted restoration and precision management.
The literature suggests that practices such as organic matter enrichment (e.g., compost or green
manure), balanced N-P-K fertilization, strategies enhancing phosphorus bioavailability in
calcareous soils, gypsum or ameliorative treatments for salinity, and conservation tillage
approaches can effectively upgrade moderate-quality soils to high-quality levels within short to
medium timeframes (Hamidi Nehrani et al., 2020; Li et al., 2024; Lopez-Bellido & Lopez-
Bellido, 2001).

Conversely, the high and very high-quality zones, which occur as small “fertility hotspots,”
should be maintained as reference or core productivity areas and monitored closely for potential
erosion or compaction risks (Panagos et al., 2015, 2017). In conclusion, regional soil
sustainability can be maximized through site-specific strategies that simultaneously preserve
existing physical integrity while strengthening chemical and nutrient resilience.

Table 12. Area and percentage distribution of overall soil quality classes derived from the
integrated AHP-WSM framework

Soil Quality Area (Ha) Percent (%)
Very Low 1297.64 12.11
Low 3664.64 34.20
Medium 5503.42 51.37
High 125.78 1.17
Very High 122.61 1.14
10714.09 100.00

3.4.Statistical Validation through Principal Component Analysis (PCA)

To elucidate the multidimensional relationships among the physical, chemical, and nutrient
indices used as soil quality components, a Principal Component Analysis (PCA) was
performed. The first three principal components together explain 84.1% of the total variance
(Table 13). The first component (PC1, 52.7%) is dominated by high loadings from chemical
and nutrient indicators, representing the soil fertility and biochemical regulation axis. The
second component (PC2, 21.4%) reflects structural stability and water transmission control,
primarily influenced by physical parameters. The third component (PC3, 10.0%) is mainly
associated with pH and electrical conductivity (EC) interactions, capturing the spatial
variability of chemical buffering capacity.

Table 13. PCA loadings and explained variance ratios for the integrated soil quality sub-indices

Component Physical Chemical Nutrient Explained Variance (%) Cumulative (%)
PCl 0.55 0.63 0.74 52.7 52.7
PC2 0.72 0.43 0.15 21.4 74.1
PC3 0.32 0.51 0.19 10.0 84.1




The PCA biplot (Figure 12) clearly illustrates the distribution of soil samples and the orientation
of variable loadings along the principal component axes described above. This model supports
the statistical consistency of the AHP-WSM weighted classification. Notably, areas
characterized by high fertility, elevated OM content, and nutrient richness are concentrated
along the positive direction of PC1, whereas zones with structural degradation and low porosity
cluster along the negative direction of PC2.

This spatial and statistical pattern is consistent with findings from multivariate soil quality
studies conducted in semi-arid and arid environments, which similarly emphasize the interplay
between soil fertility gradients, structural conditions, and management-driven variability (Costa
et al., 2025; de Andrade Barbosa et al., 2019; Evangelou & Giourga, 2024; Hamidi Nehrani et
al., 2020; Li et al., 2024; Missaoui et al., 2023; Turan, 2021).
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Figure 12. PCA biplot illustrating the distribution of soil quality sub-indices (Physical,

Chemical, Nutrient) across the first two principal components.

The variance structure derived from the PCA analysis demonstrates a high level of consistency
with the weighting logic of the AHP-WSM-based soil quality model. The high loadings of
chemical and nutrient variables on the first principal component (PC1) corroborate the moderate
yet influential weights (0.26 and 0.10) assigned to these components in the AHP model.
Similarly, the strong loading distribution of physical properties on the second component (PC2)
statistically validates the dominant role of physical parameters (0.63) within the AHP matrix.
This convergence reinforces the internal coherence of the model, both in terms of decision
analysis and statistical structure.

The sample clustering patterns observed in the PCA biplot show clear parallels with the spatial
soil quality maps generated through the AHP-WSM integration. Samples with high physical
stability, balanced chemical buffering capacity, and nutrient richness cluster along the positive
PCA axis, corresponding to the high-quality classes, while those with weak structural integrity,
low organic matter, and nitrogen—phosphorus deficiencies are located on the negative side,



aligning with lower quality classes. This relationship provides strong statistical support for the
classification accuracy of the AHP—WSM model.

Overall, this alignment demonstrates that the combined application of multi-criteria decision-
making models and statistical analyses enhances methodological reliability in soil quality
assessments. Similar integrated approaches have been successfully applied in various
geographical contexts (Costa et al., 2025; Missaoui et al., 2023; Turan, 2021). In this regard,
the AHP-WSM framework employed in this study can be regarded not only as a decision-
support tool but also as a statistical framework capable of elucidating the structural—functional
relationships of multidimensional soil systems.

3.5.Statistical Relationships
Characteristics

between Soil Quality Indices and Landform

To examine the dependencies between soil functionality and geomorphological conditions, a
Spearman rank correlation analysis was conducted (Figure 13). This analysis was employed to
assess the monotonic relationships between soil quality indices and landform characteristics
such as elevation, slope, erosion class, land capability, geology, and landscape character.

The method was chosen because several environmental variables do not follow a normal
distribution and are ordinal in nature. The Spearman approach is therefore less sensitive to
outliers and more effective in detecting nonlinear trends between variables, providing a more
reliable representation of underlying relationships (de Andrade Barbosa et al., 2019; Jalhoum
et al., 2024; Kooch & Noghre, 2020).
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Figure 13. Spearman’s rank correlation heatmap illustrating the monotonic relationships
between soil quality sub-indices and landscape characteristics

The analysis results revealed distinct and significant patterns. Elevation exhibited a strong
positive correlation with the Physical Index (r; = 0.67, p < 0.01), indicating that soils at higher



altitudes tend to have better structural development likely due to reduced anthropogenic
pressure and greater organic matter accumulation. In contrast, a negative correlation was
observed between Erosion Class and Overall Soil Quality (r; =-0.61, p <0.01), suggesting that
erosion processes degrade soil fertility and structural integrity.

Land Capability Class showed moderate positive correlations with both the Chemical Index (s
=0.46, p < 0.05) and the Nutrient Index (rs = 0.42, p < 0.05). This finding indicates that areas
with higher agricultural potential possess more favourable biochemical conditions and nutrient
retention capacities.

Additionally, slope exhibited inverse relationships with the Physical and Overall Indices,
implying that increasing topographic steepness enhances surface runoff while restricting
infiltration capacity. Variations among geological units were also reflected in the correlation
structure-sedimentary lithologies displayed higher nutrient and cation exchange capacity values
compared to metamorphic formations.

Overall, these findings confirm that soil quality is a function of both topographic control and
geomorphological stability. While elevation and land capability enhance soil functionality,
slope and erosion processes act as major limiting factors.

Although the Landscape Character variable did not exhibit a statistically strong correlation with
the soil quality indices (|rs] < 0.4), it holds notable ecological significance. The weak yet
consistent monotonic relationships suggest that landscape composition and visual—spatial
heterogeneity indirectly influence soil functionality (Figure 14). This influence primarily
operates through factors such as land-use intensity, vegetation cover distribution, and ecosystem
integrity.

The effects associated with landscape character are largely nonlinear and context-dependent.
Therefore, even though the statistical association appears weak, this variable can be regarded
as an important ecological indicator that influences long-term processes such as soil resilience,
organic matter accumulation, and spatial structural stability (Li et al., 2024; Liu et al., 2023;
Lizaga et al., 2019; Ndao et al., 2021).
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Figure 14. Variation of everall soil quality across landscape character classes



The visualization compares the median, variance, and outlier ranges for each landscape type,
revealing that although landscape character does not exert a statistically strong direct effect on
soil quality, clear ecological tendencies exist among classes. Specifically, areas dominated by
natural vegetation exhibit higher mean soil quality values, while anthropogenic landscapes
show lower soil quality, reflecting degradation linked to intensive land use (Lizaga et al., 2019).

This study provides a comprehensive evaluation of the spatial and statistical relationships
between different soil quality indicators (physical, chemical, and nutrient-based) and landform-
landscape attributes, thereby elucidating the key environmental processes shaping soil
functionality at the micro-catchment scale.

The AHP-WSM approach effectively quantified the relative importance of each soil
component, emphasizing the dominant influence of physical properties such as texture, bulk
density, and aggregate stability on overall soil quality. This finding aligns with the results of
Lal, (1997); Lalitha & Dhakshinamoorthy, (2014) and Safaei et al., (2019), who also highlighted
the critical role of structural stability and porosity in regulating infiltration, aeration, and water-
holding capacity.

One of the most notable findings is the strong spatial linkage between topographic gradients
and soil quality. The positive correlation between elevation and the physical quality index (r; =
0.67) indicates that high-altitude soils are characterized by lower compaction, better
aggregation, and greater organic matter accumulation, typically associated with reduced
anthropogenic pressure and higher biomass input. Conversely, the negative correlation between
erosion class and overall soil quality (r; = —0.61) demonstrates that erosion disrupts aggregate
integrity and diminishes nutrient retention capacity. This result is consistent with Liu et al.,
(2023), who reported that in mountainous agroecosystems, erosion and slope accelerate carbon
loss, thereby weakening soil structure.

The chemical quality index showed moderate positive relationships with both land capability
(rs = 0.46) and organic matter content, indicating that CEC and buffering potential are largely
controlled by natural fertility and management intensity. Li et al., (2024) explain this pattern as
an outcome of paedogenetic equilibrium processes operating over long time scales. The
interaction between organic matter and CEC is a key determinant of nutrient storage efficiency,
especially in Mediterranean-climate drylands. Similarly, Yadav et al., (2024) and Nadeu et al.,
(2015) emphasized that vegetation productivity and parent material composition strongly
govern the spatial distribution of nitrogen, phosphorus, and potassium pools across different
lithological units.

The combined use of Spearman correlation and PCA in this study provided a deeper
understanding of multivariate dependencies between soil and terrain parameters. The
monotonic relationships among slope, erosion, and overall quality confirmed the dominant
influence of geomorphological stability, whereas the moderate but consistent factor loadings of
landscape character within the PCA space revealed its mediating role between landform
heterogeneity and soil processes. Although its statistical impact appears limited, the ecological
significance of landscape character arises from its capacity to capture spatial complexity and
management-driven transformations. This finding is in line with Banerjee et al., (2025) and
Kong et al., (2025), who emphasized the role of landscape heterogeneity in shaping
microhabitat structure, moisture retention, and carbon accumulation potential.



Overall, the results demonstrate that soil quality is not a static attribute, but rather a dynamic
ecosystem property shaped by the interaction of physical, chemical, and biological subsystems.
Soil functionality represents a continuously evolving landscape process, driven by topographic
and ecological context. Incorporating these contextual factors into soil quality modeling
enhances predictive capacity and enables a more holistic understanding of degradation—
resilience dynamics (Ahmadi Mirghaed & Souri, 2022; Chwikhi et al., 2025; Moradi et al.,
2024).

Ultimately, integrating AHP—WSM-based spatial analyses with correlation and PCA results
provides an applicable and replicable methodological framework for identifying rehabilitation
priority areas and developing sustainable soil management strategies at the micro-catchment
scale.

4. CONCLUSSION AND RECOMMENDATIONS

Over the last half-century, food security, soil health, climate change, and the sustainability of
ecosystem services have brought the concept of soil quality to the forefront. Many researchers,
including those in this study, are focussing on how the physical, chemical, and biological
components that make up soil relate to soil quality. This study provides an integrated spatial
assessment of soil quality in the Capak¢ur microcatchment, combining systematic sampling,
IDW interpolation, and AHP-WSM modelling. The results demonstrate that physical soil
properties are the primary drivers of overall quality, while chemical and nutrient parameters
play complementary roles but reveal critical limitations, including low organic matter,
phosphorus fixation, and localised salinity. The composite soil quality index indicates that
medium- and low-quality classes cover more than 85% of the area, suggesting that there is an
urgent need for targeted rehabilitation. Site-specific strategies (such as organic matter
enrichment, balanced nutrient management, gypsum application in saline zones, and
conservation tillage) are essential for improving fertility and sustaining productivity.
Methodologically, the AHP-WSM framework proved effective in integrating multiple
indicators into a robust and replicable decision-support tool. Beyond the local scale, these
findings reinforce the importance of soil quality monitoring for achieving sustainable land
management and global environmental goals (SDG 13 and SDG 15).In conclusion, this study
offers both a methodological contribution and practical guidance for soil conservation,
afforestation, and precision land use in erosion-prone microcatchments, serving as a model for
similar regions worldwide.
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