soil systems WVI\D\Py

Article

An Innovative Framework Integrating PCA-MDS Soil Quality
Index (SQI), Al and Machine Learning Prediction with
Multi-Criteria Decision Analysis (MCDA) for Site-Specific Soil
Management Toward Sustainability in Coastal Agroecosystems

Hatim Sanad 1-2-3*(, Rachid Moussadek *(7, Latifa Mouhir !, Majda Oueld Lhaj '3, Ahmed Ghanimi 5,
Khadija Manhou >®0), Houria Dakak 20© and Abdelmjid Zouahri 2

Laboratory of Process Engineering and Environment, Faculty of Science and Technology Mohammedia,

University Hassan II of Casablanca, Mohammedia 28806, Morocco; latifa.mouhir@fstm.ac.ma (L.M.);

majdaoueldlhaj1999@gmail.com (M.O.L.)

Research Unit on Environment and Conservation of Natural Resources, Regional Center of Rabat, National

Institute of Agricultural Research, AV. Ennasr, Rabat 10101, Morocco; khadija.manhou@uit.ac.ma (K.M.);

houria.dakak@inra.ma (H.D.); abdelmjid.zouahri@inra.ma (A.Z.)

Department of Agriculture, University of Napoli Federico II, Piazza Carlo di Borbone 1, 80055 Portici, Italy

4 International Center for Agricultural Research in the Dry Areas (ICARDA), Rabat 10100, Morocco;

r.moussadek@cgiar.org

Laboratory of Materials, Nanotechnologies, and Environment, Department of Chemistry, Faculty of Sciences,

Mohammed V University in Rabat, Rabat 10101, Morocco; a.ghanimi@umbr.ac.ma

6 TLaboratory of Natural Resources and Sustainable Development, Department of Biology, Faculty of Sciences,
Ibn Tofail University, Kenitra 14000, Morocco

*  Correspondence: hatim.sanad99@gmail.com

Abstract

Soil quality is central to agricultural sustainability and food security, yet coastal agroecosys-
tems are increasingly threatened by degradation from intensive practices and seawater
intrusion. This study aimed to integrate soil quality index (SQI), statistical modeling, ma-
chine learning (ML), and decision analysis to assess and manage soil health in the Skhirat
coastal plain of Morocco. A total of 30 topsoil samples were collected and analyzed for
chemical and nutrient properties. Spatial interpolation revealed strong coast—inland gradi-
ents where EC ranged from 0.47 to 6.3 dS/m with the highest salinity in the south-western
fringe, while CEC (8.4-39.7 cmol/kg) and OM (0.54-2.81%) peaked inland. Principal com-
ponent analysis (PCA) explained 65.9% of total variance, with salinity drivers loading
negatively against fertility indicators. Redundancy analysis (RDA) biplots highlighted
antagonism between salinity and fertility axes. The PCA-minimum data set (MDS)-SQI
integrated key indicators and ranged from 0.084 to 0.897 (mean 0.614), classifying 33%

M) Check for updates ‘ of sites as low quality. The ML model linear regression achieved the best performance
(R? = 0.907). Multi-criteria decision analysis (MCDA) using TOPSIS and PROMETHEE II
prioritized coastal sites with indices up to 0.882, and robust underweight sensitivity (Spear-
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man ¢ = 0.992). This integrated framework demonstrates that soil chemical monitoring, Al
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prediction, and MCDA can jointly deliver robust, site-specific management strategies for
vulnerable coastal agroecosystems.
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1. Introduction

Soils represent one of the most fundamental natural resources, providing the physical
and biochemical foundation upon which terrestrial food systems depend [1]. Beyond serv-
ing as a growth medium, soils regulate the cycling of carbon, nitrogen, and phosphorus,
buffer hydrological extremes, and sustain biodiversity at multiple trophic levels [2]. Recent
global estimates place the economic value of soil ecosystem services, including nutrient
supply, water purification, and climate regulation, at over $30 trillion annually, reflecting
their indispensable role in human well-being and economic stability [3,4]. Despite this
immense importance, only about 12% of the Earth’s land surface is currently cultivated,
yet these soils provide more than half of the caloric intake for humanity [5]. The situ-
ation is especially critical in regions dominated by smallholder agriculture, where soil
fertility directly determines livelihoods, nutrition, and resilience to market and climate
shocks [6,7]. Population growth, projected to reach nearly 9.7 billion by 2050, is expected
to increase global food demand by 60-70%, thereby amplifying the pressure on soils to
produce more with fewer inputs [8,9]. At the same time, soils face escalating degradation
from erosion, nutrient mining, compaction, and contamination, which threaten their long-
term productivity [10]. The FAO estimates that nearly one-third of the world’s soils are
already moderately to highly degraded, with direct consequences for food security, climate
mitigation, and ecosystem stability [11]. In this context, sustaining soil quality is not merely
a technical challenge but a global imperative for safeguarding the capacity of agriculture to
feed current and future populations.

Coastal agricultural zones, while benefiting from flat topography and moderate cli-
mates, often face unique threats. Saltwater intrusion, intensified by sea-level rise and overex-
ploitation of freshwater resources, undermines soil structure and fertility [12]. Coastal soils
are frequently subject to salinization and sodicity, which compromise water infiltration, di-
minish nutrient availability, and disrupt plant physiology [13-16]. Coastal agroecosystems
thus occupy a precarious nexus where high agricultural potential meets with mounting
environmental stress. Intensive cultivation often exacerbates soil degradation through
the overuse of chemical fertilizers, tillage, and inadequate water management [17]. Such
practices accelerate the decline of organic matter, impair cation exchange capacity (CEC),
destabilize soil structure, and increase runoff and erosion. In coastal contexts, irrigation
with brackish or saline water compounds these effects by increasing electrical conductivity
(EC) and sodium accumulation, leading to dispersion of soil colloids and reduction in
porosity [18]. The combined stress of poor agronomic practices and salt intrusion thus accel-
erates fertility loss, suppresses crop yield, and impairs resilience, particularly in vegetable
systems [19].

To monitor soil health efficiently, the soil quality index (SQI) has emerged as a pow-
erful integrative metric [20]. The SQI synthesizes multiple soil indicators into a single
composite score, enabling more coherent assessment and comparison across fields [21].
With recent advances, SQI computation often uses minimum datasets (MDS) derived from
PCA to reduce redundancy and focus on key variables [22,23]. Simultaneously, artificial
intelligence (Al) and machine learning (ML) methods are transforming environmental
sciences, enabling rapid prediction of soil properties and ecosystem function from large
datasets, remote sensing, and proximal sensing data [24]. ML models such as random
forest have shown high predictive performance and offer capabilities to forecast soil quality,
tailor interventions, and scale precision agriculture [25-28]. Despite the promise of SQI
and AI/ML, coastal agroecosystems remain underrepresented in integrated soil quality
research. Studies often treat salinity and fertility separately, without capturing their interac-
tion or translating results into management guidance. Furthermore, few have combined
PCA-derived SQI, cross-validated prediction modeling, and a transparent multi-criteria
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decision analysis (MCDA) to prioritize site-specific interventions. This study addresses that
gap by integrating multivariate soil chemistry analysis, an optimized SQI with pH scoring,
robust ML prediction, and a hybrid-weighted MCDA framework geared toward coastal
soil management. The combination of statistical rigor, predictive modeling, and opera-
tional decision support constitutes a novel contribution to soil sustainability in challenging
coastal landscapes.

The principal aim of this research is to develop an integrated, data-driven decision-
support framework for assessing and managing soil quality in the Skhirat coastal agroe-
cosystem. Specific objectives, aligned with the methodological sequence, are to first collect
representative soil samples, analyze their chemical properties, and generate spatial distri-
bution maps using GIS interpolation. Second, we intend to apply multivariate statistical
analyses (correlation, PCA, DA, and RDA) in order to identify key gradients and explain
the relationships between salinity drivers and fertility indicators. Third, we intend to
compute a soil quality index (SQI) using the PCA-MDS approach with pH-optimized
scoring, thereby integrating the most informative variables into a single composite measure.
Fourth, to employ Al and ML algorithms for predicting SQI from routine soil chemistry,
ensuring reliable site-specific management through validated models. Finally, we in-
tend to apply a multi-criteria decision analysis (MCDA) using TOPSIS and PROMETHEE
II, supported by sensitivity testing, to prioritize interventions and ensure robustness of
the recommendations.

2. Materials and Methods
2.1. Field Setting, Sampling, Laboratory Protocols, and GIS Approach

The study focuses on the Skhirat coastal sector of the Moroccan Meseta, bounded by
Oued Ykem to the northeast, Oued Cherrat to the south, and the Atlantic Ocean to the west
(Figure 1). The area lies within the Skhirat-Temara prefecture (Rabat-Sale-Kenitra region),
roughly 25 km south of Rabat and 65 km north of Casablanca (33°51'13"” N; 7°02'08"” W).
The climate is ocean-influenced, with mild temperatures and variable rainfall, and the
agriculture is dominated by irrigated vegetable production sustained by shallow coastal
alluvial groundwater. Geologically, Paleozoic shales/sandstones underlie Miocene to
Plio-Quaternary carbonate and sandy formations that control storage and flow; hydro-
geologically, the primary units are generally low-permeability, while the Neogene cover
provides more permeable aquifers. Two adjacent coastal watersheds (Ykem, Cherrat) drain
the area and contribute to recharge.

Sampling locations were selected to capture spatial variability across morphology and
land use while maintaining adequate spacing. At each site, coordinates, elevation, and
basic topographic and land-use notes were recorded, including proximity to the shoreline.
The dominant crops were assigned by field observation at the time of sampling and are
presented in Table 1.

Composite topsoil (0-20 cm) was collected in May 2025 using an auger. Samples
were bagged, transported, and pre-processed by removing coarse fragments and residues,
air-drying at room temperature, crushing, and sieving to <2 mm prior to chemical analysis.

Key chemical and nutrient attributes were determined using standard agronomic
protocols and calibrated instruments (Table 2).
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Figure 1. Sampled soil location within the Skhirat survey site.
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Table 1. Dominant agricultural production system at the 30 soil sampling sites within the Skhirat

coastal agroecosystem.

Sample Dominant Production System
S1 Wheat
S2 Zucchini
S3 Green alfalfa
S4 Corn
S5 Corn
S6 Wheat
S7 Potato
S8 Potato
S9 Beetroot
S10 Green alfalfa
S11 Green alfalfa
S12 Cereals
S13 Wheat
S14 Wheat
S15 Potato
S16 Potato
S17 Cereals
S18 Beetroot
S19 Beetroot
S20 Cereals
S21 Wheat
S22 Wheat
S23 Cereals
S24 Green alfalfa
S25 Beetroot
S26 Potato
S27 Potato
S28 Cereals
S29 Cereals
S30 Green alfalfa

Table 2. Analytical methods and instruments used for determining soil chemical properties.

Parameter

Method/Extractant

Instrument/References

pH

Electrical conductivity (EC)

Organic matter (OM)
Cation exchange capacity (CEC)
Available nitrogen (Av. N)
Available phosphorus (Av. P)
Available potassium (K*)
Sodium (Na™*)

Chloride (C17)

Calcium (Ca?*)
Magnesium (Mg?*)
Available iron (Av. Fe)
Available zinc (Av. Zn)
Available copper (Av. Cu)
Available manganese (Av. Mn)

Potentiometric measurement

Saturated paste extract

Walkley—Black
1 N NH4OACc extraction
Kjeldahl
Olsen extraction + spectrophotometry

Flame photometry

Argentometric titration (Mohr method,
AgNO; with K;CrOy indicator)
Atomic absorption spectrophotometry
(AAS)

DTPA extraction + AAS

pH meter (Mettler Toledo Seven
Easy-728 Metrohm) [20,29]
Conductivity meter (Orion 162)
[20,30,31]
[20,32]
[20,33]
[20,34,35]
[20,31,34]

Jenway PFP7 [20,31]
[20,31]

[20,31]

[20,36]
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Spatial patterns of soil chemistry were mapped using Inverse Distance Weighting
(IDW) interpolation in ArcGIS 10.8, producing continuous surfaces from point measure-
ments for interpretation and comparison across indicators [37,38].

2.2. Statistical Analyses

To unravel the underlying structure of soil chemical variability and identify the domi-
nant processes shaping soil quality in the Skhirat coastal agroecosystem, several comple-
mentary multivariate statistical approaches were applied. All analyses were performed
using IBM SPSS Statistics 25. Pairwise relationships among soil properties were first eval-
uated using Pearson’s correlation coefficients, allowing the identification of direct linear
associations and potential multicollinearity among variables [39]. Correlation matrices were
visualized with significance levels to highlight strongly coupled indicators, especially those
reflecting salinity stressors (EC, Na, and Cl) versus fertility-related attributes (OM, CEC,
and nutrients). Principal component analysis (PCA) was applied to reduce dimensionality
and identify the dominant axes of variation across the dataset [40]. Standardized vari-
ables were subjected to PCA with varimax rotation, and components with eigenvalues > 1
were retained following the Kaiser criterion. The Kaiser-Meyer—Olkin (KMO) measure of
sampling adequacy was 0.696, indicating moderate suitability for PCA. Bartlett’s test of
sphericity was highly significant ()(2 =330.16, df = 105, and p < 0.001), confirming sufficient
intercorrelation among variables for reliable dimensionality reduction. Loading matrices
were used to select the MDS for SQI computation by prioritizing variables with the highest
absolute loadings on the most informative components [23]. To evaluate the separability of
soil groups along identified gradients, linear discriminant analysis (DA) was conducted
using prior groupings based on SQI classes and spatial position (coastal vs. inland) [41,42].
The analysis quantified classification accuracy and highlighted which variables contributed
most strongly to group discrimination. To assess causal linkages between fertility indica-
tors and salinity drivers, RDA was employed as a constrained ordination technique [43].
Salinity-related variables (EC, Na, Cl, Ca, Mg, and pH) were used as explanatory predictors,
while nutrient and fertility-related attributes (OM, CEC, macronutrients, and micronutri-
ents) were set as response variables. The RDA biplot provided a direct visualization of the
antagonistic relationship between salinity stressors and fertility indicators, clarifying which
samples were dominated by either process [44].

2.3. Computation of Soil Quality Index (SQI) Using PCA-MDS with pH-Optimized Scoring

SQI was developed following an MDS approach derived from PCA, as recommended
and widely applied in soil quality assessments [20,21,23,45]. The full set of soil chemical
indicators was subjected to PCA. Variables with the highest loadings on principal compo-
nents with eigenvalues > 1 were retained as MDS indicators [46]. To avoid redundancy,
if two variables within the same PC were strongly correlated (r > 0.70), the one with the
higher loading was chosen [22]. This procedure identified a parsimonious MDS represent-
ing the dominant soil processes. To enable direct comparison across variables measured
in different units and ranges, each selected MDS indicator was converted into a unitless
score (0-1) [47]. Indicators associated with fertility potential, such as CEC, Av. P, and
micronutrients, were scored so that higher values received higher scores. Conversely, stress-
related variables such as EC, Na, and CI were scored in the opposite direction, assigning
higher scores to lower concentrations. For soil pH, an optimum-based triangular function
was applied, assigning the highest scores to values near neutrality (6.5-7.5) and gradually
reducing the score for both acidic and alkaline deviations. This approach ensured that
each indicator contributed meaningfully to the final index while respecting agronomic
thresholds. This weighting strategy balances both the statistical importance of each indica-
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tor and its ecological relevance, producing a data-driven yet agronomically meaningful
composite index.

The final SQI value for each site was calculated as a weighted additive function of the
scored indicators using the following Equation (1) [20,21,23,45]:

SQI=Y" W;x§ (1)

where “Si” is the standardized score of indicator “i”, and “Wi” is its weight. The SQI
thus ranges between 0 and 1, with higher values representing better soil functioning and
resilience [48].

2.4. Al and ML Algorithms for Predicting SQI and Site-Specific Soil Management
2.4.1. Input Dataset and Pre-Processing

The machine learning framework was developed using the same dataset employed
for the soil quality index (SQI) computation, ensuring methodological consistency between
diagnostic and predictive analyses. The dataset comprised 30 geo-referenced soil sam-
ples, each representing a distinct management and salinity condition within the Skhirat
coastal agroecosystem.

The input feature matrix consisted of routinely measured soil chemical properties,
including pH, electrical conductivity (EC), organic matter (OM), cation exchange capacity
(CEQ), available macronutrients (N, P, and K), exchangeable cations (Na, Ca, and Mg),
chloride (C17), and micronutrients (Av. Fe, Av. Zn, Av. Cu, and Av. Mn). These variables
were selected because they are widely available in agronomic monitoring programs and
directly reflect soil salinity stress, nutrient availability, and buffering capacity.

The response variable was the soil quality index (SQI) computed using the PCA-MDS
approach with pH-optimized scoring. Using SQI as the target variable allows the ma-
chine learning models to learn complex relationships between raw soil chemistry and an
integrated soil functioning metric.

Prior to model training, all predictors were examined for missing values and analytical
inconsistencies; none were detected [49,50]. Continuous variables were standardized (z-
score normalization) within model pipelines where required to ensure numerical stability
and comparable feature scales, particularly for distance-based and kernel-based algorithms.
Outliers were initially identified using the 1.5x interquartile range (IQR) criterion to detect
statistically extreme observations. Values exceeding this threshold were subsequently
verified against laboratory quality control records, including instrument calibration logs,
standard reference materials, and duplicate analyses, to exclude potential analytical or
transcription errors. No inconsistencies were detected during this verification process.
Furthermore, extreme values were spatially coherent and predominantly located within
the coastal fringe, where elevated salinity and nutrient accumulation are environmentally
expected due to seawater intrusion and intensive agricultural practices. Removing these
observations artificially reduced variance and weakened the salinity—fertility gradient
observed in multivariate analyses. Therefore, extreme values were retained to preserve
environmentally meaningful variability and ensure robust statistical and machine learning
modeling [51]. This decision preserves the natural variability essential for learning realistic
soil-quality gradients.

2.4.2. Machine Learning Algorithms and Experimental Design

Four supervised regression algorithms were implemented to represent complementary
learning paradigms, including linear regression (LR) as a transparent baseline model,
random forest (RF) as a non-parametric ensemble learner, Gradient Boosting Regression
(GB) as a sequential tree-based model, and Support Vector Regression (SVR) with a radial
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basis function (RBF) kernel. Linear regression was included to evaluate whether SQI
behaves as an approximately linear functional of soil chemical properties. Random forest
and Gradient Boosting were selected for their ability to capture nonlinear interactions and
handle multicollinearity, which are common in soil datasets. SVR was included to test
kernel-based nonlinear learning under limited sample conditions.

Given the modest sample size (n = 30), model training and validation were conducted
using 5-fold cross-validation with out-of-fold (OOF) predictions. Although Leave-One-Out
Cross-Validation (LOO-CV) is frequently recommended for small datasets, 5-fold cross-
validation was selected in this study to achieve a more favorable bias—variance balance
and improved stability of performance estimates. LOO-CV can produce high-variance
error estimates due to strong correlation between training folds, particularly for nonlinear
and ensemble models [52]. In contrast, 5-fold cross-validation reduces variance while
maintaining sufficient training data per fold, thereby providing more reliable generalization
estimates for environmental datasets with a moderate sample size. In this design, each
observation contributes to both training and validation without overlap, providing an
unbiased estimate of model generalization to unseen sites [53]. This approach is widely
recommended for environmental datasets where independent test sets are impractical.

Hyperparameter tuning was performed using grid-based optimization nested within
the cross-validation framework to prevent information leakage and overly optimistic
performance estimates. The optimized hyperparameters retained for each model are
summarized in Table 3.

Table 3. Hyperparameters used for SQI prediction models.

Model Hyperparameter Value
Linear Regression (LR) Regularization None
Random Forest (RF) Number of trees (n_estimators) 500
Maximum depth None
Minimum samples per leaf 2
Maximum features VP
Gradient Boosting (GB) Number of estimators 300
Learning rate 0.05
Maximum depth 3
Support Vector Regression (SVR) Kernel RBF
C (regularization) 10
v (kernel width) 0.1

2.4.3. Model Evaluation Metrics and Validation

Model performance was assessed using three complementary metrics: the coefficient
of determination (R?), root mean square error (RMSE), and mean absolute error (MAE) [53].
R? quantifies the proportion of SQI variance explained by the model, while RMSE and MAE
measure prediction accuracy in the original SQI scale, with RMSE emphasizing larger deviations.

Model accuracy was quantified using three standard regression metrics using
Equations (2)—(4) [54]:

A N2

(i —?i)z
RMSE = /13"(y; — 9:)? ®)
MAE = =Y ly; @

7o us “u=rn

where “y” and “fy” are observed and predicted SQI values, and “y” is the mean observed SQIL
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All metrics were computed exclusively from out-of-fold predictions, ensuring that
reported values reflect true predictive performance rather than in-sample fitting. This
validation strategy strengthens the credibility of the ML framework for operational soil
quality prediction.

2.4.4. Application to Site-Specific Soil Management

For each model, scatterplots of observed vs. predicted SQI were produced, with
a 1:1 reference line and sample (S1-S30). Using the best-performing model, predicted SQI
values were generated for all sites and classified into Low, Moderate, and High soil quality
classes using tertile thresholds. This classification translates ML outputs into operational
management zones, enabling rapid identification of degraded soils requiring intervention
and high-functioning soils requiring maintenance. By linking routine soil chemistry to
SQI prediction, the ML framework provides a scalable and cost-effective tool for precision
soil management, particularly in data-limited coastal agroecosystems where repeated
laboratory analyses may be constrained.

2.5. Multi-Criteria Decision Analysis (MCDA) of Intervention Priority

To translate soil quality diagnostics into actionable management priorities, a multi-
criteria decision analysis (MCDA) framework was applied [55]. Four criteria were selected
to capture the principal processes constraining soil function in the Skhirat coastal agroe-
cosystem, including salinity pressure “EC”: higher values that reflect greater salinity stress
and intervention need; “CEC headroom”: the gap between observed CEC and the 75th
percentile benchmark, indicating potential to improve buffering and nutrient retention;
“pH deviation”: the absolute difference from neutrality (pH 7.0), highlighting soils where
acidity or alkalinity correction is necessary; and “SQI deficit”: computed as1-SQIpredicted,
representing the shortfall from optimal functioning.

Each criterion was normalized to a 0-1 dimensionless scale to ensure comparability [56].
A hybrid weighting scheme was applied, combining expert judgment with statistical
information, resulting in weights of EC = 0.34, CEC headroom = 0.29, pH deviation = 0.18,
and SQI deficit = 0.19. This configuration emphasized salinity mitigation and fertility
capacity building as the primary levers for intervention.

The Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) was
employed to rank soils by intervention need [57]. In this method, normalized weighted
criteria are compared against an ideal best (IB) and ideal worst (IW) solution [58]. As
a complementary approach, the Preference Ranking Organization Method for Enrichment
Evaluation (PROMETHEE II) was applied [59]. This method compares sites pairwise using
preference functions for each criterion, producing a net flow index for each site.

To ensure reliability, Spearman’s rank correlation was calculated between the TOPSIS
and PROMETHEE II rankings, confirming strong cross-method agreement. In addition,
a weight-sensitivity analysis was performed by perturbing the criterion weights using
a Dirichlet distribution. The stability of rankings was evaluated through Spearman correla-
tion with the baseline and through rank-acceptability analysis, estimating the probability
of each site appearing in the top-5 priority group under alternative weighting schemes.
This robustness test ensured that management decisions are not artifacts of specific weight
choices but reflect genuine biophysical constraints. The combined MCDA outputs (TOP-
SIS index, PROMETHEE net flow, and robustness metrics) were used to classify sites
into High-, Moderate-, and Low-priority groups for intervention [60]. This classification
provides a clear operational framework for designing phased management strategies, tar-
geting coastal high-priority fields for immediate remediation, transitional mid-belt sites for
coordinated improvements, and interior soils for maintenance and monitoring.
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3. Results and Discussion
3.1. Soil Chemical and Nutrient Properties and Spatial Variability

The soils of the Skhirat coastal zone exhibited a moderately alkaline reaction, with pH
values ranging from 6.87 in the southern inland sites to 8.08 in the northern coastal margin,
reflecting the combined effects of carbonate-rich parent material and intensive fertilization
(Figures 2 and 3a). The highest pH zones were clustered closer to the coast, likely due to
seawater intrusion introducing bicarbonates and salts, while inland fields under intensive
cropping showed relatively lower pH values. EC varied strongly, from 1.85 to 8.00 dS/m,
with hotspots of salinity detected in coastal fields irrigated with brackish water.

The most saline soils were concentrated along the northwestern shoreline, where
seawater intrusion is most severe, while inland zones showed moderate EC (Figure 3b).
The spatial variability of EC highlights the dual influence of fertilizer accumulation and
saltwater encroachment, which exacerbate secondary salinization risks [29,61]. OM was
generally low, ranging between 0.40% and 3.25%, with the highest contents observed
in central inland zones where organic amendments and crop residues are incorporated
(Figure 3c). In contrast, coastal sites under intensive horticulture displayed depleted
OM, reflecting the rapid mineralization driven by high fertilizer inputs and salinity stress.
Similarly, CEC values fluctuated widely (4.09-16.59 cmol/kg), with higher values in the
eastern agricultural plots rich in clay and organic inputs, and lower values in sandy coastal
soils exposed to leaching (Figure 3d).
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Figure 3. Soil nutrient distribution of (a) pH, (b) EC, (c) OM, (d) CEC, (e) Av. N and (f) Av. P within
the sampled sites.
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Av. N exhibited strong variability (33.3-136.8 mg/kg), with maxima in intensively
fertilized inland plots and minima along the western degraded coastal soils (Figure 3e).
Av. P concentrations ranged from 17.4 to 71.1 mg/kg, with high accumulation zones,
consistent with the overuse of phosphate fertilizers, while marginal coastal plots showed
lower availability (Figure 3f). Av. K followed a similar pattern (102-319 mg/kg), peaking
in sites affected by excessive fertilizer additions but depleted in saline soils due to cationic
competition with Na* [62].

Na* and C1~ were markedly elevated in coastal areas, with Na* exceeding 1500 mg/kg
and Cl~ approaching 2000 mg/kg, clearly indicating marine intrusion into groundwater
used for irrigation [61]. These salts accumulate preferentially in the northwestern coastal
belt, creating critical salinity stress zones, while inland zones recorded relatively moderate
values (Figure 4b,c).
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Figure 4. Soil nutrient distribution (a) Av. K, (b) Na and (c) Cl within the sampled sites.

Ca®* and Mg?* contents were high across most soils, ranging from 1752 to 3490 mg/kg
for Ca®* and 764 to 1493 mg/kg for Mg?*, but showed pronounced enrichment in central
and northern irrigated lands, reflecting both fertilizer application (lime, dolomite) and
saltwater inputs (Figure 5a,b).

Among micronutrients, Av. Fe concentrations varied between 7.55 and 16.11 mg/kg,
with localized enrichments in eastern fields where organic inputs improved micronutrient
retention (Figure 5c).

Av. Zn, Av. Cu, and Av. Mn showed more scattered distributions. Av. Zn ranged
from 0.72 to 2.65 mg/kg, Av. Cu from 0.55 to 1.69 mg/kg, and Av. Mn from 7.45 to
14.14 mg/kg. The lowest levels of micronutrients were found in saline-affected soils,
where ionic antagonism with Na* and CI~ reduces bioavailability, whereas the highest
levels clustered in inland cultivated soils subjected to long-term fertilizer and pesticide
applications, which are known to carry trace metal residues (Figure 5d—f) [17,63].

Overall, the spatial patterns clearly differentiate inland zones with high nutrient
accumulation due to fertilizer overuse from coastal saline-affected soils, where seawater
intrusion depletes nutrient availability and aggravates soil degradation [64]. These findings
emphasize that soil fertility in Skhirat is increasingly constrained by the dual pressures of
intensive agricultural practices and marine-driven salinization, which together threaten the
long-term sustainability of crop production.
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Figure 5. Soil nutrient distribution (a) Ca, (b) Mg, (c) Av. Fe, (d) Av. Zn, (e) Av. Cu and (f) Av. Mn
within the sampled sites.

3.2. Multivariate Statistical Insights into Soil Processes
3.2.1. Correlation Matrix to Analyze the Nexus Between Soil Fertility and Salinity

The Pearson correlation matrix revealed distinct relationships among soil chemical
properties, highlighting the interaction between soil fertility parameters and salinity indi-
cators (Figure 6). Strong negative correlations were observed between EC and both OM
(r=—0.96) and CEC (r = —0.96). This suggests that salinization processes in the Skhirat
coastal soils lead to the degradation of organic matter and reduced cation retention capacity,
consistent with salt-induced soil structural decline [65]. Similarly, CI~ and sodium Na*
were strongly and negatively correlated with OM (—0.97 and —0.94, respectively) and CEC
(—0.98 and —0.95, respectively), further emphasizing the role of seawater intrusion and
saline irrigation in nutrient depletion.
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Figure 6. Correlation heatmap of soil chemical and nutrient properties in the Skhirat coastal agroecosystem.

On the other hand, OM showed strong positive correlations with CEC (r = 0.99), Av.
Fe (r =0.79), Av. Zn (r = 0.83), and particularly Av. Cu (r = 0.96). These relationships
underline the role of organic matter in enhancing cation exchange sites and in binding and
retaining micronutrients [66]. Av. N was highly correlated with Av. P (r = 0.92), reflecting
their common origin in fertilizer inputs. Av. K displayed moderate positive correlation
with C1™ (r = 0.84), suggesting cation competition in saline conditions. The micronutrients
Av. Fe, Av. Zn, and Av. Cu were strongly correlated among themselves (e.g., Av. Zn-Av. Cu:
r = 0.90), pointing to a shared enrichment from agricultural inputs such as pesticides and
micronutrient fertilizers [67]. Overall, the correlation analysis illustrates that salinity-driven
parameters (EC, Na*, and C17) are inversely linked with soil fertility properties, whereas
OM acts as a central driver for nutrient retention and micronutrient availability [68].

3.2.2. PCA for Unveiling the Drivers of Soil Variability

The PCA reduced the multidimensional soil dataset into three significant components,
explaining 66.03% of the total variance (Figure 7). The first principal component (PC1),
accounting for 40.4% of the variance, was dominated by strong positive loadings of OM
(0.383) and CEC (0.372), and moderate contributions from micronutrients such as Av. Cu
(0.306) and Av. Zn (0.237). Conversely, PC1 exhibited strong negative loadings from EC
(—0.322), C1 (—0.330), and Na (—0.315), indicating a clear contrast between soil fertility-
related attributes and salinity stressors.

This axis represents the fundamental trade-off in the Skhirat soils between nutrient-
rich, organic matter-enhanced fertility and salinity-induced degradation.

The second principal component (PC2) explained 14.71% of the variance and was
characterized by high positive loadings of Av. Mn (0.503), Av. Zn (0.367), and Av. Fe
(0.312), opposed to negative contributions from pH (—0.380), Av. N (—0.298), and Mg
(—0.307). This component differentiates soils with micronutrient enrichment (often linked to
agricultural inputs) from soils with slightly acidic tendencies and macronutrient depletion.
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The third principal component (PC3) contributed 10.92% of the variance, with strong
positive loadings for Av. N (0.550) and Av. P (0.623), representing fertilizer-derived

macronutrient accumulation, while negative or weak contributions were observed from Av.
Zn and Av. Mn.

(060 €04

Figure 7. PCA ordination of soil chemical and nutrient properties.

Opverall, PCA reveals two dominant processes shaping soil quality in the region. First,
the antagonistic relationship between fertility and salinity, and second, the distinction
between micronutrient-enriched soils and macronutrient-driven fertility from chemical
inputs. This dimensional reduction not only highlights the primary drivers of soil variability

but also provides a scientific basis for selecting key indicators in developing the soil quality
index (SQI).

3.2.3. Discriminant Analysis for Classifying Soils Along the Salinity—Fertility Gradient

The DA clearly separated soil samples into three distinct groups based on salinity
levels, including Low, Moderate, and High salinity (Figure 8). The first discriminant
function (LD1), which explained 80.5% of the variance, effectively distinguished fertile, low-
salinity soils (green cluster) from salinity-stressed soils (red cluster). This axis was mainly
driven by EC, Na, and Cl, which loaded strongly on the high-salinity group, reflecting the
dominant impact of seawater intrusion and saline irrigation water on soil quality.

Conversely, OM and CEC were positively associated with the low-salinity group,
reinforcing their role in maintaining soil fertility under less saline conditions.

The second discriminant function (LD2), explaining 19.5% of the variance, provided
further separation of moderate salinity soils (orange cluster). These soils are transitional,
where fertilizer-derived macronutrients (N and P) contribute to fertility but remain partially
constrained by salinity buildup [69]. Overall, the DA confirms the antagonistic relationship
between soil fertility and salinity, where soils with high OM and CEC cluster in the low-
salinity group, while those enriched in Na and Cl form the high-salinity group. This

highlights the dual pressure of agricultural intensification and seawater intrusion shaping
soil quality in Skhirat’s coastal zone.
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Figure 8. Discriminant analysis (DA) of soil samples grouped by salinity levels.

3.2.4. Redundancy Analysis for Linking Nutrient Variability to Salinity Drivers

The RDA biplot provides a clearer representation of the relationships between salinity
drivers and soil fertility indicators, with individual soil samples (S1-530) plotted alongside
explanatory and response variables (Figure 9). The distribution of arrows highlights that
fertility parameters such as OM, CEC, and micronutrients (Av. Fe, Av. Zn, Av. Cu, and
Av. Mn) align closely together, indicating their strong interdependence in supporting soil
quality. These fertility-related variables are oriented in direct opposition to the salinity
drivers, particularly Na, Cl, and EC, confirming the antagonistic relationship whereby in-
creasing salinity undermines soil fertility and nutrient retention. The positioning of samples
along the first canonical axis reveals a clear separation between salinity-dominated soils,
characterized by high Na and Cl concentrations, and fertility-dominated soils, enriched in
OM and nutrient availability.

1
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Figure 9. Redundancy analysis (RDA) biplot showing the relationship between salinity drivers and
soil fertility indicators.
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Meanwhile, the second canonical axis reflects a secondary gradient that differentiates
macronutrient enrichment (N, P, and K) from the influence of base cations (Ca and Mg).
Together, these patterns demonstrate that the variability in soil nutrients across the Skhirat
coastal zone is primarily structured by salinity stress, with some soils maintaining resilience
through organic matter and nutrient retention, while others fall within zones of degradation
linked to seawater intrusion and fertilizer imbalance [70].

3.3. Computation of SQI Using PCA-MDS with pH-Optimized Scoring

From the PCA results, we selected a minimum dataset (MDS) consisting of EC (salinity
driver), CEC (retention capacity), Av. Mn (micronutrient driver), and available P (macronu-
trient enrichment), and added pH with an optimum-based scoring around neutrality to
reflect agronomic suitability (Table 4).

Table 4. PCA-derived weights, scoring direction, and loadings for the selected indicators.

Indicator Direction PC1 Loading PC2 Loading PC3 Loading Weight
pH Optimum (6.5-7.5) —0.073 —0.379 —0.166 0.152
EC Less is better —0.321 0.163 0.189 0.257
CEC More is better 0.372 —0.100 —0.042 0.250
Av. P More is better 0.140 —0.148 0.622 0.216
Av. Mn More is better 0.021 0.502 —0.011 0.123
Indicators were transformed into unitless scores (0-1) using direction-aware functions,
and objective weights were derived from absolute PCA loadings scaled by explained
variance across PC1-PC3. The final SQI for each sample is the weighted sum of indicator
scores. The computed SQI spans a minimum of 0.16 (513) and a maximum of 0.88 (526),
with a mean of 0.61 across the 30 sites indicating a right-skewed distribution driven by
a handful of very strong performers (e.g., 528 = 0.87; 525 = 0.81; S1 = 0.83) and a small set
of clearly degraded soils at the lower tail (e.g., S21 = 0.25; S23 = 0.40) (Table 5).
Table 5. Per-sample SQI with indicator scores.
Sample pH Score EC Score CEC Score  Av. P Score  Av. Mn Score SQI SQI Class
S1 1.0 0.891 0.75 0.685 0.891 0.83 High
52 0.78 1.0 0.734 0.0 0.915 0.67 High
S3 0.94 0.99 0.794 0.101 0.604 0.69 High
S4 1.0 0.767 0.721 0.276 0.118 0.61 Moderate
S5 1.0 0.556 0.395 0.115 0.788 0.52 Low
S6 0.0 0.893 0.837 0.277 0.365 0.54 Low
S7 0.74 0.75 0.59 0.577 0.217 0.61 Moderate
S8 0.94 0.628 0.801 0.184 0.214 0.57 Moderate
S9 0.78 0.626 0.908 0.574 0.212 0.66 Moderate
510 0.9 0.6 0.11 0.54 0.465 0.49 Low
511 1.0 0.504 0.36 0.313 1.0 0.56 Moderate
512 1.0 0.472 0.411 0.488 0.821 0.58 Moderate
513 0.78 0.0 0.0 0.091 0.141 0.16 Low
S14 0.62 0.657 0.711 0.261 0.901 0.61 Moderate
515 0.64 0.668 0.807 0.145 0.257 0.54 Low
516 1.0 0.558 0.195 0.302 0.925 0.53 Low
517 0.08 0.592 0.649 0.259 0.921 0.50 Low
518 1.0 0.717 0.413 0.197 0.931 0.60 Moderate
519 0.7 0.724 0.838 0.818 0.831 0.78 High
520 1.0 0.844 0.942 0.117 0.102 0.64 Moderate
521 0.0 0.506 0.262 0.22 0.034 0.25 Low
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Sample pH Score EC Score CEC Score  Av. P Score  Av. Mn Score SQI SQI Class
522 0.9 0.543 0.564 0.858 0.703 0.69 High
523 0.34 0.602 0.142 0.574 0.302 0.40 Low
524 1.0 0.649 0.231 0.343 0.825 0.55 Low
525 1.0 0.808 0.592 0.905 0.827 0.81 High
526 1.0 0.87 0.898 1.0 0.471 0.88 High
527 0.86 0.867 0.605 0.739 0.257 0.70 High
528 1.0 0.81 0.881 0.937 0.695 0.87 High
529 0.66 0.777 1.0 0.927 0.287 0.79 High
530 0.82 0.756 0.602 0.926 0.0 0.67 Moderate

Using tertile breaks, the sample set partitions evenly into Low (10/30; 33.3%), Mod-
erate (10/30; 33.3%), and High (10/30; 33.3%) SQI classes, reflecting distinct quality tiers
suitable for zone-specific recommendations. High-SQI sites (e.g., 526, 528, 525, S1, and 529)
combine strong positive contributions from CEC and available P, supported by near-optimal
pH and limited salinity penalty (EC). For instance, S26 (SQI = 0.88) shows a balanced profile
where CEC, Av. P, EC (as “less-is-better”), and pH all contribute substantially, leaving only
a minor gap on Av. Mn, an architecture typical of structurally robust, nutrient-supported
soils. In contrast, the lowest SQI (S13 = 0.16) is characterized by zero/near-zero contri-
butions from EC and CEC (reflecting severe salinity and poor exchange capacity) and
only marginal gains from Av. P and Av. Mn, and pH contributes positively but cannot
compensate for salinity-structure constraints. Other low-class examples (521, S23, S10,
and S16) share the same fingerprint: high EC (low EC score) and weak CEC curtail the
composite index despite occasionally acceptable pH or P status.

The stacked bars make clear which levers are doing the work at each site (Figure 10a).

In the top performers (e.g., S26, S28, 525, and S1), CEC and Aw. P are consistently large
slices, pH contributes steadily (near the optimum), and EC adds a non-trivial positive share
because salinity is sufficiently low to allow a good “less-is-better” score. By contrast, in
low-SQI bars (e.g., S13, S21, and S23), the total height is small and is often dominated by
pH (and sometimes Av. P), while CEC is thin and EC contributes little or nothing, visually
underscoring how salinity pressure and weak exchange capacity suppress the composite
score. This Figure thus operationalizes the salinity—fertility trade-off: when EC dominates,
the stack collapses, and where CEC and P are strong, and pH is balanced, the stack rises.

The scatter of SQI against EC shows a clear inverse pattern, as EC increases, SQI
declines (Figure 10b). The lowest SQI point (S13) sits at the high-EC end, illustrating
the drag salinity imposes on the index, whereas high-SQI points (e.g., 526, 528) cluster
at lower EC values, where the “less-is-better” salinity score is high and CEC, Av. P, and
pH can express their positive effects. A few moderate-class soils (e.g., 520, S9, and S30)
occupy intermediate EC with intermediate SQI, echoing a transitional state in which fertility
inputs (P, Av. Mn) and exchange capacity partially offset, but do not fully overcome, the
salinity constraint. This diagnostic confirms that salinity is the primary brake on overall
soil quality in the dataset, while CEC, Av. P, and agronomically balanced pH act as the
main boosters [71].

3.4. Predicting SQI with Al and ML Algorithms for Site-Specific Soil Management

To estimate SQI directly from routinely measured soil chemistry, the study evaluated
four supervised learners, including linear regression, random forest, Support Vector Re-
gression (RBF kernel), and Gradient Boosting, using five-fold out-of-fold (OOF) validation
across 30 geo-referenced sites. The predictor set comprised pH, EC, OM, CEC, Av. N, Av.
P, Av. K, Na, Cl, Ca, Mg, Av. Fe, Av. Zn, Av. Cu, and Av. Mn. Performance was assessed
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with R?, RMSE, and MAE computed on OOF predictions to approximate generalization
to unseen locations from the same population. Inputs were standardized within pipelines
where appropriate to ensure comparable scales and stable optimization.
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Figure 10. Graphs illustrate (a) stacked indicator contributions to SQI across samples (sorted in
descending order) and (b) relationship between EC and SQI.

3.4.1. Model Performance

Linear regression achieved the strongest generalization, with R? = 0.907, RMSE = 0.048,
and MAE = 0.042 on 5-OCOF predictions, indicating that the PCA-MDS SQI behaves as
an approximately linear functional of the measured soil chemistry in this landscape (Table 6).

Table 6. ML performance comparison (5-fold OOF).

Model R? RMSE MAE
Linear Regression 0.907 0.048 0.042
Random Forest 0.536 0.108 0.082
Gradient Boosting 0.379 0.125 0.102
SVR-RBF 0.361 0.127 0.091

RF delivered competitive but inferior accuracy (R? = 0.536, RMSE = 0.108, and
MAE = 0.082), and Gradient Boosting showed a similar pattern (R2 =0.379, RMSE = 0.125,
and MAE = 0.102), which is consistent with the small sample size (n = 30) and the ten-
dency of ensemble averaging to shrink extreme predictions, thereby compressing the SQI
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range under data scarcity. SVR with an RBF kernel performed slightly worse (R? = 0.361,
RMSE = 0.127, and MAE = 0.091), which is typical when kernel width and regularization
cannot be robustly tuned with limited observations. Taken together, these results sup-
port the parsimony and interpretability of the linear model as the preferred predictor for
operational mapping and scenario analysis (e.g., prospective reductions in EC), while tree-
based methods remain useful candidates should the expanded datasets reveal nonlinear
response surfaces.

3.4.2. Observed-Predicted Relationships

Scatterplots of observed vs. predicted SQI for each algorithm demonstrate tight
clustering around the 1:1 line, with LR showing the narrowest dispersion, especially for the
mid-range SQI (~0.50-0.75) (Figure 11a).
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Figure 11. Predicted vs. observed values of SQI using (a) linear regression (LR), (b) random forest
(RF), (c) SVR-RBE and (d) gradient boosting (GB) models.

The largest residuals occur at the distribution tails, the lowest-quality site (e.g., S13),
and a few high-quality sites exhibit modest under- or over-estimation in nonlinear models,
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a pattern attributable to data sparsity near extremes, potential heteroscedasticity, and mild
nonlinearities that cannot be reliably learned with n = 30.

Models reduce some local errors but display a slight range compression, visible as
predicted values pulling toward the mean, reflecting their variance-reduction bias. Overall,
the concordance between observations and predictions confirms that the dominant controls
identified earlier, salinity (EC, Na, and Cl), exchange capacity (CEC), and nutrient status,
explain most of the SQI variance in Skhirat [20,72].

3.4.3. Predicted SQI Range, Central Tendency, and Spatial Pattern

Using the best-performing model (linear regression) with 5-OOF predictions, the
predicted SQI spans 0.084 (S13) to 0.897 (S26) with a mean of 0.614 across the 30 sites
(Figure 12a). The distribution is right-skewed, with a small group of sites attaining very
high predicted quality (e.g., 526, 525, and S1) and a lower tail concentrated in saline-affected
locations (e.g., 513, 521, and S23). The predicted SQI surface delineates a clear coast-inland
gradient consistent with salinity pressure (Figure 12b).
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Figure 12. Graph of (a) Predicted SQI values and (b) spatial analysis.

Lowest values cluster along the south-western coastal fringe (around 513-514-519),
where seawater intrusion and brackish irrigation elevate EC and depress exchange capacity,
driving the index down toward its minimum S13. Moving inland, SQI increases progres-
sively, with local maxima centered in the central-eastern interior near 526 and adjacent
fields 525, 527, and 528, where lower EC, higher CEC, and near-neutral pH support stronger
composite scores. Transitional moderate zones occupy the mid-belt intersected by the road
corridors (e.g., around S20, 522, S24, 529, and S30), reflecting sites where fertility inputs
(P, OM) and exchange capacity partly offset, but do not fully overcome, residual salinity
constraints. Overall, the map confirms that salinity dominance along the shoreline is the
principal brake on soil functioning, while CEC building and pH balancing inland underpin
the highest predicted SQIL
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3.5. Multi-Criteria Decision Analysis (MCDA) of Intervention Priority
3.5.1. Criteria Design and Weighting

Intervention need was formalized as a composite of four dimensionless criteria scaled
to [0, 1], where larger values denote greater priority for action. Salinity pressure was derived
from EC, and CEC headroom quantifies the potential to raise exchange capacity toward
the upper-quartile benchmark, pH deviation captures acidity/alkalinity correction needs,
and SQI deficit reflects the gap to desirable soil functioning predicted by the ML model.
A hybrid weighting scheme emphasized both expert knowledge and information content
(EC =0.34, CEC headroom = 0.29, pH deviation = 0.18, and SQI deficit = 0.19), privileging
salinity control and capacity building as the principal levers in this coastal system.

3.5.2. TOPSIS Priority Index and PROMETHEE II Net Flow

The TOPSIS produced a priority index (0-1) for each site, where higher values indicate
greater need for intervention. Priority concentrates in the south-western coastal belt, with
513, 514, and S19 among the highest-ranking sites (Figure 13a).
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Figure 13. Spatial analysis of intervention priority by (a) TOPSIS and (b) PROMETHEE.

These locations combine high salinity scores, large CEC headroom, and pronounced
pH deviation with a large SQI deficit, which jointly pull the TOPSIS index toward its
upper bound. Conversely, the lowest-priority sites occur in the central-eastern interior,
notably around S25, 526, and 528, where salinity pressure is low, CEC is already compara-
tively high, pH lies near neutrality, and the SQI deficit is small. Classification by tertiles
yielded an approximately even split of High-, Moderate-, and Low-priority groups, forming
a coherent spatial pattern and a coast-to-inland improvement gradient, with pockets of
moderate priority along transport corridors (e.g., S20, S22, 524, 529, and 530) where mixed
signals (moderate EC but non-trivial CEC headroom or pH deviation) still justify targeted
action. The PROMETHEE II, using a linear preference (V-shape) with small indifference
and moderate preference thresholds, generated net flows that likewise rank intervention
need [73]. PROMETHEE II reproduced the TOPSIS pattern, elevating the same coastal
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sites (513, S14, and S19) and suppressing the central-eastern inland cluster (525, 526, and
528) (Figure 13b). Because PROMETHEE II models pairwise outranking and is sensitive to
small but consistent advantages across criteria, its agreement with TOPSIS indicates that
the priority signal is robust across both distance-to-ideal and outranking logics.

3.5.3. Cross-Method Agreement, Robustness, and Transparency of the MCDA Outputs

A strong monotonic agreement was found between TOPSIS and PROMETHEE II
rankings (Spearman’s ¢ = 0.99; p < 1 x 10~?°), confirming that the ordering of sites is
method-independent under the current criteria and weights (Figure 14).
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Figure 14. Agreement between TOPSIS and PROMETHEE II.

This concordance suggests that the biophysical drivers of intervention need, salinity
pressure, and exchange-capacity deficits, moderated by pH and overall SQI gap, are
dominant enough to overcome methodological idiosyncrasies. In practice, this means that
priority classes are stable and can be used with confidence for planning.

The consolidated decision matrix and TOPSIS ranking quantify intervention need
on a 0-1 scale, where higher values indicate greater priority. Across the 30 sites, the
TOPSIS priority index ranges from 0.106 (S1) to 0.882 (S13) with a mean of 0.339. The top
five priority sites are S13 (0.882), S21 (0.603), 523 (0.556), S10 (0.542), and S16 (0.535), and
the bottom five are S28 (0.166), S3 (0.155), S26 (0.138), S20 (0.125), and S1 (0.106) (Table 7).

These extremes are consistent with the biophysical signal mapped previously; low-
lying coastal soils exhibit compound constraints, while interior fields show near-optimal
conditions with limited headroom for improvement.

The criterion (C) profiles explain why the coastal subset dominates the top ranks.
For example, 513, the highest-priority site, registers maximal salinity pressure and
capacity headroom (C-EC = 1.00 and C-CEC headroom = 1.00), off-target pH (C-pH
deviation = 0.52), and the largest SQI gap (C-SQI deficit = 1.00), jointly pushing its in-
dex toward unity. 521 shows the same concurrence but slightly attenuated (C-EC = 0.494,
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C-CEC headroom = 0.674, C-pH deviation = 0.918, and C-SQI deficit = 0.759), consistent
with its TOPSIS value of 0.603. S23 and S10 also combine high CEC headroom (0.824
and 0.863, respectively) with elevated EC and non-trivial SQI deficits (0.562 and 0.522),
explaining their placement in the top tier (0.556 and 0.542). By contrast, the low-priority
interior sites pair low salinity with little capacity headroom and small SQI gaps, including
526, which has C-EC = 0.130, C-CEC headroom = 0.000, and C-SQI deficit = 0.000 (TOPSIS
0.138), and S1 shows C-EC = 0.109, C-CEC headroom = 0.070, and C-SQI deficit = 0.039
(TOPSIS 0.106). Even where pH deviation is moderate (e.g., 528 C-pH deviation = 0.357),
the absence of salinity pressure and capacity headroom keeps the index low (0.166). These
contrasts show that intervention need is driven by the concurrence of multiple stresses
rather than any single factor alone.

Table 7. MCDA results consolidated.

Sample C-EC C-CEC Headroom  C-pH Deviation C-SQI Deficit TOPSIS Index Priority Class

513 1 1 0.52 1 0.882 High priority
521 0.494 0.674 0.918 0.759 0.603 High priority
523 0.398 0.824 0.745 0.562 0.556 High priority
510 0.4 0.863 0.459 0.522 0.542 High priority
S16 0.442 0.758 0.408 0.521 0.535 High priority
55 0.444 0.509 0.388 0.538 0.47 High priority
S11 0.496 0.553 0.061 0.363 0.465 High priority
S12 0.528 0.49 0 0.334 0.457 High priority
524 0.351 0.713 0.143 0.397 0.449 High priority
S17 0.408 0.195 0.878 0.473 0.404 High priority
522 0.457 0.3 0.459 0.325 0.399 Moderate priority
518 0.283 0.488 0.235 0.292 0.344 Moderate priority
S8 0.372 0.006 0.439 0.412 0.308 Moderate priority
S14 0.343 0.117 0.602 0.292 0.308 Moderate priority
57 0.25 0.268 0.541 0.383 0.301 Moderate priority
515 0.332 0 0.592 0.4 0.299 Moderate priority
59 0.374 0 0.52 0.28 0.299 Moderate priority
S6 0.107 0 1 0.468 0.279 Moderate priority
S30 0.244 0.253 0.5 0.255 0.272 Moderate priority
54 0.233 0.105 0.398 0.434 0.251 Moderate priority
519 0.276 0 0.561 0.138 0.239 Low priority
S27 0.133 0.249 0.48 0.226 0.218 Low priority
529 0.223 0 0.582 0.045 0.21 Low priority
525 0.192 0.265 0.184 0.034 0.2 Low priority
52 0 0.088 0.52 0.344 0.176 Low priority
528 0.19 0 0.357 0.113 0.166 Low priority
S3 0.01 0.015 0.439 0.334 0.155 Low priority
526 0.13 0 0.408 0 0.138 Low priority
520 0.156 0 0.031 0.172 0.125 Low priority
S1 0109 0.07 0.224 0.039 0.106 Low priority

“C”: criterion-normalized score for MCDA.

Methodological robustness is high. Perturbing the four weights around the hybrid
vector (EC 0.34, CEC headroom 0.29, pH deviation 0.18, and SQI deficit 0.19) produced
Spearman ¢ between 0.961 and 1.000 relative to the baseline ranking (median ¢ = 0.992),
indicating very stable ordering under plausible preference uncertainty (Figure 15a).
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Figure 15. Graphs illustrate (a) ranking stability underweight uncertainty and (b) rank-acceptability
(TOP-5) across weight draws.

Rank-acceptability analysis confirms that the top-5 set is essentially invariant, and 513,
521, S23, and S16 appear in the Top-5 with 100% probability and S10 with 99%, even as
weights shift (Figure 15b). Practically, this means Phase-I resources can be directed confi-
dently to S13, 521, 523, 516, and S10 without fear that reasonable reweighting would reshuf-
fle priorities, while S1, 520, 526, S3, and S28 can be scheduled for maintenance monitoring.

Taken together, these results provide an audit trail from indicator values to decision
scores and a robust basis for action. High-priority sites combine high EC, large CEC
headroom, pH departures, and large SQI deficits, while low-priority sites show the inverse
pattern. The numbers above make the trade-offs explicit and reproducible for peer review,
while the stability diagnostics justify site-specific intervention plans that begin along the
south-western coastal fringe and progress inland as resources permit.

3.6. Integrated Process—Model Synthesis of Soil Quality Dynamics in Coastal Agroecosystems

The results of this study reveal a coherent and mechanistically consistent soil func-
tioning pattern governed by a coast—inland salinity—fertility gradient. Spatial chemistry
demonstrated elevated EC, Na*, and Cl~ concentrations along the shoreline, with pro-
gressively stronger CEC and organic matter inland. This pattern aligns with classical
salinization processes described for arid and semi-arid coastal landscapes, where evap-
oration exceeds precipitation and seawater intrusion contributes to salt accumulation in
surface layers [74]. Similar gradients have been reported in saline-alkaline agricultural
systems, where EC exhibits the highest spatial variability among soil properties [75]. In
our dataset, EC behaved as the dominant stressor variable, structurally opposing fertility
indicators across PCA, DA, and RDA ordinations, confirming salinity as the principal
driver of soil functional differentiation.

The multivariate framework reinforced this mechanistic signal. PCA identified orthog-
onal axes separating salinity stress from nutrient buffering capacity, while RDA explicitly
linked fertility indicators to reduced salinity pressure. This structural separation mir-
rors findings from Poma-Chamana et al. [76], where PCA-derived fertility gradients were
strongly driven by phosphorus availability and alkalinity. However, unlike their regres-
sion kriging framework applied to 491 samples, the present study demonstrates that even
with a moderate sample size, multivariate consistency can be achieved when gradients
are strong and environmentally coherent. The convergence of independent statistical tech-
niques in this study suggests that the identified soil quality pattern is not a statistical artifact
but reflects a stable biophysical gradient.

The integrative SQI derived from PCA-MDS condensed these interactions into
a tractable metric while preserving variance structure. The wide dynamic range of SQI
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values and clean partitioning into Low, Moderate, and High tiers confirm that the se-
lected minimum dataset captures dominant soil functional contrasts. Comparable SQI
classification approaches using PCA weighting have been implemented in arid fertility
assessments by Lu et al. [77], where simplified linear structures provided stable predictive
performance. In our case, the SQI construction process inherently embeds linear variance
extraction (PCA) followed by weighted aggregation. Consequently, the target variable
exhibits a strong underlying linear dependence on the selected predictors.

This structural property explains why LR outperformed more complex models
(R? =0.907). The SQI, being largely a weighted linear transformation of soil chemistry,
does not require nonlinear partitioning to be accurately reconstructed. Ensemble mod-
els such as RF and GB are designed to capture nonlinear interactions and high-order
splits. However, when the underlying functional relationship is predominantly linear,
and the signal-to-noise ratio is strong, simpler parametric models often generalize better.
Similar observations were reported by Acir [78], where regularized LR models provided
higher interpretability and stable performance in fertility prediction compared to more
complex learners. In contrast, remote sensing-based salinity prediction studies such as
Thangarasu et al. [79] demonstrated superior RF performance (92.1% accuracy), likely be-
cause spectral-salinity relationships are inherently nonlinear and spatially heterogeneous at
larger scales. The difference highlights that model superiority depends on system structure:
in chemically constrained agroecosystems with strong linear gradients, parsimony can
outperform complexity.

Furthermore, the limited incremental gain of nonlinear models under n = 30 is statis-
tically coherent. Ensemble averaging can shrink extreme predictions, particularly when
extreme observations are few but environmentally meaningful. Given that the SQI extremes
correspond to localized coastal salinity hotspots, ensemble smoothing reduces variance at
distribution tails, explaining slight underperformance relative to linear regression. This
behavior does not indicate model weakness but reflects bias—variance trade-offs inherent to
ensemble learning in moderate datasets.

The MCDA component translated diagnostic and predictive outputs into operational
prioritization. The exceptional cross-method agreement between TOPSIS and PROMETHEE
I (¢ ~ 0.99) demonstrates that intervention ranking is structurally stable and not sensitive to
algorithmic choice. Weight-sensitivity analysis further confirmed ranking robustness across
perturbations, indicating that priority zones reflect genuine co-occurrence of salinity stress,
exchange capacity deficit, pH deviation, and SQI gap. Comparable spatial prioritization
frameworks integrating multivariate fertility indicators have been reported by Poma-
Chamana et al. [76], though the present study extends this by coupling predictive modeling
with decision robustness diagnostics.

From an agroecological perspective, the findings align with crop-response literature
in saline systems. Yousfi et al. [80] demonstrated that salinity reduces biomass and yield
by up to 30% in sandy arid soils, yet genotype resilience moderates these effects. The soil-
level evidence presented here complements such crop-level findings by identifying where
salinity mitigation and CEC enhancement should precede varietal adaptation strategies.
The integrated approach, therefore, bridges soil process diagnosis, predictive modeling,
and management prioritization within a unified analytical framework.

Finally, the comparison with international studies highlights methodological posi-
tioning. While large-scale geostatistical frameworks provide extensive spatial coverage,
and remote sensing—-ML hybrids enable regional salinity mapping, the present frame-
work emphasizes interpretability, structural coherence, and decision transparency at the
farm-to-landscape interface [74,76,79]. The combination of PCA-MDS SQ], validated ML
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prediction, and cross-verified MCDA establishes a process-aware and operationally robust
soil management model tailored to coastal agroecosystems.

Collectively, the discussion demonstrates that the observed coast-inland salinity—fertility
gradient is consistently expressed across chemical measurements, multivariate ordination,
integrative indexing, predictive modeling, and decision prioritization. The superiority of
the linear model is not incidental but reflects the intrinsic linear structure embedded within
the SQI formulation and the dominant environmental controls governing soil functioning
in this system. The integration of statistical coherence, predictive accuracy, and decision
robustness positions the framework as a scalable model for sustainable soil management in
environmentally vulnerable coastal regions.

3.7. Limitations and Future Perspectives

While the present study provides an integrated and robust framework for soil quality
assessment and decision support in a coastal agroecosystem, certain limitations must be
acknowledged. The dataset consists of 30 geo-referenced soil samples, which may appear
limited when considering large-scale regional mapping. However, the sampling design
was strategically structured to capture the dominant coastal-inland gradient, land-use
variability, and salinity influence within the defined study boundary. As highlighted by
Minasny and McBratney [81], representativeness in soil surveys depends more on sampling
strategy and environmental heterogeneity than on absolute sample size alone. Similar
sample ranges (2040 observations) have been successfully employed in soil quality index
studies and localized agroecosystem assessments [82—-84], particularly when the objective
is site-specific management rather than regional-scale generalization.

From a multivariate statistical perspective, the adequacy of PCA is determined not solely
by sample size but by the strength of variable intercorrelations and communalities [85,36].
In this study, the first three principal components explained approximately two-thirds of
total variance, indicating strong structural patterns rather than noise-driven dimensionality
reduction. The convergence of independent statistical approaches, including correlation
analysis, PCA, discriminant analysis, and redundancy analysis, further reinforces the
internal consistency of the identified soil-quality gradients.

Regarding ML robustness, small environmental datasets can increase overfitting risk
if not properly validated. To address this concern, cross-validation strategies were imple-
mented to ensure that all reported metrics reflect out-of-sample predictive performance.
Cross-validation is widely recommended for environmental modeling under data-limited
conditions [52,87,88]. Moreover, the agreement between independent analytical compo-
nents, such as statistical modeling, SQI construction, and multi-criteria decision analysis,
suggests that the findings are driven by strong environmental signals rather than statistical
artifacts. The high cross-method stability observed in MCDA ranking further supports the
reliability of the conclusions.

Another potential limitation relates to the use of deterministic spatial interpolation
(IDW), which can produce localized “bullseye” patterns when strong gradients are present.
As discussed by Li and Heap [89], such patterns are inherent to distance-weighted interpola-
tors and do not necessarily imply inadequate sampling density. In this study, interpolation
outputs are interpreted qualitatively to visualize gradients, while quantitative conclusions
are derived from statistical and decision-support frameworks.

Despite these methodological safeguards, future research would benefit from increas-
ing sampling density and incorporating temporal monitoring to capture seasonal salinity
fluctuations and long-term management impacts. Expanding the dataset would also al-
low testing more complex nonlinear algorithms and geostatistical kriging approaches
for enhanced spatial precision. Nonetheless, within the defined scope of site-specific
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soil management in a coastal agroecosystem, the current dataset provides sufficient
structural information to support robust multivariate analysis, predictive modeling, and
decision prioritization.

4. Conclusions

This study aimed to diagnose soil functioning in the Skhirat coastal agroecosystem
and convert that diagnosis into site-specific, decision-ready guidance. An integrated work-
flow, including spatial analysis of soil chemistry, multivariate statistics, a soil quality index
(SQI) derived from a minimum dataset (MDS), and principal component analysis (PCA)
with optimum pH scoring, cross-validated machine learning (ML) prediction from routine
variables, and a transparent multi-criteria decision analysis with hybrid weights and dual
ranking methods, was used to link processes to prescriptions while testing robustness
through agreement and sensitivity checks. Findings show a clear coastal salinity con-
straint contrasted with inland resilience supported by higher exchange capacity, organic
enrichment, and near-neutral pH. The soil quality index (SQI) coherently captures this
trade-off, machine learning (ML) models reliably anticipate it from routine chemistry,
and multi-criteria decision analysis (MCDA) yields stable, method-independent priori-
ties. Management should proceed in phases, with coastal fields first (salinity mitigation,
then capacity building and pH correction), transitional belts with coordinated moderate
interventions, and interior areas with maintenance and surveillance. Future work should
incorporate operational costs and access constraints, extend monitoring across seasons,
integrate hydrogeologic and remote-sensing data, and validate gains through field trials to
strengthen feasibility-weighted prioritization and long-term impact.
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