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Soil quality in olive orchards of
southern Peru using a weighted
soil quality index (SQlw):
constraints by salinity, organic
matter and sustainable
management approach
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Solmayra Linares-Escapa®, Katherine Puma-Huacani®,
Alex Carrillo*, Martin J. C. Villalta Soto?® and Kenyi Quispe*

Direccion de Servicios Estratégicos Agrarios, Estacion Experimental Agraria Arequipa, Instituto
Nacional de Innovacion Agraria (INIA), Arequipa, Peru, 2Agronomy Department, Universidad Nacional
de San Agustin, Arequipa, Peru, *Direccion de Servicios Estratégicos Agrarios, Instituto Nacional de
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Introduction: Soil salinization and alkalinization in the arid zones of southern
Peru pose major challenges to agricultural sustainability, particularly in the olive
orchards of Bella Union, where irrigation relies on surface and groundwater of
variable quality. This study aimed to assess soil quality and its spatial variability to
support site-specific management in olive (Olea europaea L L.) orchards.
Methods: A total of 160 composite soil samples (0—-30 cm) were collected from
representative olive orchards and analyzed for pH, electrical conductivity (ECe),
organic matter (OM), available phosphorus (Pav), available potassium (Kav),
texture, and calcium carbonate equivalent (CCE). The Soil Quality Index (SQlw)
was calculated and combined with multivariate and geostatistical analyses to
identify key soil quality indicators and characterize their spatial variability.
Results: Soils showed high variability in salinity (ECe = 1.30-24.61 dS m™) and
organic matter content (0.50-3.10%), while pH was relatively homogeneous
(6.90-8.40). According to the SQlw, 1.26% of soils were classified as Very Poor,
44.96% as Poor, 51.49% as Acceptable, 2.28% as Good, and 0.01% as Optimal.
Electrical conductivity was the main factor controlling the SQlw.

Discussion: These results indicate that salinity represents a major constraint for
olive growth and productivity in the study area. Despite its lower weight in the
SQlw, the generally low organic matter levels suggest limitations for soil fertility,
water retention, and nutrient cycling, highlighting the need for organic
amendments with low electrical conductivity. Nutrient management should
also account for reduced nutrient availability under alkaline—saline conditions
and the widespread organic matter deficiency. This study represents the first
application of SQlw in Peruvian olive orchards and demonstrates its usefulness
for delineating low-quality zones, guiding fertilization and soil recovery
strategies, and promoting sustainable soil management in arid agroecosystems.
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1 Introduction

Soils play a central role in sustaining agricultural productivity
and ecosystem functioning (1). However, in arid and semiarid
regions, soil quality is increasingly threatened by salinization and
alkalinity, processes often intensified by irrigation practices and
poor water quality (2-4). Currently, more than 1.3 billion hectares
of land worldwide are affected by salt-related degradation, posing a
major limitation to crop performance and long-term soil
sustainability (4). Soil salinity therefore represents a significant
barrier to agricultural resilience in water-limited regions.

Olive (Olea europaea L.) is a key perennial species in arid and
Mediterranean-type ecosystems due to its ecological plasticity and
socioeconomic relevance, particularly for smallholder farmers (5, 6).
Its tolerance to salinity is supported by mechanisms such as selective
ionic exclusion, salt sequestration in roots, maintenance of optimal
K*/Na" ratios, osmotic adjustment, and activation of antioxidant
systems (7). However, this tolerance has limits: yield losses of ~10%
occur when soil electrical conductivity (ECe) exceeds 4-6 dS m™ (8).
Higher salinity levels reduce vegetative growth, total biomass (up to
87%), oil content, and fruit weight, while increasing fruit moisture
and altering fatty acid composition (9-11). Field reports from Israel
and Tunisia demonstrate that prolonged irrigation with brackish
water can progressively reduce olive productivity (12, 13), suggesting
strong environmental context-dependency.

Given these constraints, soil-based diagnostics are essential in
arid agricultural systems, where soil properties such as salinity, pH,
and fertility show pronounced spatial variability influenced by
irrigation type, water quality, and heterogeneous management
(14). The Soil Quality Index (SQI) framework provides an
integrative approach to evaluate degradation processes and
synthesize multiple indicators into a single metric to support
agricultural decision-making (15, 16). Weighted-SQI approaches
have demonstrated strong suitability in arid landscapes for
identifying fertility gradients, characterizing salinity impacts, and
delineating management zones using statistical and geospatial
techniques (17-19). Applications in Kenya and Tunisia
demonstrate the sensitivity of weighted SQIs to soil sustainability
and salinization processes (20, 21), and research in Iran underscores
the importance of context-specific indicator selection and
calculation method (22). Methodological advances, including
geostatistics, computational intelligence, and sampling
optimization, continue to strengthen the framework's relevance in
heterogeneous arid systems.

Despite these advances, SQI applications remain scarce in olive-
based systems in Peru and comparable coastal desert
agroecosystems in South America. Bella Union, located on the
southern Peruvian coast, is emerging as an increasingly important
olive-producing area; however, the system faces constraints linked
to historical salinity, variable irrigation water quality, and limited
soil monitoring (23, 24). Although no official yield statistics are
available, informal reports from growers and local agronomic
advisors suggest possible stagnation or decline in productivity in
some orchards, particularly where soil salinity may be increasing.
This problem is worsened by the very low use of soil testing in the
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country. Only 1.3% of producers carry out soil analyses with
technical assistance, which greatly limits informed management
decisions (25).

Given this context, a spatially explicit assessment of soil quality
is necessary to support sustainable intensification and guide
precision management. Therefore, the objective of this study was
to develop a Soil Quality Index tailored to olive orchards in Bella
Union, Peru, and to generate spatial soil quality maps to identify
management zones and inform agronomic recommendations under
arid irrigated conditions.

Based on prior literature, we hypothesized that soil quality in
olive orchards of Bella Union exhibits significant spatial variability
and that the Soil Quality Index would differentiate distinct soil
quality classes relevant to decision-making under arid irrigated
conditions. Additionally, we expected that salinity-related
indicators would be the primary constraints affecting soil quality
in the study area.

2 Materials and methods

2.1 Study area

The present study was carried out in the Bella Union irrigation
scheme, located in the Bella Union District, Caraveli Province,
Department of Arequipa (Figure 1). This site is situated between
latitudes 15°27’15”S and 15°30'15"S and longitudes 74°37'30"W
and 74°45'0"W, covering an agricultural area of 3872.02 ha (26).
The average altitude is 225 m above sea level, with elevations
ranging from 192 to 232 m. The geomorphology of the area is
composed of alluvial terraces (95%), with smaller percentages of
alluvial slopes (4%) and sand layers (1%) (27). This area is
characterized by arid climate conditions, scarce precipitation
(nearly 5 mm annually) (28), and a dependence on irrigation for
agricultural activity (29). The predominant cultivation in the area is
the Sevillana variety of olive, along with temporary crops on a
smaller scale.

2.2 Sampling and soil analysis

A total of 160 composite soil samples were collected between
July and August 2024 using a random sampling scheme in
commercial orchards of approximately 1 ha, spatially distributed
to capture the heterogeneity of the study area (Figure 1). Orchard
selection was conditioned by the voluntary willingness of farmers to
participate and grant access to their fields. Within each selected
orchard, a systematic zig-zag sampling pattern between trees was
followed to capture within-field spatial variability (30).

The number of trees sampled per orchard was adjusted
according to planting density: 8 trees in orchards with spacings >
10 x 10 m (< 100 trees ha™) and 10 trees in higher-density orchards
(6 x6m,6x7m,7x7m;>200 trees ha™). For each selected tree,
two subsamples were collected at a depth of 0-30 cm using a shovel,
located at two opposite cardinal points (180°) within the irrigation
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Location of soil sampling sites.
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basin, in order to capture spatial variability, partially following the
approach described by (31), who collected four subsamples per tree,
one at each cardinal point. Consequently, each composite sample
(0.8-1.0 kg) integrated between 16 and 20 individual subsamples
(8-10 trees x 2 subsamples per tree), exceeding in many sampling
points the recommended range of 4-16 subsamples (32), and
following a composite sampling approach similar to that
described by (33), who applied soil sampling around tree-based
microsites for soil quality assessment. All subsamples from the same
orchard were thoroughly homogenized in a clean, non-galvanized
container to form the composite sample. Finally, the samples were
sealed in double plastic bags, labeled with unique identifiers, and
georeferenced using a handheld GPS unit (+ 3 m accuracy).
Samples were analyzed at the Soil, Water and Foliar Laboratory
Network of the National Institute of Agrarian Innovation
(LABSAF-INIA), Peru, as part of a national soil fertility
monitoring program. Analytical protocols are standardized for
high sample throughput, focusing on essential fertility indicators
rather than exhaustive geochemical speciation. Prior to
physicochemical analysis, samples were air-dried (< 40°C), and
sieved to obtain a < 2 mm fraction, according to the procedure of
the International Organization for Standardization (34). The
variables analyzed included the following parameters and
reference methodologies: sand, silt and clay content by the
Bouyoucos hydrometer method (35); pH measured in a 1:1 soil-
water suspension according to the United States Environmental
Protection Agency method (36); electrical conductivity in a 1:5 soil-
water extract (EC1:5) (37); organic matter (OM) by the Walkley-
Black oxidation method; available phosphorus (Pav) by the Olsen
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method; available potassium (Kav) by 1IN ammonium acetate
extraction; and calcium carbonate (CCE) via acid neutralization
(35). Although ECe is the standard for salinity assessment, EC1:5
was measured given its suitability for large-scale laboratory
operations; the conversion procedure to ECe values is addressed
in the following section.

2.3 Estimation of saturated paste electrical
conductivity

To convert the measured EC1:5 into the standard ECe metric
while minimizing errors associated with soil texture variability, the
model proposed by (38) was applied. Unlike fixed conversion
factors, this approach explicitly incorporates sand and clay
contents into the conversion factor calculation, making it
appropriate for texturally heterogeneous areas. This model was
developed using 148 soil samples from coastal areas of Greece under
arid and semiarid conditions, with sand contents ranging from 3.6%
to 84.6% and clay contents from 7.4% to 48.5%, an environmental
setting comparable to the Bella Union district. The estimation was
performed according to Equation 1:

283.4 5. (1)
49.699 +0.524 - Clay % —0.339 - Sand % 1

EC, = (1.054 +

To assess the uncertainty associated with the indirect estimation
of ECe, a sensitivity analysis was conducted following the error
propagation framework for pedotransfer functions described by
(39). This analysis evaluated the propagation of textural variability
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into ECe estimates by perturbing sand and clay contents by +1
standard deviation of the observed values. The total uncertainty was
calculated by combining this texture-related error with the inherent
model error (RMSE = 1.39 dS m™") reported by (38), using standard
error propagation methods. As a final step, we verified whether the
estimated uncertainty altered the salinity classification, thereby
securing the practical validity of the delineated zones.

2.4 Weighted soil quality index
development

The development of the SQIw followed a three-stage
methodological framework: (1) screening soil indicators to
establish a Minimum Data Set (MDS); (2) transforming
indicators into dimensionless scores; and (3) integrating scores
into a weighted index.

2.4.1 Minimum data set selection

To minimize data redundancy and identify the most
representative indicators, a screening process was applied to the
Total Data Set (TDS). Spearman’s rank correlation coefficients were
computed to assess the degree of association among all variable pairs
and detect potential multicollinearity. Significant correlations (p <
0.01) were visualized using correlation matrix heatmaps to identify
redundant variable groups. Indicator pairs exhibiting strong
redundancy were defined as those with absolute correlation
coefficients greater than 0.70 (|p| > 0.70). For each group of
redundant variables, a single representative was selected based on its
agronomic significance for soil quality assessment in arid
agroecosystems. Redundant variables were subsequently excluded.

The retained variables were standardized to zero mean and unit
variance. Principal Component Analysis (PCA) was performed to
identify dominant patterns of multivariate variation and derive
quantitative weights for each indicator. Principal Components
(PCs) with eigenvalues > 1 were retained according to the Kaiser
criterion, while aiming to explain at least 60% of cumulative
variance. Factor loadings were calculated for each variable within
each retained PC to quantify variable contributions to
component variance.

Variables were evaluated against two explicit selection criteria
to determine final inclusion in the MDS. Candidates had to both

TABLE 1 Scoring functions and threshold values for soil quality indicators.
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demonstrate factor loading magnitude greater than 0.60 within
retained PCs (confirming measurable contribution to the
multivariate structure) and represent either critical soil functions
(e.g., nutrient cycling, moisture retention) or physical/chemical
constraints in arid environments. Only variables satisfying both
criteria were retained in the final MDS.

2.4.2 Indicator transformation and scoring

Selected MDS indicators were transformed into dimensionless
scores ranging from 0.1 to 1.0 to compare soil variables measured in
different units. This scaling range allows limiting factors to
significantly penalize the final score without assigning a zero
value, thereby acknowledging that even degraded soils retain a
baseline functional capacity.

A hybrid approach was adopted to define critical thresholds (x; and
X,), integrating agronomic requirements for olive cultivation with the
specific statistical distribution of data observed in the study area
(Table 1). Following (40) for arid agroecosystems, the lower threshold
for Organic Matter (OM) was anchored to the minimum value in the
dataset. This normalization according to local soil conditions avoids
artificially penalizing arid soils against unattainable temperate standards.
To accurately reflect the water retention capacity required for optimal
soil functioning, the upper threshold (x,) was maintained at the
physiological optimum described by (41). Similarly, the upper
thresholds for macronutrients (Pav, Kav) were set to the maximum
observed values in the dataset. This relative scoring approach enables a
clearer distinction between the “best” and “worst” soils within the valley,
preventing the score saturation that typically occurs when local nutrient
concentrations exceed standard crop optima. Similarly, the upper
threshold for pH was extended to 85 to capture the full alkaline
gradient without premature penalization. Regarding Salinity (ECe),
the lower threshold (x; = 2.0 dS m™) was aligned with the USDA
standard for non-saline soils (42), ensuring optimal scoring for
conditions free of osmotic stress. The upper threshold (x,) was set at
12.0 dS m’}, a critical level where yield losses become severe due to
osmotic inhibition (8). For Sand content, thresholds were established
based on documented relationships between particle size and critical soil
functions. The upper threshold (x, = 52%) represents the transition
beyond which soils exhibit insufficient water-holding capacity (< 0.10
cm’ cm™) and reduced nutrient retention, characteristic of “primarily
sandy” textures (43, 44). Conversely, the lower threshold (x; = 23%)
marks the boundary with silt-dominated textures; values below this limit

Indicator Function Lower threshold (x;)  Upper threshold (x5)
oM % MB 0.5 5.0

Pav mg kg MB 5 74

Kav mg kg MB 40 488

pH - LB 7.0 8.5

ECe dS m™ LB 2.0 12.0

Sand % LB 23 52

LB, the lower, the better; MB, the more, the better. OM, Organic Matter; Pav, Available Phosphorus; Kav, Available Potassium; ECe, Electrical Conductivity of saturation extract.
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are scored optimally, reflecting that water retention capacity outweighs
drainage concerns in this rainfed semi-arid context.

After establishing thresholds, indicators were standardized
using linear scoring methods to assign a score to each variable,
following the principles described by (45). The indicators were
transformed according to their functional influence on soil quality,
where the “More is better” (MB) function (Equation 2) was applied
to OM, Pav, and Kav as their availability correlates positively with
fertility. Conversely, the “Less is better” (LB) function (Equation 3)
was adopted for Salinity (ECe), Sand content, and pH, with pH
selected specifically because observed values consistently exceeded
the neutral threshold (> 7.0).

0.1, x<x

M(x) = 0.1+O.9<;‘2:’j;]) X <x< X )
1, x2x
1, x<x

L(x) = 1—0.9(;’:}), X <xX< X (3)

0.1, x=2x,

Where x is the measured value, and x; and x, denote the lower
and upper threshold values, respectively.

2.4.3 Weight assignment and SQIlw calculation

Weights for each MDS indicator were derived quantitatively
from the PCA results to minimize subjective bias. The weight (Wi)
for each indicator was calculated as the proportion of variance it
explained relative to the cumulative variance of all retained PCs.
The final Weighted Soil Quality Index (SQIw) was computed using
the weighted additive approach (Equation 4):

SQlI,, = iW,Ni (4)

i=1

where 7 is the total number of variables, W; is the assigned
weight, and N; is the normalized indicator score. The resulting
index was classified into five quality grades using equal intervals of
0.2, following the classification scheme used for agricultural soil
fertility mapping (46). SQIw values were classified as follows: < 0.20
as “Very Poor”; 0.20-0.40 as “Poor”; 0.40-0.60 as “Acceptable”;
0.60-0.80 as “Good”; and > 0.80 as “Optimal”.

2.5 Spatial data analysis

2.5.1 Descriptive statistics

Descriptive statistics were calculated for all variables, including
mean, minimum and maximum values, standard deviation (SD),
coefficient of variation (CV), skewness, median with 25th-75th
percentiles, and p-values from the Kolmogorov-Smirnov test
of normality.
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2.5.2 Exploratory spatial data analysis

Prior to spatial interpolation, an Exploratory Spatial Data
Analysis (ESDA) was conducted to characterize the spatial
structure of soil properties and guide the selection of the most
appropriate interpolation method.

First, a spatial structure assessment was performed. Global
spatial autocorrelation was evaluated for the SQIw and all
selected soil indicators using Moran’s I index (47) (Equation 5),
which quantifies the degree to which similar values cluster spatially.
An inverse distance spatial weight matrix based on the eight nearest
neighbors (k = 8) was employed. Statistical significance was
evaluated at o0 = 0.05.

n .E?ﬂE}LIWUQ’i =70 =)
E?:lzjnzlwfj i -y’

where 7 is the number of observations, w;; is the spatial weight

(5)

Moran's I =

representing the degree of connection between neighboring samples
i and j, y; is the sampled value at location 7, and y is the arithmetic
mean of all sampled values. Moran’s I values range from -1 to +1,
where positive values indicate spatial clustering of similar values,
values near zero suggest random spatial distribution, and negative
values indicate spatial dispersion.

Empirical semivariograms were computed to examine the spatial
dependence structure and estimate geostatistical parameters.
Theoretical models (Gaussian, Spherical, and Exponential) were
fitted to the empirical semivariograms, and the best fitting model
for each variable was selected based on the lowest sum of squared
errors. The following parameters were extracted: nugget effect (C,),
representing variance at zero distance; partial sill (C), representing
spatially structured variance; total sill (C, + C); and range (a), the
distance beyond which spatial correlation effectively disappears.

The nugget-to-sill ratio [Cy/(C, + C)] was calculated to quantify
the proportion of spatially structured variance relative to random
noise or micro-scale variability, following the classification
proposed by (48): strong spatial dependence (< 0.25), moderate
(0.25-0.75), and weak (> 0.75).

To objectively evaluate interpolation approaches, the predictive
performance of Inverse Distance Weighting (IDW) and Ordinary
Kriging (OK) was compared using 10-fold-cross-validation. The
dataset was randomly divided into 10 subsets, and each subset was
iteratively used for validation while the remaining nine subsets were
used for model fitting. Predictive accuracy was evaluated using four
statistical metrics: Root Mean Square Error (RMSE) (Equation 6),
Mean Absolute Error (MAE) (Equation 7), coefficient of determination
(R*) (Equation 8), and mean error (ME) (Equation 9). Lower RMSE
and MAE values, higher R? values, and ME values close to zero indicate
better predictive performance.

RMSE = |- 3:(, 7" (®)
i=1

MAE =— 3|y, =il 7
i=1

|~
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/- ()’i_?i)z
PR ST Uikl 8
S ®
ME :%i(}’i—ﬁi) )
i=1

were n is the number of observations, y; is the observed
(measured) value at location i, y; is the predicted value at
location i obtained through cross-validation, and y is the mean of
all observed values.

2.5.3 Spatial interpolation

Inverse Distance Weighting (IDW) is a deterministic
interpolation technique that estimates values at unsampled
locations by calculating a weighted average of neighboring
observations. The method assigns greater weights to data points
located closer to the interpolation point, thereby lowering the
influence of more distant points, with this effect controlled by a
power parameter (49). The IDW interpolation was performed
according to Equation 10:
Shy o
7 TSR

where y, is the predicted value at the unsampled point p; y; is

the observed value at sampled point i; d; is the distance between
points p and i; and r is the power parameter, set to 2; and # is the
number of neighboring points used for interpolation, limited to a
maximum of 12.

2.6 Estimation of site-specific
managements requirements

To formulate agronomic management recommendations based
on the previously analyzed soil properties, two key calculations were
performed. First, the amount of organic amendment needed to
increase soil carbon to a target level was estimated. Second, the
specific fertilization requirement for olive cultivation was
determined. Detailed equations, coefficients, and numerical
assumptions used in these calculations are provided in the
Supplementary Material (Supplementary Method S1).

2.7 Statistical analysis

Data processing and statistical analyses were performed using R
software v.4.5.2 (50). Descriptive statistics and normality tests
(Kolmogorov-Smirnov) were calculated using the base R
environment. Multivariate analysis, specifically the Principal
Component Analysis (PCA), was conducted using FactoMineR
package (51). For the geostatistical analysis, spatial structure
assessment (Moran’s I) and interpolation (IDW) were carried out
using the gstat (52) and sp (53) packages. Correlation matrices were
generated with psych (54) and corrplot (55).

Frontiers in Soil Science

10.3389/fs0il.2026.1724235

3 Results

3.1 Estimation of soil salinity and
descriptive statistics

Given the constraints of 1:5 extracts, ECe values were derived
using the textured-based conversion model of (38). A sensitivity
analysis confirmed the model’s reliability for the study area, as the
textural range of the samples (Sand: 15.0-87.0%; Clay: 4.5-30.0%)
fell within the model’s calibration domain. Due to the coarser
texture of Bella Union soils (mean sand 47.6%), the calculated
conversion factor (CF) was higher than standard values, ranging
from 6.29 to 12.51 (Mean = 8.56 + 1.12).

The uncertainty analysis, which accounted for textural
variability and model error (RMSE), yielded a mean total
uncertainty of + 2.09 dS m™ (Figure 2). Although this uncertainty
implies that 65.0% of samples linear classification thresholds, the
overall salinity diagnosis remains robust: even when accounting for
maximum uncertainty, 74.4% of the samples are consistently
classified as moderately saline or higher (ECe > 4 dS m™). This
confirms that salinity is a structural characteristic of the valley and
not an artifact of estimation errors.

Descriptive statistics revealed a marked spatial heterogeneity
across the study zone, with coefficients of variation (CV) exceeding
30% for most edaphic parameters (Table 2). Salinity (ECe) emerged
as the most variable property, exhibiting a broad range that
quantitatively reflects the coexistence of non-saline areas with
extreme salinity hotspots within the same irrigation scheme. In
contrast, pH was remarkably homogeneous, indicating a
generalized slightly alkaline condition. Regarding fertility, Organic
Matter (OM) levels were critically low (< 1%) yet highly variable.
Conversely, available phosphorus (Pav) and potassium (Kav)
displayed elevated mean concentrations relative to critical
deficiency thresholds. Normality tests (K-S) confirmed that the
pH, ECe, OM, and Clay content indicators followed non-normal
distributions (p < 0.05).

3.2 Multivariate analysis and minimum data
set selection

Spearman’s correlation analysis (Figure 3) revealed strong
multicollinearity among particle size fractions, particularly
between Sand and Silt (p = —0.93, p < 0.001), confirming their
compositional redundancy. Consequently, Sand content was
retained as the sole physical proxy for the multivariate analysis.
Regarding chemical interactions, significant inverse associations
emerged between Sand and fertility indicators, specifically with
Kav (p = -0.63) and OM (p = —0.46). Interestingly, correlations
within the nutrient group (OM, Pav, Kav) remained (p < 0.50),
suggesting that each variable contributes unique agronomic
information. Although Calcium Carbonate Equivalent (CCE)
showed some association with texture, it was excluded from the
final MDS to prioritize pH and Salinity (ECe) as the primary
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chemical constraints, which behaved as independent dimensions
(p < 0.20 with most variables).

The Principal Component Analysis (PCA) performed on the
selected MDS (Sand, pH, ECe, OM, Pav, Kav) extracted three
components that cumulatively explain 76.52% of the total
variance (Table 3). It is worth noting that the third component
(PC3) was retained despite having an eigenvalue slightly below 1.0
(0.93), as it accounted for a substantial 15.5% of the variance, and
captured the salinity constraint not represented in the first
two components.

PCI explained the largest proportion of variance (44.3%) and
represented the fertility-texture complex. This component
displayed high factor loadings for Sand (-0.81) versus Kav (0.80),
OM (0.73) and Pav (0.72). The strong inverse relationship
statistically highlights the pronounced contrast between sand

content and fertility levels in the studied soils. PC2 (16.7%
variance) was distinctly defined by pH (loading = 0.78), isolating
alkalinity as an independent chemical dimension. Finally, PC3
(15.5%) was driven almost exclusively by Salinity (ECe) with a
high positive loading (0.82), identifying it as a unique stressor
distinct from general fertility patterns.

3.3 Soil quality index assessment

Based on the PCA weights, the specific Weighted Additive
Index (SQIw) was established for the Bella Union valley as
presented in Equation 11. The structure of this equation reveals
that Salinity (ECe) and Alkalinity (pH) exert a dominant influence
on the model. Collectively, they represent 41.6% of the total index

TABLE 2 Descriptive statistics and normality test results of variables in the study area (n = 160).

Variable (Unit) Mean + SD Median (Q; — Qz) Range (Min — Max) CV (%) Skewness K-S test (p-value)
pH (1:1) 7.62 +0.22 7.60 (7.50 - 7.70) 6.90 — 8.40 3 032 0.004

ECe (ds m™) 1059 + 7.35 8.23 (3.81 - 17.97) 1.30 - 24.61 69 0.29 <0.001

OM (%) 0.95 +0.53 0.80 (0.50 - 1.30) 050 - 3.10 56 1.27 <0.001

Pav (mg kg™) 4329 +9.98 41.2 (37.3 - 50.0) 6.9 - 74.0 23 -0.01 0.103

Kav (mg kg™) 260.23 + 88.92 255.3 (192.1 - 320.5) 105.2 - 488.2 34 045 0.489

Sand (%) 47.63 + 14.23 46.6 (38.0 - 55.0) 15.0 - 87.0 30 035 0.582

Clay (%) 9.58 + 4.80 8.0 (7.0 - 10.6) 45 -30.0 50 222 <0.001

Silt (%) 42.81 + 14.81 443 (32.8 - 52.3) 40-73.0 35 -0.36 0316

CCE (%) 3.08 + 0.94 3.12 (257 - 3.70) 0.65 - 5.90 31 -0.23 0.752

SD, Standard Deviation; Q1,

25th percentile; Q3, 75th percentile; CV, Coefficient of Variation; K-S, Kolmogorov-Smirnov test; ECe, Electrical conductivity of the saturation extract; OM, Organic
Matter; Pav, Available Phosphorus; Kav, Available Potassium; CCE, Calcium Carbonate Equivalent.
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FIGURE 3

Spearman'’s correlation matrix of the Total Data Set (TDS) components for soil quality index assessment. Positive correlations are shown in blue,
negative correlations in red, and X symbols represent non-significant associations. All displayed values are statistically significant at p < 0.01 level.
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weight, confirming that these factors are the primary drivers of soil
quality in the study area.

SQIw = 0.212 - Sgc, +0.204 - Sppy +0.177 - Sy +0.160

- Sgand + 0.123 - Sy +0.123 - Sy, (11)

Where S; represents the normalized score (0.1-1) of
each indicator.

Regarding the index performance, the sensitivity analysis of the
baseline model initially detected a significant inverse correlation
with salinity (p = —0.73, p < 0.001). While this coefficient suggested
a general capacity to detect degradation, this data dispersion
evidenced a masking effect in highly saline samples, where high
nutrient levels (Pav and Kav) numerically compensated for the

TABLE 3 PCA output including eigenvalues, percentage of variance
explained, and factor loadings of component matrix variables.

PCs PC1 PC2 PC3 PC4 PC5
Eigenvalue 2.660 | 1.002 | 0.930 | 0.634 | 0504
Variance (%) 44.325 | 16.703 | 15.494 | 10.563 8.408
Cumulative Variance (%) 44325 | 61.028 | 76.522 | 87.085 | 95.493
Factor loadings for each variable

pH -0.453 | 0.784 | 0.346 | -0.087 | -0.129
ECe (dSm™) -0.335 | -0.436 | 0.820 | 0.123 | 0.094
OM (%) 0.727 | 0.099 | 0.167 | -0.498 | 0.429
Pav (mg kg'') 0.720 | 0214 | 0.007 | 0589 | 0264
Kav (mg kg 0.799 | 0258 | 0325 | 0.047 | -0.257
Sand (%) -0.810 | 0275 | -0.055 | 0.119 | 0.399

Principal Components (PCs) with eigenvalues > 0.9 were retained. Bold values indicate the
dominant indicators within each PC based on absolute factor loadings > 0.60.
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saline stress. The implementation of the Limiting Factor Correction,
which restricts samples exceeding 8 dS m™ to the “Poor” category,
significantly enhanced the index’s precision. This adjustment
increased the correlation with salinity to p = —0.86 and resulted
in the reclassification of 90% of the saline sites into categories that
more accurately reflect their productive limitations.

Following this correction, the final assessment indicates that
15.6% of the soils correspond to the “Very Poor” category, 38.1% to
“Poor”, and 26.9% to “Acceptable”. Only 18.8% of the area achieved
the “Good” status, with a marginal 0.6% considered “Optimal”.
The observation that over 53% of the samples fall into the degraded
strata quantitatively aligns with the high salinity observed
(10.59 dS m™") across the irrigation scheme.

3.4 Geostatistical analysis and spatial
distribution

Exploratory spatial data analysis (ESDA) revealed distinct
spatial patterns among the soil indicators. Global Moran’s I
values were compared against the expected value under spatial
randomness (—0.006), with statistical significance evaluated at o =
0.05 (Table 4). Six out of seven variables exhibited statistically
significant spatial autocorrelation, ranging from weak to moderate
dependence. Sand content displayed the strongest spatial structure
(I = 0.254), indicating high spatial continuity across the sampling
area. Salinity (ECe) and phosphorus (Pav) also showed moderate
autocorrelation (I = 0.19), while the weighted Soil Quality Index
(SQIw), organic matter (OM), and available potassium (Kav)
exhibited weaker but statistically significant spatial dependence (I
< 0.10). In contrast, pH showed no significant spatial
autocorrelation (I = 0.038, p = 0.110), presenting a random
spatial pattern consistent with its low variability (CV = 3%)
across the irrigation scheme.
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TABLE 4 Global Moran's | index for spatial autocorrelation of soil properties and soil quality index.

Variable Moran’s | Expected Variance Z-score P-value
pH 0.038 -0.006 0.001 1.228 0.110

ECe (dS m™) 0.196 -0.006 0.001 5575 <0.001
OM (%) 0.076 -0.006 0.001 2.288 0.011

Pav (mg kg 0.187 -0.006 0.001 5362 <0.001
Kav (mg kg 0.067 -0.006 0.001 2.027 0.021

Sand (%) 0.254 -0.006 0.001 7211 <0.001
SQIw 0.096 -0.006 0.001 2.830 0.002

Semivariogram analysis indicated moderate to strong spatial
dependence for all variables (Supplementary Table S3,
Supplementary Figure S1). Nugget-to-sill ratios ranged from 0.00
(pH) to 0.68 (OM), with only pH and sand content exhibiting
strong spatial structure (ratio < 0.25). The majority of variables
showed moderate dependence with ratios exceeding 0.50, indicating
substantial short-range variability. Effective ranges varied from 144
m (pH) to 864 m (OM), with most variables showing partial
correlation within 400 to 850 m, indicating different scales of
spatial continuity. Model fits included Spherical (ECe, OM, Kav,
SQIw), Gaussian (pH, Pav), and Exponential (Sand) forms.

Ten-fold cross-validation indicated comparable performance
between IDW and Ordinary Kriging (Supplementary Table S4).
Although OK yielded marginally lower RMSE values for six of the
seven variables, the relative improvement was minimal (ranging
from 2% to 10%), with absolute differences remaining below 7%
across all soil properties. Overall, both interpolation methods
demonstrated low predictive capacity (R* < 0.30) and negligible
systematic bias (|ME| < 4), indicating that neither the deterministic
nor the geostatistical approach could adequately capture the short-
range variability observed in the dataset. Consequently, given that
Ordinary Kriging offered only a negligible improvement in RMSE
while requiring complex stationarity assumptions not fully
supported by the weak spatial structure, Inverse Distance
Weighting (IDW) was selected as the final interpolation method.
IDW was preferred for its ability to preserve local extreme values
(hotspots) of salinity and organic matter without the smoothing
effect typical of Kriging, providing a more conservative
representation for management decisions in this highly
heterogeneous system.

Spatial interpolation (Figure 4) reveals distinct soil patterns.
Salinity (ECe) peaks (16.0-25.0 dS m™) in the southern and central-
eastern sectors, while strongly salinity (8.0-16.0 dS m™") extends
across much of the east. These areas generally correspond to pH
values of 7.3-7.7. Sand content is highest in the central-northern
sector (50.0-70.0%), whereas the western zone shows finer textures
(20.0-50.0%). Organic matter (OM) is critically low (< 1.0%) across
almost the entire study area, with only small localized patches
exceeding 1.5%. Nutrient availability shows contrasting patterns:
Available phosphorus (Pav) reaches its highest levels (> 45.0 mg kg
') in the southeastern and western margins, while central areas
remain moderate (30.0-45.0 mg kg™'). Available potassium (Kav)
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exhibits a scattered distribution, dominated by intermediate
concentrations (200.0-300.0 mg kg') with localized hotspots
above 300 mg kg'. A detailed summary of the area distribution
of these soil parameters is provided in the Supplementary Material
(Supplementary Table S5).

Integrating these layers, the final SQIw map (Figure 5)
delineates a clear quality zoning. In terms of surface area, the
model identified that 46.22% of the irrigation scheme faces severe
limitations (comprising 1.26% “Very Poor” and 44.96% “Poor”),
primarily concentrated in the southern and eastern sectors.
Interestingly, the area classified as “Acceptable” dominates the
landscape (51.49%), acting as a broad transition zone. In contrast,
“Good” quality soils are scarce (2.28%), restricted to isolated
pockets scattered across the western and northeastern zones. This
spatial assessment reveals a crucial insight: while 15.6% of the
sampling points were “Very Poor”, this extreme condition covers
only 1.26% of the total interpolated area. This suggests that the most
severe degradation occurs in localized hotspots, whereas the “Poor”
and “Acceptable” conditions are far more extensive and continuous.

3.5 Requirements for soil management

Evaluations of the SQIw in the Bella Union district revealed
pronounced variability in organic matter (OM), available
phosphorus (Pav), available potassium (Kav), recommended
fertilization rates, and compost amendment requirements. Site-
specific requirements were estimated according to the established
SQIw categories, allowing differentiated fertilization strategies for
soils classified as “Very Poor”, “Poor”, “Acceptable”, “Good”, and
“Optimal”. Soils classified in the degraded strata (“Very Poor” and
“Poor”), characterized by critical OM levels (< 0.80%) and low
nutrient availability, required the highest input levels. For the
“Poor” category, inputs included ammonium sulfate (up to 559.27
kg ha'), monoammonium phosphate (up to 146.32 kg ha™),
potassium sulfate (up to 381.75 kg ha™), and compost (up to
15.61 t ha™'). As soil quality improved to “Acceptable” and
“Good”, the requirements for monoammonium phosphate—and
particularly potassium sulfate and compost—decreased
substantially, reaching 0 t ha™ in the Optimal quality soils.
Detailed fertilization rates and compost requirements for each
SQIw class are provided in Supplementary Table S6.
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Spatial distribution of key soil indicators across the Bella Union olive orchards. Maps were generated using IDW interpolation. (a) Electrical
Conductivity (ECe), (b) pH, (c) Sand content, (d) Organic Matter (OM), (e) Available Phosphorus (Pav), and (f) Available Potassium (Kav). The color
gradients represent the variability of each parameter, with specific classification thresholds detailed in the legend.

4 Discussions

4.1 Variability and main soil constraints

Soils in Bella Union showed typical constraints of irrigated arid
zones: slightly alkaline pH, low OM, and high ECe. The slightly
alkaline pH (7.62 + 0.22) is consistent with reports from calcareous
soils in other arid regions, such as the Dakhla Oasis in Egypt and
northeastern Iran (56, 57). This factor can reduce the availability of
essential micronutrients such as Fe, Zn, and Mn (58).

Regarding salinity, the high mean ECe (10.59 + 7.35 dS m™")
represents the primary constraint, as it can reduce water uptake
capacity of roots and lead to toxicity from excessive salt
accumulation in plant tissues (59, 60). While values greater than
42 dS m™ can reduce olive yield from 10-50% (8, 61), the
predominant “Sevillana” variety is considered moderately tolerant
which mitigate productive losses compared to sensitive cultivars
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(62, 63). The reliability of this diagnosis is supported by the sensitive
analysis, which confirmed that the texture-based conversion
uncertainty (£ 2.09 dS m™') does not alter the structural
classification of the valley as saline.

The high variability of ECe (CV = 69%) suggests differential salt
accumulation processes, likely associated with heterogeneity of
groundwater used for irrigation (64). The geostatistical analysis
provided further insights, revealing that this heterogeneity is
spatially structured rather than random (I = 0.196, p < 0.05). The
predominant moderate spatial dependence suggests that salt
accumulation is governed by a complex interaction between
intrinsic factors and extrinsic practices, likely associated with the
heterogeneity of groundwater used for irrigation. This pattern of
spatial heterogeneity is characteristic of irrigated arid oases. For
instance, in the Werigan-Kugqa oasis in China, ECe ranged from
0.079 to 143.4 dS m!, with a CV of 119 % (65). Similarly,
pronounced spatial heterogeneity was observed in the Dakhla
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Spatial distribution map of the Soil Quality Index (SQlw) within the study area.
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Oasis, Egypt, with a CV of 142.8 % and values ranging from 2.3 to
165.8 dS m™ (56).

Finally, the low OM content (mean 0.95%) highlights the
fragility of these arid soils, since OM supports aggregate stability,
water retention, nutrient storage, and microbial activity (66, 67).
The high variability observed (CV = 56%) may result from
differentiated management practices and a scarcity of OM
sources. The OM values (0.50-3.10%) are similar to those
reported for other arid soils in southern coastal Peru (0.31-
2.41% (68);).

4.2 Interactions between soil properties
and fertility

The correlation matrix showed relationships that reflect
fundamental edaphic processes. The negative correlation between
soil ECe and clay content (p = —0.51) could be explained by the
accumulation of salts, particularly sodium, from poor-quality
groundwater irrigation (69). Such conditions promote clay
dispersion and pore clogging (70), hindering effective salt
leaching. From a soil fertility perspective, identifying the
predominant salts is crucial, as an excess of certain ions can lead
to nutritional imbalances, such as high potassium-to-calcium ratios
(71). Regarding soil pH, the observed negative trend with available
P (p = —0.24) is consistent with literature: in alkaline soils, P
precipitates with cations (Ca**, Mg*") forming sparingly soluble
phosphates (72, 73).

Conversely, OM enhances K availability (p = 0.48) by fixation
and promoting solubilization for plant uptake (74, 75). However,
OM content declines as sand percentage increases (p = -0.46) due
to two factors: higher aeration accelerating decomposition, and the
lack of fine particles to physically protect organic compounds (1).
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Similarly, coarse textures compromise nutrient retention,
accounting for the inverse link between sand and both phosphorus
(p = -0.38) and potassium (p = -0.63). This texture-driven porosity
facilitates significant nutrient losses via leaching or runoff (76, 77).
Collectively, results confirm that while pH and salinity are significant
stressors, soil texture acts as the primary regulator for organic matter
and macronutrient availability in the study area.

4.3 Selection of key indicators and
application of the soil quality index

The Principal Component Analysis (PCA) summarized the
multivariate structure of the dataset effectively, capturing more
than 76% of the total variability in only three dimensions. This
reduction indicates that the selected indicators adequately represent
the functional attributes of the Bella Union soils.

Variable clustering reveals the agroecosystem’s governing
processes. The association of Sand, OM, and macronutrients (Pav,
Kav) in the first component (PC1) statistically validates the strong
dependence of fertility on soil texture, a characteristic mechanism in
arid lands where coarse fractions limit organic carbon retention and
nutrient cation storage. Meanwhile, the isolation of pH (PC2) and
Salinity (PC3) into orthogonal components highlights them as
distinct chemical stressors independent of general fertility. These
findings align with research in similar arid environments, where
texture regulates water-nutrient dynamics while pH and ECe act as
the primary abiotic constraints in the soil profile (78).

This selection is further supported by global literature
identifying OM and pH as universal indicators, followed by Pav
and Kav (79). Ultimately, this approach balances statistical
objectivity with practical relevance, offering a tool consistent with
studies in Asian and African arid systems (80, 81).
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The weighted Soil Quality Index (SQIw) highlighted severe
limitations, classifying near 46% of the area as “Poor” or “Very
Poor”. Although 51.5% fell into the “Acceptable” category, only
2.3% achieved “Good” status, with “Optimal” areas being negligible
(< 0.1%). These results indicate that despite the soil pH being within
the optimal range for olive cultivation (7-8) and the high
availability of P and K (41), the high overall salinity exerts an
overriding constraint on soil quality.

The agronomic application of the SQIw is direct: given that nearly
half of the area faces salinity-driven degradation (“Poor” category),
management strategies must prioritize mitigation over mere
fertilization. Since the index confirms salinity as the primary limiting
factor, fertilizers with high salt index, such as potassium chloride, must
be strictly avoided to prevent further soil salinization (82). Although
replacing crops with salt-tolerant varieties and increasing irrigation
frequency are theoretical alternatives (83), the water scarcity from May
to December renders high-frequency irrigation unfeasible, reinforcing
the need for precise input management to sustain the “Acceptable”
areas and rehabilitate the “Poor” zones.

To contextualize the magnitude of long-term soil rehabilitation,
we referenced the amount of compost needed to raise OM to the
minimum target of 1% in deficient soils. Given the substantial
quantities (60.56 — 319.35 t ha™), this should be viewed as a long-
term guideline requiring gradual application and monitoring, rather
than an immediate fix.

4.4 Practical implications: site-specific
management of nitrogen, phosphorus, and
potassium fertilization in saline soils of
Bella Union

In Bella Union, 51.49% of agricultural soils are classified as
“Acceptable” quality. These soils are at risk of declining to “Poor”
due to high salinity, alkalinity, and low organic matter (OM) (84,
85). Low OM is critical as it provides most soil N, reinforcing the
need for organic amendments such as compost, stabilized manures,
and green manures (86, 87). Mineral N should be applied in split
doses to reduce losses through leaching and volatilization, especially
in sandy soils (84, 88).

Potassium (K) management is essential under saline conditions.
Increasing the K*/Na" ratio and foliar K supports osmoregulation
and photosynthesis in olives (89). Although Kav in the area is
moderate, fertilization is critical in sandy, low-OM zones (90).

Phosphorus (P) availability is limited by alkalinity and excess
Ca’", forming insoluble compounds (90). Measured Pav does not
always reflect the fraction available to plants. Foliar P of 0.1-0.3% is
considered adequate; values below 0.1% limit flowering and fruit set
(91, 92). Highly soluble P fertilizers (MAP or phosphoric acid) and
organic amendments improve P bioavailability (86, 87, 93).

The SQIw results confirm that salinity is the dominant
constraint in Bella Union, particularly in the zones where ECe
exceeds 8 dS m™. The consistently low OM values further limit
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nutrient retention and soil functioning. Under these conditions,
management should focus on avoiding high-salt-index fertilizers
and gradually incorporating low-EC organic amendments. Because
these constraints vary spatially, fertilization strategies should follow
the SQIw classes rather than uniform field-wide recommendations.

5 Conclusions

Soils in Bella Union exhibit typical limitations of irrigated arid
lands, particularly elevated salinity, low organic matter, and coarse
textures, all of which constrain soil functional capacity. The selected
indicators (sand, ECe, pH, OM, Pav, and Kav) integrated into the
SQIw allowed for a clear differentiation of soil quality across the
landscape, with most of the area falling within the “Poor” and
“Acceptable” classes. These results establish a quantitative baseline
for monitoring changes in soil quality over time.

The strong spatial variability observed in salinity and organic
matter indicates that soil management should be tailored to local
conditions rather than implemented uniformly. However, the
present dataset provides only a partial view of the agronomic
constraints. A complete assessment of soil suitability will require
additional analyses, particularly of exchangeable bases, soluble ion
composition, and irrigation water quality, which directly influence
salinity dynamics and crop performance. In addition, the estimation
of ECe from ECI:5 provides only an approximate measure of
salinity status, and future work should incorporate direct
saturated paste extractions to improve diagnostic accuracy in
highly variable soils.

Overall, this study presents an initial characterization of soil
quality in the olive-growing areas of Bella Union and highlights
priority areas for intervention, but site-specific management
strategies should be refined through future work that incorporates
sodicity parameters, water quality assessments, and crop response
evaluations under local production conditions.
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