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The drip irrigation paradox in
an arid irrigated system: a soil
quality index reveals secondary
salinization and nutrient
accumulation in Southern Peru

Russell Poma-Chamana*, Cesar Vilca-Gamarra,
Elick Cama-Moreno and Pilar Gomez-Campos

Direccion de Servicios Estratégicos Agrarios, Estacion Experimental Agraria de Arequipa, Instituto
Nacional de Innovacion Agraria (INIA), Calle Saco Oliveros N° 402 - Cerro July, Arequipa,
Arequipa, Peru

In arid regions, the conversion of deserts into agricultural land through irrigation is
critical for food security but may intensify soil salinization processes. In this
context, integrated and spatial soil quality assessment is essential for guiding
sustainable management strategies. In this study, we developed a spatially explicit
weighted Soil Quality Index (SQlw) and evaluated the effects of irrigation system
(drip vs. surface) on soil salinity and fertility within an emerging irrigation scheme
in the Peruvian coastal desert. A total of 930 composite soil samples (0—20 cm
depth), each composed of 10 subsamples collected within 1-ha parcels, were
analyzed for texture, pH, electrical conductivity (EC1:5), organic matter (OM),
available phosphorus (Pav), available potassium (Kav), exchangeable sodium
(exNa), and carbonates. Principal Component Analysis identified a Minimal Data
Set (sand, EC1:5, Kav, OM, pH) explaining 76.8% of the total variance. Indicators
were transformed into dimensionless scores (0.1-1.0) using threshold-based
scoring functions and weighted according to PCA-derived communalities.
Spatial patterns were characterized using semivariogram modeling and
Ordinary Kriging, with 10-fold cross-validation confirming unbiased spatial pre-
dictions (ME = 0; RMSE = 0.100), though the coefficient of determination
remained limited (R?> = 0.246), consistent with the moderate nugget effects
observed across soil properties. The SQIw revealed that 46.7% of the interpolated
area fell into the "Poor” category, primarily associated with high salinity areas
(EC1:5 > 8 dS m™) and the predominance of coarse-textured soils, whereas the
“Acceptable” category accounted for 53.1% of the evaluated area. Additionally,
soils under drip irrigation were associated with significantly higher EC, Kav, and
Pav values than surface irrigation, consistent with inadequate leaching fractions,
though differences in land development age and management history among
sampled fields should be considered when interpreting these results. The SQlw
effectively discriminated spatial gradients of soil quality, demonstrating that
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management-induced improvements remain constrained by inherent edaphic
limitations. In naturally saline soils, drip irrigation without specific management
practices (e.g., salt leaching) poses a risk of secondary salinization. The proposed
methodological framework provides a data-driven tool to support differentiated
soil management in arid regions worldwide.

KEYWORDS

arid zones, drip irrigation, geostatistics, ordinary kriging, soil quality index, soil
salinity, spatial soil variability

1 Introduction

Soil quality evaluation using integrated indices constitutes an
essential tool for diagnosing and sustainably managing
agroecosystems, particularly in arid zones where salinization threat-
ens agricultural productivity (1, 2). Soil quality indices (SQI)
synthesize multiple indicators into an interpretable metric, facili-
tating comparisons among assessment methods and additionally
supporting more efficient management decisions (3). However, the
development of robust SQIs in irrigated saline soils remains
challenging due to the pronounced spatial heterogeneity of salinity
and fertility-related attributes.

Under arid and semi-arid conditions, particularly in areas with
limited natural drainage, soil salts accumulation is favored by the
input of salts through irrigation water, the weathering of soils
minerals, and decomposition of organic matter. The relative impor-
tance of these processes depends on soil type, climate and agricultural
management practices (4). Under such conditions, soil salinity shows
strong spatial variability driven by differences in groundwater depth,
drainage, irrigation system, microtopography, and soil texture (5, 6).
This heterogeneity hinders the selection of sensitive indicators and
the definition of consistent thresholds, thereby limiting the transfer-
ability and robustness of SQIs across management systems (7, 8).

The irrigation system plays a central role in the redistribution of
salts and nutrients within the soil profile (9). Despite its high-water
use-efficiency, drip irrigation wets a limited soil volume and favors
salt accumulations at the margins of the wetted bulb and soil
surface, thus requiring periodic leaching to prevent progressive
salinization (10, 11). In contrast, surface irrigation methods (flood-
ing, border strips or furrows) generate broader wetting fronts that
displace salts to deeper soil layers. This temporarily reduces surface
salinity, although reconcentration processes may occur under
inadequate management (12). These contrasting mechanisms con-
tribute to the development of differentiated spatial patterns of soil
salinity and fertility.

Geostatistical approaches integrated with multivariate analysis
provide an effective framework to address this complexity, enabling
the identification of spatial patterns of soil degradation and the
selection of indicators that are highly sensitive to management-
induced changes (13, 14). Previous studies indicate that PCA-based
soil quality indices (SQIs) effectively discriminate different levels of
soil quality under contrasting management practices, and that their
integration with GIS allows for accurate and efficient spatial
assessment of soil quality (15). In saline soils, electrical conductivity,
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sodicity-related variables, and nutrient availability consistently
emerge as the main factors explaining variability in soil quality (16).

Recent applications in arid regions confirm the potential of SQIs
to assess soil degradation and recovery processes. In northwestern
China, long-term studies have shown that drip irrigation combined
with mulching improves soil quality by 28-74%, although more than
a decade is required for significant changes to stabilize (17). Likewise
(18), demonstrated that the implementation of an SQI under irrigated
conditions enabled the identification of salinity-sensitive indicators
and the determination of thresholds beyond which accelerated soil
degradation begins. In India (19), showed that salinity and sodicity—
reflected by electrical conductivity (EC) and exchangeable sodium—
constitute the main factors structuring SQIs in irrigated systems.
Similarly, in the Songnen Plain (20), reported that EC, total salt
content, and the sodium adsorption ratio (SAR) explain most of the
edaphic variability in saline-sodic soils, confirming salinity as the
dominant component driving soil degradation processes.

However, most of these studies were conducted in settings
where salinization is gradual and secondary, rather than in soils
that are inherently saline and subjected to heterogeneous manage-
ment practices prior to the implementation of irrigation. Moreover,
comparisons between irrigation systems regarding their effects on
soil quality indicators remain poorly documented in arid
agroecosystems of South America.

Consequently, the Santa Rita de Siguas irrigation scheme, in
southern Peru, serves as a representative case, in which the incorpo-
ration of arid desert lands into agriculture has progressively increased
since the arrival of irrigation water in 1934. One of the earliest studies
conducted in 1974 reported 1,492 ha of agricultural land, of which
84% exhibited electrical conductivity values below 4 dS m™ while 16%
showed values between 10 and 30 dSm™ (21). Currently, the irrigated
area covers approximately 3,200 ha (22), implying the progressive
incorporation of new desert lands into agricultural production. This
expansion has occurred under uneven adoption of management
practices, such as irrigation system, subsoiling, tillage methods, salt
leaching, organic matter incorporation, irrigation frequency, and
established crops selection. As a result, the irrigation scheme has
likely evolved into an edaphic mosaic characterized by contrasts in
physicochemical soil properties.

In this context, the objective of this study was to develop a
spatially explicit weighted soil quality index (SQIw) and to evaluate
the effects of contrasting irrigation systems (drip and surface) on
soil salinity and fertility within an emerging irrigation scheme in the
Peruvian coastal desert.
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2 Materials and methods
2.1 Study area

The study was conducted in agricultural areas within the Santa
Rita de Siguas irrigation scheme, located in the district of Santa Rita
de Siguas, province and department of Arequipa, southern Peru.
The irrigation scheme extends between latitudes 16°27'41.8"S - 16°
33'53.1"S, and longitudes 72°03'57.6"W and 72°10'17.9"W, at a
mean elevation of 1,275 m above sea level (Figure 1). By 1974, the
irrigated area covered approximately 1,492 ha (21) whereas it
currently encompasses a total agricultural area of 3,235 ha (22).
Soil sampling sites were selected within this area. The irrigation
scheme is located on a high alluvial plain adjacent to the Siguas
River valley, characterized by flat to gently sloping relief (1-2%) and
soils developed on moderately coarse- to coarse-textured alluvial
deposits (21). The study area exhibits arid climatic conditions, with
a mean annual precipitation of 0.11 mm, calculated based on
historical records from (23).

This scheme supports a diversified agricultural production
system. At the sampling time, prickly pear (Opuntia ficus-indica),
cultivated primarily for cochineal (Dactylopius coccus) production,
was the dominant crop, accounting for approximately 40% of the
sampled sites; other crops included forage maize, alfalfa, quinoa,
onion, potato, garlic, and paprika pepper. Two irrigation systems
coexist within the scheme: drip irrigation, predominantly used for
prickly pear and vegetable crops, and surface irrigation, which
comprises furrow irrigation for row crops and flood or border
irrigation for alfalfa. Surface irrigation does not represent a homo-
geneous practice, varying according to crop type and rotation stage,
as alfalfa is introduced as part of short-term rotations of approxi-
mately 1-2 years following annual crops. Although detailed irrigation
management information (e.g., irrigation frequency, applied water
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depth, drainage conditions, and leaching fraction) was not systemat-
ically recorded during sampling, this characterization reflects the
dominant irrigation practices under local farming conditions.

2.2 Soil sampling and laboratory analysis

A total of 930 composite soil samples were collected between
June and December 2024 from 1-ha parcels randomly distributed
across the study area to capture spatial heterogeneity (Figure 1).
Parcel selection was based on voluntary farmer participation and
field access authorization. Within each parcel, a systematic zig-zag
pattern was employed to account for within-field variability (24).
Soil samples were collected at 0-20 cm depth using a spade. Ten
subsamples per site, within the recommended range of 4-16
subsamples (25), were collected and thoroughly homogenized in
clean, non-galvanized containers. From the homogenized mixture,
a composite sample of approximately 1.0 kg was taken. Samples
were double-bagged in plastic, labeled with unique identifiers, and
georeferenced using a handheld GPS. Although designated for 1-ha
composite samples, the irregular parcel geometry resulted in a non-
regular sampling grid with a minimum distance of 40 m between
adjacent points.

Samples were analyzed at the Soil, Water and Foliar Laboratory
Network of the National Institute of Agrarian Innovation
(LABSAF-INTA). Analytical protocols were 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 International Organization for
Standardization (26). The variables analyzed included the following
parameters and reference methodologies: sand, silt and clay content
by the Bouyoucos hydrometer method (27); pH measured in a 1:1
soil-water suspension according to the United States Environmental
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Protection Agency method (28); electrical conductivity in a 1:5 soil-
water extract (EC1:5) (29); organic matter (OM) by the Walkley-
Black oxidation method; available phosphorus (Pav) by the Olsen
method; available potassium (Kav) by 1IN ammonium acetate
extraction; and calcium carbonate (CCE) via acid neutralization
(27). Although ECe is the standard for salinity assessment, EC1:5
was measured given its suitability for large-scale laboratory opera-
tions; the conversion procedure to ECe values is addressed in the
(Supplementary Method S1).

2.3 Soil quality index development

The development of the weighted soil quality index (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
the weighted index.

2.3.1 Minimum data set selection

To minimize data redundancy and identify the most represen-
tative 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.

Complementary to this redundancy screening, a principal
component analysis (PCA) was performed on the standardized
TDS to quantify the explanatory power of the remaining candidates.
Prior to analysis, variables with skewed distributions were log-
transformed. The selection of the final MDS indicators was gov-
erned by a multi-criteria approach: (i) retention of principal
components (PCs) with eigenvalues > 1 (Kaiser criterion), while
aiming to explain at least 60% of cumulative variance; (ii) selection
of variables with high factor loadings (absolute value > 0.60) within
each retained PC; and (iii) exclusion of variables with low aggregate
communality (< 0.60) in the global model, as they indicate a weak
representation of the dataset’s total variance.

Following the definition of the MDS indicators, a second
specific PCA was executed exclusively on this subset to determine
the final weighting factors W, This re-analysis ensures that the
weights accurately reflect the relative contribution of each selected
indicator’s communality within the reduced index, calculated
according to (Equation 1):

G
3

where C; is the variable’s communality in the specific MDS-

Wi (1)

PCA, and > C is the sum of communalities of all indicators
included in the MDS.
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2.3.2 Indicator scoring functions

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 signif-
icantly penalize the final score without assigning a zero value,
thereby acknowledging that even degraded soils retain a baseline
functional capacity.

Critical thresholds (x; and x,) were defined using a hybrid
approach, integrating agronomic criteria with the data distribution
of soil properties observed in the study area. Thresholds for pH and
sand content were aligned with USDA guidelines (30). Specifically,
optimal ranges were defined for neutral pH (6.6-7.3) and loamy
textures (< 50% sand), whereas severe limitations were assigned to
strongly acidic/alkaline conditions and sandy classes (> 85%) due to
chemical constraints and low water-holding capacity. Conversely,
thresholds for salinity and fertility indicators were anchored to the
dataset’s statistical distribution to reflect local pedoclimatic variabil-
ity. For electrical conductivity (ECI1:5), the upper threshold (x,) was
set at 1.0 dS m™, corresponding to approximately the 20th percentile
of the observed distribution. Using the texture-based conversion
factor (CF = 10.2 + 1.2; R? = 0.83) derived from (31), this threshold
corresponds to an equivalent ECe of ~10.2 dS m™', which exceeds the
tolerance threshold of the most salinity-sensitive crops present in the
scheme. A sensitivity analysis of the EC1:5-to-ECe conversion and its
propagated uncertainty is provided in Supplementary Figure 1 and
Supplementary Table 2. Organic matter thresholds were anchored to
the minimum observed value to normalize scores against the inherent
scarcity of carbon in arid soils. For Kav, a full-range relative scoring
was applied, following (32), with thresholds aligned to the minimum
and maximum values to maximize discrimination between nutrient-
depleted and enriched soils.

After establishing thresholds, indicators were standardized
using linear scoring methods to assign a score to each variable,
following the principles described by (33). The indicators were
transformed according to their functional influence on soil quality.
The “More is Better” (MB) function (Equation 2) was applied to
OM and Kav as their availability correlate positively with soil
fertility and nutrient status. The “Less is Better” (LB) function
(Equation 3) was adopted for EC1:5 and sand content as excessive
values negatively impact soil quality. For pH, which exhibits a
unimodal (optimal range) response, the “Optimal Range” (OR)
function (Equation 4) was developed to penalize deviations from
the ideal range in both directions. The specific scoring functions
and threshold values assigned to each indicator are summarized in
Table 1.

0.1, x £ x

M(x) = 0.1+0.9(;;’;1l ), x1< x < X% (2)
1, x =2 x,
1, x £ x

L(x) = 1—0.9()21’2] ), X< x < X (3)

0.1, x =2 x,
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TABLE 1 Scoring functions and threshold values for soil quality indicators.

10.3389/fs0il.2026.1789869

Indicator Function Lower Upper Optimal
threshold (x4) threshold (x») ranges

pH - OR 55 8.4 6.6-73

ECL:5 dSm™ LB 0.0 1.0 -

oM % MB 05 2.0 -

Kav mg kg™ MB 57.0 700.0 -

Sand % LB 50.0 85.0 -

OP, optimal range; LB, the lower, the better; MB, the more, the better.

0.1+0.9(f:’;t , x< x < L
Ox) = I, L <x<U (4)

0.1+O.9()’c‘22:2‘]), U< x £ x,

Where x is the measured value; x, and x, denote the lower and
upper thresholds, respectively; and L and U represent the lower and
upper bounds of the optimal range.

2.3.3 Weight assignment and SQlw calculation

The SQIw was computed using the weighted additive approach
(Equation 5):

n

SQI, = ZIWiNi (5)
where 1 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, based on
the index ranges utilized by (34). 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”.

The weighted additive approach assumes compensatory rela-
tionships among indicators, where high scores in one variable can
offset low scores in another. However, this assumption may lead to
agronomically unrealistic classifications when critical constraints
(such as extreme salinity) are partially masked by favorable values
of other indicators. To address this limitation, a penalty factor of 0.7
was applied to samples exhibiting any indicator score < 0.1,
ensuring that soils with severe limitations are appropriately down-
graded regardless of their performance in other attributes.

2.4 Geostatistical analysis
2.4.1 Spatial autocorrelation

Prior to spatial interpolation, an exploratory spatial data anal-
ysis (ESDA) was conducted to characterize the spatial structure of
soil properties and guide the selection of the most appropriate
interpolation method. The global spatial autocorrelation was eval-
uated for the SQIw and all selected soil indicators using Moran’s I
index (Equation 6) to test the null hypothesis of spatial randomness
(35, 36). This index 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 o = 0.05.

Frontiers in Soil Science

n '22112}’:1%(%—5’)0’1—?)
S Shoi-y)

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

Moran's I =

(6)

representing the degree of connection between neighboring samples
i and j, y; is the sampled value at location 7, and  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.

2.4.2 Semivariogram modeling and ordinary
kriging

Experimental semivariograms y(h) were computed to quantify
the spatial dependence structure of each soil variable according to
(Equation 7):

m=- L N1zt - 2+ WP
¥( )_WZ[ (x;) = Z(x; + h)] (7)

where N(h) is the number of data pairs separated by a lag
distance h, and Z(x;) is the measured value at location x;.

Prior to semivariogram analysis, variables exhibiting skewed distri-
butions (EC15, OM, and Pav) were log-transformed to stabilize
variance. Experimental semivariograms were computed using a lag
distance (width) of 50 m, consistent with the minimum inter-point
distance of the sampling grid (~40 m), and a maximum cutoff distance
of 3500 m. Theoretical models (Spherical, Exponential, or Gaussian)
were fitted to the experimental semivariograms based on the minimi-
zation of the Sum of Squared Errors (SSE). The degree of spatial
dependence was classified using the nugget-to-sill ratio (Co/(Cy + C))
following (37): strong (< 0.25), moderate (0.25-0.75), and weak (> 0.75).

Ordinary Kriging (OK) was employed for spatial interpolation
onto a 10 m resolution grid. This pixel size was selected for carto-
graphic presentation purposes, to produce visually continuous inter-
polated surfaces, and does not imply that the spatial model resolves
variability at that scale. The effective spatial resolution of the predictions
is governed by the semivariogram parameters described above.

For log-transformed variables, predictions were back-trans-
formed to the original scale using a bias-corrected lognormal back-
transformation to avoid the underestimation associated with simple
exponentiation (38). The SQIw was calculated using the interpolated
raster layers of the MDS indicators. Cartographic representation and
map production were performed in QGIS v.3.40.6 (39).
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2.4.3 Cross-validation

To objectively assess interpolation performance, Ordinary
Kriging (OK) was evaluated using 10-fold cross-validation. The
dataset was randomly partitioned into 10 subsets; in each iteration,
one subset was reserved for validation while the remaining nine
were used for spatial prediction using the previously fitted
variogram model.

Predictive accuracy was quantified using four statistical metrics:
root mean square error (RMSE, Equation 8), mean absolute error
(MAE, Equation 9), mean error (ME, Equation 10), and coefficient
of determination (RZ, Equation 11), calculated as:

RMSE =\ [ 3=, ®)
i=1
1 n
MAE =—>|y; = yil )
ni:
ME =23 (-5 (10)
ni:
n ~ N2
R =1 —721;1(”_)1")2 (11)
21:1()’1'—)’)

where 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.

Optimal predictive performance is indicated by minimized
RMSE and MAE, and an ME value near zero indicating unbiased
predictions. The R* is reported as a complementary descriptor of the
observed-predicted association; however, due to the inherent
smoothing effect of Ordinary Kriging, predicted values tend to regress
toward the mean, which may constrain the observed-predicted
variance and yield R* values that may not fully reflect the predictive
capacity of the interpolation. All validation metrics were computed in
original measurement units; for log-transformed variables (EC1:5 and
OM), cross-validation predictions were back-transformed using bias-
corrected lognormal back-transformation prior to metric calculation.

2.5 Effect of irrigation system

As described in Section 2.1, two irrigation systems were iden-
tified within the scheme: drip irrigation (n = 782) and surface
irrigation (n = 148), representing 84.1% and 15.9% of the sampled
parcels, respectively. Based on the 1-ha composite parcel design,
these figures correspond to an estimated coverage of approximately
782 ha and 148 ha for drip and surface irrigation, respectively,
though they should be interpreted as approximations given the
non-stratified nature of the sampling design.

To evaluate the influence of irrigation system on soil chemical
properties (EC1:5, Pav, and Kav), the Mann-Whitney U test was
employed. This non-parametric approach was selected due to the
non-normal distribution of the data (Kolmogorov-Smirnov,
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p < 0.05). To account for the group imbalance and provide a
standardized magnitude of differences independent of sample size,
the rank-biserial correlation (r,) was calculated as the effect size
(40). Following (41), r,, values were interpreted as negligible (<
0.10), small (0.10-0.30), medium (0.30-0.50), or large (= 0.50).
Differences were visualized using combined violin and boxplots to
facilitate the interpretation of variability and central tendency
between irrigation systems.

2.6 Statistical analysis

All statistical analyses were performed using R software v.4.4.2
(42). Prior to multivariate and geostatistical analyses, distributional
properties of soil variables were evaluated using the Kolmogorov-
Smirnov test. Variables exhibiting pronounced positive skewness
were natural log-transformed to approximate normality and stabi-
lize variance. Log-transformed values were used for Principal
Component Analysis (after z-score standardization), spatial auto-
correlation analysis, and Ordinary Kriging. Geostatistical predic-
tions were back-transformed using the bias-corrected exponential
approach to express results in original units. Conversely, descriptive
statistics, Spearman correlations, and the Mann-Whitney U test
were conducted on untransformed data, consistent with the rank-
based nature of these non-parametric methods.

Descriptive statistics were calculated using the base R functions.
Spearman rank correlations were computed using the psych package
(43) and visualized with corrplot (44). Principal Component
Analysis was implemented with FactoMineR (45). Spatial autocor-
relation (Moran’s I) was assessed using the spdep package (46),
while geostatistical modeling and kriging were performed with gstat
(47). The effect size for the Mann-Whitney U test was calculated
using the effectsize package (48), and statistical visualizations were
generated using ggstatsplot (49).

3 Results
3.1 Descriptive statistics

Descriptive analysis (Table 2) characterized the soil conditions
of the study area as predominantly sandy (mean > 70%) with an
alkaline reaction (mean pH of 7.49). These properties exhibited the
lowest spatial variability within the dataset (CV< 16%). In contrast,
Pav, EC1:5, and exNa showed severe heterogeneity (CV > 90%) and
pronounced positive skewness (> 3.0), associated with the presence
of localized accumulation “hotspots” rather than a uniform distri-
bution across the irrigation scheme. OM and CCE exhibited
moderate variability (CV ranging from 48 to 57%), while mean
values reflected the low carbon contents typical of arid
agroecosystems. Finally, the Kolmogorov-Smirnov test confirmed
that none of the variables followed a normal distribution (p < 0.05).
This pervasive lack of normality, driven by the pronounced skew-
ness of the chemical data, justifies the use of non-parametric
methods for assessing associations among variables.
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TABLE 2 Descriptive statistics and normality test results of variables in the study area (n = 930).

Variable Mean + SD Median (Q; — Q3) Range skewness K-S test
(unit) (min — max) (p-value)
pH (1:1) 7.49 + 035 7.50 (7.30 - 7.70) 4.80 - 8.60 471 -0.97 <0.001
ECI:5 (dS m™) 237 218 2.17 (0.85 - 3.08) 0.02 - 23.70 91.86 327 <0.001
OM (%) 1.19 + 0.67 1.10 (0.70 - 1.50) 0.30 - 8.50 56.64 2.66 <0001
Pav (mg kg™ 48.59 + 73.36 32,90 (17.45 - 59.98) 1.30 - 990.10 150.97 7.02 <0001 |
Kav (mg kg') 538.12 + 25398 | 513.89 (361.83 - 701.30) 57.20 - 1663.70 47.20 0.63 0.017
Sand (%) 70.15 + 11.18 72.00 (67.00 - 76.00) 7.00 - 92.00 15.94 -2.37 <0.001
Silt (%) 18.93 + 9.18 18.00 (13.00 - 22.00) 0.00 - 66.00 48.49 1.85 <0.001
Clay (%) 10.89 + 3.77 10.00 (8.00 - 13.00) 4.00 - 28.00 34.66 1.23 <0001
CCE (%) 227 +1.09 2.10 (1.50 - 3.00) 0.00 - 7.50 47.97 0.77 <0001 |
exNa (cmol kg'!) 407 +3.96 2.89 (1.94 - 4.53) 0.54 - 47.17 97.21 420 <0.001

SD, Standard Deviation; Q1, 25th percentile; Q3, 75th percentile; CV, Coefficient of Variation; K-S, Kolmogorov-Smirnov test. EC1:5, Electrical conductivity of the 1:5 soil-to-water extract; OM,
Organic Matter; Pav, available phosphorus; Kav: available potassium; CCE, calcium carbonate equivalent; exNa, exchangeable sodium.

3.2 Correlation analysis

To mitigate the influence of non-normal data distribution and to
detect multicollinearity among soil properties, Spearman’s rank
correlation coefficients (p) were calculated (Figure 2). This analysis
served as a preliminary screening step to identify redundant variables
that could be excluded from the Minimum Data Set (MDS).

The most prominent structural relationship was observed within
the physical fraction, where sand content exhibited a very strong
negative correlation with silt (p = —0.89, p< 0.001) and a weak-to-
moderate negative correlation with clay (p = —0.37, p< 0.01). To
avoid redundancy in further analysis, silt was excluded due to its high
collinearity, retaining only sand and clay from the physical fraction.

Within the group of chemical variables, EC1:5 exhibited the
highest positive correlations with both Kav and exNa (p = 0.62, p<
0.001). Furthermore, exNa also exhibited negative correlation with
the sand fraction and positive correlations with silt and CCE, the
strongest of which was with silt (p = 0.21, p< 0.001).

Conversely, fertility indicators such as OM and pH displayed
generally weak correlations with other soil properties (|p|< 0.30).
Although CCE showed a moderate inverse association with sand
content (p = —0.37), it was excluded from the final MDS in order to
prioritize pH and EC1:5 as the main chemical constraints.

3.3 PCA and MDS selection

Principal Component Analysis (PCA) was performed on the
Total Data Set (TDS) to identify the most representative indicators
and reduce data dimensionality. Prior to analysis, variables exhibiting
skewness greater than 3 (EC1:5, OM, Pav, and exNa) were log-
transformed to approximate normality and minimize the influence of
outliers. Initial assessment revealed that most variables exhibited high
communalities (> 0.60); however, Pav and exNa showed the lowest
explained variance (0.543 and 0.583, respectively) within the global
model (Table 3), and were therefore excluded as they did not meet the
minimum communality threshold. Among textural fractions, silt was
excluded on the basis of its comparatively lower communality (0.614)
within the global PCA model, the lowest among the remaining
variables, despite marginally exceeding the 0.60 threshold.
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The final Minimum Data Set (MDS) comprised five indicators:
pH, EC1:5, OM, Kav, and sand. A subsequent PCA performed
exclusively on the MDS retained three principal components ex-
plaining 76.8% of the cumulative variance (Table 4). PCI (32.1% of
variance) was dominated by EC1:5 and Kav, representing the salinity-
fertility gradient. PC2 (23.5%) captured the pH-OM relationship,
reflecting the organic matter-alkalinity interaction characteristic of
arid soils. PC3 (21.2%) was primarily loaded by sand content,
representing the textural constraint on water and nutrient retention.
All five MDS variables were associated with a dominant component
within this structure, satisfying the indicator representation criterion
established in the methods (|loading| > 0.60).

Final weighting factors derived from the MDS-specific PCA
assigned the highest influence to Sand (0.223) and EC1:5 (0.211),
followed by Kav (0.206), OM (0.181), and pH (0.180) (Table 3). This
weighting structure reflects the dominant role of textural and salinity
constraints in determining soil quality within the irrigation scheme.

3.4 Soil quality index

Based on the PCA weights, the specific Weighted Additive
Index (SQIw) was calculated for each of the 930 sampling locations
across the Santa Rita de Siguas irrigation scheme, as presented in
Equation 12:

SQI,, = 0.223 - Sgupg + 0.211 - Sgc + 0.206 - Sy, + 0.181

- Son +0.180 - Sy (12)

where §; is the scoring function value for each MDS indicator
(0.1-1).

The integration of PCA-derived weights with the penalty factor
revealed a predominantly degraded state across the sampling
locations. The resulting SQIw distribution shows that the mean
(0.408 + 0.115) marginally falls within the “Acceptable” category
while the median (0.380) remains within “Poor”, indicating that the
central tendency is concentrated near the class boundary. Moderate
spatial variability was observed (CV = 28.2%), and the high
frequency of penalized sampling points, which exceeding three-
quarters of the total, suggests that severe salinity limitations are a
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systematic rather than localized feature of the irrigation
scheme (Table 5).

This widespread degradation is characterized by moderate
spatial variability (CV = 28.2%). The penalization mechanism
played a decisive role in these results. The fact that over three-
quarters of the individual sampling points triggered this penalty
indicates that severe limitations are not isolated incidents but a
systemic feature of the study area.

TABLE 3 PCA-based communality and weighting of TDS and MDS.

Variable TDS MDS

COM Weight COM Weight
pH (1:1) 0.626 0.088 0.692 0.180
ECL:5 (dS m™) 0.792 0.112 0.805 0.211
OM (%) 0.874 0.124 0.694 0.181
Pav (mg kg'l) 0.543 0.077 - -
Kav (mg kg™) 0.674 0.095 0.792 0.206
Sand (%) 0.954 0.135 0.854 0.223
Silt (%) 0.816 0.115 - -
Clay (%) 0.614 0.087 - -
CCE (%) 0.602 0.087 - -
exNa (cmol kg™) 0.583 0.082

COM, communality; TDS, total data set; and MDS, minimum data set.
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At the individual sampling sites, salinity (EC1:5) emerged as the
primary factor driving soil degradation, acting as the dominant
constraint in the vast majority of cases. The low frequency of
“Good” and “Optimal” classifications, which together account for
less than 9% of the total samples, further highlights the limited
agronomic potential currently available in the study area. These
localized results provide the essential statistical context for the
spatial patterns examined in the following section.

3.5 Spatial analysis
3.5.1 Spatial autocorrelation

Exploratory spatial data analysis (ESDA) was conducted to char-
acterize the spatial structure of soil properties prior to interpolation.
Global Moran’s I statistics were calculated using a k-nearest neighbors
spatial weight matrix (k = 8) with row standardization (Table 6).

Global spatial analysis confirmed that all MDS indicators and
the SQIw exhibited significant clustered patterns (p < 0.001, Z-
scores ranging from 17.77 to 25.52), rejecting the hypothesis of
spatial randomness. Sand content displayed the highest clustering
index (I = 0.40), reflecting the geological continuity of alluvial
deposits. Similarly, EC1:5 and Kav showed comparable moderate
autocorrelation (I = 0.39), suggesting that salinity and potassium
distributions are driven by common management-induced pro-
cesses. In contrast, pH and the SQIw exhibited weaker clustering
(I = 0.28), indicating higher randomness at the sampling scale.

frontiersin.org



Poma-Chamana et al.

TABLE 4 PCA output for the MDS including eigenvalues, percentage of
variance explained, and factor loadings of component matrix variables.

PCs PC1 PC2 PC3 PC4 PC5
Eigenvalue 1.606 1.175 1058 | 0777 | 0.385
Variance (%) 32121 | 23493 | 21155 | 15537 | 7.694

Cumulative Variance (%) 32.121 55.614 76.769 | 92.306 | 100.000

Factor loadings for each variable

pH 0.009 —-0.764 -0.329 0.552 0.058
EC1:5 (dS m™) 0.897 0.027 -0.001 | -0.075 0.435
OM (%) -0.096 0.765 -0.315 0.548 0.079
Kav (mg kg'l) 0.887 0.062 0.051 0.163 —-0.426
Sand (%) -0.078 -0.015 0.921 0.375 0.072

Principal Components (PCs) with eigenvalues > 1.0 were retained. Bold values indicate the
dominant indicators within each PC based on absolute factor loadings > 0.60.

While these structural patterns justify the application of
geostatistical interpolation, the moderate magnitude of Moran’s I
values (< 0.50) highlights substantial short-range heterogeneity,
which may constrain prediction accuracy.

3.5.2 Semivariogram modeling

The analysis of experimental semivariograms (Figure 3) indi-
cated that only pH was best described by a Spherical model, whereas
Exponential models were fitted to all other variables, including
EC1:5, OM, Kav, Sand, and the final SQIw.

The fitted semivariogram parameters (Table 7) revealed distinct
spatial dependence patterns: EC1:5 exhibited strong spatial depen-
dence (nugget/sill< 0.25), suggesting that its spatial variability may
be largely associated with spatially structured factors operating at
fine scales. In contrast, pH, Kav, Sand, OM, and SQIw showed
moderate spatial dependence (nugget/sill ratios ranging from 0.28
to 0.44), suggesting a possible combined influence of structured
spatial variance and random local variability.

Effective ranges varied widely, reflecting different processes
governing spatial distribution. Short ranges for SQIw (260 m)
point to localized anthropogenic effects such as irrigation manage-
ment. In contrast, Sand (1,720 m) and OM (350 m) displayed
broader spatial continuity linked to pedogenic or geological factors.

3.5.3 Cross-validation performance

Ten-fold cross-validation was performed to evaluate the pre-
dictive accuracy of Ordinary Kriging (OK) interpolation (Table 8).
Validation metrics were computed in original measurement units to

10.3389/fs0il.2026.1789869

ensure practical interpretability. Results confirmed approximately
unbiased predictions across all variables (ME = 0). Predictive
association, expressed as the coefficient of determination (R?),
reflected the moderate nugget effects observed in the semivariogram
analysis, with Kav showing the strongest observed-predicted cor-
respondence and SQIw the weakest (R* = 0.246, RMSE = 0.100),
suggesting that short-range variability below the sampling spacing
limits predictive performance at point locations. The near-zero ME
values across all variables support the suitability of these models for
delineating regional soil management zones.

3.5.4 Spatial distribution of soil properties and
SQlw

Ordinary Kriging interpolation revealed distinct spatial patterns
across the irrigation scheme (Figure 4). Variables with compara-
tively low spatial variability, namely pH and organic matter, showed
largely homogeneous distributions. Soil pH was predominantly
neutral to slightly alkaline, with 71.7% of the area in the 7.3-7.7
range and only 12.9% reaching moderately alkaline conditions (7.7-
8.6). Organic matter content was consistently low across the
scheme, with 85.7% of the area falling below 1.5%, and values
exceeding 2.0% restricted to 2.99% of the total area, distributed
along the western margins.

In contrast, soil salinity and sand content exhibited more pro-
nounced spatial gradients. Soil salinity (EC1:5) showed a critical
gradient concentrated in the central and northeastern sectors, where
moderate-to-high salinity conditions (2.0-8.0 dS m™") covered 48.7% of
the area, while low-salinity soils (< 2.0 dS m™) dominated the
remaining 51%. Extreme salinity values (> 8.0 dS m™) were confined
to a negligible fraction (0.23%). Sand content followed a similarly
directional pattern, with coarse-textured soils (70-92%) covering 61.3%
of the area and finer-textured materials (< 50%) restricted to 4.2%.

Available potassium showed an intermediate distribution, dom-
inated by adequate levels in the 350-700 mg kg™ range, which
accounted for 70.5% of the area, followed by high values (700-900
mg kg'!) covering 17.6%. Deficient concentrations (< 250 mg kg™)
and very high values (> 900 mg kg') were each restricted to less
than 4% of the total area, forming spatially isolated hotspots.

The spatial distribution of SQIw across the irrigation scheme
revealed a landscape dominated by intermediate quality classes
(Figure 5). Soils classified as “Poor” (0.2-0.4) accounted for 46.7%
of the interpolated area and were predominantly distributed in
sectors associated with higher salinity, while “Acceptable” soils
(0.4-0.6) covered 53.1% and formed spatially continuous transi-
tional zones. A negligible fraction (< 1%) was classified as “Good”,
confined to a narrow elongated sector in the northwestern portion

TABLE 5 Summary statistics, quality classification, and limiting factors of the penalized soil quality index (SQIw) in Santa Rita de Siguas (n = 930).

SQlw statistics Quality class n (%) Primary limiting factor n (%)
Mean + SD 0.408 + 0.115 Very Poor 1(0.1) ECL:5 714 (76.8)
Median 0.380 Poor 537 (57.7) OoM 77 (8.3)
Range 0.178 - 0.810 Acceptable 309 (33.2) Kav 71 (7.6)
CV (%) 28.2 Good 81 (8.7) Sand 55 (5.9)

Optimal 2(0.2) pH 13 (1.4)
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TABLE 6 Global Moran's | index for spatial autocorrelation of soil properties and soil quality index.

Variable Transformation Moran’s | Z-score p-value Spatial pattern
pH None 0.28 18.20 < 0.001 Clustered
ECL:5 Log 0.39 24.89 < 0.001 Clustered
oM Log 0.36 2293 < 0.001 Clustered
Kav None 0.39 24.89 < 0.001 Clustered
Sand None 0.40 25.52 < 0.001 Clustered
SQIw None 0.28 17.77 < 0.001 Clustered

of the study area. No areas reached “Very Poor” or “Optimal”
conditions, indicating the absence of extreme soil quality states
within the evaluated scheme. The areal distribution of all analyzed
edaphic variables is summarized in Supplementary Table 1.

The areal class proportions derived from the interpolated
surface differ from the sample-based statistics reported in Section
3.4, where the mean SQIw (0.408) marginally falls within the
“Acceptable” category while the median (0.380) remains within
“Poor”, suggesting that the central tendency of the point distribu-
tion is concentrated near the class boundary. This discrepancy is
consistent with the expected difference in spatial support between
point-based sample statistics and kriged areal estimates, as the
interpolated surface assigns equal spatial weight to all predicted
locations regardless of sampling density.

3.6 Irrigation system effects

Mann-Whitney U tests revealed statistically significant differ-
ences between irrigation systems for all three evaluated chemical
properties (Figure 6); however, the rank-biserial correlation indi-
cated that the practical magnitude of these differences varied
substantially across variables.

The most agronomically relevant contrasts were observed for
EC1:5 and Kav, with drip-irrigated soils exhibiting median values
approximately 318% (drip: 2.38, surface: 0.57 dS m™) and 100% (drip:
559.5, surface: 279.9 mg kg') higher than surface-irrigated soils,
respectively, both statistically significant (p< 0.001) and correspond-
ing to large effect sizes (1, = 0.573 and 0.654, respectively). These
results are consistent with the restricted wetting volume characteristic
of drip systems, which promotes salt and nutrient accumulation in
the rhizosphere in the absence of adequate leaching fractions. In
contrast, although the difference in Pav was statistically significant (p
= 0.018), the associated effect size was small (1, = 0.122), indicating
limited practical relevance despite the large total sample size.

4 Discussions

4.1 Spatial variability and general
characterization of the study area

Soil properties exhibited strong variability and non-normal
distributions, which is typical of agricultural soils at a regional
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scale. This behavior reflects the combined influence of pedogenesis,
management history, and spatial heterogeneity (37, 50).

Electrical conductivity (EC1:5), pH, carbonate content, and
organic matter (OM) exhibited distinct spatial contrasts that are
consistent with irrigated arid environments. Soil pH showed low
spatial variability (CV = 4.7%), which is consistent with the
buffering effect of carbonates and the limited leaching of base
cations under arid climatic conditions (51). In contrast, EC1:5
displayed very high variability (CV = 92%), reflecting the hetero-
geneous accumulation and redistribution of salts controlled by
irrigation water quality, leaching efficiency, and soil drainage
conditions (52, 53). Soil organic matter and carbonates exhibited
moderate to high variability (CV = 48-57%), a pattern that is typical
of arid soils subjected to contrasting management practices and
varying degrees of organic residue and calcareous amendments
(54, 55).

Available phosphorus and potassium (Pav and Kav) revealed
the strongest spatial contrasts, reflecting the superposition of
inherent edaphic conditions and a long history of heterogeneous
agricultural management. The extreme variability of Pav is consis-
tent with its low mobility and strong regulation by cumulative
fertilizer applications and fixation processes in neutral to alkaline
soils with carbonate presence. This leads to highly localized patterns
of deficiency and accumulation (56-58). In contrast, although Kav
largely reflects parent material inheritance typical of arid soils, its
partial redistribution under irrigation and differential management,
particularly in coarse-texture soils with low retention capacity,
contributes to the development of spatial gradients that are highly
relevant for site-specific nutrient management (59, 60).

Textural fractions showed moderate variability and strong
interdependence. Because soil texture governs water retention,
nutrient dynamics, and solute transport (51, 61), the inverse
relationships among sand, silt, and clay suggest that their simulta-
neous inclusion in soil quality indices may be redundant. This
supports the need for dimensionality reduction prior to SQI
construction (62, 63).

4.2 Soil property correlations and their
implications for soil quality index
development

The Spearman correlation matrix (Figure 2) revealed statisti-

cally significant relationships (p < 0.01) among soil physicochemical
properties, enabling the identification of redundant variables and
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FIGURE 3

Experimental semivariograms and fitted theoretical models for selected soil quality indicators. Points represent the experimental semivariance values
y(h), while solid lines depict the best-fitted theoretical models (exponential or spherical) used for ordinary kriging interpolation. Data for EC and OM
are log-transformed.

the selection of representative indicators for the weighted soil Correlations among textural fractions (sand, silt, and clay) reflect
quality index (SQIw) construction. Preliminary screening of indi-  well-established pedological relationships associated with the control of
cators through correlation analysis ensures that the SQIw captures  water retention and nutrient dynamics (61). In particular, the strong
key soil processes without redundancy (1). negative correlations between sand and fine fractions confirm their

TABLE 7 Best-fitted semivariogram models and geostatistical parameters for soil properties and soil quality index (SQlw).

Variable Transformation Model Structural

(®)
pH None Sph 0.054 0.069 0.123 633 0.44 Moderate
ECL:5 Log Exp 0.242 0.801 1.043 341 0.23 Strong
OM Log Exp 0.109 0.142 0.251 350 0.43 Moderate
Kav None Exp 16796.674 43875.592 60672.266 404 0.28 Moderate
Sand None Exp 47.204 87.807 135.011 1720 0.35 Moderate
SQIw None Exp 0.005 0.008 0.013 260 0.4 Moderate

Variables with skewed distributions were log-transformed prior to geostatistical analysis. Co, Nugget effect; C, Structural variance; Range, Effective range of spatial dependence; SD Ratio, Spatial
Dependence Ratio (Cy/(Cy + C)), classified as Strong (< 0.25), Moderate (0.25 - 0.75), or Weak (> 0.75) following (37). Exp, Exponential; Sph, Spherical.
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TABLE 8 Cross-validation results of ordinary kriging interpolation for soil
properties and soil quality index (SQlw).

Property  Transformation RMSE MAE ME R?
pH None 0.299 0212 | -0.001 | 0.282
EC15 Log 1.833 1164 | -0.272 | 0.290
oM Log 0.547 0374 | -0.018 | 0.340
Kav None 194.035 | 143.856 = 1.861 | 0.416
Sand None 8.750 5692 | -0.053 | 0.387
SQIw None 0.100 0.075 | 0.000 | 0.246

Validation statistics calculated on prediction data in original units (back-transformed for Log
models). RMSE, Root Mean Square Error; MAE, Mean Absolute Error; ME, Mean Error
(Bias); R?, Coefficient of Determination. Transformation indicates the scale used for
semivariogram modeling.

mutually exclusive nature and suggest partial redundancy, thereby
justifying their screening during the selection of the minimum data set
(MDS) for the SQIw construction (64).
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Significant associations between EC1:5 and other chemical and
textural properties indicate that salinity acts as an integrative
indicator of edaphic processes related to salt accumulation and its
interaction with the soil matrix (65). Owing to its high sensitivity to
changes in soil chemical conditions, EC1:5 is considered a key
variable in soil quality assessments (64). However, its simultaneous
inclusion with strongly correlated variables should be carefully
evaluated to avoid overrepresentation within the SQIw.

Positive correlations between nutrients such as Pav and Kav
reflect soil accumulation processes and chemical availability. This is
consistent with the behavior observed in inorganic phosphorus
pools and plant phosphorus-use efficiency, as reported in soil
quality studies (66). In this context, multivariate analysis enables
the identification of the most representative soil variables, thereby
avoiding the simultaneous inclusion of strongly correlated proper-
ties in the calculation of the soil quality index (15).

Soil organic matter reflects the integration of multiple soil
functions, including fertility, structure, and buffering capacity,
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Spatial distribution of key soil indicators across the Santa Rita de Siguas irrigation scheme, derived from ordinary kriging (OK) interpolation. (a) pH,
(b) electrical conductivity (EC1:5), (c) organic matter (OM), (d) available potassium (Kav), and (e) sand content. Classification thresholds are bounded
by the minimum and maximum values observed in the field dataset. The predicted spatial range is narrower than the observed data range due to the
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and its assessment contributes to understanding soil quality as a
dynamic and multifunctional system (67). Soil organic matter is an
essential indicator of soil quality, as it integrates multiple functions
and allows discrimination of the effects of different management
systems, even when its correlations with other parameters vary
(68, 69).

The Spearman correlation matrix was used as a preliminary step
prior to multivariate analysis to reduce the dimensionality of the
total data set (TDS) and to select a representative minimum data set
(MDS) for soil quality assessment (70). This procedure enhances
the interpretability of the soil quality index (SQI) and strengthens
its scientific robustness.

The correlations shown in Figure 2 support the selection of
chemical and physical, confirming the SQI as an integrative tool for
evaluating soil quality in agricultural systems (71).

4.3 Soil quality index: development and
interpretation

The weighted soil quality index (SQIw) was constructed based
on a minimum set of indicators objectively selected through
multivariate analyses, specifically Principal Component Analysis
(PCA) to define the Minimum Data Set (MDS), using factor
loadings to define the relative contribution of each variable. This
approach is widely applied in soil quality studies because it reduces
redundancy among correlated indicators and avoids subjective
variable selection, ensuring that the index captures the main
functional gradients of the edaphic system (67, 72). In this study,
sand fraction, electrical conductivity (EC), available potassium
(Kav), organic matter (OM), and pH emerged as the most
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representative indicators, integrating inherent soil properties and
cumulative responses to agricultural management in irrigated arid
environments (1).

The spatial distribution of the SQIw was exclusively concen-
trated within intermediate soil quality categories (“Poor” and
“Acceptable”), with only a marginal occurrence of “Good” soils (<
1%) restricted to localized sectors. This pattern has been docu-
mented in agricultural systems established on naturally saline soils
in arid regions, where long-term recovery gradually improves soil
quality, yet SQI values remain within intermediate ranges (0.307-
0.339) even after 20 years of agricultural management (73). The
absence of optimal categories reflects these inherent structural
limitations, whereas the lack of a “Very Poor” class indicates that
the system retains basic functionality without critical degradation
conditions. Instead, only occasional cases of mild secondary salini-
zation have been reported, characterized by an increase in salt
content from 1.63 to 2.85 g kg™ over a 20-year period, which do not
compromise overall system productivity (73). The marginal occur-
rence of “Good” soils and the absence of “Optimal” conditions
suggest that improvements related to agricultural management are
expressed within an intermediate functional range.

Although the SQIw revealed coherent spatial patterns, the
coefficient of determination (R®> = 0.246) reflects the inherent
complexity of modeling composite indices in anthropogenically
disturbed soils under a regional sampling density (approximately
one sample per 3.5 ha). This limitation does not indicate model
failure, but rather a scale mismatch as described by (50), whereby
sharp chemical gradients associated with localized irrigation dynam-
ics occur at distances smaller than the sampling interval, being
inevitably incorporated into the residual error (nugget effect) and
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FIGURE 6

Effect of irrigation system on soil salinity and macronutrient availability. Combined violin and boxplots illustrate the distribution of EC1:5, Kav, and Pav
under drip (n = 782) and surface irrigation (n = 148) systems. The central line and red dot represent the median, box edges indicate the interquartile
range (25th—75th percentiles), and whiskers extend to 1.5 x IQR; individual observations are shown as jittered points. Statistical significance is based
on the Mann-Whitney U test; r,,, denotes the rank-biserial correlation as a measure of effect size. the Y-axis scale were adjusted per variable to
enhance the visualization of central tendency; statistical analysis included all observations

thus constraining the R* value. Consistent with (74), the high local
variability of variables such as electrical conductivity (EC) introduces
stochastic noise that reduces point-scale accuracy, even though the
model is able to filter these fluctuations and adequately represent
regional-scale trends.

Despite these limitations in point-scale prediction, the low
global bias of the model (Mean Error close to zero) supports the
usefulness of the SQIw map for territorial planning. Consequently,
the SQIw retains its value as a comparative diagnostic tool for
identifying spatial gradients of soil quality and delineating zones for
differentiated management.

4.4 Evolution of edaphic properties in
Santa Rita

The earliest systematic records available for the Santa Rita de
Siguas irrigation scheme date back to 1974, when the agricultural
area covered approximately 1,492 ha. At that time, 83.5% of the area
was classified as non-saline, with ECe values below 4 dS m™,
whereas the remaining 16.5% exhibited moderate to strong salinity,
with average salt concentrations ranging from 10 to 30 dS m™". A
representative soil from the consolidated agricultural area showed a
sandy loam to loamy sand texture, a slightly alkaline pH of 7.7, low
soil organic matter content (1.8%), low surface salinity (ECe = 1.5
dS m™), and low exchangeable sodium, with an exchangeable
sodium percentage (ESP) of 5.2% (21).

Complementarily, a study conducted in 1975 in a sector
adjacent to the northeastern boundary of the irrigation scheme,
an area that has not been incorporated into agriculture to date,
described soils under initial conditions characterized by high
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surface salinity, and ECe values ranging from 4.8 to 75 dS m™".
These soils exhibited very low available phosphorus (Pav; 0.8-3 mg
kg ™), high available potassium (Kav; 393-1,564 mg kg™'), moder-
ately alkaline pH values (7.2-7.8), and very low soil organic matter
contents (0.1-0.2%). The assessments were conducted by pedolog-
ical horizons down to approximately 10-40 cm depth and lacked
precise spatial georeferencing (75). These values provide a reference
for the pre-agricultural edaphic status of areas adjacent to the
irrigation scheme.

At present, the agricultural area has expanded to approximately
3,200 ha. Results based on 930 composite samples collected at 0-20
cm depth indicate mean EC1:5 of 2.37 dS m’, with a range from
0.02 to 23.70 dS m™'. When converted to ECe using the texture-
specific pedotransfer function of (31), which explicitly incorporates
individual sand and clay contents per sample (Supplementary
Method S1; Equation 1), the mean EC1:5 of 2.37 dS m™ corre-
sponds approximately to a mean ECe of 24.08 dS m™’, with a range
0of 0.21 to 246.80 dS m™* (Supplementary Table 2). It is important to
note that these values reflect the strongly skewed distribution of
salinity across the irrigation scheme (CV = 87%, skewness = 2.79)
rather than a uniform state of severe degradation. In this regard, the
spatial distribution shown in Figure 4a and Supplementary Table 1
demonstrates that 93.86% of the mapped area presents EC1:5 values
below 4.0 dS m™, with only 0.23% exceeding 8.0 dS m™. The
extreme upper values that drive the statistical mean upward
correspond to spatially restricted hotspots associated with parcels
under poor salinity management and inadequate leaching fractions,
where salt accumulation has progressed under active cultivation.
This is consistent with the pre-agricultural conditions documented
in adjacent areas in 1975, where ECe values reached up to 75 dS m™
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(75), and with the findings of this study regarding the salinization
risk under drip irrigation without adequate leaching. Furthermore,
the dominance of salt-tolerant species such as Opuntia ficus-indica,
which accounted for approximately 40% of the sampled sites,
partially explains the persistence of productive activity under
elevated salinity conditions. The applicability of the (31) model
was confirmed by verifying that the textural properties of the study
area fall within the model’s calibration range (sand 3.6-84.6%; clay
7.4-48.5%), and the uncertainty propagation analysis confirmed
that texture-induced variability does not alter the salinity classifi-
cation of the delineated zones (Supplementary Figure 1). Although
the (31) model is applicable within the textural range of the study
area, its reliability may vary depending on soil conditions and
requires validation in different regions, as acknowledged by the
authors. Consequently, the converted ECe values should be inter-
preted as an approximation, and local validation using saturation
extract measurements is recommended. In addition, mean available
phosphorus (Pav) content was 48.59 mg kg™ (1.30-990.10 mg kg'™"),
available potassium (Kav) was 538.12 mg kg™' (57.20-1,663.70 mg
kg'l), organic matter (OM) was 1.19% (0.30-8.50%) and soil pH
averaged 7.49 (4.80-8.60).

The historical records from 1974 and 1975 provide important
contextual information regarding the initial edaphic conditions of
the irrigation scheme and adjacent areas prior to large-scale
agricultural expansion. However, a direct quantitative comparison
between these historical ECe values and the EC1:5 measurements
obtained in the present study is not methodologically appropriate
due to differences in analytical approaches. Instead, these data are
better interpreted as evidence of the progressive spatial expansion of
agriculture into inherently saline soils, which contributes to the
pronounced spatial heterogeneity observed in current salinity
patterns. In this context, variations in soil properties reflect the
interaction between initial edaphic conditions and subsequent
management practices under irrigation.

This pattern is consistent with practical evidence of intensive
soil management in newly incorporated areas of the region. In these
areas, high-capital interventions have enabled reductions in satu-
rated soil extract electrical conductivity (ECe) from 44.8 to 3.84 dS
m' and pH from 8.2 to 8.0 within the upper 30 cm of soil in only
seven months. These results were accompanied by increases in
available phosphorus from 10.5 to 124.0 mg kg™ and soil organic
matter from 0.14% to 2.47% (76). Although such management
practices are not representative of the average farmer, they illustrate
the edaphic mechanisms underlying the evolution observed under
prolonged agricultural use in Santa Rita de Siguas.

4.5 Paradox of water-use efficiency: How
drip irrigation can intensify soil salinity

The higher salinity levels observed under drip irrigation com-
pared with surface irrigation cannot be attributed to differences in
irrigation water quality, as both systems use the same water source.
Rather, this pattern likely reflects the differences in salt redistribu-
tion dynamics associated with irrigation systems and their man-
agement conditions. In the study area, surface irrigation does not
represent a homogeneous practice but varies according to crop type
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and rotation stage, including furrow irrigation for row crops and
flood or border irrigation for alfalfa. These differences result in
broader and more variable soil wetting patterns compared to drip
irrigation. According to (77), in localized irrigation systems salts
tend to accumulate at the soil surface and along the margins of the
wetted bulb when an adequate leaching fraction is not applied,
whereas under surface irrigation the larger irrigation depths pro-
mote deep leaching of salts beyond the root zone (78). demon-
strated that radial water flow under drip irrigation promotes the
progressive concentration of salts at the periphery of the wetted
front, particularly under high evaporation rates typical of arid
climates. Likewise (79), noted that when leaching requirements
are not met, soil salinity can increase even under highly efficient
irrigation systems such as drip irrigation.

The higher concentrations of available phosphorus (Pav) and
potassium (Kav) observed in soils under drip irrigation may result
from the combined effects of the intrinsically low mobility of these
nutrients and irrigation management practices. Phosphorus is
rapidly immobilized through adsorption and precipitation with
Fe-Al oxides and Ca, whereas K" is retained at cation exchange
sites and fixed within 2:1 clay minerals, thereby limiting its vertical
movement (80, 81). Drip irrigation may further restrict nutrient
displacement by confining water distribution to a limited soil
volume near the surface, minimizing deep percolation and concen-
trating solute transport within the root zone (82, 83). The frequent
and split application of water and fertilizers through fertigation (84,
85) may promote the gradual accumulation of applied nutrients
within the wetted bulb, as effective leaching events are seldom
practiced in the study area.

Additionally, in the study area, a substantial proportion of drip-
irrigated fields correspond to recently incorporated agricultural
land. In these areas, the same water allocation is used to irrigate
larger surface areas than under surface irrigation. This strategy,
aimed at maximizing water-use efficiency, generally involves the
application of reduced irrigation depths without an adequate
leaching fraction. As a consequence, the leaching of pre-existing
salts in inherently saline soils is limited, promoting their progressive
accumulation, together with low-mobility nutrients, within the
wetted bulb. In this context, drip irrigation, when not accompanied
by appropriate salinity management, may intensify solute concen-
tration processes and increase the risk of secondary soil salinization.

Although waterlogging and capillary-driven salinization could
theoretically contribute to salt accumulation in irrigated arid soils,
these processes are unlikely to represent dominant mechanisms in
the Santa Rita de Siguas irrigation scheme. As described in Section
2.1, the scheme is established on a high alluvial plain adjacent to the
Siguas River valley, whose floor lies approximately 200 m lower in
elevation, a pronounced topographic gradient that likely favors
natural lateral subsurface drainage. No formal artificial drainage
infrastructure was identified in the sampled parcels during field
work. Under these conditions, the secondary salinization observed
is more likely associated with insufficient leaching fractions than
with waterlogging processes, consistent with salt accumulation
mechanisms described for arid irrigated soils without adequate
leaching (52, 77). Nevertheless, the absence of formal water table
monitoring data is acknowledged as a limitation, and future studies
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should explicitly characterize the subsurface hydraulic conditions of
the scheme.

As noted above, however, this context itself introduces an impor-
tant confounding factor that must be explicitly acknowledged. Drip-
irrigated fields in the study area correspond predominantly to recently
incorporated agricultural land, while surface-irrigated fields represent
older, more consolidated areas with longer histories of organic matter
inputs, fertilization, and salt management. Consequently, differences in
EC, Kav, and Pav between irrigation systems may reflect the combined
effect of irrigation method, land development age, crop type, and
management intensity rather than the isolated effect of the irrigation
system alone. The comparison should therefore be interpreted as
associative rather than causal, and controlled experimental designs
are needed to isolate the specific contribution of each irrigation system
to soil salinity and nutrient dynamics.

4.6 Implications for management and
sustainability

In areas classified as “Poor”, the variables with the greatest weight
in the index equation (sand, EC1:5, available potassium (Kav) and OM)
exhibited limited values, characterized by sandy texture EC1:5 levels
reaching up to 23.70 dS m™ and low contents of OM and Kav. These
conditions may synergistically constrain agricultural productivity (86).
Sustainable recovery requires integrated management strategies, in-
cluding salt leaching combined with improved subsurface drainage to
reduce soil electrical conductivity to tolerable thresholds (76, 87). In
addition, the incorporation of organic amendments could enhance soil
structure, CEC and water retention in sandy soils (88, 89), while
balanced potassium fertilization is required to overcome nutritional
constraints (90).

Additionally, phytoremediation using halophytic species may
be adopted, as it shows potential as a low water-input management
strategy; however, its effectiveness still requires validation at the
field scale (91). Complementarily, the adoption of salt-tolerant
crops represents a key adaptation strategy for soils that have been
recently incorporated into agricultural production or degraded by
improper management practices. In the study area, some farmers
have successfully introduced prickly pear (Opuntia ficus-indica), a
species well adapted to the saline, water-limited, and nutrient-poor
stress conditions that characterize these edaphic environments,
thereby demonstrating the productive viability of resilient agricul-
tural systems under restrictive conditions (92, 93).

Soils classified as “Acceptable” SQIw represent transitional
systems in which management practices have contributed to im-
proving initial soil conditions. However, these soils remain vulner-
able to adverse effects derived from agricultural management; under
these conditions, system sustainability depends on the implemen-
tation of preventive strategies grounded in soil quality assessment.
These strategies include the optimization of tillage and irrigation
practices, salinity monitoring, and balanced nutrient management,
particularly potassium, to maintain soil fertility and prevent deg-
radation processes such as secondary salinization or excessive
nutrient accumulation (60, 94). The implementation of these
practices is critical for stabilizing soil quality and preventing its
transition toward lower SQIw classes.
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Overall, SQIw-based zonification highlights that sustainability
in irrigated systems within arid regions strongly depends on the
appropriate alignment between management intensity and the soil’s
functional capacity. This dependence is particularly related to
resilience against physical, chemical, and biological degradation
processes. By integrating the indirect effects of irrigation practices
through measurable edaphic properties, the SQIw framework
provides a scientifically robust basis for adaptive management.
This approach is aimed at minimizing salinity risks, enhancing
soil resilience, and sustaining long-term agricultural productivity
under conditions of limited water availability (53, 88).

4.7 Global applicability and transferability
of the proposed methodology

Despite the use of a reduced set of indicators, the proposed
methodological approach demonstrates high transferability to other
irrigated arid and semi-arid agroecosystems, where the detailed soil
information is often limited. The integration of routinely measured
chemical properties and textural information enables regional-scale
spatial assessments of soil quality without complex analyses or long-
term monitoring, as reported in previous studies on integrated soil
quality evaluation in arid environments (1, 95). Although electrical
conductivity was determined using a 1:5 soil-to-water ratio rather than
the saturated paste extract (ECe), this approach remains suitable for
comparative spatial analyses in regional studies, provided that its
limitations for estimating leaching requirements are acknowledged (64).

Nevertheless, the SQI results should be interpreted in light of
several methodological limitations. Parcel selection based on vol-
untary farmer participation may introduce self-selection bias, as
participating farmers could differ systematically from non-partici-
pants in management practices, crop type, and land quality. The
absence of sodicity indicators, such as the sodium adsorption ratio
(SAR) or exchangeable sodium percentage (ESP), along with the
lack of soluble anions and cations data, constrains a comprehensive
assessment of soil structural risk and leaching requirements.
Sampling restricted to the upper 20 cm of the soil profile may
underestimate salt accumulation and redistribution at greater
depths under different irrigation systems. The exclusion of biolo-
gical indicators and key physical properties, such as bulk density
and infiltration rate, further limits the interpretation of soil func-
tionality from an ecosystem-based perspective. The Kav scoring
function was anchored to the observed dataset range following (32),
which maximizes local discrimination but does not directly reflect
crop-specific sufficiency standards for the dominant species in the
scheme. The comparison between irrigation systems is also poten-
tially confounded by differences in land development age, crop
history, and management intensity, which were not controlled for
in the study design. Finally, the discrepancy between point-based
sample statistics and kriged areal class proportions should be
interpreted with caution, as both representations operate at differ-
ent spatial supports and are not directly comparable.

Future research should incorporate probabilistic or stratified
sampling designs, depth-stratified sampling, sodicity indicators and
soluble fractions, selected physical and biological variables, and
locally validated agronomic thresholds for potassium availability.
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These refinements would strengthen the mechanistic interpretation
of the SQI and enhance its applicability for sustainable soil
management in irrigated arid regions.

5 Conclusions

This study demonstrates that, under arid and naturally saline soil
conditions in Santa Rita de Siguas, the adoption of drip irrigation
without an adequate leaching fraction is associated with increased soil
salinity. In addition, nutrient accumulation is enhanced under these
conditions. These findings challenge the notion that improved water-
use efficiency invariably leads to better soil quality.

The weighted and spatially explicit Soil Quality Index developed
in this study effectively characterized regional gradients of soil quality
under irrigation. The results revealed a landscape dominated by
intermediate soil quality classes, with no evidence of extreme degra-
dation or optimal edaphic conditions. This pattern indicates a partial
improvement relative to the initial saline conditions. However, it also
highlights the persistence of inherent soil constraints that limit soil
recovery through conventional management practices.

Overall, the proposed methodological framework, based on routine
soil analyses and geostatistical tools, demonstrated high transferability
to other irrigation schemes in arid regions. It provides key spatial
information to support site-specific management, the prioritization of
critical areas, and the optimization of irrigation and fertilization
practices. Future studies should incorporate sodicity indicators,
extend the sampling depth, and integrate soil physical and biological
properties. These improvements would enable a more comprehensive
assessment of soil quality and strengthen the long-term sustainability of
agricultural systems in arid and semi-arid regions.
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