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Abstract

Hyper-arid agricultural soils combine low organic carbon, high calcium carbonate con-
tents, salinity, and frequent gypsum accumulation, making rapid quantification of soil 
organic carbon (SOC), soil inorganic carbon (SIC), and gypsum valuable but analytically 
demanding. We evaluated visible–near-infrared (VNIR) spectroscopy for predicting these 
three properties in 216 samples from 18 plots, nested within six oasis sites spanning two 
oasis management systems, three topographic positions, and six soil depths, with partic-
ular emphasis on how validation design affects apparent model accuracy. Partial least 
squares regression (PLSR) and random forest (RF), single- and multi-target workflows, 
and global versus stratified calibrations were compared using plot-blocked GroupKFold, 
site-blocked GroupKFold, random KFold, and leave-one-out cross-validation (LOOCV). 
Under continuum-removed spectra, RF outperformed PLSR for SIC, whereas the advantage 
for SOC and gypsum was not robust to plot or site-level resampling. Predictability was 
strongly target-specific: gypsum was predicted most reliably (R2  = 0.78), SOC moder-
ately (R2  = 0.44), and SIC least reliably (R2  = 0.30). KFold and LOOCV generally yielded 
more optimistic estimates than plot-blocked GroupKFold, inflating SIC R2  by 0.15–0.20 
for the global model and by up to 0.64 for topography-stratified models (pooled across 
strata). Site-blocked validation further showed that spatial transferability was strongly 
target-specific: SOC performance remained similar between plot-blocked and site-blocked 
validation (R2  = 0.41 and 0.43, respectively), gypsum performance declined moderately 
(R2  = 0.78 to 0.64), whereas SIC performance decreased markedly from R2  = 0.30 to −0.28, 
indicating poorer performance than a mean-based prediction under oasis-level blocking. 
VNIR spectroscopy therefore shows strong potential for gypsum, moderate utility for SOC, 
but limited transferability for SIC. Validation design, together with the spatial scale at which 
independence is imposed, critically determines how soil-spectroscopy performance should 
be interpreted for dryland monitoring.
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1. Introduction
Arid and semi-arid regions cover more than 40% of the terrestrial land surface and 

are characterized by chronic water limitation, high evaporative demand, sparse vegetation 
cover, and distinctive soil biogeochemical cycles [1–3]. In these systems, soil carbon occurs 
not only as soil organic carbon (SOC), which is often constrained by low plant inputs and 
physical degradation, but also as soil inorganic carbon (SIC), mainly as pedogenic and 
lithogenic carbonates such as calcium carbonate (CaCO3 ) [4–7]. Many dryland soils also 
accumulate gypsum (CaSO4 ·2H2 O), particularly where shallow saline groundwater, evap-
orative concentration, topographic redistribution, or gypsiferous parent materials favour 
sulfate precipitation [8,9]. SOC, SIC, and gypsum are therefore central but functionally 
distinct constituents of dryland soils. SOC supports fertility, aggregation, nutrient cycling, 
and biological activity [4,9]; SIC represents a major carbon pool and contributes to soil 
buffering [7,10]; and gypsum strongly affects soil structure, water retention, hydraulic 
behaviour, salinity, crusting, and agricultural suitability [8,11].

The spatial distributions of SOC, SIC, and gypsum are highly heterogeneous in culti-
vated dryland landscapes [12,13]. Management influences organic matter inputs, irrigation, 
fertilization, tillage, and soil disturbance, whereas topography regulates runoff, erosion–
deposition processes, groundwater depth, salt redistribution, and carbonate and gypsum 
accumulation. Soil depth adds a strong vertical gradient because SOC commonly decreases 
with depth, whereas SIC and gypsum may accumulate in subsurface horizons [14–16]. 
These interacting controls generate pronounced spatial variation over short distances, par-
ticularly in oasis and hyper-arid agricultural systems [17]. Rapid quantification of SOC, 
SIC, and gypsum is therefore important for soil monitoring, carbon-storage assessment, 
land evaluation, and agricultural management [18–20]. However, conventional laboratory 
analyses are labour-intensive, destructive, costly, and dependent on chemical reagents. 
Although variables such as pH, electrical conductivity, or soluble ions can be measured 
comparatively rapidly, specific quantification of SOC, SIC, and gypsum generally requires 
more demanding analytical procedures, limiting high-density monitoring in large, remote, 
or resource-limited dryland regions [21].

Visible–near-infrared spectroscopy (VNIR; approximately 400–2500 nm) provides a 
rapid, non-destructive, and cost-effective alternative for estimating soil properties from 
diffuse reflectance spectra [22,23]. VNIR spectra integrate absorption and scattering fea-
tures associated with organic matter, clay minerals, carbonates, water, gypsum, iron oxides, 
particle size, and surface roughness. Relevant absorptions arise mainly from overtones 
and combination bands of molecular vibrations, including O–H and H–O–H features as-
sociated with water, structural hydroxyl groups, and hydrated minerals; C–H, N–H, and 
C=O features associated with organic matter; and CO3 -related features associated with 
carbonates [24,25]. Gypsum has relatively diagnostic hydration-related absorption bands 
near 1000, 1200, 1400, 1600, 1740, 1900, and 2200 nm [14,25,26], whereas carbonate absorp-
tions commonly occur near 2300–2350 nm [14,24,27]. By contrast, SOC signals are broader 
and partly indirect because organic matter affects both specific molecular absorptions and 
overall spectral shape, colour, and scattering behaviour [18,19]. The spectral predictability 
of SOC, SIC, and gypsum may therefore differ substantially, particularly where strong 
mineral signals overlap or mask weaker SOC features.
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Previous studies have shown that VNIR spectroscopy can predict SOC across diverse 
soils, although performance depends strongly on SOC range, mineralogy, texture, land 
use, calibration design, and spectral preprocessing [19,23,28]. VNIR has also been used to 
estimate carbonates and gypsum in arid and semi-arid soils, although gypsum has been 
studied rarely. Khayamim et al. [14] found that gypsum could be predicted more accurately 
than carbonates because of its stronger and more distinctive absorption features, whereas 
carbonate prediction was more affected by overlap with other soil constituents. That study 
also showed that full-spectrum PLSR could outperform continuum removal, indicating 
that enhancement of individual absorption features is not universally advantageous. Other 
proximal-sensing studies similarly demonstrate that predictions of gypsum, carbonate, 
salinity, SOC, and texture depend on spectral range, preprocessing, sensor type, model 
choice, mineralogical context, and calibration-sample distribution [10,29].

Spectral preprocessing and model choice are therefore important methodological 
decisions. Raw reflectance preserves full spectral shape and baseline information, whereas 
smoothing and scatter correction can reduce noise and effects associated with particle 
size, surface roughness, and illumination geometry [20]. Continuum removal can enhance 
diagnostic mineral bands but may also remove broadband information relevant to SOC 
and multivariate prediction. Likewise, partial least squares regression (PLSR) is widely 
used for high-dimensional, collinear spectral data [19,30], whereas random forest (RF) can 
capture nonlinear relationships and interactions among wavelengths [28,31]. Multi-target 
workflows may additionally exploit shared spectral information among SOC, SIC, and 
gypsum, but could perform poorly if relationships among targets vary among sites [32].

A further challenge is the strong environmental structure of dryland agricultural soils. 
Management, topography, and soil depth generate distinct pedological gradients, and strat-
ified calibration may improve prediction if it reduces meaningful heterogeneity. Conversely, 
stratification reduces sample size and calibration range and may therefore weaken robust-
ness and transferability [33]. Validation design is consequently critical. Random KFold 
cross-validation and leave-one-out cross-validation (LOOCV) can overestimate transfer-
ability when samples from the same plot or related soil profiles occur in both calibration 
and validation subsets [19,28]. This is particularly relevant in spatially structured datasets 
because samples from the same plot may share soil-forming history, mineralogy, manage-
ment, and depth structure. GroupKFold avoids this overlap by assigning all samples from 
the same plot to the same fold, thereby providing a stricter test of prediction at held-out 
plots [34,35].

Despite substantial progress in soil VNIR spectroscopy, limited attention has been 
given to the simultaneous prediction of SOC, SIC, and gypsum in structured dryland 
agroecosystems, particularly to how validation design affects the interpretation of model 
performance. We therefore evaluated VNIR spectroscopy for predicting SOC, SIC, and 
gypsum in hyper-arid agricultural soils sampled across oasis management systems, topo-
graphic positions, and soil depths [36]. We addressed three questions: (i) How transferable 
are VNIR predictions of SOC, SIC, and gypsum, and how do these targets differ in pre-
dictability? (ii) How do spectral preprocessing, model type, and single- versus multi-target 
workflows affect prediction performance? (iii) How strongly do random KFold, LOOCV, 
plot-blocked GroupKFold, and site-blocked GroupKFold differ in their assessment of model 
transferability?

We hypothesized that prediction performance would be strongly target-specific, with 
gypsum showing the highest predictability because of its diagnostic hydration-related 
absorption features, SOC intermediate predictability because of its broader and partly 
indirect spectral response, and SIC weaker transferability because carbonate signals overlap 
with other mineral features and reflect site-specific carbonate redistribution. We further 
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expected preprocessing and workflow effects to be target-dependent, with continuum re-
moval benefiting properties characterized by diagnostic absorption bands, such as gypsum, 
while full-spectrum approaches retain useful information for broader spectral responses 
such as SOC. Finally, we hypothesized that GroupKFold would yield more conservative 
and realistic performance estimates than random KFold or LOOCV because it prevents 
observations from the same plot from occurring in both calibration and validation sets; we 
further expected stricter oasis-level blocking to reveal any loss of transferability at broader 
spatial scales.

2. Materials and Methods
2.1. Study Area and Sampling Design

The study was conducted in the Djerid region of southwestern Tunisia, within the 
oasis landscapes of Tozeur, Deguache, and Nefta. The region is hyper-arid and lies between 
the hypersaline depressions of Chott El Gharsa to the north and Chott El Djerid to the south. 
Mean annual precipitation is approximately 80 mm, and the area is characterized by high 
evaporative demand, shallow saline groundwater near the chotts, and Quaternary deposits 
frequently enriched in gypsum. These conditions generate pronounced gradients in salinity, 
gypsum accumulation, carbonate redistribution, and groundwater depth.

The sampling design followed Allagui et al. [36]. Briefly, three study areas were selected 
within the Djerid region, with one traditional and one modern oasis system sampled in each 
area. Traditional oases are long-established, densely planted, structurally diverse systems 
with multilayered vegetation and greater reliance on organic inputs, whereas modern 
oases are more recently established, regularly planted date-palm systems with lower crop 
diversity and greater reliance on mineral fertilizers and regular irrigation (Figure S1). 
To capture topographic variation, one upslope, one midslope, and one downslope plot
(10 × 10 m) was selected within each oasis system. Upslope plots were located farther from 
the Chott margin and had deeper groundwater, midslope plots represented transitional 
conditions, and downslope plots occurred closer to the hypersaline Chott margin, where 
groundwater was shallower and salinity effects were stronger.

The study was conducted across three study areas, each comprising two contrasting 
oasis management systems (traditional and modern), resulting in a total of six oasis sites. 
Within each oasis, three plots were established along a topographic gradient representing 
upslope, midslope, and downslope positions. The experimental design therefore comprised 
18 primary sampling plots (3 study areas × 2 oasis management systems × 3 topographic 
positions). Plots within each oasis were separated by approximately 1–3 km, whereas 
distances among oases ranged from 10 to 50 km. The spatial distribution of the study areas, 
oasis sites, and sampling plots is presented in Figure S6, while the contrasting structural 
characteristics of the traditional and modern oasis systems are illustrated in Figure S1.

Within each plot, soil samples were collected from two microsite positions: beneath 
palm canopies and from adjacent interspaces. At each microsite, soil was sampled at six 
depth intervals: 0–5, 5–10, 10–30, 30–60, 60–90, and 90–120 cm. This hierarchical sampling 
design yielded a total of 216 soil samples (18 plots × 2 microsites × 6 soil depths). Following 
collection, soil samples were air-dried and sieved to <2 mm prior to laboratory analyses 
and visible–near-infrared (VNIR) spectroscopic measurements.

2.2. Laboratory Analyses
Soil total carbon (STC), soil organic carbon (SOC), and soil inorganic carbon (SIC) 

were determined as described in Allagui et al. (2026) [36]. Briefly, soil samples were oven-
dried at 105 °C, homogenized, coarsely ground with a mortar and pestle, and subsequently 
finely ground in a ball mill at 25 Hz for 5 min (Retsch MM200, Haan, Germany). STC was 

https://doi.org/10.3390/soilsystems10110140

https://doi.org/10.3390/soilsystems10110140


Soil Syst. 2026, 10, 140 5 of 25

measured on untreated finely ground soil. SOC was measured on a separate aliquot after 
carbonate removal by pretreatment with 2 M HCl for 60 min, followed by drying at 105 °C. 
Carbon concentrations were determined using an elemental analyzer (EA-Isolink, Thermo 
Scientific, Vienna, Austria) coupled via a ConFlo IV interface to a Delta V Advantage isotope 
ratio mass spectrometer (Thermo Scientific). SIC was calculated by difference:

SIC = STC − SOC

where SIC is soil inorganic carbon, STC is soil total carbon, and SOC is soil organic carbon.
Gypsum (CaSO4 ·2H2 O) was quantified using a dissolution–ion chromatography assay, 

following Allagui et al. [36]. Briefly, 50 mg of finely ground, oven-dried soil was extracted 
with 25 mL ultrapure water for 18 h, using an extraction ratio sufficient to dissolve the 
gypsum present. Extracts were centrifuged at 10,000 rpm for 10 min, and dissolved Ca2+  and 
SO4 2−  were measured by high-performance ion chromatography using a Dionex ICS5000 
system (Thermo Scientific). Cations were separated on a Dionex IonPac CS16 column and 
anions on a Dionex IonPac AS11-HC column, using CERS 500 and AERS 500 suppressors 
(Thermo Scientific), respectively. Because dissolution of CaSO4 ·2H2 O releases Ca2+  and 
SO4 2−  in a 1:1 molar ratio, gypsum content was calculated from the lower molar amount of 
the two ions, assuming the limiting ion represented the amount of dissolved gypsum.

Soil pH was measured electrometrically in a 1:5 soil-to-water suspension using an 
inoLab pH 7110 pH meter (WTW-Xylem Analytics, Weilheim, Germany). Electrical con-
ductivity (EC) was measured in a 1:5 soil-to-water extract using a C862 conductivity meter 
(Consort, Turnhout, Belgium). Soil texture was determined using the simplified sedimenta-
tion method of Kettler et al. [37], in which sand is separated by sieving and the remaining 
fine fraction is partitioned into silt and clay according to particle settling times in water. 
These supporting variables were used to characterize the dataset and interpret spectral 
model behaviour but were not included as predictors in the VNIR models. One pH value 
(sample Np1S10) was missing; correlations involving pH therefore used pairwise-complete 
observations (n = 215).

2.3. VNIR Spectral Acquisition
Diffuse reflectance spectra were acquired in a dark room using an ASD FieldSpec® 

3 spectroradiometer (Analytical Ltd., London, UK) covering 350–2500 nm, with spectral 
sampling intervals of 1.4 nm from 350 to 1000 nm and 2 nm from 1000 to 2500 nm. Soil 
samples were placed in 5 cm diameter Petri dishes to a depth of approximately 1 cm and 
levelled before measurement. For each sample, four replicate spectra were recorded with 
a standard contact probe equipped with an internal light source (colour temperature ca. 
3400 K), rotating the dish by 90° between scans to reduce effects of particle orientation and 
surface heterogeneity. Each replicate spectrum was averaged from 30 internal scans. A 
Spectralon®  white reference panel (Labsphere Inc., North Sutton, NH, USA) was measured 
before sample acquisition and approximately every 15–20 min thereafter. The four replicate 
spectra per sample were averaged.

2.4. Spectral Preprocessing
Spectra were exported at 1 nm intervals by the instrument software, which interpolated 

the native sampling intervals of 1.4 nm (350–1000 nm) and 2 nm (1000–2500 nm). The 
350–400 nm region was excluded due to low signal-to-noise, resulting in 2101 bands from 
400 to 2500 nm for all preprocessing scenarios. No additional resampling was performed. 
Continuum removal was applied independently to each spectrum using an upper convex 
hull over 400–2500 nm, followed by linear interpolation between hull vertices and division 
of measured reflectance by the interpolated continuum.
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The analytical workflow comprising spectral scenarios, calibration paths, model fami-
lies, validation schemes, and performance metrics is summarized in Figure 1. Three spectral 
predictor matrices were evaluated, and their mean spectra are shown in Figure S5. First, 
raw reflectance spectra (RAW) were retained after wavelength trimming. Second, spectra 
were processed using a Savitzky–Golay first derivative (window length 11, polynomial 
order 3) followed by multiplicative scatter correction (RAW + SG + MSC) to emphasize 
local spectral structure while reducing additive and multiplicative scatter effects. Third, 
continuum removal (CR) was applied to enhance absorption features relative to the spectral 
continuum. For each spectrum, an upper convex hull was fitted to define the continuum, 
and continuum-removed reflectance was calculated as:

𝑅CR(𝜆) =
𝑅(𝜆)
𝐶(𝜆) (1)

where RCR (λ) is the continuum-removed reflectance at wavelength λ, R(λ) the measured 
reflectance, and C(λ) the continuum reflectance at wavelength λ. RAW, RAW + SG + MSC, 
and CR spectra were compared under GroupKFold validation for SOC, SIC, and gypsum. 
The main model interpretation was based on the preprocessing–model combinations re-
tained from this validation-aware comparison, while the full preprocessing comparison is 
reported in the Supplementary Material.

2.5. Validation Strategy
Four validation strategies were compared. Plot-blocked GroupKFold was used as the 

primary validation because it tests transferability to held-out plots while respecting the 
hierarchical structure of the dataset. The grouping variable was plot, with 18 plot levels, 
and all samples from a given plot were assigned to the same fold so that no plot contributed 
simultaneously to calibration and validation. With 18 plots distributed across six folds, three 
complete plots (36 samples) were withheld in each plot-blocked fold, while the remaining 
15 plots (180 samples) formed the calibration set. Five shuffled folds were used for random 
KFold (random_state = 42), and one held-out sample per fold for leave-one-out cross-
validation (LOOCV). Blocking cross-validation according to the dependence structure of 
the data follows recommendations for spatially and hierarchically structured datasets [35].

In addition to plot-blocked GroupKFold, site-blocked cross-validation was performed 
by withholding all three plots from one oasis per fold, yielding six folds with 180 calibration 
and 36 validation samples. Plot-blocked validation assessed transfer to unsampled plots 
within the same oasis, whereas site-blocked validation assessed transfer to a completely held-
out oasis within the Djerid study region; the six oasis sites were separated by approximately 
10–50 km.

Random K-fold cross-validation and leave-one-out cross-validation (LOOCV) were 
used as supplementary benchmarks of internal predictive performance. In random K-
fold cross-validation, individual samples were randomly assigned to five shuffled folds 
without accounting for the hierarchical structure of the dataset. Because partitioning ignored 
plot grouping and depth/management stratification, samples from the same plot could 
occur simultaneously in the calibration and validation subsets, creating the main risk of 
hierarchical information leakage. In LOOCV, each individual sample was withheld once for 
validation, while all remaining samples, including those originating from the same plot, 
remained in the calibration set.
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Figure 1. Validation-aware workflow for predicting soil organic carbon (SOC), soil inorganic carbon 
(SIC), and gypsum from visible–near-infrared spectra. The dataset comprised 216 dryland soil 
samples from 18 plots in six sites, measured at 400–2500 nm (2101 wavelength variables). Three 
spectral scenarios were evaluated: untransformed reflectance (RAW), Savitzky–Golay first-derivative 
pre-processing with multiplicative scatter correction (RAW + SG + MSC), and continuum removal 
(CR). Models were fitted using three calibration paths: Path A, global; Path B1, management-stratified; 
and Path B2, topography-stratified. Partial least squares regression (PLSR) was evaluated for Path A 
only, whereas random forest (RF) was evaluated for all paths; both single- and multi-target workflows 
were tested. Performance was assessed using plot-blocked GroupKFold (six folds, three plots held 
out per fold), site-blocked GroupKFold (six folds, one site held out per fold), random five-fold KFold, 
and leave-one-out cross-validation (LOOCV). Held-out predictions were pooled across folds before 
calculating performance metrics. ΔP and ΔS quantify the optimism of non-grouped validation relative 
to plot-blocked and site-blocked GroupKFold, respectively. Blue shading and checkmarks indicate the 
spectral scenario, model family and grouped validation schemes used for the main-text results (CR 
spectra, random forest, plot-blocked and site-blocked GroupKFold); other combinations are reported 
in the Supplementary Material. Spectra are schematic.
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Neither validation scheme was considered a realistic assessment of model transferabil-
ity to spatially independent observations. Instead, both were used as internal reference 
scenarios to quantify the extent to which predictive performance may be inflated by spatial 
and hierarchical information leakage.

Under GroupKFold, the global path used 180 training and 36 validation samples per 
fold. Stratified models were evaluated using the same held-out partitions as the global 
models. Plot-blocked partitions were defined for the full dataset and subsequently re-
stricted to each stratum, preserving the original fold assignments. Each fold withheld 
plots representing the same topographic position in three oases (e.g., fold 1: Degache3, 
Machtla3, and Tozeur3; fold 4: Bouhlel3, Lahwar3, and Nefta3; Table S6). Each management 
stratum comprised 108 samples from nine plots and yielded six non-empty folds, with 
84–96 samples used for calibration and 12–24 for validation per fold. Each topographic stra-
tum comprised 72 samples from six plots and yielded two non-empty folds, each allocating 
three plots (36 samples) to validation and the remaining three plots (36 samples), from the 
other three oases to calibration. Consequently, under plot-blocked validation, topographic 
models were calibrated using substantially fewer samples than the global model (36 versus 
180) and evaluated on plots from oases excluded from calibration. Under site-blocked 
validation, each management stratum yielded three non-empty folds, with 72 calibration 
samples and 36 validation samples per fold, whereas each topographic stratum yielded six 
folds, with 60 calibration samples and 12 validation samples per fold. For all models and 
validation schemes, held-out predictions were pooled across folds, and each performance 
metric was calculated once from the pooled predictions rather than averaged across folds. 
This also avoids undefined fold-level R2  for LOOCV and unstable averaging across small 
validation folds.

All Random Forest models used 260 trees. PLSR components were selected by nested 
cross-validation using inner folds blocked by plot (identical to the outer grouping under 
plot-blocked validation and nested within the oasis-blocked outer folds under site-blocked 
validation); under site-blocked validation, the maximum was limited to four components 
to reduce extrapolation. Under site-blocked validation, each outer calibration set com-
prised five oases (15 plots, 180 samples), and the inner component search used five-fold 
GroupKFold by plot within this calibration set only, so no information from the held-out 
oasis entered component selection; an oasis-level inner split would have provided only five 
groups. Multi-target Random Forest responses were standardized within each calibration 
fold and back-transformed before evaluation, using a native multi-output forest with shared 
tree structures [38,39]. Uncertainty in R2  and RMSE was estimated from 1000 bootstrap 
resamples of pooled held-out predictions, using the 2.5th and 97.5th percentiles. Bootstrap 
resampling was applied to individual held-out observations; it therefore does not preserve 
plot- or oasis-level dependence, and these intervals are approximate and may underestimate 
uncertainty. As a sensitivity analysis, we additionally performed cluster bootstrap resam-
pling at the plot or oasis level, sampling entire clusters with replacement and retaining all 
observations within each selected cluster. Model comparisons used a paired bootstrap, with 
identical resampled clusters and observations applied to both models. The 95% intervals for 
differences in R2  and RMSE were defined by the 2.5th and 97.5th percentiles of the bootstrap 
distributions. These cluster-level and paired intervals are conditional on the saved pre-
dictions and do not account for variability arising from model refitting (Tables S7 and S8). 
Differences between models were considered supported only when the corresponding 
paired interval excluded zero.
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2.6. Performance Metrics
Model performance was evaluated using the coefficient of determination (R2 ), root 

mean square error (RMSE), mean absolute error (MAE), bias, ratio of performance to 
deviation (RPD), and Lin’s concordance correlation coefficient (CCC). All metrics were 
calculated from pooled held-out predictions for each validation scheme.

For n observations, with observed values yi , predicted values ŷi, mean observed value 
ȳ and mean predicted value ӯ, R2  was calculated as:

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − ˆ𝑦𝑖)
2

∑𝑛
𝑖=1(𝑦𝑖 − ¯𝑦)2 (2)

Negative R2  values were retained and indicate performance worse than predicting 
the mean observed value. To quantify optimism from non-grouped validation, ΔR2  was 
calculated as:

Δ𝑅2 = 𝑅2
KFold or LOOCV − 𝑅2

GroupKFold (3)

Positive ΔR2  therefore indicates higher apparent performance under non-grouped than 
plot-blocked GroupKFold validation. ΔP and ΔS denote ΔR2  relative to plot-blocked and 
site-blocked GroupKFold, respectively.

RMSE, MAE, and bias were calculated as:

RMSE = √
1
𝑛

𝑛
∑
𝑖=1

(𝑦𝑖 − ˆ𝑦𝑖)
2 (4)

MAE =
1
𝑛

𝑛
∑
𝑖=1

|𝑦𝑖 − ˆ𝑦𝑖| (5)

Bias =
1
𝑛

𝑛
∑
𝑖=1

( ˆ𝑦𝑖 − 𝑦𝑖) (6)

Positive bias indicates overprediction and negative bias underprediction.
RPD was calculated as:

RPD =
SD(𝑦)
RMSE (7)

where SD(y) is the standard deviation of the pooled observed values.
Lin’s CCC was calculated as:

CCC =
2𝜌𝜎𝑦𝜎 ˆ𝑦

𝜎2
𝑦 + 𝜎2

ˆ𝑦 + (𝜇𝑦 − 𝜇 ˆ𝑦)
2 (8)

where ρ is the Pearson correlation coefficient between observed and predicted values, σy 
and σŷ  are their standard deviations, and ȳ and ӯ their means. CCC evaluates both precision 
and agreement with the 1:1 relationship.

2.7. Computational Implementation and Software
All spectral preprocessing, model fitting, validation, performance evaluation,

wavelength-importance analysis, and figure/table generation were implemented in Python 
3.14.0 using custom scripts. Data handling used pandas 3.0.2 [40], numerical oper-
ations NumPy 2.4.4 [41], signal processing SciPy 1.17.1 [42], and chemometric and 
machine-learning workflows scikit-learn 1.8.0 [43]. Figures were generated with Matplotlib 
3.10.8 [44] and seaborn 0.13.2 [45], and SHAP 0.51.0 was used for post hoc interpretation 
of RF models and wavelength importance [46]. Random forest fitting and random KFold 
partitioning used a fixed random seed (random_state = 42) to ensure reproducibility.

Sampling position and depth were repeated within plots and were not used as pre-
dictors or stratification variables. Because plot-blocked validation kept all observations 
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from each plot within the same fold, samples from the same plot could not be split between 
calibration and validation. Mixed-effects models included depth, topographic position, and 
management as fixed main effects, without interaction terms, and plot as a random intercept 
to account for non-independence of repeated observations within plots. Models were fitted 
by restricted maximum likelihood, with factor significance assessed by an omnibus test for 
each fixed factor. PCA was performed on all 216 continuum-removed spectra after median 
imputation, mean-centring, and unit-variance scaling, and the first two components were 
retained for descriptive visualization. SHAP values were derived from Random Forest 
models fitted to the full dataset using the best-performing RF configuration (single- or 
multi-target) for each target and preprocessing variant (Section 3.5); this analysis was used 
for post hoc wavelength interpretation rather than predictive-performance estimation. Fac-
tor significance was evaluated using joint Type III Wald tests. Sampling position (beneath 
palm canopies or in interspaces; coded S and Sb in the sample identifiers) was not included 
as a fixed effect in the mixed-effects models; the plot-level random intercept accounts for 
within-plot dependence among the 12 samples, while variation between the two microsites 
within each plot is captured by the residual term. Response variables were analyzed without 
transformation. Plot was included as a random intercept to account for repeated observa-
tions within plots (12 samples per plot). The limited number of oases (six) and study areas 
(three) constrained reliable estimation of variance components at these levels. Adding oasis 
or study area as nested random intercepts did not alter the statistical significance of the 
tested factors (Table S9). Residual diagnostics indicated right-skewed residual distributions 
and heterogeneous residual variances for SOC and gypsum (Figure S8); consequently, 
the associated p values should be regarded as approximate. Log-transforming gypsum as
log(1 + gypsum) changed the topographic effect from non-significant to nominally sig-
nificant (p = 0.21 for the untransformed response versus p = 0.04 for the transformed re-
sponse), while the significance of the depth and management effects remained unchanged 
(Table S9). For each target, SHAP values were computed for all 216 samples using a Ran-
dom Forest model refitted to the complete dataset. The single- or multi-target configuration 
was selected based on the highest plot-blocked cross-validated R2  among models using 
continuum-removed or RAW + SG + MSC spectra (Section 3.5).

Savitzky–Golay first-derivative preprocessing was implemented with scipy.signal.sav-
gol_filter using a window length of 11 wavelength points, polynomial order 3, and derivative 
order 1 [47]. Multiplicative scatter correction was performed within each calibration fold 
by regressing individual spectra against the mean calibration spectrum and correcting 
additive and multiplicative scatter effects. Continuum removal was implemented by fitting 
an upper convex hull to each reflectance spectrum and dividing measured reflectance by 
the corresponding continuum reflectance.

For PLSR, the number of latent variables was selected independently within each outer 
calibration fold (by nested cross-validation over candidate values from 1 to 25, with the 
inner loop blocked by plot (under site-blocked validation the outer folds were blocked 
by oasis, whereas the inner folds remained blocked by plots) and RMSE minimised using 
calibration data only; under site-blocked validation the maximum was limited to four com-
ponents). The same procedure was applied to single-target and multi-target (PLS2) models. 
RF models were fitted with 260 trees in every validation scheme, using squared-error 
splitting, unrestricted tree depth, min_samples_leaf = 1, and max_features = “sqrt” [31]. 
Multi-target RF models used the native multi-output implementation in scikit-learn, with 
the response variables standardized using calibration-fold statistics and predictions back-
transformed to mass-percent units before evaluation, whereas single-target RF models fitted 
one independent forest per target.
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3. Results
3.1. Soil Property Variability and Spectral Structure

The dataset showed substantial variation in SOC, SIC, and gypsum (Table S4). SOC 
concentrations were generally low, ranging from 0.04 to 4.20% (mean 0.74%), whereas SIC 
varied over a narrower range of 0.21–3.80% (mean 1.65%). Gypsum showed the greatest 
variability and strong positive skew, ranging from 0 to 69.83% (mean 5.95%). Soils were 
predominantly sandy (50–95%; mean 77.4%), with lower silt (1–25%; mean 9.1%) and clay 
contents (2–38%; mean 13.2%). Soil pH ranged from 7.3 to 8.6 (mean 7.9), and EC from 
0.31 to 3.57 dS m−1  (mean 1.50).

SOC, SIC, and gypsum showed contrasting distributions across topography, depth, 
and management (Figure 2; Figure S2). SOC declined strongly with depth across most 
topography–management combinations, with highest concentrations in surface soils and 
markedly lower values below 30 cm. SIC showed substantial overlap among groups, with 
only a modest tendency towards higher concentrations downslope. Gypsum showed 
the strongest environmental differentiation, with high concentrations occurring mainly 
in traditional oases, particularly at downslope positions and in the 60–90 and 90–120 cm 
depth intervals. Overall, depth most strongly structured SOC, whereas management and 
topographic position were more evident for gypsum; SIC showed comparatively weak 
categorical separation.

Figure 2. Distribution of SOC, SIC, and gypsum across topography, soil depth, and oasis manage-
ment. Panels show the three target soil properties by topographic position, (a–c) SOC, (d–f) SIC, 
and (g–i) gypsum at upslope (a,d,g), midslope (b,e,h), and downslope (c,f,i) positions, with soil 
depth on the x-axis and oasis management distinguished within each depth class (Modern, blue; 
Traditional, green). Row annotations report p values for the main effects of soil depth, topography, 
and oasis management from linear mixed-effects models, with plot as a random intercept and no 
interaction terms; p values are approximate (Figure S8; Table S9). ***, p < 0.001; **, p < 0.01; *, p < 0.05; 
ns, not significant (p ≥ 0.05). Gypsum is shown on a symmetrical logarithmic y-axis to accommodate 
its strongly right-skewed distribution and zero values. Abbreviations: SOC, soil organic carbon; SIC, 
soil inorganic carbon.
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Principal component analysis of the VNIR spectra showed partial but no distinct 
separation among management systems or topographic positions, while soil depth formed 
a secondary spectral gradient (Figure 3). The first two principal components explained 
45.6% and 17.8% of the spectral variance. Correlations among SOC, SIC, gypsum, EC, pH, 
and texture variables were generally moderate rather than redundant (Figure S3).

Figure 3. Principal component analysis of VNIR spectra. Principal component analysis was performed 
on all 216 continuum-removed VNIR spectra after median imputation, mean-centring, and unit-
variance scaling. (a), Samples coloured by topographic position and shaped by oasis management type. 
(b), The same ordination coloured by soil depth. The ordination shows partial spectral structuring 
by environmental factors but no distinct separation among management systems or topographic 
positions. Abbreviations: VNIR, visible–near-infrared; PC, principal component.

3.2. Effects of Spectral Preprocessing and Prediction Workflow
The three spectral variants raw reflectance (RAW), continuum removal (CR), and 

Savitzky–Golay first-derivative preprocessing with multiplicative scatter correction (RAW 
+ SG + MSC) showed distinct mean spectral patterns (Figure S5).

Preprocessing effects differed markedly among the target properties (Table S1). Gyp-
sum was predicted reliably across all three spectral variants. The highest plot-blocked perfor-
mance was obtained with RAW single-target PLSR (R2  = 0.80, RMSE = 5.61%, RPD = 2.23), 
while CR-based RF models performed nearly as well (R2  = 0.78 for both single- and multi-
target workflows). RF achieved R2  = 0.74 with RAW spectra and R2  = 0.77–0.78 with RAW + 
SG + MSC preprocessing. The advantage of single target over multi-target PLSR under RAW 
spectra was supported by the paired bootstrap interval, whereas the remaining differences 
among these configurations fell within sampling uncertainty. Overall, gypsum prediction 
was comparatively robust to both spectral preprocessing and model choice.

SOC benefited more clearly from preprocessing. RAW spectra yielded weak to mod-
erate performance, with PLSR reaching R2  = 0.27–0.36 and RF reaching R2  = 0.14–0.19. 
Performance increased with CR and especially RAW + SG + MSC, with the highest SOC 
prediction obtained by multi-target RF using RAW + SG + MSC (R2  = 0.47, RMSE = 0.52%, 
RPD = 1.38). CR-based multi-target RF was only slightly weaker (R2  = 0.44), a difference 
well within the bootstrap intervals of both estimates, indicating that both preprocessing 
approaches substantially improved SOC prediction relative to RAW RF models.

SIC was the least predictable and most preprocessing-sensitive target. RF models 
based on RAW spectra performed poorly (R2  < 0), whereas RAW + SG + MSC increased 
RF performance to R2  = 0.27–0.31. For SIC, the highest R2  was obtained with single-target 
RF using RAW + SG + MSC preprocessing (R2  = 0.31), followed closely by CR-based RF in 
the single-target and multi-target workflows (R2  = 0.30 and 0.28; RMSE = 0.61% and 0.62%; 
RPD = 1.19 and 1.18; bootstrap intervals for R2  = 0.15–0.42 and 0.14–0.40, respectively). The 
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paired bootstrap provided no evidence of a performance difference between CR and RAW 
+ SG + MSC (ΔR2  [CR − RAW + SG + MSC] = −0.01; 95% CI under plot-level resampling: 
−0.08 to 0.08; Table S8). Overall predictive performance remained modest. CR spectra 
were used for the main-text analyses (Figure 1) to define a consistent reporting workflow; 
this choice does not imply that CR was the best-performing preprocessing method for 
every target.

Multi-target modelling did not provide a consistent advantage across targets. Multi-
target RF achieved slightly higher R2  values for SOC than single-target RF with RAW + 
SG + MSC (0.47 versus 0.46) and CR preprocessing (0.44 versus 0.41). For SIC, however, 
multi-target RF had lower R2  values across all three preprocessing methods (e.g., 0.28 versus 
0.30 with CR), while gypsum performance remained essentially unchanged (Table S1). For 
CR spectra, the paired bootstrap intervals for differences between multi-target and single-
target RF included zero for all three properties under plot-level resampling, providing 
no clear evidence of a performance difference between the two workflows (Table S8). 
Overall, preprocessing and workflow effects were therefore target-specific rather than 
universally beneficial.

3.3. Global Model Performance and Validation Effects
For the global modelling path using CR spectra, RF achieved higher R2  values than 

PLSR for all three target properties under plot-blocked GroupKFold validation (Table 1). 
However, paired bootstrap comparisons based on plot-level resampling supported this 
advantage only for SIC (ΔR2  [RF − PLSR] = 0.72; 95% CI: 0.29–1.73). The correspond-
ing intervals included zero for SOC (ΔR2  = 0.12; 95% CI: −0.06 to 0.25) and gypsum
(ΔR2  = 0.06; 95% CI: −0.01 to 0.19), providing no clear evidence of an RF advantage for 
these properties (Table S8). RF performance was highest for gypsum (R2  = 0.78), intermedi-
ate for SOC (R2  = 0.44), and weakest for SIC (R2  = 0.30), whereas PLSR produced negative 
R2  values for SIC. Observed versus predicted values of the best-performing workflow for 
each target are shown in Figure S7. The higher RF values persisted despite optimization of 
the number of PLSR latent variables by inner cross-validation.

Table 1. Plot-blocked GroupKFold validation performance of global PLSR and RF models for SOC, 
SIC, and gypsum using single- and multi-target workflows. Metrics were calculated from pooled held-
out predictions. RMSE, MAE, and bias are expressed as % dry soil mass for all three target properties. 
Negative R2  values indicate performance worse than prediction of the held-out mean. Abbreviations: 
SOC, soil organic carbon; SIC, soil inorganic carbon; PLSR, partial least squares regression; RF, random 
forest; R2 , coefficient of determination; RMSE, root mean square error; MAE, mean absolute error; 
CCC, concordance correlation coefficient; RPD, ratio of performance to deviation.

Target Model R2  (95% CI) RMSE (95% CI) MAE Bias CCC RPD

SOC Direct PLSR 0.29 (−0.01, 0.47) 0.60 (0.50, 0.71) 0.40 −0.02 0.55 1.19
Multi-target PLSR 0.19 (−0.15, 0.39) 0.64 (0.54, 0.75) 0.43 −0.06 0.55 1.11

Direct RF 0.41 (0.20, 0.53) 0.55 (0.46, 0.65) 0.36 0.07 0.64 1.30
Multi-target RF 0.44 (0.26, 0.56) 0.53 (0.44, 0.63) 0.35 0.05 0.65 1.33

SIC Direct PLSR −0.42 (−0.78, −0.17) 0.87 (0.79, 0.97) 0.67 −0.14 0.17 0.84
Multi-target PLSR −0.19 (−0.45, 0.01) 0.79 (0.72, 0.87) 0.62 −0.10 0.19 0.92

Direct RF 0.30 (0.15, 0.42) 0.61 (0.54, 0.69) 0.46 −0.05 0.47 1.19
Multi-target RF 0.28 (0.14, 0.40) 0.62 (0.54, 0.69) 0.47 −0.04 0.45 1.18

Gypsum Direct PLSR 0.73 (0.58, 0.82) 6.55 (5.22, 7.95) 3.98 −0.04 0.85 1.91
Multi-target PLSR 0.75 (0.59, 0.84) 6.25 (4.77, 7.67) 3.51 −0.03 0.86 2.00

Direct RF 0.78 (0.64, 0.87) 5.81 (4.48, 6.89) 2.78 0.19 0.88 2.15
Multi-target RF 0.78 (0.66, 0.86) 5.82 (4.54, 7.13) 2.94 0.09 0.88 2.15
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Validation strategy strongly affected apparent model performance (Figure 4; Table S3). 
For the best global RF models, R2  increased from 0.44 under plot-blocked GroupKFold to 
0.51 under KFold and 0.50 under LOOCV for SOC, and from 0.30 to 0.44 and 0.48 for SIC. 
Gypsum showed the same pattern but a smaller relative effect, increasing from R2  = 0.78 to 
0.88. Other performance metrics showed corresponding improvements under non-grouped 
validation (Table S3), confirming that random KFold and LOOCV generally yielded more 
optimistic estimates than plot-blocked GroupKFold.

Figure 4. Effect of validation strategy on Random Forest (RF) performance across global, management-
stratified, and topography-stratified modelling pathways using continuum-removed spectra. Bars 
represent R2  values derived from pooled held-out predictions under plot-blocked GroupKFold, site-
blocked GroupKFold, five-fold random KFold, and leave-one-out cross-validation (LOOCV); the 
shaded column indicates site-blocked validation. The rows below each panel report the increase in 
R2  obtained with random KFold and LOOCV relative to plot-blocked GroupKFold (ΔP) and site-
blocked GroupKFold (ΔS). Non-grouped validation generally produced higher apparent predictive 
performance, with the largest inflation observed for SIC, for which R2  was negative across all modelling 
pathways under site-blocked validation. Panels: (a) SOC, (b) SIC, and (c) gypsum.

Relative to site-blocked GroupKFold validation, the inflation in predictive performance 
produced by non-grouped validation was substantially greater (Figure 4). For SIC, ran-
dom K-fold cross-validation increased R2  by 0.73 for the global model and by 0.99 for the 
management-stratified model relative to site-blocked validation, compared with increases of 
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0.15 and 0.29, respectively, relative to plot-blocked validation. For SOC, the corresponding 
increases were small under both grouped reference schemes (ΔR2 ≤ 0.13), whereas for 
gypsum they were moderate (ΔR2  = 0.09–0.24). These results demonstrate that the apparent 
optimism introduced by random resampling depends strongly on the spatial scale of the 
grouped validation reference and is most pronounced for the target exhibiting the lowest 
spatial transferability.

The validation effect was particularly pronounced for SIC. For the global multi-target 
RF model, moving from plot-blocked GroupKFold to LOOCV increased R2  from 0.28 to 
0.48, reduced RMSE from 0.62 to 0.52%, and increased CCC from 0.45 to 0.63 and RPD 
from 1.18 to 1.39 (Table S3). A similar discrepancy occurred in topography stratified SIC 
models: KFold and LOOCV yielded positive R2  values, whereas all three topographic strata 
showed negative R2  under plot-blocked GroupKFold (Figure S4; Table 2). Thus, within-plot 
predictive structure did not translate into reliable prediction of held-out plots.

Table 2. Plot-blocked GroupKFold performance of RF models within management and topographic 
strata. Separate RF models were fitted for modern and traditional oasis systems and for upslope, 
midslope, and downslope positions using single- and multi-target workflows. Metrics were calculated 
from pooled held-out predictions within each stratum. RMSE, MAE, and bias are expressed as % dry 
soil mass for SOC, SIC, and gypsum. Negative R2  values indicate performance worse than prediction 
of the held-out mean. Abbreviations: RF, random forest; SOC, soil organic carbon; SIC, soil inorganic 
carbon; R2 , coefficient of determination; RMSE, root mean square error; MAE, mean absolute error; 
CCC, concordance correlation coefficient; RPD, ratio of performance to deviation.

Stratification Stratum Target Model R2  (95% CI) RMSE (95% CI) MAE Bias CCC RPD

Management Modern SOC Direct RF 0.41 (0.13, 0.60) 0.54 (0.39, 0.70) 0.34 0.02 0.62 1.30
Multi-target RF 0.40 (0.08, 0.59) 0.55 (0.40, 0.70) 0.34 0.02 0.60 1.29

Modern SIC Direct RF 0.27 (0.02, 0.49) 0.75 (0.61, 0.90) 0.54 −0.13 0.48 1.17
Multi-target RF 0.26 (0.02, 0.47) 0.75 (0.61, 0.90) 0.56 −0.10 0.46 1.16

Modern Gypsum Direct RF 0.82 (0.66, 0.90) 1.41 (0.95, 1.80) 0.70 −0.06 0.89 2.39
Multi-target RF 0.80 (0.65, 0.88) 1.52 (1.03, 1.95) 0.80 −0.12 0.87 2.22

Traditional SOC Direct RF 0.53 (0.29, 0.65) 0.49 (0.39, 0.59) 0.35 0.08 0.69 1.45
Multi-target RF 0.53 (0.33, 0.64) 0.49 (0.40, 0.59) 0.35 0.06 0.68 1.45

Traditional SIC Direct RF −0.17 (−0.33, −0.06) 0.57 (0.48, 0.65) 0.45 −0.07 0.01 0.92
Multi-target RF −0.20 (−0.35, −0.11) 0.57 (0.48, 0.66) 0.45 −0.07 −0.08 0.91

Traditional Gypsum Direct RF 0.83 (0.71, 0.89) 6.70 (5.10, 8.26) 4.12 0.12 0.90 2.41
Multi-target RF 0.82 (0.71, 0.88) 6.90 (5.27, 8.41) 4.65 0.10 0.89 2.34

Topography Upslope SOC Direct RF 0.34 (−0.04, 0.53) 0.58 (0.41, 0.75) 0.39 0.10 0.56 1.23
Multi-target RF 0.40 (0.08, 0.55) 0.55 (0.39, 0.72) 0.38 0.09 0.57 1.29

Upslope SIC Direct RF −0.22 (−0.44, −0.10) 0.82 (0.67, 0.96) 0.62 −0.16 0.02 0.91
Multi-target RF −0.18 (−0.40, −0.06) 0.81 (0.65, 0.93) 0.61 −0.16 0.04 0.92

Upslope Gypsum Direct RF 0.71 (0.48, 0.83) 7.14 (3.83, 9.91) 3.12 −0.07 0.80 1.86
Multi-target RF 0.72 (0.60, 0.80) 7.07 (3.78, 10.10) 3.16 −0.41 0.79 1.88

Midslope SOC Direct RF −0.19 (−1.01, 0.19) 0.63 (0.51, 0.74) 0.45 0.20 0.38 0.92
Multi-target RF 0.24 (−0.14, 0.42) 0.51 (0.39, 0.61) 0.38 0.12 0.47 1.15

Midslope SIC Direct RF −0.14 (−0.40, 0.00) 0.74 (0.63, 0.82) 0.61 −0.16 0.09 0.94
Multi-target RF −0.09 (−0.24, 0.00) 0.72 (0.62, 0.82) 0.58 −0.13 0.06 0.96

Midslope Gypsum Direct RF 0.32 (−0.10, 0.55) 6.21 (4.13, 8.18) 3.50 −0.05 0.50 1.21
Multi-target RF 0.29 (−0.11, 0.53) 6.35 (4.05, 8.30) 3.54 −0.27 0.46 1.19

Downslope SOC Direct RF 0.33 (−0.12, 0.58) 0.67 (0.48, 0.86) 0.47 0.11 0.57 1.22
Multi-target RF 0.41 (0.10, 0.61) 0.63 (0.45, 0.81) 0.44 0.02 0.58 1.30

Downslope SIC Direct RF −0.24 (−0.77, 0.09) 0.79 (0.65, 0.94) 0.58 0.15 0.06 0.90
Multi-target RF −0.14 (−0.65, 0.15) 0.75 (0.61, 0.88) 0.58 0.14 0.10 0.94

Downslope Gypsum Direct RF 0.72 (0.64, 0.79) 7.77 (5.66, 9.80) 5.06 −0.99 0.80 1.88
Multi-target RF 0.70 (0.63, 0.76) 7.97 (5.71, 10.17) 5.10 −1.50 0.78 1.83
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Site-blocked validation revealed pronounced target-specific differences in spatial trans-
ferability (Table 3; Figure 5). SOC performance remained largely unchanged relative to 
plot-blocked validation (direct RF: R2  = 0.41 vs. 0.43; RMSE = 0.55% vs. 0.54%), with 
overlapping bootstrap intervals, indicating that SOC performance remained similar under 
oasis-level blocking within the Djerid study region. Gypsum performance declined moder-
ately under site-blocked validation, with R2  decreasing from 0.78 to 0.64, RMSE increasing 
from 5.81% to 7.53%, and RPD decreasing from 2.15 to 1.66. Prediction bias also shifted from 
+0.19% under plot-blocked validation to −0.47% under site-blocked validation, indicating 
reduced transferability and a possible influence of oasis-specific concentration differences.

Table 3. Effect of the blocking level on Random Forest prediction of SOC, SIC and gypsum under 
continuum-removed spectra. Plot-blocked GroupKFold holds out three complete plots per fold 
(18 plots across 6 folds; 36 validation samples per fold); site-blocked GroupKFold holds out all three 
plots of an oasis together (6 oases, 6 folds). Metrics were calculated from pooled held-out predictions; 
values in parentheses are 95% bootstrap confidence intervals from 1000 resamples of the pooled 
predictions. RMSE, MAE and bias are expressed as % dry soil mass. Negative R2  values indicate 
performance worse than prediction of the held-out mean.

Target Model Validation R2  (95% CI) RMSE (95% CI) MAE Bias CCC RPD

SOC Direct RF Plot-blocked GroupKFold 0.41 (0.20, 0.53) 0.55 (0.46, 0.65) 0.36 0.07 0.64 1.3
Site-blocked GroupKFold 0.43 (0.24, 0.56) 0.54 (0.45, 0.63) 0.37 0.1 0.64 1.32

Multi-target RF Plot-blocked GroupKFold 0.44 (0.26, 0.56) 0.53 (0.44, 0.63) 0.35 0.05 0.65 1.33
Site-blocked GroupKFold 0.45 (0.26, 0.56) 0.53 (0.44, 0.63) 0.35 0.05 0.64 1.35

SIC Direct RF Plot-blocked GroupKFold 0.30 (0.15, 0.42) 0.61 (0.54, 0.69) 0.46 −0.05 0.47 1.19
Site-blocked GroupKFold −0.28 (−0.47, −0.15) 0.82 (0.75, 0.90) 0.64 0.03 −0.1 0.88

Multi-target RF Plot-blocked GroupKFold 0.28 (0.14, 0.40) 0.62 (0.54, 0.69) 0.47 −0.04 0.45 1.18
Site-blocked GroupKFold −0.30 (−0.48, −0.16) 0.83 (0.75, 0.91) 0.64 0.04 −0.11 0.88

Gypsum Direct RF Plot-blocked GroupKFold 0.78 (0.64, 0.87) 5.81 (4.48, 6.89) 2.78 0.19 0.88 2.15
Site-blocked GroupKFold 0.64 (0.49, 0.73) 7.53 (5.81, 8.94) 3.66 −0.47 0.76 1.66

Multi-target RF Plot-blocked GroupKFold 0.78 (0.66, 0.86) 5.82 (4.54, 7.13) 2.94 0.09 0.88 2.15
Site-blocked GroupKFold 0.63 (0.46, 0.72) 7.63 (5.95, 9.06) 3.86 −0.48 0.75 1.64

Figure 5. Effect of spatial blocking level on Random Forest prediction performance for SOC, SIC, and 
gypsum using continuum-removed spectra. Symbols represent R2  values calculated from pooled held-
out predictions under plot-blocked GroupKFold (18 plots; six folds) and site-blocked GroupKFold (six 
oases; six folds). Error bars indicate 95% bootstrap confidence intervals based on 1000 resamples of 
individual samples; these are probably too narrow, and intervals from plot and oasis level resampling 
are given in Table S7.

In contrast, SIC performance deteriorated markedly under site-blocked validation, with 
R2  decreasing from 0.30 to −0.28 and CCC from 0.47 to −0.10. The non-overlapping sample-
level bootstrap intervals for R2  (0.15–0.42 under plot-blocked validation versus −0.47 to 
−0.15 under site-blocked validation support a substantial loss of predictive transferability 
across oases. Resampling whole plots still separated the two estimates (0.02 to 0.46 versus 
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−0.80 to −0.08) whereas oasis-level resampling gave overlapping intervals (−0.17 to 0.42 
versus −1.64 to −0.01; Table S7), so this contrast should be regarded as indicative given the 
small number of oases. PLSR remained unstable under site-blocked validation, and the 
corresponding results are reported in Table S5.

3.4. Effects of Management and Topography Stratification
Stratification effects differed strongly among target properties (Table 2). Gypsum 

showed the most robust performance. Management-stratified models reached R2  = 0.82 
(single-target) and 0.80 (multi-target) in modern oases and R2  = 0.83 and0.82 in traditional 
oases. Topography-stratified models also remained predictive, for upslope (R2  = 0.71–0.72) 
and downslope (R2  = 0.70–0.72) positions, but not for midslope (R2  = 0.29–0.32, 95% 
CI −0.11 to 0.55). Thus, gypsum prediction remained transferable across held-out plots 
under both stratification approaches, with the strongest performance under management 
stratification.

SOC performance varied among subsets. The highest R2  was obtained for the tra-
ditional oasis subset (R2  = 0.53 for both single- and multi-target RF; RMSE = 0.49%; 
RPD = 1.45), whereas the midslope subset performed poorly and with very wide uncer-
tainty (single-target RF R2  = −0.19, 95% CI −1.01 to 0.19; multi-target RF R2  = 0.24, 95% CI 
−0.14 to 0.42). Modern, upslope, and downslope models showed lower but consistently 
positive performance (Table 2).

SIC showed the opposite response. Its best plot-blocked GroupKFold performance was 
obtained with the global RF model (R2  = 0.30 and 0.28 for single and multi-target workflows; 
Table 1), whereas stratification generally reduced predictive performance. Management-
stratified SIC remained positive in modern oases (R2  = 0.26–0.27) but was negative in 
traditional oases (R2  = −0.20 to −0.17). All topography-stratified SIC models had negative 
R2  under plot-blocked GroupKFold (−0.24 to −0.09), despite positive performance under 
KFold and LOOCV (Figure S4; Table S2). Thus, stratification improved or maintained 
prediction only for selected target–stratum combinations: it was most effective for gypsum, 
beneficial for SOC in specific subsets, but did not improve transferable SIC prediction.

Stratified models were evaluated using the same held-out partitions as the global 
models. Because each topographic stratum comprised only six plots across two outer 
folds and each management stratum nine plots, performance estimates were inherently 
uncertain. In addition, stratified models were calibrated using fewer samples per fold than 
the global model (36 for topographic strata and 84–96 for management strata, compared with 
180). Furthermore, topographic models were evaluated on plots from oases excluded from 
calibration (Section 2.5). Consequently, performance differences between stratified and 
global models reflect differences in calibration-set size and transfer conditions, in addition to 
stratification. For example, the 95% bootstrap interval for the midslope SOC model ranged 
from −1.01 to 0.19. Consequently, differences between global and stratified models were 
within sampling uncertainty and were interpreted as indicative rather than conclusive.

3.5. Model Interpretation Using SHAP
SHAP analysis was used to identify wavelengths contributing most strongly to RF 

predictions. Mean absolute SHAP values quantify the overall importance of individual 
wavelengths across samples.

Wavelength-importance patterns differed among target properties but showed sub-
stantial overlap between SIC and gypsum (Figure 6). For SOC, the five highest-ranked 
wavelengths in the CR model clustered at 1842–1848 nm. SIC importance was concen-
trated mainly at 2314–2327 nm, whereas gypsum also showed strong contributions around 
2324–2328 nm, together with additional wavelengths near 1926 and 2390 nm. Thus, SOC 
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relied on a distinct spectral region, while SIC and gypsum partly shared wavelength regions 
around 2320–2330 nm.

Figure 6. Wavelength importance for RF prediction of SOC, SIC, and gypsum based on mean ab-
solute SHAP values. The five most important wavelengths are shown for the best-performing RF 
configuration within each target and preprocessing variant. (a–c), continuum-removed spectra 
(CR); (d–f), Savitzky–Golay first-derivative preprocessing with multiplicative scatter correction
(RAW + SG + MSC). Bar colours distinguish single-target and multi-target RF models, and R2  and 
RMSE are reported in each panel. Higher mean absolute SHAP values indicate greater contributions 
of individual wavelengths to model predictions. Abbreviations: SHAP, Shapley additive explanations; 
RF, random forest; SOC, soil organic carbon; SIC, soil inorganic carbon; CR, continuum removal; SG, 
Savitzky–Golay; MSC, multiplicative scatter correction.

The overlap between SIC and gypsum is consistent with their partly overlapping 
mineral spectral signatures and may contribute to the lower transferability of SIC relative 
to gypsum. However, SHAP identifies wavelengths used by the RF models rather than 
isolated chemical absorption mechanisms, and importance at correlated wavelengths should 
therefore not be interpreted as direct evidence of specific molecular or mineral features.

4. Discussion
4.1. Validation Design Determines the Interpretation of Model Performance

A central result of this study is that model performance depended strongly on valida-
tion strategy. Random KFold and LOOCV generally yielded higher apparent predictability 
than plot-blocked GroupKFold, with the largest discrepancy for SIC. For the global multi-
target RF model, SIC R2  increased from 0.28 under plot-blocked GroupKFold to 0.44 under 
KFold and 0.48 under LOOCV, accompanied by lower RMSE and higher CCC and RPD. 
Thus, non-grouped validation improved not only R2  but the overall apparent accuracy and 
agreement of the model.

This difference is methodologically important because random KFold and LOOCV 
allow samples from the same plot to occur in both calibration and validation subsets. Such 
samples may share parent material, hydrological history, management, salinity, depth struc-
ture, and mineralogical background, thereby increasing similarity between training and 
validation data. Plot-blocked GroupKFold avoids this overlap by withholding entire plots 
and therefore provides a stricter test of transferability beyond the calibration plots [35,48]. 
Reliance only on KFold or LOOCV would consequently have overstated model transfer-
ability, particularly for SIC. These results support our hypothesis that grouped validation 
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provides more conservative and realistic estimates of predictive performance in hierarchi-
cally structured dryland datasets.

4.2. Target-Specific Predictability of SOC, SIC, and Gypsum
Prediction performance was strongly target-specific, following the order gypsum > 

SOC > SIC. Gypsum was the most predictable property, likely because of its diagnostic 
hydration-related absorption features and the wide concentration range represented in 
the dataset. RF models maintained high performance under plot-blocked GroupKFold, 
particularly after management stratification. This agrees with previous work showing more 
accurate VNIR prediction of gypsum than carbonates in arid and semi-arid soils, attributed 
to the stronger and more distinctive spectral features of gypsum [14]. Our results extend 
these findings to a stricter plot-blocked validation framework.

Beyond relative goodness-of-fit metrics, the practical utility of the models should be 
evaluated in relation to the concentration ranges encountered in the field. For SOC, the plot-
blocked RMSE of 0.53% was small relative to the observed concentration range (0.04–4.20%), 
but it remained comparable in magnitude to the mean SOC content (0.74%) and to concen-
trations commonly observed in deeper soil horizons. Consequently, SOC predictions appear 
useful for distinguishing relatively carbon-rich surface soils from carbon-poor subsoils but 
are less suitable for resolving subtle differences within the low-concentration range that 
predominates in these soils. For gypsum, an RMSE of 5.81% across an observed range of 
0–69.83%, together with an RPD of 2.15, indicates sufficient predictive performance for 
broad classification of soils according to gypsum content. Such discrimination may be use-
ful for applications such as reclamation assessment and irrigation planning, although the 
model is less suited to precise quantification in highly gypsiferous horizons. In contrast, SIC 
predictions showed limited practical utility: an RMSE of 0.61% relative to an observed range 
of 0.21–3.80% and an RPD of 1.19 suggest performance near the lower limit of screening-level 
application. Moreover, the marked deterioration in SIC performance under site-blocked 
validation indicates that even this modest predictive capability is unlikely to transfer reliably 
to unsampled oases without site-specific or locally representative calibration data.

SOC showed moderate predictability, consistent with the low SOC concentrations 
(0.04–4.20%) and strong mineral background of these sandy, alkaline, hyper-arid soils. 
At low SOC contents, organic-matter-related VNIR signals may be weak relative to vari-
ation associated with carbonates, gypsum, salinity, and texture. Higher SOC prediction 
performance has been reported under other calibration conditions. For example, Mar-
ques et al. (2020) [49] obtained R2  = 0.74 in gypsiferous agricultural soils using PLSR, 
while broader studies show strong dependence of SOC prediction on concentration range, 
mineralogy, preprocessing, and validation design [18,23,50]. The moderate performance 
observed here therefore likely reflects both the low SOC range and the more stringent 
plot-blocked validation.

SIC was the least transferable target. SIC comprises lithogenic and pedogenic carbonate 
pools influenced by parent material, hydrology, pH, evaporation, irrigation, dissolution–
precipitation processes, and biological CO2  inputs. Its relatively narrow concentration range 
(0.21–3.80%) and weak separation among management and topographic groups further 
constrained calibration. In addition, carbonate absorptions in the VNIR/SWIR region can 
overlap with clay-mineral and gypsum-related features. Previous studies similarly indi-
cate lower robustness of carbonate than gypsum prediction and mineralogical interference 
around the 2300–2350 nm carbonate region [14,24,51]. Our results further show that mod-
erate SIC performance under random validation does not necessarily translate into reliable 
prediction across held-out plots.
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4.3. Preprocessing and Multi-Target Workflows Revealed Target-Specific Spectral Information
No single preprocessing strategy was optimal across all targets. Gypsum prediction 

was robust with RAW, RAW + SG + MSC, and CR spectra, with similar RF performance 
after continuum removal and RAW + SG + MSC (R2  = 0.78) and the highest overall R2 
obtained with single-target PLSR on RAW spectra (R2  = 0.80; Table S1). Nevertheless, 
RAW and RAW + SG + MSC retained substantial predictive information, consistent with 
previous studies showing that full-spectrum approaches can perform as well as or better 
than feature-specific continuum removal for gypsum and carbonates [14,51].

SOC and SIC were more sensitive to preprocessing. For SOC, RF performance improved 
markedly from RAW spectra to CR and RAW + SG + MSC, with the latter giving the highest 
performance. SIC showed a similar improvement relative to RAW, with RAW + SG + 
MSC and CR giving nearly identical RF performance (R2  = 0.31 and 0.30), a difference not 
supported by the paired bootstrap (Table S8). These results indicate that both absorption 
enhancement and broader preprocessing of spectral structure can improve prediction, with 
their relative benefits depending on the target property.

Multi-target workflows likewise provided target-specific rather than uniform benefits. 
Joint prediction slightly improved global RF performance for SOC, lowered it for SIC under 
all three preprocessing approaches, and had little effect on gypsum; for CR spectra, none of 
these differences was distinguished from zero under plot-level resampling (Table S8). Shared 
spectra information among the three properties may therefore be useful for some targets, 
although relationships among targets may not remain stable across plots. The SHAP analysis 
supports partial spectral overlap: SOC importance was concentrated around 1842–1848 nm, 
whereas SIC and gypsum shared important wavelengths in the 2320–2330 nm region. Gypsum 
additionally showed contributions around 1926 and 2390 nm, consistent with hydration-related 
spectral features [18,20,25,26,52]. This broader spectral information may partly explain the 
greater robustness of gypsum prediction, whereas the overlap between SIC and gypsum may 
contribute to weaker SIC transferability. However, SHAP identifies predictive wavelength 
associations rather than isolated chemical absorption mechanisms.

4.4. Stratification Improves Prediction Only When It Matches Soil Structure
Environmental stratification did not universally improve prediction. Management strat-

ification maintained strong gypsum performance and supported SOC prediction, whereas 
topographic stratification did not improve transferable SIC prediction. Stratification can 
therefore be beneficial when it reduces meaningful heterogeneity, but smaller calibration 
subsets may also reduce robustness [1,23,53], and the comparison between global and strat-
ified models confounds stratification with calibration-set size (36–96 versus 180 samples).

The soil-property distributions partly explain these contrasting responses. SOC was 
structured mainly by depth, whereas gypsum showed clear management-related differenti-
ation, with high concentrations concentrated in traditional oases and in deeper, downslope 
soils. This likely contributed to the strong performance of management-stratified gyp-
sum models.

By contrast, SIC was only weakly separated among management and topographic 
classes. The global RF model therefore outperformed the stratified models under plot-
blocked GroupKFold, while all topography-stratified SIC models produced negative R2 . 
Their positive performance under KFold and LOOCV suggests that topography captured 
local structure that did not transfer to held-out plots. Reduced calibration size may have 
further limited SIC model stability because of its narrow concentration range and weak 
group separation [35,54].
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4.5. Implications for VNIR Monitoring of Dryland Soil Carbon and Gypsum
VNIR spectroscopy showed strongly target-dependent potential for dryland soil moni-

toring. Gypsum was predicted with high accuracy and good transferability, making it the 
most promising target for rapid screening in these hyper-arid oasis soils, although intervals 
from oasis-level resampling were wide (Table S7). SOC showed moderate predictability 
and may be useful for identifying broad spatial gradients, although low SOC concentrations 
and strong mineral-background effects limit precision. SIC remained the least transferable 
target: global RF models achieved only moderate performance, and stratification did not 
overcome this limitation.

Our gypsum results are consistent with the generally strong VNIR predictability 
reported for gypsum in arid soils, whereas SIC performance was more conservative than in 
several carbonate or SIC calibration studies [55,56]. This likely reflects the narrow SIC range, 
strong gypsum background, heterogeneity among plots, and stricter plot-blocked validation. 
More broadly, VNIR prediction of SOC and SIC is known to depend on preprocessing, model 
choice, mineralogy, soil depth, and calibration design [18,23,57]. Our results further show 
that validation design itself can alter the apparent predictive performance and therefore 
the practical interpretation of soil-spectroscopy models.

The contrast between plot- and site-blocked validation revealed clear target-specific 
differences in transferability. SOC performance remained similar across blocking levels, 
suggesting relatively consistent spectral–SOC relationships among oases, in agreement 
with the established potential of Vis–NIR spectroscopy for SOC estimation [58]. Gypsum 
prediction declined moderately under oasis blocking, indicating that the model captured a 
genuine spectral signal but was partly influenced by local concentration ranges. In contrast, 
SIC performance deteriorated strongly when entire oases were withheld, suggesting greater 
dependence on local mineralogical conditions. Carbonate prediction can be affected by 
spectral interference and masking from gypsum and other minerals, particularly in arid 
soils [10,14]. Thus, transferability depended more on the stability of the spectral–target 
relationship than on geographic distance alone.

From a practical perspective, SOC predictions were suitable for distinguishing carbon-
rich from carbon-poor soils but less reliable at very low concentrations. Gypsum showed 
useful predictive performance (RMSE = 5.81%; RPD = 2.15), whereas SIC showed limited 
utility (RMSE = 0.61%; RPD = 1.19). Although RPD is commonly used to assess soil-
spectroscopy models, fixed thresholds should be interpreted cautiously [58–60].

Finally, the results emphasize the importance of validation design. Random cross-
validation can overestimate predictive performance when spatially related samples occur in 
both calibration and validation sets [35]. For this spatially clustered dataset, plot- and site-
blocked validation therefore provided a more relevant assessment of transferability, while 
recognizing that spatial blocking may be overly conservative for some probability-based 
map-accuracy applications [61].

Overall, our hypotheses were supported to different degrees. The first hypothesis was 
fully supported because model performance and predictability were strongly target-specific: 
gypsum was predicted most reliably, SOC showed moderate performance, and SIC showed 
the weakest transferability. The second hypothesis was partially supported, as the effects 
of spectral preprocessing and modelling workflow varied among target properties. RAW 
spectra provided the highest predictive performance for gypsum, whereas RAW + SG + 
MSC yielded the best performance for SOC. For SIC, RAW + SG + MSC and continuum-
removed (CR) spectra produced comparable results. However, several of these differences, 
as well as most differences between single- and multi-target modelling workflows, were 
within the uncertainty indicated by the bootstrap intervals, suggesting that the apparent 
performance advantages were not clearly distinguished by their uncertainty intervals. The 
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third hypothesis was strongly supported. Grouped validation generally yielded more 
conservative estimates of predictive performance than random K-fold cross-validation and 
LOOCV, with the largest discrepancies observed for SIC. Moreover, the contrast between 
plot-blocked and site-blocked validation demonstrated that model transferability depends 
on the spatial scale at which independence is imposed, and that the relevant validation 
scale varies among target properties.

5. Conclusions
VNIR spectroscopy showed clear target-specific potential in hyper-arid agricultural 

soils: gypsum was predicted robustly, SOC with moderate accuracy, whereas SIC remained 
poorly transferable across held-out plots and, especially, across held-out oases. More im-
portantly, model performance depended strongly on validation design; random resampling 
generally produced more optimistic estimates of model transferability than grouped val-
idation. Plot- and site-level blocking further revealed that transferability was strongly 
target-dependent: SOC performance remained similar under oasis-level blocking within 
the Djerid study region, gypsum prediction declined moderately, whereas SIC prediction 
deteriorated markedly under inter-oasis transfer.

These findings emphasize that reliable soil-spectroscopy applications require valida-
tion schemes that reflect the spatial and hierarchical structure of the intended prediction 
domain. For dryland monitoring, VNIR already appears well suited to rapid gypsum as-
sessment and potentially useful for SOC screening, whereas transferable SIC prediction will 
require broader calibration datasets that better capture carbonate variability, mineralogical 
interference, and spatial heterogeneity. Expanding calibration across dryland regions and 
integrating spectrally complementary information may therefore be key to developing more 
robust multi-property monitoring frameworks.
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