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Abstract
This study aimed to investigate, under wind-tunnel conditions, the effects of different nano-clay application 
rates (0, 0.94, 1.88, and 3.75 g m⁻²) on wind-induced soil loss across different aggregate sizes (0.5, 1.0, and 
2.0 mm) and wind speeds (8, 10, and 12 m s⁻¹). In addition, the study aimed to model wind-induced soil loss 
processes using machine learning and explainable artificial intelligence methods. The wind-tunnel experiments 
revealed that nano-clay applications significantly reduced soil loss across all aggregate sizes and wind-speed 
conditions. The highest protective effect was obtained at the 3.75 g m⁻² nano-clay rate; soil loss decreased by 
80.8% in the 2 mm aggregates, by 93.2% in the 1 mm aggregates, and by 95.9% in the 0.5 mm aggregates. 
The protective effect of the nano-clay applications was found to be particularly pronounced at high wind 
speeds and in fine aggregates. Among the evaluated models, XGBoost showed the strongest development-stage 
performance under repeated nested group-aware cross-validation (R² = 0.835 ± 0.064, RMSE = 11.896 ± 2.229, 
MAE = 6.686 ± 0.854) and was selected before independent holdout evaluation. On the group-held-out test set, 
the selected XGBoost model achieved R² = 0.882, RMSE = 13.298, and MAE = 9.443. The lower performance 
of the linear baseline suggested that the tree-based models captured predictive structure not adequately rep-
resented by a simple linear formulation. SHAP analysis indicated that nano-clay dose made the largest mean 
absolute contribution to the fitted model predictions, followed by wind speed and aggregate size. Overall, nano-
clay substantially reduced wind-induced soil loss within the controlled experimental conditions examined here; 
broader practical applicability requires validation under field conditions.
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Introduction

Wind erosion is a critical global problem that substantially contributes to soil degradation and adversely affects 
agricultural productivity, soil fertility, and environmental sustainability1,2. By physically removing nutrient-rich 
topsoil, it leads to considerable soil loss and the depletion of essential nutrients, thereby reducing crop produc-
tion and increasing vulnerability to drought stress3. This degradation increases food insecurity, particularly in 
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developing regions that depend on worn and degraded soils. Moreover, climate change and prolonged drought 
increase the risk of wind erosion and accelerate desertification by altering precipitation patterns and intensify-
ing soil drought4,5. Wind-borne soil particles also impair air quality, posing risks to human health and ecosystem 
functions. Sustainable soil management practices, including conservation tillage and cover cropping, are of vital 
importance for mitigating these adverse effects and enhancing resilience under changing climatic conditions6,7.

Factors affecting wind erosion include wind speed, soil texture, aggregate stability, moisture content, and 
surface cover8. While higher wind speeds increase the erosion potential, finer soil texture and lower surface 
stabilization make soils more susceptible9,10. Vegetation cover and microcrusts stabilize surfaces by binding 
soil particles and preventing saltation, thereby reducing soil loss11–13. Erosion control encompasses physical 
methods (protecting surface cover and microphytic crusts), chemical stabilizers (biopolymers and synthetic poly-
mers), and biological approaches (supporting soil microbiota and aggregate stability)14. By increasing soil cohe-
sion, surface stabilizers form protective crusts that resist wind-induced detachment and are ideally cost-effective 
and environmentally friendly15,16. Building on this classification, chemical methods such as biopolymers and 
synthetic polymers enhance interparticle cohesion and have shown promising erosion-reduction performance, 
although concerns remain regarding their durability and cost at field scale17. Biologically based approaches, 
such as microbially induced calcium carbonate precipitation and microbiota-based treatments, offer an environ-
mentally friendly alternative but are often limited by sensitivity to environmental conditions and complex field 
implementation18.

The increasing importance of nanotechnology in agriculture stems from the unique physicochemical properties 
of nanomaterials19. Distinguished by their high surface area, adsorption capacity, and layered structures, nano-
clays show potential for soil conservation by stabilizing soil aggregates and modifying surface crust formation. 
By binding soil particles, nano-clays can enhance surface cohesion and reduce erosion by decreasing detachment 
caused by raindrops or wind20. Surface crust formation critically influences infiltration and runoff, and chemical 
and physical amendments also play important roles in regulating these processes21. The fine particles of nano-
clays can function similarly to natural polymers by forming thin protective layers that increase soil strength and 
water-stable aggregates, reduce erosion, and improve infiltration20. Nano clay-based materials, either used alone 
or combined with industrial by-products such as blast furnace slag, have been shown to substantially reduce wind 
erosion of sandy soils while also improving water retention and mechanical strength22. Beyond nano-clay, chemi-
cally engineered polymer- and nanocellulose-based nanocomposites have likewise emerged as effective sandy-
soil stabilizers. For instance, a chitin-assisted polymeric nanocomposite mulch markedly reduced wind-tunnel 
erosion rates while increasing the compressive and shear strength of sand-dune surfaces23, and a related walnut-
shell-derived nanocellulose–polymer binder achieved complete suppression of wind-tunnel soil loss together 
with pronounced gains in crust strength24. Together, these studies indicate that, alongside nano-clay, chemically 
engineered composite stabilizers constitute an actively developing alternative for erosion control in erodible 
sandy soils.

Data-driven approaches have increasingly complemented conventional methods for modelling and predict-
ing wind erosion. Wind-tunnel experiments provide fundamental insights into erosion mechanics by offering 
controlled environments for examining the detachment and deposition patterns of soil particles at varying wind 
speeds25. However, traditional erosion models based on field measurements generally face challenges such as 
sparse spatio-temporal coverage and insufficient resolution to capture complex environmental interactions. Arti-
ficial intelligence (AI)-based prediction models are becoming increasingly important for the effective processing 
and analysis of complex, high-dimensional datasets by leveraging machine learning (ML), deep learning (DL), 
and hybrid soft-computing techniques26,27. These AI-based models can capture nonlinear relationships and may 
improve predictive performance when appropriately trained and validated. Data-driven approaches can comple-
ment conventional erosion-modelling frameworks by capturing nonlinear predictive relationships and integrating 
multiple predictor types. When adequately trained and independently validated, such models may provide useful 
support for erosion assessment and management26–28.
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Machine learning methods have been widely applied in soil sciences to predict soil properties and erosion 
susceptibility, generally providing high accuracy and robustness across diverse settings29–31. Machine and deep 
learning architectures have demonstrated superior performance in environmental modelling by capturing com-
plex spatial and temporal patterns, particularly improving erosion risk mapping and LS-factor prediction30,32. 
Successes include high area-under-the-curve (AUC) values (> 0.90) and the accurate classification of erosion-
prone areas, which facilitates better soil conservation planning29,33. However, gaps remain in the literature regard-
ing model interpretability, the prevention of overfitting, and transferability across diverse soil types and climatic 
regimes34. Moreover, the integration of hybrid artificial intelligence models and comprehensive spatio-temporal 
datasets has not been sufficiently investigated. There is an urgent need for more explainable artificial intelligence 
frameworks and multi-scale validation to enhance practical adoption in soil management30,34.

A distinctive feature of the present study is the integration of a controlled factorial wind-tunnel experiment 
with treatment-combination-aware machine-learning validation, allowing predictive patterns to be evaluated 
without separating replicates from the same experimental condition across validation partitions. Novel and sus-
tainable surface-stabilization approaches are needed to mitigate wind erosion, and nano-clay has potential in this 
context because of its high surface area and binding properties. However, relatively few studies have examined 
nano-clay effects across contrasting wind speeds and aggregate sizes while also evaluating the predictive struc-
ture of the resulting soil-loss response. Accordingly, the present study experimentally quantified soil loss across 
different nano-clay doses, wind speeds, and aggregate-size classes and complemented these measurements with 
a group-aware machine-learning framework designed to characterize predictive relationships within the investi-
gated experimental domain.

Materials and methods

Collection and general properties of the soil material

The soil material used in this study was collected from a wind-erosion-prone sandy agricultural area in the İncesu 
district of Kayseri province, at a depth of 0–10 cm, using a random sampling method to represent the surface soil. 
According to long-term climate data, the annual average temperature is 10.7 °C and the total annual precipitation 
is 389 mm35, indicating a semi-arid climate characterized by widespread light-textured soils susceptible to wind 
erosion. The site therefore provides suitable material for evaluating wind erosion and surface-stabilization appli-
cations. After being brought to the laboratory, the samples were left to reach an air-dry state without exposure to 
direct sunlight or sudden temperature changes. Plant residues, root fragments, stones, and coarse organic remains 
were then removed by hand, improving the homogeneity of the soil material used in the wind-tunnel experiments.

Soil moisture content was determined by drying the samples at 105 °C until they reached constant weight 
(1.5%). Soil texture was determined by quantifying the sand, silt, and clay fractions using the hydrometer 
method36, and the resulting particle-size composition was assigned to a USDA textural class. Soil reaction (pH) 
and electrical conductivity (EC) values were measured in a 1:2.5 soil: distilled-water suspension using a pH meter 
and an EC meter, respectively37. Organic matter content was determined by the Walkley–Black method38, and 
lime (CaCO₃) content by the calcimetric method38.

The general properties of the soil used in the study are given in Table 1. The pH of the soil was determined as 
7.98 and its electrical conductivity (EC) as 0.612 dS m⁻¹. The organic matter and lime (CaCO₃) contents were 
0.56 and 0.92%, respectively, and both parameters were found to be at low levels. The soil texture consisted 
largely of the sand fraction, with a total sand content of 92.2%. Within the sand fraction, the proportions of very 
coarse, coarse, fine, and very fine sand were 4%, 11%, 41%, and 22%, respectively. By contrast, the silt and clay 
contents were quite low, at 4.8% and 2%, respectively. Dry aggregate size distribution analysis was performed on 
a 250 g air-dried soil sample using a Retsch AS 200 Basic sieve shaker (1.0, 0.5, 0.25, 0.125, and 0.063 mm mesh 
sizes, 10 min duration, amplitude setting of 100), and the mass retained on each sieve was weighed. As a 0.84 
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mm sieve was not included in the set, the erodible fraction (EF), defined as the percentage of aggregates < 0.84 
mm39,40, was estimated by log-linear interpolation between the 1.0 and 0.5 mm cumulative passing percentages. 
The estimated erodible fraction (EF) of the studied soil was 84.6%. In line with these properties, the study soil 
falls into the sand textural class according to the USDA texture classification and, owing to its low organic matter 
content, high sand content, and high amount of erodible aggregates, exhibits a structure that is highly susceptible 
to wind erosion.

Preparation of the aggregate fractions

Consistent with standard dry-sieving methodology in wind erosion research40,41, the term “aggregates” is used 
throughout this study in an operational sense to refer to the size fractions obtained by dry sieving, regardless of 
their internal composition (whether predominantly composed of primary sand particles or of clay/silt-cemented 
structural units). Given the low clay and silt content of the studied soil, these fractions likely consist largely of 
loosely bound sand particles and weak sand aggregates rather than clay-cemented structural aggregates.

In order to determine the effect of aggregate size on wind-induced soil loss, three different aggregate fractions 
were used in the study. These fractions were separated from the bulk soil by dry sieving and selected as 0.5 mm, 
1.0 mm, and 2.0 mm. These aggregate sizes were chosen to represent different levels of transportability and 
erosion susceptibility in sandy soils, spanning both below (0.5 mm) and above (1.0, 2.0 mm) the conventional 
0.84 mm erodibility threshold used to define the erodible fraction (EF) in wind erosion studies.

Preparation of the experimental trays and placement of the soil into the trays

Experimental trays with a surface area of 0.16 m² (0.75 m × 0.21 m × 0.025 m) were used in the wind-tunnel 
experiments. For each aggregate fraction, the amount of soil required to fill the tray homogeneously was deter-
mined through preliminary experiments. Because the packing pattern and volumetric filling of the soils differed 
as the aggregate size changed, it was found inappropriate to use the same soil mass for each aggregate class. 
Accordingly, 6000 g of soil was weighed into each tray for the 2.0 mm aggregate fraction, 5500 g for the 1.0 mm 
aggregate fraction, and 5000 g for the 0.5 mm aggregate fraction (Fig. 1).

Nano-clay material

Commercially supplied kaolin-based nano-clay powder was used in the study. The nano-clay had an average 
particle size of approximately 800 nm and a purity of 99.9%. Kaolinite is a non-expanding 1:1 layered alumi-
nosilicate mineral [Al₂Si₂O₅(OH)₄] characterized by a relatively low cation exchange capacity (5 cmol (+) kg⁻¹) 
and a BET specific surface area of approximately 30 m² g⁻¹. Its particle density was 2.6 g cm⁻³, with a pH of 5.5 
and a composition of 46.5% SiO₂ and 39.5% Al₂O₃. Owing to its small particle size and high surface area, it was 
assumed that the nano-clay could play a binding role between soil particles, form a thin coating on the surface, 
and reduce the detachment of aggregates under wind action.

Soil properties Value Soil properties Value
pH 7.98 Very coarse sand (%) 4
EC (dS m⁻¹) 0.612 Coarse sand (%) 11
OM (%) 0.56 Medium sand (%) 14
CaCO₃ (%) 0.92 Fine sand (%) 41
Sand (%) 92.2 Very fine sand (%) 22
Silt (%) 4.80 < 0.84 mm aggregates (%) 84.6
Clay (%) 2.00 Texture class Sand

Table 1  Some physical and 
chemical properties of the 
soil used in the study.

EC, electrical conductivity; OM, 
organic matter.
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Preparation of the nano-clay suspensions

The nano-clay applications were carried out as suspensions prepared in distilled water. To support a more homo-
geneous dispersion of the nano-clay particles in the water and to ensure more uniform spreading over the surface 
during application, the suspensions were thoroughly stirred before use. A total of 300 mL of distilled water was 
used for each application. This volume was kept constant across all doses so that the difference between applica-
tions arose from the amount of nano-clay rather than the amount of water. In the control treatment, 300 mL of 
distilled water containing no nano-clay was applied.

When preparing the suspensions, the relevant amounts of nano-clay were first weighed on a precision bal-
ance. The weighed materials were added to 300 mL of distilled water and mixed until a homogeneous mixture 
was obtained. To prevent the suspension from settling during application, the mixture was re-shaken before each 
application. This step is important for ensuring that the nano-clay particles are distributed as evenly as possible 
over the tray surface.

Preliminary dose-determination study

Before proceeding to the main experiment, preliminary experiments were conducted to determine the appropriate 
nano-clay doses. In addition to the 0.94, 1.88, and 3.75 g m⁻² doses used in the main study, the higher doses of 
9.38, 18.75, and 37.5 g m⁻² were also evaluated in the preliminary experiments.

Fig. 1  Wind-tunnel experimental setup and measurement procedure used to determine the effect of nano-clay applications on 
soil loss under different aggregate (mm) sizes and wind speeds (m s− 1).
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The aim of the preliminary dose-determination study was not solely to identify the dose providing the highest 
surface stabilization. A surface-stabilization application suitable for use in agricultural areas should reduce soil 
loss without completely preventing plant emergence, should not cause excessive crusting, and should be eco-
nomically and practically applicable. Therefore, in the preliminary experiments, post-application surface integ-
rity, the appearance of the crust layer formed on the surface, surface homogeneity, and agricultural applicability 
were evaluated together.

It was observed that high-dose applications could provide more pronounced bonding and crust formation on 
the surface. However, such high doses were considered potentially limiting for germination and seedling emer-
gence under agricultural production conditions. This concern was explored in a preliminary emergence screening 
(20 seeds per application), in which seedling emergence declined from 15 at 3.75 g m⁻² to 11, 9, and 0 at 9.38, 
18.75, and 37.50 g m⁻², respectively. This screening was used only to inform dose selection and was not treated 
as a replicated inferential experiment. In addition, the higher doses were considered less practical in terms of 
material requirement and potential field-scale applicability.

During the preliminary experiments, it was also observed that the homogeneity of the spray application had an 
important effect on the results. It was noted that non-uniform spray applications could lead to marked differences 
between replicates. Therefore, in the main experiments, a spray distance of approximately 25 cm, an application 
angle of 45°, and a standardized volume of 300 mL per tray were used consistently across all applications.

Wind-tunnel setup

The wind-erosion experiments were carried out in the wind-tunnel facility located at Erciyes University. The 
wind tunnel used consists of a fan section, a contraction cone, a working section, and an outlet section. The tun-
nel was designed to allow wind-erosion processes to be examined under controlled laboratory conditions (Fig. 2).

The test section of the wind tunnel is 5 m long. The inlet cross-section of the tunnel measures 0.80 × 0.90 m. 
The system operates with a high-capacity axial fan with a fan power of 7.5 kW. The fan can generate an air flow 
rate of approximately 60,000 m³ h⁻¹. Wind speeds were set via a previously calibrated digital control panel, con-
sistent with the growing use of digitally controlled airflow systems in aeolian erosion research to achieve more 

Fig. 2  Sections of the wind tunnel.
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precise and reproducible experimental conditions42–44. The correspondence between the panel settings and the 
actual wind speed delivered to the sample tray was verified prior to each experimental run: airflow was measured 
5 cm above the tray surface using a Testo 0635 2145 pitot-tube anemometer, and across three independent mea-
surements the panel settings of 8, 10, and 12 m s⁻¹ corresponded to actual mean wind speeds of 7.96 ± 0.04, 10.00 
± 0.05, and 11.99 ± 0.05 m s⁻¹, respectively. The thickness of the developing boundary layer was observed to 
vary between 0.10 and 0.24 m, corresponding to shear velocities between 0.146 and 0.504 m s⁻¹, consistent with 
previous calibration and validation studies conducted in the same facility45.

Conduct of the wind-tunnel experiments

The trays, for which the nano-clay application had been completed and had been kept under laboratory conditions 
for 48 h, were made ready for the wind-tunnel experiments. Before the experiments, the initial weight of each 
tray was recorded using an analytical balance. The tray was then placed in the working section of the wind tunnel.

Each tray was exposed to wind for 5 min at the corresponding wind speed. Three wind speeds, namely 8, 10, 
and 12 m s⁻¹, were used in the experiments. This range closely matches the reference wind velocities (9 and 11 
m s⁻¹) used in a wind-tunnel study on soils from the same region by Erci et al.,14, as well as wind speeds reported 
in other regional field and wind-tunnel studies46–48. A 5-min exposure duration was used given the finite, shallow 
soil layer in the trays, which limits the erodible material available compared to an unlimited field-scale reservoir.

During the experiment, care was taken to keep the position of the tray within the tunnel similar across all treat-
ments. In this way, differences that could arise from wind speed, surface conditions, and the position within the 
tunnel were minimized. After each treatment was completed, the tray was carefully removed from the tunnel and 
re-weighed to determine the amount of remaining soil.

The experiments were conducted in three replicates. The total number of experiments comprised 108 experi-
mental units: 3 aggregate sizes × 4 nano-clay doses × 3 wind speeds × 3 replicates.

Determination of soil loss

In the wind-tunnel experiments, soil loss was determined based on the principle of mass loss. For each tray, the 
initial weight was recorded before the wind-tunnel test and the remaining weight after the test. The difference 
between the initial and final weights was taken as the amount of soil loss by wind.

Soil loss was calculated using the following equation:
Soil loss (%) = [(Initial weight−Final weight)/Initial weight] × 100  
Because directly comparing losses in grams was considered misleading, losses were expressed as percentages 

rather than absolute mass. The main reason for this is that the initial amounts of soil used to fill the tray differed 
across the aggregate sizes. The percentage loss values allowed a comparable evaluation among the treatments.

Field emission scanning electron microscopy (FE-SEM)

The surface morphology of untreated (control) and nano-clay-treated soil aggregates was examined using a field-
emission scanning electron microscope (GeminiSEM 500, Zeiss, Germany) at the Technology Research and 
Application Center (TAUM), Erciyes University, Kayseri, Türkiye. Samples were imaged across three aggregate 
size fractions (0.5, 1.0, and 2.0 mm) and four nano-clay dose levels (0, 0.94, 1.88, and 3.75 g m⁻² ), with each 
sample examined at multiple magnifications ranging from 2000× to 30,000× to characterize both overall surface 
morphology and fine-scale particle interactions. Imaging was performed using an InLens secondary electron 
detector at an accelerating voltage of 3.00 kV and a working distance of approximately 3.4–3.6 mm. Before imag-
ing, samples were sputter-coated with a thin conductive layer to prevent charging. Representative micrographs 
were selected from each treatment group for comparative analysis. To specifically investigate the microstructural 
mechanism underlying the observed erosion reduction, control and highest-dose (3.75  g m⁻² ) samples were 
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compared at 10,000× magnification across all three aggregate size classes. The FE-SEM assessment was qualita-
tive and was used to compare representative surface features; no quantitative image-based morphometric analysis 
was performed.

Statistical analysis, machine learning, and explainable artificial intelligence analyses

To evaluate the effects of wind speed, aggregate size, and nano-clay application dose on soil loss, a three-way 
analysis of variance (ANOVA) was first performed (Table 2). Wind speed, aggregate size, and nano-clay dose 
were treated as fixed factors. The model included the three main effects, all two-way interactions (wind speed × 
aggregate size, wind speed × nano-clay dose, and aggregate size × nano-clay dose), and the three-way interac-
tion among the factors. Because the three-way interaction was significant, post-hoc interpretation was presented 
separately within each aggregate-size class. For Tables 3, 4 and 5, Tukey multiple-comparison tests were used 

Table 2  Three-way ANOVA for the effects of aggregate size, nano-clay application rate, and wind speed, and their interac-
tions, on soil loss (%).
Source df SS MS F p
Aggregate size (A) 2 104.30 52.15 18.58 < 0.001
Wind speed (W) 2 24685.00 12342.50 4398.13 < 0.001
Nano-clay rate (N) 3 77739.13 25913.04 9233.86 < 0.001
A × W 4 979.19 244.80 87.23 < 0.001
A × N 6 4232.39 705.40 251.36 < 0.001
W × N 6 7621.92 1270.32 452.67 < 0.001
A × W × N 12 1075.13 89.59 31.93 < 0.001
Error 72 202.05 2.81
A, aggregate size; N, nano-clay application rate; W, wind speed; df, degrees of freedom; SS, sum of squares; MS, mean square. The error term 
had 72 degrees of freedom. All reported main and interaction effects had p < 0.001.

Table 3  Effects of nano-clay application rates and wind speeds on soil loss in 2 mm aggregates (%).
Nano Clay (g m⁻²) Wind Speed (m s− 1) Mean

8 Mean 12
0 18.31 ± 1.09ef 72.37 ± 0.63b 92.10 ± 0.22a 60.93 ± 33.09A

0.94 7.16 ± 1.76gh 20.91 ± 2.18e 57.08 ± 6.78c 28.38 ± 22.63B

1.88 6.97 ± 0.70gh 11.70 ± 1.30fg 47.29 ± 0.39d 21.99 ± 19.10C

3.75 2.84 ± 0.21h 8.35 ± 0.33gh 23.83 ± 3.58e 11.67 ± 9.59D

Mean 8.82 ± 6.07C 28.33 ± 27.01B 55.07 ± 25.86A

Values are expressed as mean ± standard deviation (n = 3). Means followed by different lowercase letters (a–h) are significantly different among 
the nano-clay rate × wind speed interaction means. In the marginal means, different uppercase letters in the “Mean” column indicate significant 
differences among nano-clay application rates, and different uppercase letters in the “Mean” row indicate significant differences among wind 
speeds, according to the Tukey multiple comparison test (p ≤ 0.01).

Table 4  Effects of nano-clay application rates and wind speeds on soil loss in 1 mm aggregates (%).
Nano Clay (g m⁻²) Wind Speed (m s− 1) Mean

8 10 12
0 59.38 ± 1.33b 92.71 ± 0.76a 95.74 ± 0.60a 82.61 ± 17.49A

0.94 5.25 ± 0.36ef 13.67 ± 2.01d 61.84 ± 3.45b 26.92 ± 26.52B

1.88 3.65 ± 0.16ef 6.61 ± 0.29e 38.50 ± 0.42c 16.25 ± 16.74C

3.75 1.59 ± 0.12f 2.15 ± 0.05f 12.99 ± 0.58d 5.58 ± 5.58D

Mean 17.47 ± 25.32C 28.78 ± 38.80B 52.27 ± 31.86A

Values are expressed as mean ± standard deviation (n = 3). Means followed by different lowercase letters (a–h) are significantly different among 
the nano-clay rate × wind speed interaction means. In the marginal means, different uppercase letters in the “Mean” column indicate significant 
differences among nano-clay application rates, and different uppercase letters in the “Mean” row indicate significant differences among wind 
speeds, according to the Tukey multiple comparison test (p ≤ 0.01).
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to compare the nano-clay dose × wind-speed cell means and the corresponding marginal means at α = 0.01. The 
Tukey tests and associated letter groupings were obtained using JMP 18.0 (SAS Institute Inc., Cary, NC, USA).

The assumptions of the three-way ANOVA were evaluated using model residuals. Residual normality was 
assessed using the Shapiro–Wilk test together with a normal Q–Q plot, while homogeneity of variance across the 
36 experimental treatment combinations was examined using the median-centered Levene test (Brown–Forsythe 
form). Standardized residuals were also plotted against fitted values to identify possible systematic patterns or 
changes in residual dispersion. Formal diagnostics indicated departures from both residual normality and vari-
ance homogeneity. Therefore, the robustness of the conventional ANOVA inference was further examined by 
re-evaluating the same full-factorial Type II model using HC3 heteroskedasticity-robust covariance estimation. 
The HC3 analysis was used as a sensitivity analysis rather than as a replacement for the prespecified classical 
ANOVA.

Machine-learning analyses were subsequently conducted to characterize the predictive relationships between 
the experimental factors and soil loss. Wind speed (m s⁻¹), aggregate size (mm), and nano-clay dose (g m⁻²) were 
used as predictors, and soil loss (%) was used as the response variable. Three modelling approaches were evalu-
ated: Linear Regression, Random Forest, and Extreme Gradient Boosting (XGBoost). Linear Regression was 
included as an untuned baseline model, whereas Random Forest and XGBoost were used to capture potentially 
nonlinear predictive relationships and higher-order structure among the predictors.

To minimize information leakage among experimental replicates, each unique combination of wind speed, 
aggregate size, and nano-clay dose was treated as a single grouping unit throughout machine-learning validation. 
The complete dataset comprised 108 observations representing 36 unique treatment combinations, with three rep-
licates per combination. All replicates belonging to the same treatment combination were therefore kept together 
during data partitioning and cross-validation.

A group-aware 75:25 split was first applied, resulting in a development dataset containing 81 observations 
from 27 treatment combinations and an independent holdout dataset containing 27 observations from nine treat-
ment combinations. No treatment combination was shared between the development and holdout datasets. The 
holdout dataset was isolated before any model fitting, hyperparameter optimization, model comparison, or model 
selection was performed.

All model development was conducted exclusively within the development dataset. Predictive performance 
was evaluated using repeated nested group-aware cross-validation, consisting of five outer folds repeated ten 
times, yielding 50 outer validation partitions for each model. Within each outer-training partition, Random Forest 
and XGBoost hyperparameters were optimized using four-fold group-aware inner cross-validation, with RMSE 
used as the optimization criterion. Model selection was based solely on development-stage validation perfor-
mance, specifically the lowest mean outer-validation RMSE. After the model type and hyperparameter configu-
ration had been selected and fixed, the selected model was refitted using the complete development dataset and 
evaluated once on the untouched independent holdout dataset.

Table 5  Effects of nano-clay application rates and wind speeds on soil loss in 0.5 mm aggregates (%).
Nano Clay (g m⁻²) Wind Speed (m s− 1) Mean

8 10 12
0 66.19 ± 2.03c 94.19 ± 1.58b 97.60 ± 0.59a 85.99 ± 14.98A

0.94 3.25 ± 1.00gh 9.05 ± 0.17f 50.91 ± 0.74d 21.07 ± 22.53B

1.88 2.15 ± 0.31gh 4.32 ± 0.35g 30.85 ± 1.36e 12.44 ± 13.86C

3.75 1.10 ± 0.25h 1.47 ± 0.20gh 8.09 ± 0.17f 3.55 ± 3.41D

Mean 18.17 ± 28.99C 27.26 ± 40.47B 46.86 ± 34.45A

Values are expressed as mean ± standard deviation (n = 3). Means followed by different lowercase letters (a–h) are significantly different among 
the nano-clay rate × wind speed interaction means. In the marginal means, different uppercase letters in the “Mean” column indicate significant 
differences among nano-clay application rates, and different uppercase letters in the “Mean” row indicate significant differences among wind 
speeds, according to the Tukey multiple comparison test (p ≤ 0.01).
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For Random Forest, the predefined search grid included 500, 1000, and 1500 trees (n_estimators); maxi-
mum tree depths (max_depth) of None, 5, and 10; and minimum leaf sizes (min_samples_leaf) of 1 and 2. For 
XGBoost, the search grid included 500 and 1000 boosting iterations (n_estimators), learning rates of 0.03 and 
0.05, maximum tree depths of 2 and 3, and subsampling fractions of 0.80 and 1.00. Hyperparameter selection was 
performed exclusively within the inner cross-validation loop. The final Random Forest configuration selected 
from the development-stage optimization consisted of 1500 trees, max_depth = None, and min_samples_leaf = 1. 
The final XGBoost configuration consisted of 1000 boosting iterations, a learning rate of 0.03, a maximum tree 
depth of 2, and a subsampling fraction of 0.80. Linear Regression was retained as an untuned baseline model.

For each complete cross-validation repeat, out-of-fold predictions from the five outer folds were pooled, and 
R², RMSE, and MAE were calculated. Cross-validation performance was reported as the mean ± standard devia-
tion across the ten repeated out-of-fold evaluations. Fold-level performance statistics were additionally retained 
as a supplementary stability diagnostic. The independent holdout dataset was evaluated only once after model 
selection had been completed.

Variance Inflation Factor (VIF) values were calculated for wind speed, aggregate size, and nano-clay dose as a 
diagnostic of multicollinearity among the predictors.

Explainable artificial intelligence methods were used to further examine fitted-model behaviour. Shapley 
Additive Explanations (SHAP) were calculated to quantify the contribution of each predictor to individual model 
predictions. SHAP summary and dependence plots were used to visualize the magnitude and direction of these 
model-based contributions. SHAP values were interpreted as contributions to fitted predictions rather than as 
direct measures of causal or physical importance.

Partial Dependence Plots (PDPs) were generated to examine marginal patterns in model predictions across 
the experimental ranges of the predictors. Two-dimensional PDPs were additionally used to describe joint fitted-
model response surfaces for pairs of predictors. Accumulated Local Effects (ALE) analyses were performed as 
a complementary interpretation method that summarizes average local changes in model predictions over the 
observed predictor distribution. PDP and ALE results were therefore interpreted as descriptions of fitted-model 
behaviour and not as estimates of causal effects.

ALE profiles were generated for wind speed, aggregate size, and nano-clay dose using the PyALE imple-
mentation. Because the experimental predictors were evaluated at a limited number of discrete treatment levels, 
lines connecting ALE estimates were used only as visual guides, while continuous colour transitions in the two-
dimensional PDP surfaces were treated as model-based visualizations between experimentally represented levels. 
Neither representation was interpreted as direct experimental evidence at untested intermediate values, a continu-
ous causal response function, or evidence of specific threshold values.

An exploratory scenario analysis was conducted using the selected explanatory model and was restricted to the 
36 factorial combinations actually represented in the experiment (3 wind speeds × 3 aggregate sizes × 4 nano-
clay doses). Model-predicted soil loss was calculated for each experimentally represented combination, and the 
combinations associated with the lowest and highest fitted predictions were identified. The analysis was used only 
to summarize fitted-model behaviour within the observed factorial domain; the identified combinations were not 
interpreted as experimentally validated optima or as recommendations beyond the tested conditions.

For visualization of model predictions at the experimentally represented treatment combinations, heatmaps 
were generated separately for each aggregate-size class using the fitted explanatory model. Each heatmap dis-
played predictions for the 12 observed wind-speed × nano-clay combinations within that aggregate-size class. No 
untested intermediate factor levels were introduced in these heatmaps.

For the model-interpretation analyses, an explanatory version of the selected machine-learning model was 
fitted to the complete dataset using the model type and hyperparameter configuration determined during devel-
opment-stage model selection. This full-data model was used only to generate SHAP, PDP, ALE, exploratory 
scenario, and heatmap-based model interpretations; predictive performance was not estimated from this model. 
All reported measures of predictive performance were derived exclusively from the repeated nested group-aware 
cross-validation and the independent holdout evaluation described above.
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The three-way ANOVA, ANOVA assumption diagnostics, HC3 robustness analysis, machine-learning model-
ling, and explainable artificial intelligence analyses were performed in Python. Tukey multiple-comparison tests 
used for the treatment-mean groupings in Tables 3, 4 and 5 were performed in JMP 18.0 (SAS Institute Inc., Cary, 
NC, USA).

Results

Effect of nano-clay applications and wind speeds on soil loss

The three-way ANOVA showed that the main effects of aggregate size, nano-clay application rate, and wind 
speed, as well as all of their two-way and three-way interactions, had statistically significant effects on soil loss 
(all p < 0.001) (Table 2). Because the three-way aggregate size × nano-clay rate × wind-speed interaction was 
significant, the effects of nano-clay rate and wind speed on soil loss varied with aggregate size. Therefore, the 
treatment means are presented separately for each aggregate size in Tables 3 and 4, and 5 to allow a clear inter-
pretation of these interaction effects.

Diagnostic assessment of the full-factorial ANOVA indicated departures from residual normality (Shapiro–
Wilk W = 0.7847, p < 0.001) and homogeneity of variance across the 36 treatment combinations (Brown–For-
sythe/median-centered Levene statistic = 2.1355, p = 0.00335). Accordingly, the inferential robustness of the same 
Type II model was examined using HC3 heteroskedasticity-robust covariance estimation. All seven main and 
interaction effects retained the same significance decisions under HC3 inference, yielding 7/7 (100%) concor-
dance with the classical ANOVA.

The effects of nano-clay applications on percentage soil loss at different aggregate sizes are presented in 
Tables 3, 4 and 5. In soils with a 2 mm aggregate size, the effects of nano-clay application rate, wind speed, and 
their interaction on soil loss were all statistically significant (p ≤ 0.01) (Table 3). In general, an increase in wind 
speed significantly increased soil loss, whereas the nano-clay applications reduced it. The highest soil loss was 
obtained in the control at a wind speed of 12 m s⁻¹ (92.10%), while the lowest value was obtained with the 3.75 g 
m⁻² nano-clay application at a wind speed of 8 m s⁻¹ (2.84%). According to the mean values, soil loss decreased 
as the nano-clay dose increased, and the lowest mean soil loss was obtained with the 3.75 g m⁻² nano-clay appli-
cation (11.67%). When the wind speeds were examined, the highest mean soil loss was determined at 12 m s⁻¹ 
(55.07%) and the lowest at 8 m s⁻¹ (8.82%).

Table 4 presents the effects of different nano-clay doses and wind speeds on soil loss at a 1 mm aggregate 
size. The effects of nano-clay dose, wind speed, and the nano-clay × wind-speed interaction on soil loss were all 
statistically significant (p ≤ 0.01). The findings show that soil loss increased significantly with increasing wind 
speed, whereas the nano-clay applications significantly reduced this loss. The highest soil loss was determined in 
the control treatment at a wind speed of 12 m s⁻¹ (95.74%), while the lowest soil-loss value was obtained with the 
3.75 g m⁻² nano-clay application at a wind speed of 8 m s⁻¹ (1.59%). According to the mean values, the control 
treatment had the highest soil loss at 82.61%, whereas the 3.75 g m⁻² nano-clay application showed the lowest 
value at 5.58%. In terms of wind speeds, the mean soil loss was 17.47% at 8 m s⁻¹ and rose to 52.27% at 12 m s⁻¹. 
The findings obtained indicate that the nano-clay application increased the resistance of the aggregates to wind 
action and significantly limited soil loss, particularly at high speeds.

The soil-loss values occurring under different nano-clay amounts and different wind-speed applications in soils 
with a 0.5 mm aggregate size are given in Table 5. When Table 5 is examined, the effects of nano-clay amount, 
wind speed, and the nano-clay × wind-speed interaction on soil loss were found to be statistically significant 
(p ≤ 0.01). According to the research findings, the nano-clay applications significantly reduced wind-induced soil 
loss despite the decrease in aggregate size. The highest soil loss was determined in the control treatment at a wind 
speed of 12 m s⁻¹ (97.60%), while the lowest value was found with the 3.75 g m⁻² nano-clay application at a wind 
speed of 8 m s⁻¹ (1.10%). Considering the mean values, in the control treatment the soil loss was 85.99, whereas 
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with the 3.75 g m⁻² nano-clay application this value fell to 3.55%. Similarly, the mean soil loss rose from 18.17 to 
46.86% as the wind speed increased. In particular, the 1.88 and 3.75 g m⁻² nano-clay applications were observed 
to reduce soil loss substantially at all wind speeds, and it was determined that nano-clay provides surface stabili-
zation in fine-aggregate soils, thereby creating effective protection against wind erosion.

Notably, the wind tunnel results (Tables 3, 4 and 5) showed that the relative protective effect of nano-clay treat-
ment increased with decreasing aggregate size, with the greatest reduction in soil loss observed for the 0.5 mm 
fraction. However, SEM-based bridging evidence (Fig. 3) was visually less distinct at this aggregate size com-
pared with the 1.0 and 2.0 mm fractions.

Performance of the machine learning models

Repeated nested group-aware cross-validation showed that XGBoost yielded the strongest development-stage pre-
dictive performance (Table 6), with a pooled out-of-fold R² of 0.835 ± 0.064, RMSE of 11.896 ± 2.229, and MAE 
of 6.686 ± 0.854. Random Forest showed intermediate performance (R² = 0.683 ± 0.051, RMSE = 16.696 ± 1.354, 
and MAE = 9.830 ± 1.074), whereas Linear Regression produced the lowest cross-validated performance (R² = 
0.441 ± 0.036, RMSE = 22.240 ± 0.711, and MAE = 18.912 ± 0.528).

Based exclusively on development-stage validation performance, XGBoost was selected and its configura-
tion was fixed before the independent holdout dataset was evaluated. On the group-held-out test set, the selected 
XGBoost model achieved an R² of 0.882, RMSE of 13.298, and MAE of 9.443. Random Forest yielded a higher 
R² (0.968) and lower RMSE (6.914) and MAE (4.942) on this particular holdout set; however, these test-set 
results were not used retrospectively for model selection. The difference between the cross-validation and holdout 
rankings indicates sensitivity of model performance to the specific treatment combinations included in the evalu-
ation set and supports a cautious interpretation of predictive generalizability beyond the experimental domain.

Variance Inflation Factor analysis showed no evidence of multicollinearity among the three predictors. Wind 
speed, aggregate size, and nano-clay dose each had a VIF of 1.00, consistent with the balanced factorial structure 
of the experiment.

Observed and predicted soil-loss values

The relationship between observed and predicted soil-loss values for the selected XGBoost model on the inde-
pendent group-held-out test dataset is shown in Fig. 4. The predictions broadly followed the observed response 
pattern, although deviations were evident for some intermediate and high soil-loss observations. In particular, 
several predictions exceeded the physical 100% response range; these values were retained without truncation 
when calculating model-performance metrics and are indicated at the upper plotting boundary in Fig. 4. Overall, 
the independent-test results should therefore be interpreted together with the reported R², RMSE, and MAE val-
ues rather than as evidence of uniformly accurate prediction across all treatment combinations.

SHAP-based predictor contributions and model interpretation

SHAP analysis of the selected XGBoost model showed that nano-clay dose had the largest mean absolute contri-
bution to model predictions (mean |SHAP| = 22.661), followed by wind speed (13.866) and aggregate size (2.717) 
(Fig. 5). Higher nano-clay doses were generally associated with negative SHAP values, indicating contributions 
toward lower fitted soil-loss predictions, whereas higher wind speeds were associated with positive SHAP values, 
indicating contributions toward higher predictions. Aggregate size showed a comparatively smaller contribution 
to model output. These SHAP values quantify the magnitude and direction of predictor contributions to the fitted 
XGBoost predictions and should not be interpreted as direct measures of causal, mechanistic, or physical impor-
tance in the erosion process.
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Joint modelled relationship between wind speed and nano-clay application

The joint fitted-model relationship between wind speed and nano-clay dose was examined using a two-dimen-
sional partial dependence plot (PDP) (Fig. 6). The horizontal axis represents the experimentally imposed wind 
speeds (8, 10, and 12 m s⁻¹), whereas the vertical axis represents nano-clay dose. The color scale and contour lev-
els indicate the magnitude of soil loss predicted by the fitted XGBoost model, with higher values corresponding 

Fig. 3  Field-emission scanning electron microscopy (FE-SEM) images comparing untreated control (Dose 0) and highest-
dose nano-clay-treated (3.75 g m⁻²) sand aggregates across three aggregate size fractions: (a, b) 0.5 mm, (c, d) 1.0 mm, and 
(e, f) 2.0 mm. Left column: control samples; right column: 3.75 g m⁻² samples. The circles highlight representative regions 
showing apparent particle bridging and clustering in the treated samples. These qualitative features are presented as visual 
observations and were not quantified morphometrically. Images were acquired at 10,000× magnification using an InLens 
secondary electron detector at an accelerating voltage of 3.00 kV.
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to greater predicted soil loss and lower values corresponding to lower predicted soil loss. Across the investi-
gated experimental range, predicted soil loss generally increased with increasing wind speed and decreased with 
increasing nano-clay dose. The highest predicted soil-loss values occurred at 12 m s⁻¹ in the absence of nano-clay, 
whereas substantially lower predicted values were observed at the higher nano-clay doses. The response sur-
face further indicated that the modelled reduction associated with nano-clay application was particularly evident 
under the higher wind-speed conditions. The value of 10 m s⁻¹ represents one of the three experimentally imposed 
wind-speed levels and should not be interpreted as a model-derived threshold or critical transition point. Overall, 
the PDP describes the joint response surface learned by the XGBoost model and should not be interpreted as 
direct evidence of causal effects.

Table 6  Predictive performance of the machine-learning models based on repeated nested group-aware cross-validation and 
independent holdout testing.
Model Linear regression Random forest XGBoost†
Repeated nested CV R² 0.441 ± 0.036 0.683 ± 0.051 0.835 ± 0.064
Repeated nested CV RMSE 22.240 ± 0.711 16.696 ± 1.354 11.896 ± 2.229
Repeated nested CV MAE 18.912 ± 0.528 9.830 ± 1.074 6.686 ± 0.854
Independent test R² 0.779 0.968 0.882
Independent test RMSE 18.17 6.914 13.298
Independent test MAE 15.406 4.942 9.443
Values for repeated nested cross-validation are reported as mean ± standard deviation across ten complete out-of-fold evaluations. Independent-
test metrics were calculated once on the untouched group-held-out dataset and are therefore reported without standard deviations. †XGBoost 
was selected exclusively on the basis of development-stage nested cross-validation performance before the independent test dataset was evalu-
ated.
Significant values are in [bold].

Fig. 4  Observed versus predicted soil-loss 
values for the selected XGBoost model on the 
independent group-held-out test dataset. The 
dashed line represents the 1:1 reference line. 
Triangle symbols denote raw model predic-
tions exceeding 100%; these predictions are 
displayed at the upper plotting boundary for 
visualization only and were retained without 
truncation when calculating model-performance 
metrics.
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Predicted soil loss at different aggregate sizes

The heatmaps showed that predicted soil loss generally increased with wind speed and decreased with increas-
ing nano-clay dose across all aggregate sizes. The highest predicted losses occurred in the absence of nano-clay, 
particularly at 12 m s⁻¹, whereas lower predicted values were observed at the higher nano-clay doses. Predicted 
soil loss also tended to be lower for the larger aggregate class. These heatmaps provide a visual summary of 
fitted-model predictions across the investigated experimental combinations and should not be interpreted as inde-
pendent evidence of treatment significance or physical mechanisms.

Exploratory model-based scenario ranking was restricted to the 36 treatment combinations represented in the 
experiment. Within this domain, the lowest raw fitted XGBoost prediction was obtained at 10 m s⁻¹ wind speed, 
0.5 mm aggregate size, and 3.75 g m⁻² nano-clay (predicted soil loss = − 0.796%), whereas the highest raw fitted 
prediction occurred at 12 m s⁻¹, 0.5 mm, and 0 g m⁻² nano-clay (predicted soil loss = 101.035%). Because the 
regression model was not constrained to the physical 0–100% response range, these boundary-exceeding values 
were retained to preserve the model output but were interpreted only as a ranking of fitted scenarios. They should 
not be regarded as physically realizable soil-loss percentages, experimentally observed values, or validated opti-
mum/worst-case conditions.

The supplementary PDP and ALE analyses were broadly consistent with the patterns observed in the main 
model interpretation. Across the fitted model, increasing nano-clay dose was associated with lower predicted 
soil loss, whereas increasing wind speed was associated with higher predicted soil loss. Aggregate size showed a 

Fig. 5  SHAP summary plot for the selected XGBoost model showing the magnitude and direction of predictor contributions 
to fitted soil-loss predictions. Each point represents an observation, the horizontal position indicates the SHAP contribution 
to the model prediction, and color represents the corresponding predictor value from low to high. Positive SHAP values indi-
cate contributions toward higher predicted soil loss, whereas negative values indicate contributions toward lower predicted 
soil loss. SHAP values describe fitted-model contributions and should not be interpreted as direct causal or physical effects.
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Fig. 7  Heatmap visualization of model-predicted soil loss under the experimentally represented wind-speed and nano-clay 
dose combinations for aggregate sizes of (A) 0.5 mm, (B) 1.0 mm, and (C) 2.0 mm. The heatmaps summarize fitted XGBoost 
predictions and should not be interpreted as independent experimental evidence.

 

Fig. 6  Two-dimensional partial dependence plot of the fitted XGBoost model showing the joint relationship of wind speed 
and nano-clay dose with predicted soil loss. Wind speed is shown on the x-axis and nano-clay dose on the y-axis. Colors and 
contour levels represent model-predicted soil loss, with higher values indicating greater predicted soil loss. Wind speeds of 
8, 10, and 12 m s⁻¹ correspond to the experimentally imposed treatment levels; the value of 10 m s⁻¹ does not represent an 
independently identified threshold. The plot describes fitted-model behaviour and should not be interpreted as direct evi-
dence of causal effects.
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comparatively weaker modelled effect on the predicted response. These supplementary analyses provide comple-
mentary descriptions of fitted-model behaviour and should not be interpreted as direct evidence of causal effects. 
The two-dimensional PDPs in the supplementary material represent the remaining pairwise predictor relation-
ships, namely wind speed × aggregate size and nano-clay dose × aggregate size, complementing the wind speed 
× nano-clay dose relationship presented in Fig. 6.

Discussion

In this study, the wind-tunnel experiments conducted under different aggregate sizes (0.5, 1, and 2 mm) and 
wind speeds (8, 10, and 12 m s⁻¹) revealed that nano-clay applications significantly reduced soil loss. Soil loss 
increased markedly with increasing wind speed across all aggregate sizes; by contrast, the nano-clay applications 
largely limited this adverse effect.

The effect of wind speed on soil loss was clearly demonstrated by the experimental findings. In the 2 mm 
aggregates, soil loss in the control treatment was 18.31% at 8 m s⁻¹ and rose to 92.10% at 12 m s⁻¹. Under the 
same conditions, soil loss increased from 59.38 to 95.74% in the 1 mm aggregates and from 66.19 to 97.60% in 
the 0.5 mm aggregates. Under the controlled wind-tunnel conditions used here, increasing wind speed caused 
substantially greater soil loss, in agreement with wind-erosion research49. This response is physically consistent 
with the greater aerodynamic shear exerted at higher wind speeds, which increases the likelihood of particle 
entrainment once the relevant initiation threshold is exceeded.

In the 2 mm aggregates, the mean soil loss with the 3.75 g m⁻² nano-clay application fell to 11.67% compared 
with the control (60.93%), corresponding to an 80.8% reduction. This reduction was 93.2% in the 1 mm aggre-
gates (from 82.61 to 5.58%) and 95.9% in the 0.5 mm aggregates (from 85.99 to 3.55%). These results show that 
soil loss decreased gradually and consistently with increasing nano-clay dose. This experimental pattern was also 
captured by the fitted machine-learning model: the two-dimensional PDP showed a directionally consistent trend, 
with predicted soil loss decreasing as nano-clay dose increased across the investigated wind-speed levels (Fig. 6).

Nano-clay may influence soil-surface behaviour through several complementary mechanisms. Owing to its 
small particle size and high specific surface area, nano-clay particles can occupy spaces between larger particles 
and increase the number of interparticle contact sites, potentially promoting adhesion and surface cohesion. After 
drying, these interactions may contribute to formation of a more cohesive surface layer that is less susceptible 
to aerodynamic detachment. Such mechanisms are consistent with the observed reductions in soil loss and with 
previous reports for surface-stabilizing amendments15,50,51. However, crust strength, interparticle bond strength, 
and threshold friction velocity were not directly measured in the present study; the proposed mechanisms should 
therefore be regarded as physically plausible interpretations supported by the qualitative FE-SEM observations 
and prior literature rather than as directly quantified mechanistic endpoints.

A particularly striking finding is that the protective effect of nano-clay became more pronounced at high wind 
speeds. This suggests that nano-clay-treated soil aggregates can better resist the mechanical forces exerted by 
high-speed winds, owing to enhanced surface stability or surface crust formation. It is reported that soils with 
increased surface stabilization exhibit lower erosion rates at high wind speeds because their larger and more cohe-
sive structures resist fragmentation52. By binding soil components more tightly, the nano-clay applications reduce 
the availability of erodible-sized particles and thereby limit soil loss, particularly under high-wind conditions. 
Furthermore, this mechanism would also be expected to limit the number of particles mobilized by saltation—the 
principal mechanism initiating and amplifying wind erosion—thereby reducing the abrasive impact of saltating 
grains on the stabilized surface crust53.

Aggregate size was also found to have a marked effect on soil loss. In the control treatments, the highest mean 
soil loss was determined in the 0.5 mm aggregates (85.99%) and the lowest in the 2 mm aggregates (60.93%). In 
this sand-dominated material, the greater resistance of the larger size fractions is most plausibly related to their 
greater particle or aggregate mass and the correspondingly higher aerodynamic force required for entrainment, 
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rather than to an assumption of strong intrinsic cohesion. Conversely, the smaller fractions are more readily 
mobilized under wind action. These findings are consistent with previous studies showing that aggregate or par-
ticle size strongly influences wind-erodibility54. Notably, the 2 mm fraction lies above the conventional 0.84 mm 
erodibility threshold, so its comparatively lower soil loss is consistent with expectation. In future field studies, 
the relative proportion of erodible and non-erodible fractions should be considered when evaluating whether the 
application-rate responses observed here extend to naturally mixed aggregate-size distributions.

It should be noted that, given the very low clay and silt content of the studied soil (92.2% sand), the 0.5–2.0 
mm size fractions used in this study are best understood as loosely bound sand particles and weak sand aggregates 
rather than clay-cemented aggregates. This distinction is relevant because interparticle bonding in such fractions 
relies mainly on weak physical contact rather than the stronger electrostatic and cohesive forces typical of clay- 
or silt-rich aggregates55. The weak natural cohesion of this sand-dominated material may have contributed to 
the large relative reductions observed after nano-clay treatment. However, because only one soil was tested, the 
magnitude of the treatment response cannot be compared reliably with that expected for soils containing more 
clay, silt, or organic matter; such contrasts require direct experimental evaluation.

The apparent difference between the wind-tunnel and FE-SEM observations is not necessarily contradictory. 
Smaller particles and weak aggregates generally present a larger specific surface area and a greater number of 
potential contact sites. Accordingly, a surface-applied nano-clay suspension may interact with many exposed fine 
particles and particle contacts, although the completeness and thickness of surface coverage were not quantified 
in this study. At the 0.5 mm scale, the nano-clay may therefore have been distributed within a dense network of 
fine mineral particles rather than forming visually distinct clusters that were consistently resolvable by qualitative 
FE-SEM inspection. Previous FE-SEM studies of nano-clay-based stabilizers in sandy soils have reported bridg-
ing or cohesive structures between particles22, which supports the plausibility of this interpretation but does not 
by itself establish the same mechanism quantitatively in the present samples.

The relative reduction in soil loss between the control and the highest nano-clay dose was greatest in the 0.5 
mm fraction. The model-predicted heatmaps reproduced the broader dependence of predicted soil loss on aggre-
gate size, wind speed, and nano-clay dose, but they do not provide independent confirmation of the experimental 
treatment effects. The larger relative response of the fine fraction is physically consistent with its greater erodibil-
ity and the possibility that additional interparticle contacts generated by the amendment preferentially stabilize 
the most readily mobilized material15,50,56,57.

Tree-based algorithms such as Random Forest and XGBoost can capture complex nonlinear predictive rela-
tionships without requiring a prespecified functional form. In the present study, however, model ranking differed 
between repeated nested cross-validation and the independent holdout set, indicating that predictive performance 
was sensitive to the specific treatment combinations used for evaluation. This finding supports a cautious inter-
pretation of apparent model superiority in relatively small experimental datasets. Similar patterns have been 
reported in environmental modelling studies, where the relative performance of ensemble methods varied with 
the evaluation setting. For example, in the Shihmen Reservoir watershed, gradient boosting achieved the lowest 
prediction errors, while both bagging- and boosting-based methods showed competitive performance58,59.

SHAP analysis of the selected XGBoost model indicated that nano-clay dose had the largest mean absolute 
contribution to model predictions, followed by wind speed and aggregate size. Higher nano-clay doses were gen-
erally associated with negative contributions to predicted soil loss, whereas higher wind speeds were associated 
with positive contributions. Aggregate size showed a smaller overall contribution to model output. These patterns 
describe the predictive behaviour of the fitted model and should not be interpreted as direct evidence that the 
SHAP ranking represents causal or mechanistic importance in the erosion process. In another study on soil loss 
hazard mapping, SHAP analyses likewise identified key soil variables, such as sand content and elevation, that 
strongly influenced the risk-prediction models and enabled targeted conservation efforts60. Similarly, deep-active 
learning combined with interpretation techniques has been applied to assess global land susceptibility to wind 
erosion, further illustrating the growing role of explainable machine-learning approaches in erosion research61.
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The Partial Dependence Plots (PDP) and Accumulated Local Effects (ALE) analyses provided complementary 
descriptions of fitted-model behaviour. Across the investigated predictor ranges, higher nano-clay doses were 
associated with lower predicted soil loss, whereas higher wind speeds were associated with higher predicted 
loss. These patterns were directionally consistent with the experimental results but should not be regarded as 
independent confirmation of treatment efficacy or causal effects. It is reported that the integration of SHAP with 
gradient-boosting models also improves the understanding of the importance of environmental drivers in various 
contexts, such as flood-susceptibility and wind-speed prediction62,63.

The present findings also carry important practical implications for wind erosion management. The marked 
reduction in soil loss observed under these controlled conditions suggests that nano-clay warrants further evalu-
ation as a potential component of field-scale erosion-control strategies, particularly for highly erodible sandy 
soils64. Since it is applied as a surface treatment, its use could complement rather than replace existing conserva-
tion practices such as tillage management, residue retention, cover cropping, and other stabilization measures65. 
From an economic standpoint, the relatively low application rates tested here were intentionally selected to reflect 
agronomically realistic scenarios, thereby enhancing the feasibility of field adoption while minimizing material 
requirements and costs. Wider adoption will ultimately depend on factors such as application method, treatment 
durability, cost-effectiveness, and environmental sustainability. Taken together, nano-clay appears to hold con-
siderable promise as a complementary stabilization technique that could be integrated into broader wind erosion 
management frameworks for vulnerable agricultural soils15.

It should be emphasized that these results were obtained under fully controlled wind-tunnel conditions, and the 
practical application of the nano-clay suspension over large agricultural areas was not directly tested in this study. 
Before large-scale field implementation can be considered, the treatment should first be evaluated in small field 
plots under real environmental conditions, including natural rainfall, ambient wind, and freeze-thaw cycles, using 
varying application doses and standard agricultural spraying equipment (e.g., tractor-mounted or boom sprayers). 
Field-scale delivery would also require an appropriate mixing or agitation procedure to limit suspension settling 
during application; this aspect was not evaluated in the present study. Such field experiments would allow the 
assessment of application feasibility, coverage rate, operational cost, treatment persistence, and erosion-control 
performance under realistic conditions before any recommendation for large-scale agricultural use.

Study limitations

Despite these encouraging results, the present study has limitations that warrant acknowledgment.
First, the discrete and uniform aggregate size classes (0.5, 1.0, and 2.0 mm) used in this study represent a prac-

tical simplification for controlled wind-tunnel testing and may not fully reflect the more continuous particle-size 
distribution typically observed in field soils. Particle-size analysis of the studied soil, collected from an agricul-
tural area, indicated a sand-dominated texture (4% very coarse sand, 11% coarse sand, 14% medium sand, 41% 
fine sand, and 22% very fine sand, with only 6.8% silt and clay combined), with 84.6% of aggregates smaller 
than 0.84 mm. This naturally fine and erosion-prone structure, despite the land being under agricultural use, 
underscores the practical relevance of developing effective stabilization strategies for such soils. Accordingly, the 
soil-loss responses obtained from these isolated aggregate fractions should be interpreted with caution, because 
field soils typically contain broader and continuously distributed aggregate-size mixtures that may behave dif-
ferently under natural wind-erosion conditions. Second, all experiments were conducted in a wind tunnel, which 
provides a high degree of experimental control and repeatability but cannot fully reproduce the complexity of 
natural erosion dynamics. Third, only a sandy soil characterized by low organic matter content and high inher-
ent erodibility was examined; therefore, the effectiveness of nano-clay may differ among soils with contrasting 
textures, mineralogical compositions, or organic matter levels66,67. In addition, several factors typical of field 
conditions, including natural rainfall events, wetting–drying cycles, vegetation cover, biological soil crusts, and 
seasonal weather variation, were deliberately excluded in order to isolate the effects of nano-clay dose, wind 
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speed, and aggregate size. These factors may nonetheless influence both the persistence of the treatment and its 
long-term effectiveness.

Limitations also apply to the machine-learning component of this study. Although the complete experiment 
comprised 108 observations, these observations represented 36 unique treatment combinations, each evaluated 
in three replicates. Replicates from the same treatment combination were therefore kept together during model 
validation rather than being treated as fully independent observations. The group-aware nested cross-validation 
framework reduces the likelihood of overly optimistic performance estimates, but it cannot eliminate the risk 
of overfitting or establish transferability beyond the experimental domain62,68. Moreover, model training was 
restricted to the specific ranges of wind speed, aggregate size, nano-clay application rate, and soil properties 
examined in this study. Predictions should therefore be interpreted with caution when extrapolated beyond these 
ranges69,70. Independent validation using field-derived datasets representing broader soil and environmental con-
ditions will be required to assess the transferability and generalizability of the modelling framework before its 
wider application in wind-erosion prediction and decision support71.

Conclusion

This study showed that nano-clay application substantially reduced wind-induced soil loss across the aggregate 
sizes and wind speeds investigated under controlled wind-tunnel conditions. Within the tested range, the 3.75 g 
m⁻² treatment produced the largest reduction relative to the control, with reductions ranging from 80.8 to 95.9%. 
The protective response was particularly pronounced for finer aggregates and at higher wind speeds.

From a predictive perspective, XGBoost showed the strongest development-stage performance under repeated 
nested group-aware cross-validation (R² = 0.835 ± 0.064, RMSE = 11.896 ± 2.229, MAE = 6.686 ± 0.854) and was 
selected before independent holdout evaluation. The selected model achieved R² = 0.882, RMSE = 13.298, and 
MAE = 9.443 on the group-held-out test set. SHAP analysis indicated that nano-clay dose made the largest mean 
absolute contribution to fitted model predictions, followed by wind speed and aggregate size; these values repre-
sent model-based predictive contributions rather than causal or mechanistic importance.

Taken together, the controlled experiment and predictive analyses indicate that nano-clay surface treatment 
has potential for reducing wind-induced soil loss within the conditions examined here. However, the experiment 
was limited to one sandy soil and a defined range of wind speeds, aggregate sizes, and nano-clay doses. Field 
validation across contrasting soils and environmental conditions is therefore required before treatment durability, 
agronomic suitability, and broader practical applicability can be established.
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