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Abstract

Accurate prediction of soil phosphorus (P) adsorption capacity is essential for efficient fertilizer
management and environmental protection. Traditional isotherm models, such as the Langmuir
equation, have been widely used to quantify P sorption, but they obviously fail to account for the
nonlinear and multivariate nature of soil systems. This study evaluates the performance of a multi-
output XGBoost regression model trained on laboratory-measured P adsorption data from 147 soils,
representing a wide range of textures, pH levels, and CaCOs contents. The model was developed to
simultaneously predict P adsorption at five different equilibrium concentrations (1, 2, 4, 6, and 10
mg/L). SHAP analysis and causal discovery via DirectLiNGAM revealed that initial Olsen P
concentration and sand content are the primary factors reducing P adsorption. The multi-output
XGBoost model was compared against classical Langmuir isotherms using an extended dataset of
10,389 soil samples. The extended dataset, comprising 10,389 rows, was binned into four groups
based on Olsen P concentrations and four groups based on sand content. This binning was based on
the identification of these variables as highly influential by the XGBoost model, and on their
demonstrated causal relationship with soil P sorption capacity through causal inference analysis. The
XGBoost model outperformed the Langmuir model in capturing the effect of Olsen P and sand
content, as it predicted a 12.6% drop in P adsorption in the very high Olsen P group and a 19.2% drop
in the very high sand content groups, which are substantially higher than the reductions estimated
by Langmuir isotherms. These results demonstrate that machine learning models, trained on well-
designed experimental data, offer a superior alternative to classical isotherms for modeling P sorption
dynamics.

Keywords: Phosphorus adsorption; Langmuir isotherm; Machine Learning; Predictive modeling;
Soil properties; Crop phosphorus requirements

1. Introduction

Phosphorus (P) deficiency is among the primary constraints of agricultural crop production [1-
3]. Most cultivated soils in Greece are calcareous and contain relatively high levels of calcium
carbonate (CaCQOs), which gives them a high P sorption capacity. As a result, general fertilizer
recommendations may not provide adequate P on some soils, since they do not account for their
sorption capacity. P fertilizers are expensive and their uptake efficiency by crops is often limited,
typically ranging between 10-30% [4]. Even though soil may contain several hundred to thousand
kilograms of P per hectare, much of this may not be available to crops [5]. Fertilizer P rapidly binds
to the soil and becomes fixed in forms that are unavailable to plants, particularly in soils with pH
levels below 5.0 or in highly alkaline conditions [6]. Given this low efficiency and high cost, it is
essential to optimize P application based on knowledge obtained by quantitative models according
to diverse soil properties.
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On the other hand, excessive P fertilization can be highly detrimental to the environment. When
P is applied in quantities exceeding crop demand, it can lead to contamination of aquatic ecosystems
through soil erosion or surface runoff [7]. Elevated P levels in water bodies contribute to
eutrophication, which promotes unnaturally dense algal growth, which is commonly known as algal
blooms. These blooms can harm both wildlife and humans, as certain algal species release
dermatoxins, neurotoxins, cytotoxins, and hepatotoxins. Additionally, eutrophication can produce
unpleasant odors due to the decomposition of algae and degrade water quality, impairing its use not
only for irrigation and drinking but also for recreational purposes. Therefore, reducing P losses from
agricultural fields is essential to prevent aquatic ecosystems from becoming hypereutrophic [8].

To assess the P sorption capacity of soils, many researchers have recommended the use of
sorption isotherm techniques [3,9-12]. Many models have been developed to describe this process
quantitatively, with the Langmuir and Freundlich equations being the most widely used [13-16]. For
the current study, two main approaches have been used to model P sorption capacity of soils: The
Langmuir adsorption isotherm and a data driven approach, which is based on a Multioutput
XGBoost model.

2. Materials and Methods
2.1. Laboratory Analysis

Surface soil samples (0-15cm) were collected and then air-dried, ground, homogenized, and
sieved to pass through a < 2-mm sieve after removing stones and residual roots. From these soil
samples 147 soil samples were selected with different physicochemical properties with regards to pH
and calcium carbonate (CaCOs) and analyzed for a set of 18 soil properties: sand%, clay%, silt%, bulk
density, soil acidity (pH), electrical conductivity (EC), organic matter (OM), CaCOs, nitrate nitrogen,
phosphorus (P), potassium (K), magnesium (Mg), iron (Fe), zinc (Zn), manganese (Mn), copper (Cu),
boron (B), and calcium (Ca). The pH and EC values were measured using the saturated paste method
with specific meters [17]. Nitrate—nitrogen was extracted using the 2M potassium chloride (KCl)
extraction method quantified via the UV-VIS spectrophotometric procedure [18], while organic
matter was determined through the Walkley-Black method [19]. The CaCOs content was assessed
through titration [20], and the soil texture was evaluated using the Bouyoucos hydrometer approach
[21]. The Olsen method was employed for P [6]. The ammonium acetate method was used for the
extraction of Na, K, Ca, and Mg, and these elements were quantified using Inductively Coupled
Plasma Spectroscopy (ICP) [22]. Additionally, Mn, Cu, Fe, and Zn were extracted using DTPA and
quantified with ICP [23]. Soil B was extracted using the hot 0.02M CaCl: method, which involves
boiling the soil solution for 5 min, and the extracted B was measured using ICP [24].

The soils were classified into four groups representing all possible combinations of soil texture,
pH, and CaCO:s content (Table 1 - 2).

Table 1. Soil groups included in the study.

Group pHRange CaCOsRange Description Soil Texture
1 4.30-6.20 0 Acidic Clayey, Loamy, Sandy
2 6.25-7.96 0-0.9% Neutral, low carbonate Clayey, Loamy, Sandy
Alkaline, moderately

_ _ O,
3 6.83-8.18 1-10% calcareous Clayey, Loamy, Sandy
Strongly alkaline,
4 | 720-828 10.3-483% FONBLY alkaiili®  (Clayey, Loamy, Sandy
calcareous
Table 2. Soil sample distribution by pH, CaCOs and soil texture.

pH — 4-6 6-7 >7 >7 >7 >7 >7
Clayey 5 5 5 8 10 2 5
Loamy 9 10 10 9 9 9 6
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Sandy 9 12 12 5 6 0 1

CaCOs — 0% 0-1% 1-5% 5-10% 10-20%  20-30% >30%

2.2. P Sorption Capacity

P adsorption and desorption experiment was performed for these soil samples. Each sample (3
g) was placed into a 50-ml centrifuge tube and then was equilibrated with 30 ml of Ca2POs at different
concentrations (1, 2, 4, 6 and 10 mg/L). These P concentrations were selected because they are more
likely to be encountered in natural agronomic conditions, despite that higher P levels were often used
in previously published P adsorption experiments [25]. The suspension was added with three drops
of chloroform to avoid microbial growth and horizontally shaken for 24 h and then centrifuged at
4,000 r/min for 30 min producing a clear supernatant [26]. The supernatant was filtered through 0.45
puM filters. P in the solutions was measured by ICP. Sorbed P was calculated using the difference
between P in the initial solution and P in the equilibrium solution and mass of soil. Sorption isotherms
were constructed by plotting sorbed P (mg kg of soil P) against P in the equilibrium solution.

2.3. Machine Learning

To preprocess the P sorption dataset for training a multi-output XGBoost regression model, we
constructed a feature-augmented dataset in which equilibrium concentration (Ce) values (1, 2, 4, 6,
10 mg/L) were incorporated as an additional input alongside the unchanging soil property vectors,
generating a sequence of 5 rows for each soil sample. Although the soil features remained constant,
each Ce level corresponded to a different P adsorption value, allowing the model to learn how
adsorption varies with equilibrium concentration for a given soil profile. This resulted in a dataset of
735 rows, where each row combined constant soil features with a specific Ce level, and the
corresponding P sorption value served as the prediction target. This formulation enabled feature
importance interpretation using SHAP analysis [27]. The dataset was randomly split into a training
set (80%, 588 samples) and a test set (20%, 147 samples). To reduce dimensionality and eliminate less
informative features, we applied Recursive Feature Elimination (RFE) on this augmented dataset
with a Random Forest Regressor as the base estimator [28,29]. RFE recursively ranks and removes
features based on their importance, ultimately selecting the most predictive subset for model training.

After feature selection, a multi-output XGBoost regression model was implemented to estimate
P adsorption across multiple equilibrium concentrations [30,31]. Importantly, this model was not
trained on the feature-augmented dataset (735 rows), but rather on the original dataset comprising
147 soil samples, each represented by a single row with five P sorption values corresponding to the
Ce levels (1, 2, 4, 6, 10 mg/L) as output targets. This approach was deliberately chosen to avoid
overfitting, which could have occurred if the model were trained on the artificially expanded dataset,
where each soil sample was repeated across Ce levels, potentially introducing redundant patterns.
The reduced dataset (with only the selected features) was randomly split into a training set (80%, 117
samples) and a test set (20%, 30 samples). We employed the XGBoost regressor with the
multi_strategy="multi_output_tree” option, enabling native multi-target prediction using a single
ensemble of gradient-boosted trees. This architecture was selected for its scalability and high
predictive performance on structured data with multiple outputs.

To optimize the model, Optuna was applied [32], which is a Bayesian hyperparameter
optimization framework, with the objective of minimizing the Mean Absolute Error (MAE) across all
output targets. The optimal configuration included 257 boosting rounds (n_estimators=257), a
learning rate of 0.137, regularization (gamma=2.46, min_child_weight=2), a tree depth of 8
(max_depth=8), and stochastic subsampling (subsample=0.858, colsample_bytree=0.898).

2.4. Causal Discovery

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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After model training, the Directed Acyclic Graph (DAG) approach was applied on the reduced
original dataset (including only the selected features comprising the 147 soil samples) to uncover the
causal relationships between variables. For this purpose, the Direct Linear Non-Gaussian Acyclic
Model (DirectLiNGAM) was employed. This algorithm is an extension of the original LINGAM
method and offers improved robustness when the assumption of strict non-Gaussianity is not fully
met. DirectLiNGAM assumes that the underlying causal structure is linear, acyclic, and free from
hidden confounders. It enhances causal discovery by introducing a more reliable method for
determining causal order, which involves three main steps: (1) pairwise causality tests, (2) estimation
of causal ordering based on those tests, and (3) estimation of connection strengths among variables.
The assumption of non-Gaussianity is essential because it allows the model to move beyond second-
order statistical measures (e.g., covariance) and uncover more complex causal dependencies in the
data [33-35].

2.5. Comparison of the Langmuir Isotherms and the Multi-Output XGBoost Regressor on a Large Soil
Dataset

The performance of the Langmuir isotherms and the multi-output XGBoost model were
evaluated using a large soil dataset consisting of 10,389 samples. P sorption capacity was estimated
for each sample using both methods, and the results were subsequently compared to assessing their
relative effectiveness.

To compare mean differences among soil texture groups, Tukey’s HSD (Honestly Significant
Difference) test was applied [36]. This post-hoc multiple comparison test identifies statistically
significant differences between all possible pairs of group means following an ANOVA. It was used
here to assess whether P adsorption percentages differed significantly between soil textures at each
equilibrium concentration (Ce), with a significance threshold of p < 0.05.

The entire process, encompassing data analysis, model development, and visualization, was
conducted using Python [37]. Matplotlib was used for visualization [38] The lingam library was used
for performing the DirectLiNGAM [33,35].

3. Results

3.1. Feature Engineering

Feature selection on the feature-augmented dataset using RFE identified nine soil variables as
important, as shown in Figure 1. An XGBoost model was then trained on the same dataset, using P
adsorption as the target variable, and including the P equilibrium concentration (Ce) as an additional
input feature. The feature importance plot, which was generated using SHAP, indicated that, aside
from Ce, the most influential features were Olsen P, manganese, sand content, and magnesium
concentration in the soil (Figure 1).

The SHAP dependence plot revealed also that P adsorption in the soil samples had a downward
trend as the initial Olsen P concentrations increased, which was something expected (Figure 2a).
However, the intensity of the reduction of P sorption capacity due to the initial Olsen P was
surprising. In contrast, P sorption capacity increased with higher manganese availability in the soil
(Figure 2b), while it decreased with increasing sand content (Figure 2c). Finally, P sorption increased
with higher magnesium concentrations in the soil (Figure 2d).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. The results of the feature evaluation using SHAP for the feature importance of the XGBoost model

trained on the feature-augmented dataset.
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Figure 2. SHAP dependence plots show how much the value of the most significant variables (Olsen P (a),
Manganese (b), Sand content (c) and Magnesium (d)) changes the prediction of the P sorption capacity in the

soil.
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3.2. Causal Inference

Causal inference analysis applied on the reduced original dataset confirmed that initial Olsen P
concentration and sand content had causal relationship with P adsorption in the soil samples (Figure
3). All DAGs in Figure 3 consistently show sand content as causal factors contributing to the reduction
of P adsorption. Also, there is a causal link between Olsen P and P adsorption for 1, 2, 4 and 6 mg/L
of P equilibrium concentrations. This finding aligns with the feature importance plot (Figure 1),
where Olsen P and sand content are among the most significant predictors.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(e)

Figure 3. Directed acyclic graph indicating the causal relationship between the variables for the soil samples
equilibrated with a) 1, b) 2, c) 4, d) 6 and e) 10 mg P kg'. The direction of the arrow captures the direction of the
causality, showing that Olsen P and sand content consistently act as causal factors contributing to the reduction

of P adsorption.

3.3. Langmuir Equations

Since sand content emerged as the most significant soil property influencing P sorption capacity,
according to both feature importance and causal inference analyses, Langmuir P sorption isotherms
were constructed based on soil classification (clay, sand, loam) and soil texture groups (Figure 4a, b).
General equations based on soil classification were developed because the original dataset of 147
samples lacked representation from the sandy, sandy clay, and silty texture groups, which are
extremely rare in Greek soils. However, as the extended dataset included some samples from these
underrepresented groups, broader equations were generated using the main soil classifications (sand,
clay, and loam) to enable Langmuir adsorption estimates for all samples. Figure 4b displays the
Langmuir isotherms for the remaining soil texture groups, where it is shown that loamy sand and
sandy loam soils have the lowest P adsorptions capacities. This observation is consistent with the
feature importance and causal inference analyses, which identified sand content as one of the main
drivers reducing P adsorption. The resulting fitted parameters are presented in Tables 3-4. Table 5,
which presents P adsorption percentages across soil types, confirms that clay and silty clay loam soils
exhibit the highest adsorption, while sandy textures show the lowest (p < 0.05) across all equilibrium
concentrations.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. Langmuir isotherms of P adsorbed onto soils equilibrated with different contents of P for a) the

different soil types and b) based on the three main soil classes (sandy, loamy, clayey).

3.4. Multiple Linear Regression Equations

For simplicity, and because the Langmuir isotherms are nearly linear over this specific range of
equilibrium concentrations, multiple linear regression equations are provided below. These
equations allow soil laboratories to easily estimate P adsorption based on standard soil test data.
Multiple linear regression analysis revealed that the overall interaction between soil classification
and the predictor variables was statistically significant (p <0.001).

Regression equation for Sandy soils:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Adsorbed_P =192.1 -2.4 x Sand - 3.6 x Clay - 5.9 x pH + 16.3 x EC -

1.7 x Organic_matter - 4.2 x P+ 15.7 x Mg + 1.4 x Mn + 3.6 x Cu + 78.8 x Ce
Regression equation for Loamy soils:

Adsorbed_P=48.0-1.2 x Sand + 1.9 x Clay — 4.3 x pH + 4.0 x EC -

0.9 x Organic_matter - 1.9 x P-3.5x Mg+ 0.9 x Mn - 0.3 x Cu + 86.9 x Ce
Regression equation for Clayey soils:

Adsorbed_P =308.5 -1.0 x Sand + 1.5 x Clay — 31.0 x pH - 25.1 x EC -
25.7 x Organic_matter + 3.2 x P+ 0.6 x Mg - 3.9 x Mn - 1.0 x Cu + 86.3 x Ce
where Ce is the equilibrium concentration of P.

3.5. Multi-output XGBoost model performance

The final multi-output model captured complex, nonlinear relationships between soil features
and P adsorption across different Ce levels, achieving an overall MAE of 26.5 mg/kg and an R? score
of 0.50 on the test set (Figure 5).

Predicted vs Actual P Adsorption
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Figure 5. Relationship between actual and predicted P adsorption values using the multi-output XGBoost model
on the test set. The model predicts P adsorption at five equilibrium concentrations (Ce =1, 2, 4, 6, and 10 mg/L)
for each of the 30 test samples, resulting in a total of 150 data points. The red dashed line represents the linear
regression fit, and the R? value reflects the model’s overall predictive performance across all outputs.

Table 3. Parameters of the Langmuir isotherms for P adsorbed of the main soil classifications (sand, clay, and

loam).
Soil classification Qm K
Clayey 11,822.86 0.0080
Loamy 12,899.80 0.0072
Sandy 8,231.61 0.0106 1

1 Qm refers to the maximum adsorption capacity (mg/kg), and K, the Langmuir binding strength at the

adsorption sites.

Table 4. Parameters of the Langmuir isotherms for P adsorbed in the various types of soils.

Soil type Qm K
Clay (C) 16,366.06 0.0059
Clay loam (CL) 14,959.94 0.0061
Loamy (L) 12,055.41 0.0075

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Silty loam (SiL) 10,4509.79 0.0008
Loamy Sand (LS) 2,803.55 0.0251
Sandy Clay Loam (SCL) 8,5617.25 0.0109
Sandy Loam (SL) 4,998.74 0.0180
Silty Clay (SiC) 6,686.86 0.0138
Silty Clay Loam (SiCL) 6,840.72 0.0144!

1 Qm refers to the maximum adsorption capacity (mg/kg), and K, the Langmuir binding strength at the

adsorption sites.

Table 5. Mean P adsorption percentage (+ standard deviation) for each soil texture class for the original dataset

including 147 soil samples.

Equilibrium concentrations (mg/L)

Soil type 1 2 4 6 10
Clay (C) 98.2+35a 93.6+11.1a 93.3+10.1a 924+9.5a 91.2+7.6a
Clay loam (CL) 923+82b 91.8+80b 90.7+82b 90.6+7.6b 87.5+9.7b
Loamy (L) 81.8+17.2a 885+9.3c 86.6+155c 88.5+79c 83.6+9.8c

Loamy Sand (LS) 526 +99b 68.3+31.7d 62.2+23.2a 63.4+27.9a 55.8+279a
Sandy Clay Loam (SCL) 86.7+11.1c 90.1+69e 89.4+6.7d 87.7+8.7d 83.8+11.0d
Sandy Loam (SL) 75.7 +23.3d 83.2+17.3f 81.7+17.2e 83.4+12.0e 75.1+12.9b
Silty Clay (SiC) 98.5+0.7e 87.3+14.0g 86.4+17.7f 85.9+17.9f 81.0+23.3e
Silty

Clay Loam (SiCL)
Silty loam (SiL) 80.0+249g 83.1+21.1i 85.6+125h 904+7.7h 86.7+74g

Note: Different letters within columns are significantly different at p < 0.05 according to Tukey’s HSD test.

99.8+0.3f 91.8+81h 93.8+42g 915+44g 86.2+6.3f

3.6. Performance of the multi-output XGBoost model and Langmuir isotherms on an extended soil dataset

The extended dataset, comprising 10,389 rows, was binned into four categories based on Olsen
P concentrations and four categories based on sand content. This binning was based on the
identification of these variables as highly influential by the XGBoost model, and on their
demonstrated causal relationship with soil P sorption capacity through causal inference analysis. For
each row, P adsorption was estimated using both the Langmuir isotherm and the XGBoost model
across five equilibrium concentrations (Ce values: 1, 2, 4, 6, and 10 mg/L), resulting in an augmented
dataset of 51,945 rows.

The bins for Olsen P were calculated using quantile-based binning on the extended dataset as
follows:

Low P:1.00-6.83 mg/kg,

Medium P: 6.84-12.89 mg/kg,

High P: 12.90-25.77 mg/kg, and

Very High P: 25.78-360.44 mg/kg.

The bins for sand content were calculated using quantile-based binning on the extended dataset
as follows:

Low P: 4-30%,

Medium P: 30-44%,

High P: 44-56%, and

Very High P: 56-94%.

Applying the Langmuir isotherms to the extended dataset revealed that P adsorption was 2.3%
lower in the very high Olsen P group compared to the low Olsen P group (p = 0.005) (Figure 6).
However, the multi-output XGBoost model estimated a substantially greater reduction, with a 12.6%
lower adsorption value in the very high Olsen P group compared to the low Olsen P group (p < 0.001)
(Figure 6). These results highlight a stronger sensitivity of the machine learning model to changes in
Olsen P levels compared to the Langmuir isotherm.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Similarly, P adsorption was found to be 11.9% lower in the very high sand content group
compared to the low sand content group, according to the Langmuir isotherms (p < 0.001) (Figure 7).
Once again, the multi-output XGBoost model predicted a more pronounced decline, estimating a
19.2% lower adsorption in the very high sand content group relative to the low sand content group
(p < 0.001) (Figure 7). This further supports the capacity of the XGBoost model to capture complex
nonlinear relationships between key soil properties on P sorption.

410 Langmuir and XGBoost P adsorption by Binned Olsen P

[ Langmuir

[ XGBoost
400

n=12970
n=12985

390

&
(=]

370

Phosphorus Adsorbed (mg/kg)
&
o

350

340 -
Low Medium High Very High

Phosphorus Content (P) Class

Figure 6. P adsorption across Olsen P bins as estimated by the Langmuir isotherms and the multi-output

XGBoost model.
Langmuir and XGBoost P adsorption by Binned Sand Content
420 n=14485
0 Langmuir
n=13530 I XGBoost
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[=}
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&
(=]
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Figure 7. P adsorption across sand bins as estimated by the Langmuir isotherms and the multi-output XGBoost

model.
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Table 6 presents P adsorption percentages predicted by the multi-output XGBoost model across
soil texture classes for the extended dataset. Silty clay loam and silty clay soils generally exhibit
among the highest predicted adsorption values, consistent with observations from the original
dataset (Table 5), while sandy textures (e.g., sandy loam, sandy) show the lowest, particularly at
higher equilibrium concentrations.

Table 6. Mean P adsorption percentage (+ standard deviation) for each soil texture class, as predicted from the

multi-output XGBoost model for the extended dataset including 10,389 soil samples.

Equilibrium concentrations (mg/L)

Soil type 1 2 4 6 10
Clay (C) 91.1+129a 89.7+85a 88.8+82a 885+7.6a 85.1+74a
Clay loam (CL) 83.6+14.6a 87.0+89a 868+79a 87.7+65b 84.7+6.3b
Loamy (L) 769+144a 843+88a 83.1+86a 85.6+69a 822+7.0a
Loamy Sand (LS) 76.3+109b 76.9+95a 65.8+74a 69.8+7.6a 61.6+7.3a
Sandy (S) 76.6+11.1c 76.9+10.2b 654+5.1b 69.8+7.6b 61.1+6.6b

Sandy Clay (SC) 81.5+10.1d 854+64b 843+63b 85.8+33c 823+3.3c
Sandy Clay Loam (SCL) 77.7+12.7e 84.0+8.0c 82.6+82c 83.6+6.5a 79.4+6.8a
Sandy Loam (SL) 744+128a 78.7+9.8c 73.8+104a 76.4+9.8a 70.2x10.7a
Silty Clay (SiC) 93.6+10.0b 89.7+7.0c 89.2+77c 88.6+7.3d 84.7+7.2d
Silty

Clay Loam (SiCL)
Silty loam (SiL) 84.6+139b 879x72d 872+6.7d 89.0+50b 854zx5.3e

Note: Different letters within columns are significantly different at p <0.05 according to Tukey’s HSD test.

93.1+95¢c 90.7+57d 904+58a 90.1+54a 86.4+5.5b

4. Discussion

Data presented here show that a multi-output XGBoost model is more responsive to changes in
P adsorption compared to the Langmuir isotherms. This is not surprising, as XGBoost is well known
for delivering state-of-the-art performance in data analysis tasks [39]. It is particularly effective at
capturing nonlinear patterns, handling multivariate data, and minimizing the prediction error
[30,40]. However, the innovative aspect of the present study lies in the fact that the XGBoost model
was trained on P adsorption data generated from a large-scale experiment involving multiple levels
of equilibrium P concentrations applied on soils representing a wide range of textures, pH levels, and
calcium carbonate content. This comprehensive dataset enabled the development of an XGBoost
model that more accurately estimated soil P sorption capacity compared to the traditional Langmuir
isotherms.

Initial Olsen P and sand content were identified as the primary factors negatively influencing P
adsorption, thereby increasing P availability in the soil solution for plant uptake. This finding was
supported by both SHAP analysis and causal inference. The SHAP dependence plot (Figure 2a)
shows a sharp decrease in P adsorption as Olsen P increases in the soil, highlighting why Olsen P is
the primary driver behind the reduction in the soil’s P adsorption capacity. SHAP analysis also
revealed a positive correlation between soil manganese concentration and P adsorption (Figure 2b).
This is likely an indirect correlation resulting from increased manganese availability in acid soils,
which typically have high P adsorption capacity. In acidic conditions, manganese exists
predominantly in its soluble Mn?* form, making it readily available for plant uptake. A similar
positive correlation was observed between magnesium and P adsorption, likely due to higher
magnesium availability in alkaline soils, which also tend to exhibit high P adsorption capacity (Figure
2d).

The causal discovery algorithm DirectLiNGAM successfully captured the causal relationships
among P adsorption capacity, sand content, and initial Olsen P in the soil. Causal analysis revealed a
consistent link between sand content and P adsorption across all P equilibrium concentrations, and a
link between Olsen P and P adsorption at 1, 2, 4, and 6 mg/L of P equilibrium concentrations (Figure
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3). These findings strongly confirm the feature importance results of the XGBoost model, highlighting
the key roles of initial Olsen P and sand content in determining the soil’s P adsorption capacity. The
absence of a detected causal link between manganese or magnesium with P adsorption capacity,
despite their high ranking in the XGBoost feature importance score, is likely due to their indirect
relationship with P adsorption in soils.

Many models have been developed to describe adsorption isotherms, but the Langmuir
equation is among the most widely used for quantitatively fitting P adsorption isotherms [41-44].
The results of the current study showed that the Langmuir isotherms adequately described the P
adsorption properties of the soils, with adsorption levels varying according to sand content. Loamy
sand and sandy loam soils exhibited the lowest P adsorption, which is consistent with the importance
of sand content identified by the XGBoost feature importance and the causal inference analysis
(Figure 4a).

The final multi-output model achieved an overall mean absolute error (MAE) of 26.5 mg/kg and
an R? score of 0.50 on the test set, indicating good predictive performance. The model performed
better at lower P equilibrium concentrations, while predictions at the higher concentration of 10
mg/kg showed greater scatter (Figure 5).

Data from the extended dataset shows that the multi-output XGBoost model is more responsive
to variations in initial Olsen P content and sand content in soils compared to the Langmuir isotherms
(Figure 7). The XGBoost model is especially sensitive to Olsen P, as it was trained using Olsen P as
an input variable, whereas the Langmuir model does not account for this factor. In addition, the
XGBoost model demonstrated greater responsiveness to changes in sand content, indicating overall
better performance than the Langmuir isotherms. It is not surprising that machine learning
outperforms the Langmuir model, given its ability to capture non-linear relationships [45]. However,
the novelty of this study lies in incorporating data from diverse soil types during the adsorption
experiment, enabling the training of a robust machine learning model that offers an improved
solution to the P adsorption prediction problem. The XGBoost model showed high sensitivity to
initial Olsen P levels, which was ranked as the most influential feature in the feature importance
score, and to sand content. Specifically, P adsorption dropped by 12.6% in the very high Olsen P
group compared to the low Olsen P group, which is a substantially stronger effect than observed with
the Langmuir model. Similarly, P adsorption decreased by 19.2% in soils with very high sand content
compared to those with low sand content, again exceeding the Langmuir model’s sensitivity. These
results highlight that machine learning is a more effective approach for predicting soil P adsorption
capacity than relying solely on Langmuir isotherms.

The consistency between the experimentally derived adsorption values (Table 5) and the model-
predicted values from the extended dataset (Table 6) highlights the robustness of the multi-output
XGBoost model in capturing the effect of soil texture on P adsorption. In both cases, silty clay loam
and silty clay soils demonstrated the highest adsorption capacities, while sandy soils consistently
exhibited the lowest. These results reinforce the dominant role of fine-textured soils in retaining P
and validate the model’s potential for reliable prediction in data-sparse environments. The data
presented in Tables 5-6 align with the uptake efficiency (10-30%) reported by Liu et al. [4] and the
average soil P adsorption capacity of 75% reported by Halliday [46].

5. Conclusions

This study demonstrated that a multi-output XGBoost regression model significantly
outperforms the classical Langmuir isotherm in predicting P adsorption across diverse soil types. By
incorporating a wide array of soil physicochemical properties, the XGBoost model captured complex
nonlinear patterns and was found to be more responsive to changes in Olsen P and sand content
compared to the Langmuir isotherms. The model’s robustness was further supported by SHAP-based
feature importance and causal inference analysis, which consistently identified initial Olsen P and
sand content as primary drivers of P sorption variability. These findings highlight the advantages of
combining laboratory data with modern machine learning techniques for modeling soil nutrient
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dynamics. The multi-output XGBoost model developed here offers a promising tool for P
management, with the potential to improve fertilizer use efficiency and reduce environmental risks
from over-fertilization.
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