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Abstract 

Biochar plays a crucial role in regulating soil phosphorus (P) availability, yet its effectiveness is influenced by multi-
ple factors, including biochar features and soil properties. Improper biochar application may reduce P availability 
towards plants or unintendedly increase the environmental risk of P leaching. The efficiency of biochar in regulating 
soil P availability can be predicted and quantified by analyzing the interactions between its physicochemical proper-
ties and soil conditions. This study employed machine learning models—Random Forest, Support Vector Regression, 
and Artificial Neural Networks—to predict biochar efficiency in soil P availability regulation (activation or passivation) 
using a dataset of 534 samples with 19 input features. Model optimization and evaluation revealed that the Random 
Forest model achieved the highest prediction accuracy (R2 = 0.9107), outperforming the other two models. Mecha-
nistic insights from feature importance analysis indicated that biochar pyrolysis temperature played a dominant role 
in influencing soil P availability. Moderate pyrolysis temperatures facilitated the formation of biochar with balanced 
porosity and surface reactivity, while biochar produced at higher temperatures favored for passivating soil availability. 
Furthermore, the biochar application rate, soil pH, and total soil P content are key factors influencing changes in soil 
available P following biochar amendment. Through a data-driven framework, this study demonstrated that pristine 
biochar could achieve or exceed the performance of modified biochar in P regulation, offering superior economic 
and environmental benefits. The findings integrated environmental science, soil chemistry, and data analytics, provid-
ing valuable guidance for precision agriculture and fostering sustainable agricultural practices by enhancing fertilizer 
efficiency and reducing environmental costs globally.

Highlights 

•	 Machine learning was  integrated into  frameworks to  improve fertilizer efficiency and  reducing environmental 
impact.

•	 The RF model exhibited best predictive performance (R² = 0.9107) compared to the SVR and ANN models.
•	 Pyrolysis temperature, biochar rate, soil pH, and total P significantly affect biochar’s influence.
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1  Introduction
Phosphorus (P) is a vital nutrient for plant growth. A 
deficiency of P can result in restricted plant growth and 
a reduction in agricultural yields (Etesami 2020). It is 
common practice among farmers to apply large quanti-
ties of P fertilizer to maintain the requisite P content 
of the crop. However, only 15% to 20% of the applied P 
is absorbed by the crop (An et  al. 2023). The rest com-
bines with the soil, forming a residual P pool or is fixed 
in the soil (Bindraban et al. 2020). Soil P exists in multi-
ple chemical forms, among which only Ca-bound P and 
part of Al-bound P can be effectively utilized by crops, 
whereas Fe-bound and other complex forms are largely 
unavailable (Stávková and Maroušek 2021). Residual P 
in the soil is highly reactive and has the potential to be 
transported via surface runoff and leaching to groundwa-
ter, which can result in surface water pollution and lead 
to eutrophication (Ghodszad et  al. 2021). Conversely, 
fixed P in the soil is less active and requires activation to 
enhance its efficacy in promoting the absorption of P by 
crops. Moreover, P fertilizers are primarily derived from 
natural phosphate rock, which takes millions of years to 
form through the decomposition of marine organisms 
(Alewell et  al. 2020; De Boer et  al. 2019). Some phos-
phate rock deposits may contain trace levels of radioac-
tive contaminants, raising additional environmental and 
health concerns (Wang et  al. 2023). Therefore, accurate 

prediction of soil P availability increase ratio (PAR, 
defined as the relative increase in plant-available P con-
tent after biochar amendment) has always been an urgent 
problem in soil P chemistry.

Biochar has been widely used to regulate soil P and 
interact with the P cycle. However, the effect of biochar 
application on the activity of soil P remains inconclu-
sive. Studies have shown that the adsorption of phos-
phate by biochar renders it a P reservoir within the soil. 
Conversely, P-containing biochar can also be employed 
as a direct and efficacious P source, thus enhancing the 
soil P availability through direct input. (Zhang et  al. 
2016). Presently, research has utilized biochar in the 
production of slow-release P fertilizers to enhance P 
utilization efficiency in soils and mitigate P losses (Li 
et  al. 2020a). The precise mechanism by which bio-
char alters the availability of P in soil is still under 
investigation. The efficiency of P fertilizer use is con-
tingent upon a range of soil properties, including the 
ionic composition of the soil, its pH, and the quantity 
of organic matter present (Bornø et  al. 2018). Biochar 
application can increase P availability by increasing soil 
pH and altering the activity or availability of cations, 
thereby reducing P adsorption or increasing P desorp-
tion in the soil (Xu et al. 2014). Other studies have also 
supported this conclusion. The use of biochar in acidic 
red soil has been evidenced to elevate the soil pH and 
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rapidly increase the soil available P content in the short 
term, and the time trend of this effect is related to the 
decomposition of biochar itself (Jin et  al. 2019). Straw 
biochar has the characteristics of high negative charge 
and rich anionic functional groups, which can enhance 
the cation exchange capacity (CEC) of the soil. The ani-
onic functional groups can compete with phosphate 
for adsorption sites in the soil, thereby inhibiting the 
adsorption of phosphate by the soil (Jiang et al. 2015). 
Furthermore, biochar can also release dissolved organic 
matter (DOM). The organic anions in the DOM com-
ponents compete with the phosphate ions in the soil 
for exchange sites, effectively inhibiting the adsorption 
of P in acidic soils such as red soil and improving the 
efficiency of P fertilizer (Liu et al. 2018; Schneider And 
Haderlein 2016). Biochar may also affect the biologi-
cal processes of soil microorganisms, converting fixed 
metal oxides or organic P into available P (Gao and 
DeLuca 2018). However, in consideration of the poten-
tial environmental risks, some studies have shown that 
biochar can also be employed to reduce the amount of 
available P in the soil. This is due to the high specific 
surface area and high concentration of basic cations 
in biochar produced by high-temperature pyrolysis, 
which increases the number of adsorption sites (Ghod-
szad et al. 2021). Additionally, some studies report that 
biochar application does not significantly affect soil P 
availability (Soinne et al. 2014; Bornø et al. 2018). This 
implies that the impact of biochar on soil P availabil-
ity might be influenced by various factors. Biochar can 
affect the physical and chemical features of soil, and its 
impact on soil P availability depends not only on soil 
characteristics but also on the properties of the biochar 
itself. Consequently, to accurately ascertain the impact 
of biochar on soil P availability following its applica-
tion, it is essential to quantify the relationship between 
biochar and the physical and chemical properties of the 
soil, as well as soil P availability. Moreover, for P-bio-
char technologies to be truly feasible, they must achieve 
both environmental sustainability and economic viabil-
ity, particularly considering the production and appli-
cation costs of biochar (Maroušek et  al. 2023, 2024). 
Therefore, an integrated analytical approach is required 
to elucidate the interrelationships among multiple fac-
tors, aiming to maximize both ecological and economic 
benefits.

Previous studies have typically controlled for a sin-
gle variable to investigate the effect of biochar on soil P 
availability, which is time-consuming, costly and diffi-
cult to fully account for all environmental factors (Gao 
et al. 2019). Traditional statistical methods such as meta-
analysis can integrate the results of multiple studies and 
have shown that biochar could significantly increase 

plant-available P in biochar-amended soils (Glaser and 
Lehr 2019). However, due to the large number of param-
eters corresponding to biochar and the small sample size, 
narrow width, and high dimensionality of the data, meta-
analysis is difficult to resolve the complex relationship 
between small samples and high-dimensional data (Wet-
terslev et  al. 2017). Machine learning, as a prominent 
and emerging artificial intelligence method, is capable of 
handling high-dimensional and complex data, uncover-
ing non-linear relationships that are difficult to solve with 
traditional methods, and providing rapid and effective 
prediction results (Li et al. 2022). Machine learning mod-
els such as Random Forest (RF), Support Vector Regres-
sion (SVR), and Artificial Neural Networks (ANN), 
which are commonly used on small datasets (Kokol 
et  al. 2022), have been widely used to reveal the effects 
of biochar on soil nutrient cycling (Liu et  al. 2019), soil 
microbial communities (Lei et al. 2023), and soil pollut-
ants such as heavy metals (Sun et al. 2022). Palansooriya 
et al. (2022) utilized RF, SVR, and Neural Networks mod-
els to investigate the efficiency of biochar in immobiliz-
ing heavy metals in soil. Their findings highlighted that 
the RF model with the best tuned hyperparameters was 
the best algorithm for predicting heavy metal immobili-
zation efficiency (test set R2 = 0.91). Divband Hafshejani 
et  al. (2024) employed RF and linear regression models 
to evaluate the influence of biochar on soil nitrate leach-
ing. Their results showed that the RF model exhibited a 
superior fit (R2 = 0.9837). However, research on apply-
ing machine learning to predict soil PAR with biochar 
remains largely unexplored. The predictive performance 
of different models in analyzing biochar and soil P avail-
ability data requires evaluation, while comprehensive 
datasets integrating biochar characteristics, soil proper-
ties, and available P dynamics are still lacking. Herein, 
we hypothesized that machine learning models could 
effectively predict the efficiency of biochar in regulat-
ing soil phosphorus availability by analyzing the inter-
actions between biochar’s physicochemical properties 
and soil conditions, thus optimizing biochar application 
for enhanced precision agriculture and sustainable soil 
management.

Therefore, to confirm our hypothesis, this study (i) col-
lected a total of 534 data points on the efficiency of bio-
char in soil PAR from 32 research articles and examined 
the correlation between different characteristic vari-
ables and soil P availability; (ii) developed three machine 
learning models (RF, SVR, and ANN) for predicting the 
efficiency of biochar in soil PAR and compared their 
predictive performance; (iii) identified the main factors 
influencing soil PAR by biochar based on the optimized 
machine learning models; (iv) explored the interac-
tion between input factors and soil PAR by biochar. The 
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model developed in this study can be used to predict the 
efficiency of biochar in regulating soil P availability based 
on biochar and soil characteristics. This offers guidance 
for applying biochar-enhanced P fertilizers in practical 
agricultural settings.

2 � Materials and methods
2.1 � Data collection
Data from relevant research articles published between 
2014 and 2024 on the use of biochar to regulate soil P 
were collected. The article data used in this study were 
collected by searching for ‘soil phosphorus and biochar’ 
in Google Scholar, Web of Science, and China National 
Knowledge Infrastructure. Data were obtained directly 
from the article or supplementary material tables, or 
from graphs using Plot Digitizer 1.3. After an initial data 
screening, a total of 534 datasets containing soil avail-
able P content before and after biochar application were 
selected. The growth rate of soil P availability with bio-
char was calculated using Eq. 1 (Xu et al. 2024):

where CBefore and CAfter represent the soil available P 
concentrations measured before and after biochar appli-
cation, respectively. Specifically, a ratio greater than 1 
indicated that biochar enhanced P availability, whereas 
a ratio less than 1 suggested that biochar immobilized 
soil P, leading to passivation effects. To simulate the effi-
ciency of biochar in soil PAR, a total of 22 factors were 
selected for model building and optimization: (i) Biochar 
characteristics, including pH value of biochar (pHBC), 
ash content (Ash, %), carbon content (CBC, %), electrical 
conductivity (EC, dS  m−1), nitrogen content (NBC, %), 
cation exchange capacity (CEC, cmol(+)  kg−1), phospho-
rus content (PBC, %), Olsen-P content (OPBC, mg kg−1), 
specific surface area (SSA, m2  g−1); (ii) Soil properties, 
including soil pH (pHsoil), total phosphorus content (TP, 
g kg−1), Olsen-P content (OPsoil, mg kg−1), total nitrogen 
content (TN, %), total carbon content (TC, %), organic 
carbon content (OC, g kg−1), soil texture, electrical con-
ductivity (ECsoil, µS cm−1); (iii) Experimental conditions, 
including biochar pyrolysis temperature (T, ℃), biochar 
pyrolysis time (Time, h), biochar application rate (Add, 
%), fertilizer type, incubation time. A summary of this 
data can be found in the supplementary materials.

2.2 � Data preprocessing
Collinearity among input features can lead to unstable 
parameter estimates, unreliable models, and weakened 
predictive performance. By reducing collinearity between 
features, the model can be simplified, its interpretability 

(1)Ratio =

CAfter − CBefore

CBefore

enhanced, and the risk of overfitting reduced (Cheng et al. 
2022). Therefore, a collinearity diagnosis based on the Vari-
ance Inflation Factor (VIF) was first performed on the 22 
input features. Features with VIF > 20, specifically the pH 
and EC of biochar, and TN content of soil, were excluded. 
The formula for VIF is shown as Eq. 2 (Vu et al. 2015).

where R2
j  represents the value obtained when feature Xj 

is treated as the dependent variable and regressed on all 
other features, reflecting the proportion of variance in Xj 
that can be explained by the other features.

Data preprocessing mainly includes feature coding, 
missing data handling, and data normalization. First, the 
categorical features of soil texture and fertilizer type were 
encoded and backfilled into the corresponding positions 
in the dataset. For missing data, the average value of the 
calculated feature was calculated and backfilled into the 
corresponding position in the dataset. This is a simple 
interpolation method and most studies use this type of 
interpolation method, replacing each missing value with 
the non-missing value of the quantitative or qualitative 
attribute (Emmanuel et al. 2021).

Data collected from different sources using different 
methods may contain outliers, and data normalization can 
mitigate the influence of outliers and feature dominance by 
achieving uniformity in numerical values (Singh and Singh 
2022). The utilization of Eq. 3 facilitated the scaling of fea-
tures within the range of 0–1:

where x∗i  represents the normalized value of xi , while 
xmax and xmin denote the maximum and minimum values 
of xi , respectively.

2.3 � Model development and evaluation
This study selected three machine learning methods: RF, 
SVR, and ANN. The prediction models for biochar’s effi-
ciency in soil PAR were trained and optimized using the 
Scikit-learn 1.2.1 and PyTorch 2.0.1 + cpu. Before model 
construction, the entire dataset was randomly divided 
into 80% training and 20% testing subsets. For hyperpa-
rameter optimization, RF required tuning the number of 
trees (n_estimators) and tree depth (max_depth). Dur-
ing the grid search process, five-fold cross-validation 
was used to evaluate the performance of each parameter 
combination to identify the optimal hyperparameters. 
After determining these two parameters, the maximum 
number of features used for node splitting (max_fea-
tures) in each decision tree was further optimized. SVR 

(2)VIFj =
1

1− R2
j

(3)x∗i =

xi − xmin

xmax − xmin
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required adjustment of the kernel function, the epsilon 
(ε), and the regularization parameter (C). ANN required 
the learning rate, number of neurons and hidden layers to 
be adjusted.

After hyperparameters tuning, the three optimal 
models were selected and evaluated on the test set. The 
performance of the models was assessed using the coef-
ficient of determination (R2) and the root mean square 
error (RMSE), respectively. R2 is a metric that measures 
the degree to which the model fits the data, with values 
ranging from 0 to 1; a value close to 1 indicates a stronger 
fit of the model to the data. RMSE is an indicator of the 
prediction error of the model, and its value determina-
tion is closely related to the specific dataset. In general, a 
smaller RMSE value indicates a smaller prediction error 
and better prediction performance of the model. The 
formulas for R2 and RMSE are given by (Eqs.  4  and 5) 
respectively (Palansooriya et al. 2022):

where yip and yit represent the predicted and true values, 
ym denotes the mean value, and N  is the number of data 
samples in the dataset.

2.4 � Influence factor analysis
To further explore the relationship between each input 
feature and the P growth rate, the Pearson correlation 
coefficient (PCC) was first used to assess the correlation 
between any two variables. The formula for PCC is as fol-
lows (Eq. 6):

where n is the sample size, xi and yi are the values of the 
two variables for the i th sample respectively, and x and y 
are the means of the two variables respectively.

Subsequently, two approaches were used to ana-
lyze the significance of input features in the dataset. 
Since the RF model itself has an algorithm for calculat-
ing variable importance measures, the feature impor-
tance analysis was first performed based on the feature 
importance ranking function in the RF model. SHapley 
Additive exPlanations (SHAP) is a game theory-based 
model interpretation method that calculates the marginal 

(4)R2
= 1−

∑N
i=1

(

yip − yit

)2

∑N
i=1

(

yit − ym
)2

(5)
RMSE =

√

√

√

√

∑N
i=1

(

yit − yip

)2

N

(6)r =

∑n
i=1

(xi − x)
(

yi − y
)

√

∑n
i=1

(xi − x)2
∑n

i=1

(

yi − y
)2

contribution of each feature across all possible feature 
combinations, providing consistent and locally accurate 
estimates of feature importance (Antwarg et al. 2021). To 
enhance the comprehensiveness and reliability of model 
interpretation, we further employed the SHAP method 
to assess the importance of each input feature in relation 
to the P growth rate. All computations and visualizations 
were conducted using IBM SPSS Statistics 27 and Python 
3.7 with the following packages: Matplotlib 3.7.0, NumPy 
1.23.5, Pandas 1.5.3, Seaborn 0.12.2, Scikit-learn 1.2.1, 
Keras 3.0.5, PyTorch 2.0.1 + cpu, and SHAP 0.42.1. To 
ensure reproducibility, the random seed was fixed at 42 
during dataset partitioning and model training. All quan-
titative variables were standardized to consistent units 
prior to analysis.

3 � Results and discussion
3.1 � Feature statistics and Pearson correlation matrix 

analysis
In recent years, biochar and biochar-based fertiliz-
ers have emerged as promising strategies for improv-
ing nutrient cycling and sustainability in agricultural 
systems (Minofar et  al. 2025; Maroušek and Gavurová 
2022). Improper biochar application may reduce P avail-
ability through nutrient immobilization and microbial 
community disruption, while exacerbating environmen-
tal risks via accelerated P leaching and mineralization-
induced eutrophication. Moreover, the regulatory effect 
of biochar on soil P availability is influenced by multiple 
interacting factors and does not follow a simple linear 
relationship, exhibiting nonlinear and complex dynamic 
patterns that traditional statistical methods cannot fully 
capture. Therefore, we first employed Pearson correlation 
matrix analysis to examine the relationships among vari-
ables and subsequently applied machine learning models 
to capture the complex nonlinear patterns. Herein, in 
order to elucidate the potential interactions and depend-
encies among variables, the Pearson correlation matrix 
results are presented in Fig.  1. In addition, to provide a 
more comprehensive understanding of the original data-
set, we selected several relatively important features 
based on the Pearson correlation matrix and subsequent 
feature importance analysis and visualized them using 
boxplots (Fig.  2). The box plot results implied that the 
pyrolysis temperature of biochar in the dataset of this 
study falls within the range of 200–700 ℃. The correla-
tion coefficient between the efficiency of biochar in soil 
PAR and pyrolysis temperature is −0.18, revealing a weak 
negative correlation between these two variables, because 
high pyrolysis temperature produced biochar with high 
porosity and specific surface area—also consistent with 
the results shown in Fig.  1 (the Pearson correlation 
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coefficient between T and SSA is 0.16, indicating a posi-
tive correlation), which consequently increased its P 
adsorption capacity and caused a reduction in the effec-
tive P level within the soil (Ghodszad et al. 2021; Li et al. 
2020a). This weak negative correlation suggests a poten-
tial trade-off, as biochar produced at relatively high 
pyrolysis temperatures may improve physical properties 
while simultaneously limiting P availability. Furthermore, 
the distinct pyrolysis temperatures resulted in disparate 
P forms and extractability in the biochar. The formation 
of stable P forms, such as pyrophosphate, is promoted 
by high temperatures. This resulted in a decrease in the 
biochar P releasing rate and P adsorption capacity of bio-
char (Li et al. 2019), which in turn led to a reduction in 
the efficiency of biochar in soil PAR. In the dataset of this 

study, the pH of the biochar is predominantly alkaline. As 
previous studies have shown, strongly alkaline biochar 
contains higher concentrations of alkaline cations, which 
can significantly increase soil pH. This process leads to 
the precipitation of soluble Al and Fe as insoluble Al and 
Fe hydroxides (Dume et al. 2017; Gao et al. 2019), which 
reduces the binding of P with Al and Fe, thereby decreas-
ing P fixation in the soil and enhancing soil P availabil-
ity. Additionally, the boxplots show that the pyrolysis 
duration of biochar in this study is mostly concentrated 
within 1–3 h. The Pearson correlation matrix revealed a 
weak negative correlation (r = −0.18) between the pyroly-
sis time of biochar and its efficacy in soil PAR. Previous 
studies have shown that biochar produced via fast pyroly-
sis typically exhibits higher CEC than that produced by 

Fig. 1  The Pearson correlation matrix between two of the included features reveals the interrelationships among variables
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Fig. 2  Distribution of partial input features. In each boxplot, the five lines from top to bottom represent the maximum value, the third quartile, 
the median, the first quartile, and the minimum value of the data, respectively. Red circles denote outliers beyond this range, and n represents 
the sample size
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slow pyrolysis, due to its faster heating rate and shorter 
reaction time (Lee et al. 2010), which enhanced the effi-
ciency of biochar in soil PAR by reducing the fixation of 
P in the soil.

In this study, soil pH varies widely (4.29–10), cover-
ing weakly acidic red soil, paddy soil, and weakly alkaline 
fluvo-aquic soil. Soil pH plays a crucial role in influencing 
the effectiveness of biochar in enhancing soil P availabil-
ity. Specifically, in acidic red soils, P tends to bind with 
Fe3+ and Al3+ to form insoluble compounds that limit its 
availability (Melese et  al. 2015), biochar application can 
promote P release by adjusting pH and enhancing com-
plexation capacity. In contrast, in alkaline and calcare-
ous soils, P binds with CaCO3 to form insoluble Ca–P 
compounds (Antoniadis et al. 2016); biochar can reduce 
P fixation through adsorption and complexation, thereby 
improving its availability. The total P content of the soil 
exhibited a range of 0.185–1.13 g  kg−1, while the Olsen-
P content demonstrated a range of 2.48–153.52 mg kg−1. 
The total P content in the soil was found to be positively 

correlated with the efficiency of biochar in soil PAR, with 
a correlation coefficient of 0.22. The above phenomenon 
may be attributed to the high content of total P in soil 
which provided more space for the biochar synergistic 
action of the physical, chemical and biological regulatory 
mechanisms. In alkaline soil, biochar application does not 
necessarily increase P availability; however, when biochar 
is derived from crop residues, P adsorption in alkaline 
soil slightly decreased with increased biochar applica-
tion amount (Xu et al. 2014). When manure biochar was 
applied, the available P content in alkaline soil increased, 
along with the P concentration in plant tissues (Nahi-
dan and Ghasemzadeh 2022; Gunes et al. 2014). Biochar 
derived from different raw materials exhibits distinct 
total P concentrations (Fig. S2). Animal manure retains 
a significant amount of P compounds during pyrolysis, 
as these compounds do not volatilize (Jin et  al. 2016). 
Studies have shown that the total P content of manure-
derived biochar is 53 to 105 times higher than that of 
lignocellulosic biochar, and manure-derived biochar 

Fig. 3  In the optimization of hyperparameters for the SVR model, the predictive performance under three kernel functions evaluates model 
adaptability: a Overview, b RBF, c Quadratic, and d Linear
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releases significantly more water-soluble P (Novak et al. 
2018). To further investigate the fundamental relation-
ships between biochar’s soil PAR efficiency and its con-
tributing factors, this study employed machine learning 
techniques, as described in the subsequent section.

3.2 � Optimization and comparison of machine learning 
model performance

Current dataset comprising 534 groups of data based 
on 19 input features was used to establish RF, SVR, and 
ANN models. Hyperparameters for each model were 
optimized to achieve the best performance. The ini-
tial step involved the selection of the kernel for the SVR 
model, and the value of C was set to 50, while that of ε 
was set to 0.1. The radial basis function (RBF), quad-
ratic polynomial kernel, and linear kernel were selected 
to train and test the performance of the SVR model. The 
performance results of the SVR models with different 
kernels are shown in Fig. 3, revealing a significant differ-
ence in predictive performance among the kernels. The 
SVR model utilizing the RBF kernel achieved the best 
performance with an R2 of 0.97. The performance of the 
SVR model using the quadratic kernel function was the 
second highest, with an R2 of 0.86, while the SVR model 
employing a linear kernel exhibited the poorest perfor-
mance, with an R2 of only 0.34. Accordingly, the RBF ker-
nel was selected for further hyperparameter optimization 
of the SVR model.

Table 1  Optimal hyperparameters of machine learning models 
obtained through grid search to achieve the best predictive 
performance for each model

Target Machine 
learning 
model

Hyperparameter Optimal value

P growth rate RF n_estimators 200

max_depth 15

max_features 0.8

SVR Kernel RBF

C 50

Epsilon 0.1

ANN Learning rate 0.01

Number of neurons 32

Number of hidden layers 2

Table 2  R2 and RMSE prediction accuracy of RF, SVR and ANN 
algorithms on the efficiency of biochar in soil PAR

RF SVR ANN

Train R2 0.9721 0.9008 0.8947

Test R2 0.9107 0.8146 0.8382

Train RMSE 0.3109 0.5865 0.5954

Test RMSE 0.5910 0.7254 0.8345

Fig. 4  Predictive performance of the a, d RF, b, e SVR, and c, f ANN model on the test set, for predicting the soil P availability changes in soil 
amended with biochar
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When constructing the ANN architecture, the number 
of hidden layers is typically considered a critical param-
eter. An excessive number of hidden layers relative to the 
complexity and size of the dataset can lead to reduced 
accuracy on the test set (Raut and Dani 2020). Consid-
ering the feature complexity and dataset scale in this 
study, the learning rate was set to 0.01, with 32 neurons 
per hidden layer. ANN models with one and two hidden 
layers were compared. The model with two hidden lay-
ers achieved a higher test set R2 (R2 = 0.84) than the one 
with a single hidden layer (R2 = 0.79), indicating a bet-
ter fit to the current dataset and feature complexity. The 
results suggest that this nonlinear system benefits from a 
two-hidden-layer architecture for improved stability and 
generalization (Thomas et al. 2017). Therefore, the ANN 
structure with two hidden layers was selected.

Subsequently, grid search was employed to select the 
optimal hyperparameter combinations for the three 
models, followed by five-fold cross-validation to mini-
mize prediction errors. Table  1 illustrates the optimal 
hyperparameters identified for the machine learning 
models through grid search. The three models were 
updated with the optimal hyperparameters obtained, and 
the prediction performance of the three models on the 

Fig. 5  Relative importance of input variables on P regulation efficiency using the RF model, to characterize the dominant factors influencing soil P 
availability

Table 3  Input feature importance based on RF model

Feature Weight value

Incubation time 0.0459

T 0.1769

Time 0.0358

Add 0.1662

Ash 0.0463

CBC 0.0771

CEC 0.0047

NBC 0.0199

PBC 0.0372

OPBC 0.0372

SSA 0.0060

pHsoil 0.1317

TP 0.0847

OPsoil 0.0575

TC 0.0259

OC 0.0101

Fertilizer type 0.0167

Soil texture 0.0081

ECsoil 0.0121
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test set is presented in Table 2 and Fig. 4. The prediction 
performance on the training set is illustrated in Fig. S3.

The RF model demonstrated the highest prediction 
accuracy for the test data, achieving an R2 of 0.9107, 
which outperformed both the SVR and ANN models. 
Concurrently, the test set RMSE was 0.5910, represent-
ing the lowest value among the three models, and the 
error distribution exhibited tendency to align with a nor-
mal distribution (Fig. 4d). Error analysis revealed that the 
prediction results of all three models generally followed 
a normal distribution (Sun et al. 2022), but the SVR and 
ANN models exhibited larger errors compared to the 
RF model (Fig.  4d–f). Comparing the performance of 
the three algorithms in predicting the efficiency of bio-
char in soil PAR, the RF model was found to be the most 
optimal, followed by the ANN model, and lastly, the SVR 
model. This superior performance of the RF model could 
be attributed to its robustness against outliers and noise, 
its resistance to over-fitting, and its suitability for small 
datasets (Liu et al. 2012). This finding is consistent with 
those of previous studies, which have also demonstrated 

the superiority of RF in addressing lower values and small 
sample sizes (Zhu et al. 2019).

3.3 � Analysis of input feature importance
The relative importance of each input characteristic to 
soil PAR efficiency was calculated using the RF model, 
as shown in Fig. 5. Thus, the key factors influencing the 
effectiveness of biochar in regulating soil PAR were iden-
tified, providing a theoretical basis for optimizing bio-
char production and application strategies. Experimental 
condition was the most influential factor, accounting for 
44.1%, primarily due to the significant effects of biochar 
pyrolysis temperature and application rate on soil PAR 
efficiency. Soil properties ranked second, with a relative 
importance of 33.0%. Further analysis of feature impor-
tance revealed that biochar pyrolysis temperature was 
the most significant factor influencing biochar efficiency 
in soil PAR, accounting for 17.69% of the 19 features, fol-
lowed by biochar application rate at 16.62% (Table 3). In 
addition, soil pH and total P content were the two most 
important soil-related features, with relative importance 

Fig. 6  SHAP analysis reveals the impact of features on model predictions. a The SHAP scatter plot illustrates the direction and magnitude of feature 
impacts on model outputs. b The heatmap displays the SHAP values of all features for each sample, with the curve at the top f(x) representing 
the trend of the average predicted values across all samples. c The SHAP decision plot demonstrates the influence of feature value changes 
on model outputs
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of 13.17% and 9.47%, respectively. Soil pH directly or 
indirectly affects P solubility and speciation, while the 
total P reserve determines the potential availability of P. 
Soil P exists in various forms. Although most soils world-
wide hold significant P reserves, the amount of inorganic 
phosphate available for plant use is extremely limited, 
often less than 1% (Zhu et al. 2018). Biochar can reduce 
the complexation of P with soil components such as Fe3+ 
and Al3+ (hydr)oxides, while also enhancing soil P miner-
alization (Yang et al. 2021). Furthermore, biochar-derived 
DOM could reduce P adsorption in soil through com-
petition for adsorption sites and electrostatic repulsion, 
thereby enhancing soil P availability (Schneider and Had-
erlein 2016). Prior research suggested that biochar itself 
could serve as a P source (Dai et  al. 2016). However, in 
our study, the total P and Olsen-P contents of biochar 
showed relatively low importance. This implied that the 
increase in soil available P following biochar application 
may be primarily attributed to the activation of endog-
enous soil P reserves, rather than direct P release from 
biochar.

The SHAP method results for the relative importance 
of input features in regulating P efficiency were compa-
rable to the results obtained using RF for determining 
feature importance (Fig.  6). In the SHAP method, each 
point represented the SHAP value of a sample, with color 
indicating the magnitude of the feature value (Fig.  6a). 
The SHAP heatmap in Fig. 6b illustrates the distribution 
of SHAP values across samples (x-axis) for each input 
feature (y-axis), representing their impacts on the mod-
el’s predictions. Compared to traditional feature impor-
tance methods, SHAP not only ranks input variables by 
importance but also reveals the direction and magni-
tude of their effects on model outputs, thereby provid-
ing complementary insights that significantly enhance 
the interpretability of the machine learning model in this 
study. Figure  6c depicts the decision-making process of 
the model for all samples. The results revealed that the 
pyrolysis temperature of biochar, soil pH, biochar appli-
cation rate, and the total P content of the soil were the 
most influential features, exerting a considerable influ-
ence on the predictive outcomes. The pyrolysis tempera-
ture exerted a profound influence on the physical and 
chemical properties and stability of biochar, including the 
pH value, ash content, carbon stability, biochar porosity, 
and aromaticity (Zhang et  al. 2015). The red dots (high 
temperature) for the pyrolysis temperature of biochar 
were primarily situated within the negative SHAP value 
area, whereas the blue dots (low temperature) were pre-
dominantly concentrated within the positive SHAP 
value area. This suggested that low temperature exerted 
a favorable influence on the model output. In contrast, 

biochar produced at high temperatures could diminish 
the labile P content of the soil, thereby curbing the influx 
of excessive P into water bodies through surface runoff. 
As for soil pH, SHAP analysis indicated that soils with 
neutral to slightly alkaline pH exhibited greater improve-
ments in P availability following biochar application. In 
this study, the soil pH ranged from 4.29 to 10. In acidic 
soils, P tends to form insoluble complexes with Al3+ and 
Fe3+, which reduces P availability (Penn And Camberato 
2019). Moreover, the pH increase induced by biochar in 
such acidic conditions is limited, constraining its capac-
ity to enhance P availability. Conversely, under neutral to 
slightly alkaline conditions, the activity of P-fixing metal 
ions is relatively low, and the alkalizing effect of biochar 
can further facilitate the transformation of P into more 
available forms, resulting in a more significant improve-
ment in P availability. For total soil P content, red dots 
were concentrated in the positive SHAP value region, 
while blue dots clustered in the negative region. This sug-
gested that higher total soil P positively influenced the 
model output, aligning with the findings on the relative 
importance of the RF model.

Moreover, the modeling results based on non-manure-
derived biochar showed a similar pattern of feature 
importance in regulating soil PAR compared to the over-
all model (Fig. S6). This further supports the notion that 
the effectiveness of biochar in enhancing soil PAR is not 
solely attributed to its inherent P content, but is primar-
ily driven by its ability to transform and mobilize existing 
soil P. From an economic and management perspective, 
this finding provides practical implications: in contrast to 
manure-derived biochar, which generally requires higher 
pyrolysis energy input, crop- and wood-derived biochars 
offer comparable regulatory efficiency with lower energy 
consumption and cost, making them more feasible and 
sustainable for large-scale agricultural deployment. It is 
also worth noting that unlike traditional RF-based feature 
importance, the SHAP approach not only delivers global 
importance rankings but also clarifies the exact direction 
and degree to which features influence prediction out-
comes, offering more comprehensive and interpretable 
insights for decision-making and biochar management.

In addition to the pyrolysis temperature of biochar 
and the soil pH, biochar application rate is also con-
sidered one of the top three influencing factors. To 
reveal the nonlinear effects of interactions among key 
features on soil P availability, this study conducted a 
visual analysis of their interactions and impacts on 
the response variable. The results of the interaction 
between biochar pyrolysis temperature, pyrolysis time, 
application rate, and soil P content are comprehensively 
illustrated in Fig.  7. As shown in Fig.  7a, a synergistic 
relationship exists between pyrolysis temperature and 
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biochar application rate, with optimal PAR efficiency 
observed at temperatures of 460–480  °C and applica-
tion rates of 1.5–1.7%. This optimal range likely stems 
from biochar’s balanced physicochemical properties 
at moderate temperatures, such as sufficient poros-
ity for nutrient adsorption and retention, while avoid-
ing excessive carbonization that might reduce reactive 
surface sites. From an economic and management per-
spective, maintaining biochar production within this 
temperature range also minimizes energy consump-
tion and production costs, thereby improving the cost-
efficiency of large-scale biochar utilization. When the 
pyrolysis temperature of biochar was in the range of 
460–485  °C, a pyrolysis duration of 3.5–5  h was con-
sidered optimal (Fig.  7c). Under moderate pyrolysis 
temperatures, excessively prolonged pyrolysis time 
may lead to over-carbonization of the biochar struc-
ture (Liang et al. 2020), resulting in micropore collapse 

and reductions in SSA and porosity. Consequently, the 
adsorption capacity of biochar may decline, weakening 
its efficiency in P retention or release, which is con-
sistent with the feature importance results presented 
earlier (Fig.  6a). Prolonged pyrolysis time may impair 
material performance and increase energy input, which 
could reduce economic feasibility in commercial pro-
duction. Thus, optimizing both temperature and time is 
essential not only for functional efficiency but also for 
operational cost control. In addition, Fig. 7d highlights 
a distinct scenario where soil total P content influences 
the effectiveness of higher pyrolysis temperatures. 
Specifically, biochar pyrolyzed at 360–440  °C exhib-
ited higher PAR efficiency when the soil total P level 
ranged from 1.04 to 1.13  g  kg−1, suggesting that the 
enhanced thermal stability and alkaline properties of 
high-temperature biochar may facilitate P mobilization 
in P-deficient soils by altering pH-dependent solubility 

Fig. 7  Two-way interactive effects of key input variables on soil PAR efficiency. a Pyrolysis temperature vs. biochar application rate; b Soil pH vs. 
biochar application rate; c Pyrolysis temperature vs. pyrolysis duration; and d Pyrolysis temperature vs. soil total P content
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or chelating inhibitory metal ions. This temperature-
dependent divergence underscored the importance 
of tailoring biochar production parameters to specific 
soil conditions: moderate-temperature biochar appears 
ideal for general applications in soils with adequate P, 
while high-temperature biochar may serve as a targeted 
amendment for P-deficient or metal-contaminated 
soils. In practice, increasing the biochar application rate 
and optimizing the pyrolysis temperature can enhance 
P release and utilization in low-P soils, whereas reduc-
ing the application rate in high-P soils may help avoid 
resource waste and potential environmental risks. 
These findings emphasize the nonlinearity of biochar-
soil interactions, where the interplay of production 
variables and environmental factors dictates functional 
outcomes, necessitating a systems-based approach for 
optimizing biochar use in sustainable agriculture.

3.4 � Machine learning for soil P availability prediction
In this research, machine learning algorithms (RF, 
SVR, and ANN) were developed and fine-tuned using a 
curated dataset comprising 534 data points sourced from 
32 peer-reviewed studies, with computational durations 
ranging from seconds to minutes per iteration. These 
established ML models exhibited robust predictive per-
formance in evaluating biochar’s efficacy for soil PAR, 
achieving test R2 values of 0.8146–0.9107, which under-
scored their reliability in capturing the complex rela-
tionships between biochar properties and P activation 
outcomes (Li et al. 2024). Given the dataset encompasses 
diverse biochar properties, soil environments, and exper-
imental conditions, the machine learning framework 
demonstrates strong generalization capability. Compared 
with machine learning models, traditional direct predic-
tion approaches, such as simple or generalized linear 
models (Fig. 8, using ordinary least squares regression to 

Fig. 8  Ordinary least squares linear regression was used to explore the interactive effects of Add, TP, and OPsoil on the output. a Linear regression 
fitting of P growth rate with Add., TP, and OPsoil; b–d 3D linear regression fitting plots showing the pairwise interactions among Add, TP, and OPsoil 
on P growth rate; e–g 2D heatmaps illustrating the effects of pairwise interactions among Add, TP, and OPsoil on the mean P growth rate
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examine the interactions of Add, TP, and OPsoil on the 
output), generally assume variable independence and fail 
to capture complex nonlinear relationships. When the 
number of interaction terms or sample size increases, 
explicitly incorporating multiple interactions substan-
tially raises model complexity and may lead to multicol-
linearity or overfitting, limiting the ability to represent 
multifactorial interactions (Otse et al. 2025). In contrast, 
machine learning can simultaneously integrate 19 fea-
tures across soil physicochemical properties, biochar 

characteristics, and environmental factors, captur-
ing complex interactions and automatically identifying 
higher-order nonlinear effects. Consequently, machine 
learning demonstrates superior predictive performance 
and mechanistic insight, providing more precise guid-
ance and hypotheses for subsequent mechanistic stud-
ies (Jorner et  al. 2021). The RF model demonstrated 
the most optimal performance among the three models 
(R2 = 0.9107, RMSE = 0.5910) (Fig.  4, Table  2). This is 
because the RF model employed an ensemble learning 

Table 4  Machine learning models used in previous studies and the R2 on the test set

Research object Machine learning model Test R2 Reference

Soil phosphorus availability regulation by biochar Random Forest 0.9107 This study

Support Vector Regression 0.8146

Artificial Neural Network 0.8382

Metal immobilization remediation by biochar Random Forest 0.824 (Sun et al. 2022)

Artificial Neural Network 0.841

Linear Model 0.507

Relationships between biochar and anaerobic digestion Gradient Boosting Decision Tree 0.84 (Zhang et al. 2023)

Random Forest 0.80

eXtreme Gradient Boosting 0.80

Gradient Boosting Decision Tree 0.69

Random Forest 0.64

eXtreme Gradient Boosting 0.67

Predict total yield and specific surface area of biochar Random Forest 0.855 (Hai et al. 2023)

Multiple Linear Regression 0.821

Decision Tree Regressor 0.559

K-nearest Neighbor 0.510

Random Forest 0.804

Decision Tree Regressor 0.618

K-nearest Neighbor 0.557

Multiple Linear Regression 0.292

Heavy metal immobilization by biochar Support Vector Regression 0.70 (Guo et al. 2023a, b)

Linear Regression 0.69

Gradient boosting Decision Trees 0.82

Random Forest 0.85

Predict biochar yield Random Forest 0.59 (Ma et al. 2023)

Gradient Boosting Decision Trees 0.84

eXtreme Gradient Boosting 0.79

Support Vector Regression 0.44

Radial Basis Function Neural Network 0.65

Levenberg–Marquardt Backpropagation 
Neural Network

0.88

Biochar design for antibiotics adsorption Random Forest 0.73 (Li et al. 2024)

Gradient Boosting Regression 0.68

eXtreme Gradient Boosting 0.85

Random Forest 0.78

Gradient Boosting Regression 0.71

eXtreme Gradient Boosting 0.88
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approach, whereby each decision tree was trained and 
predicted independently, and the resulting average pre-
diction was then produced. This approach makes the RF 
model more robust than those relying on a single training 
process (Chen et al. 2023).

Moreover, it is noteworthy that the model perfor-
mance in this study was considered superior compared 
to research in other environmental fields (Table 4). This 
may be attributed to differences in dataset structure and 
target variables. Specifically, the present dataset inte-
grated a broader range of biochar properties and soil 
physicochemical conditions, enhancing the model’s abil-
ity to capture nonlinear interactions between biochar and 
soil P dynamics. Furthermore, the optimized hyperpa-
rameters and standardized quantitative variables in this 
study improved model generalization and minimized 
overfitting. The target variable, biochar-induced changes 
in soil P availability, was inherently influenced by multi-
ple interacting mechanisms, which may produce stronger 
predictive relationships than those based on single-factor 
responses. However, the mainstream models used in this 
study also have limitations. For instance, the presence of 
a considerable number of missing values within the data-
set could result in suboptimal model fitting, whereas a 
notable degree of data point dispersion could diminish 
the stability of the model (Wang et al. 2024a). To address 
this issue, Zhang et al. (2021) employed extreme gradient 
boosting (XGBoost) to analyze ground subsidence in ani-
sotropic clay. XGBoost demonstrated remarkable predic-
tive performance with sparse data (test set R2 = 0.9859), 
owing to its capacity to handle missing values automati-
cally and select the optimal split directions (Wang et al. 
2019), thereby better managing imperfect datasets. 
Moreover, in scenarios demanding high prediction accu-
racy, Gradient Boosting Decision Trees (GBDT) con-
sistently outperform RF, a trend substantiated by prior 
empirical studies (Wang et  al. 2024b). However, both 
XGBoost and GBDT have limitations, including com-
plex hyperparameter tuning and long computation times, 
which contributed to their lesser prevalence in compari-
son to mainstream models. Machine learning is data-
driven, where data quality played a crucial role in model 
performance alongside dataset size. The quality of train-
ing data was often considered more important than the 
choice of algorithm (Idakwo et  al. 2018). However, data 
quality could be influenced by variations in experimental 
conditions and methods used in published studies. Even 
with a large dataset, discrepancies in experimental design 
could lead to inconsistent results, increasing prediction 
uncertainty. Any variability, error, or biase in the train-
ing database will be reflected in the outcomes (Barragán-
Montero et  al. 2021). Therefore, ensuring consistency 
and reliability in data quality was critical for accurate 

prediction. Caution was required in selecting data from 
published sources, as well as identifying and correcting 
‘dirty data’ (Guo et al. 2023a, b). Beyond data volume, the 
features included in our models do not fully capture the 
complexity of real-world processes governing soil P avail-
ability. For instance, soil redox conditions, which strongly 
influence P solubility and mobility, were not incorporated 
because key indicators such as Eh and soil moisture are 
not consistently reported in the existing literature. Like-
wise, dynamic processes affecting available P, including 
flooding, drought, and biochar aging, were not consid-
ered in our dataset. These factors can substantially mod-
ulate biochar effectiveness under field conditions, but 
their inclusion is challenging due to limited availability of 
high-quality data. Consequently, while the current mod-
els provide useful predictive insights, their applicability 
is inherently constrained by the underlying dataset, and 
caution is warranted when extrapolating results to more 
complex and dynamic field scenarios. Overall, future 
research on the efficiency of biochar application for soil 
PAR should focus on the following aspects: (i) increas-
ing sample size of data through more field experiments 
and data collection to enhance model generalizability; 
(ii) improving data collection and preprocessing tech-
niques to mitigate uncertainties in data quality, as well 
as the effects of missing data and outliers; (iii) exploring 
advanced models such as XGBoost and GBDT and opti-
mizing existing algorithms to enhance model prediction 
accuracy and robustness; (iv) modern computational 
approaches, such as AI-driven digital twin frameworks, 
offer the potential to simulate complex systems and pre-
dict their techno-economic performance (Stefko et  al. 
2025; Chatterjee et al. 2025). Integrating these advanced 
methods with machine learning models could further 
provide insights into the cost-effectiveness, scalability, 
and sustainability of biochar applications under specific 
economic conditions.

In addition to model performance, analyzing the char-
acteristics of soil PAR accuracy helped to understand the 
role of biochar in regulating P availability and was also 
of great significance for actual PAR. Our results showed 
a positive correlation between the total P content of the 
soil and the efficiency of biochar in soil PAR (Fig. 1, cor-
relation coefficient = 0.22). The overall soil P content was 
a key factor, with the SHAP method showing that higher 
total P level in the soil improves biochar’s effectiveness in 
enhancing soil PAR. In contrast, biochar’s total P content 
and Olsen-P levels have a relatively minor impact (Figs. 6, 
7). This suggested that the increase in soil available P 
following biochar application was primarily due to the 
conversion of native soil P to available P, rather than the 
release of P from biochar itself, as confirmed by previous 
studies (Peng et al. 2023). This finding provided guidance 
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for the practical application of biochar in conjunction 
with P fertilizers, particularly in soils with high total P 
but low P availability (Tesfaye et  al. 2021). Additionally, 
biochar produced by high-temperature pyrolysis could 
reduce soil available P content (Fig. 7). This reduction is 
attributed to the high porosity and specific surface area of 
biochar, which enable the adsorption of excess available 
P in the soil—particularly in soils polluted by excessive 
phosphate fertilization—thereby mitigating environmen-
tal risks such as eutrophication. The porous structure and 
high specific surface area of biochar enhance the forma-
tion of soil macroaggregates and promote P accumula-
tion within them (Cao et  al. 2021). Optimizing biochar 
application rate and pyrolysis temperature according to 
soil total P levels can enhance P management efficiency. 
Biochar can also influence the distribution of P within 
soil aggregates by altering the community structure and 
activity of microorganisms, such as phosphate-solubiliz-
ing microbes (Lu et al. 2023a). Future studies may further 
explore this through soil microbial processes. Addition-
ally, biochar with high ash content could increase soil 
available P content. However, due to some missing data 
on biochar ash content in the dataset used in this study, 
model performance and feature importance results may 
be affected to some extent. Adjusting the application rate 
and pyrolysis temperature of biochar based on the total 
soil P content could enhance the efficiency of biochar in 
soil PAR. It is also noteworthy that biochar application 
rates in incubation studies do not directly reflect recom-
mended field rates, which should be determined by bal-
ancing cost and agronomic efficiency in practical use. 
Based on this, future research should focus on field tri-
als to systematically assess the temporal dynamics of soil 
available P following biochar application, while incor-
porating crop type and climatic conditions as key influ-
encing factors. Additionally, future research could focus 
on quantifying P activation or passivation through more 
detailed indicators, such as the transformation rates of P 
fractions, to further elucidate the complex biogeochemi-
cal mechanisms underlying soil P dynamics.

To facilitate the use of the prediction model developed 
in this study by researchers and practitioners, a graphi-
cal user interface (GUI) was built using Python 3.7 and 
Streamlit, incorporating the RF model proposed in this 
work (https://​growt​hrate​predi​ction-​fmqs6​nvuwt​oyh7h​
s7eva​g2.​strea​mlit.​app, Fig. S8). By default, the GUI ini-
tializes each input variable with the mean value of the 
corresponding feature from the dataset. Categorical 
variables, such as soil texture and fertilizer type, can be 
selected via dropdown menus. It is worth noting that 
the more complete the input information, the higher the 
prediction accuracy. In addition to prediction functional-
ity, the GUI integrates key adjustable parameters such as 

biochar pyrolysis time and temperature, providing prac-
tical guidance for optimizing soil P availability through 
biochar application. Meanwhile, it is important to note 
that our online model can achieve precise predictions 
under certain environmental conditions: soil CEC ranges 
from 15.2 to 128.7  cmol  kg−1, available soil phosphorus 
ranges from 26.8 to 2570  mg  kg−1, and maximum cul-
tivation time of 390  days. As for the biochar character-
istics: pyrolysis temperature ranges from 200 to 700  °C, 
pyrolysis time ranges from 0.5 to 6  h, application rate 
ranges from 0.1% to 15%, biochar pH ranges from 4.05 to 
11.56, biochar ash content ranges from 1% to 62.5%, bio-
char carbon content ranges from 25.2% to 73.6%, biochar 
nitrogen content ranges from 0.0266% to 3.55%, biochar 
phosphorus content ranges from 0.012% to 2.6%, and 
biochar specific surface area ranges from 3 to 282 m2 g−1.

In relevant research or engineering contexts, users can 
tailor input variables based on specific soil and biochar 
characteristics to generate optimized application strate-
gies, thereby enhancing the efficiency of biochar in reg-
ulating soil available P while significantly reducing time 
and resource costs.

3.5 � Economic advantages of machine learning assisted 
raw biochar applications

The application of biochar to cropland soils demon-
strates both environmental and economic sustain-
ability in improving soil and water quality. Taking crop 
residue-derived biochar as an example, China produces 
approximately 600–800 Tg of crop straw annually (Chen 
et al. 2019), which is commonly managed through open 
burning or straw incorporation. However, straw burning 
releases large quantities of greenhouse gases (GHGs) and 
causes severe air pollution (Shi et  al. 2023), while straw 
incorporation can also produce GHGs during anaero-
bic decomposition and introduce risks of heavy metal 
and pesticide residues, as well as pest infestations from 
residual eggs (Shan et  al. 2021; Yu et  al. 2023). In con-
trast, pyrolyzing crop residues into biochar represents 
an effective resource utilization strategy, with conver-
sion yields typically ranging from 30% to 60% (Zhang 
et  al. 2020; Cueva et  al. 2022; Chandra and Bhattacha-
rya 2019). For instance, wheat straw pyrolyzed at 300 ℃ 
produces a 46.96% biochar yield with a carbon content 
of 61.48% (Zhang et  al. 2020). Each kilogram of straw 
burned emits approximately 1.239–1.670  kg CO₂-eq 
of GHGs (Shi et  al. 2023), whereas long-term field and 
laboratory studies have shown that biochar application 
significantly enhances soil organic carbon sequestra-
tion rates by 31.8−47.8%, equivalent to 369.8–556.6  kg 
C fixed annually (Li and Tasnady 2023). Moreover, when 
applied at a rate of 2–4%, biochar can reduce annual P 
losses by 10–25% per hectare (Wang et al. 2022), directly 

https://growthrateprediction-fmqs6nvuwtoyh7hs7evag2.streamlit.app
https://growthrateprediction-fmqs6nvuwtoyh7hs7evag2.streamlit.app
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contributing to eutrophication mitigation and improved 
soil P use efficiency. According to World Bank data, global 
phosphate fertilizer prices have surged in recent years, 
reaching 172.82 USD t−1 in 2022 (Wendimu et al. 2023). 
In comparison, the production cost of biochar ranges 
from 0.24 to 0.61 USD kg−1 (Sakhiya et al. 2022). Assum-
ing a neutral scenario with a biochar application rate of 
3 t ha−1 and a P fertilizer input of 42.70 kg ha−1 (Li et al. 
2020b), biochar could reduce P loss by approximately 
17.5%, equivalent to saving 7.47 kg ha−1 yr−1 of phosphate 
fertilizer, translating into a cost saving of roughly 21.5 
USD ha−1 yr−1. The biochar investment cost is estimated 
at 1275 USD ha−1, while the annual carbon sequestration 
benefit is approximately 2.26 t CO2-eq ha⁻1. Considering 
carbon credit values of 50–100 USD t−1 CO2-eq, an addi-
tional revenue of 113–226 USD  ha−1  yr−1 could be gen-
erated. Although the short-term fertilizer savings alone 
may not offset the initial biochar input cost, the com-
bined long-term benefits in soil improvement, eutrophi-
cation mitigation, and carbon reduction indicate that 
biochar application holds substantial environmental and 
economic potential, offering a viable strategy for sustain-
able agricultural management.

In addition, traditional pristine biochar exhibits notable 
advantages in agricultural soil improvement and carbon 
sequestration, as it is derived from abundant feedstocks, 
features simple preparation processes, and maintains 
relatively low production costs, thereby demonstrating 
strong potential for large-scale application (Zhang et  al. 
2022). However, pristine biochar also presents several 
limitations. Biochar produced at low pyrolysis tempera-
tures or from certain feedstocks tends to exhibit poor 
stability in soils and is susceptible to microbial degrada-
tion, which constrains its long-term carbon sequestration 
potential (Luo et  al. 2023). Moreover, pristine biochar 
generally contains fewer surface functional groups and 
active sites, resulting in limited nutrient adsorption and 
contaminant immobilization capacities (Shaheen et  al. 
2025). Furthermore, substantial variations in physico-
chemical properties and field performance among bio-
chars from different sources often lead to inconsistent 
application outcomes.

To enhance the performance of biochar, various modi-
fication strategies have been developed in recent years, 
including metal loading, phosphorylation, and functional 
composite approaches (Du et  al. 2023). Such modifica-
tion treatments can improve biochar’s capacity for nutri-
ent and heavy metal immobilization, increase its surface 
reactivity, and extend its service life (Gong et  al. 2022; 
Khan et  al. 2022). However, these benefits come at the 
cost of significantly higher production expenses and envi-
ronmental impacts. For example, at a moderate pyrolysis 
temperature of 400 ℃, the production cost of Fe-modified 

biochar increases by approximately 45.93–70.05 USD t−1 
compared with pristine biochar, Mg-modified biochar 
by about 46.59–69.12 USD t−1, and La-modified biochar 
by 231.45–481.47  USD  t−1 (Lu et  al. 2023b). Moreover, 
functional composite biochars are even more expensive; 
for instance, starch-coated alkali-treated biochar-urea 
composites exhibit modification costs as high as 2051.1–
2361.56 USD t−1 (Cheng et al. 2025). These modification 
processes often require additional chemical reagents and 
high energy input, which not only elevate production 
costs but also pose risks of wastewater generation and 
potential secondary pollution.

In contrast, the data used in this study were entirely 
derived from pristine biochar systems produced from 
crop residues, animal manure, and woody biomass, 
without any additional chemical modification pro-
cesses. By integrating 534 datasets on soil P availabil-
ity following pristine biochar application, a machine 
learning model was developed to analyze the relative 
importance of multiple input features, including bio-
char properties, soil characteristics, and experimental 
conditions. The optimized combination of key driv-
ing factors identified through machine learning ena-
bled the pristine biochar to achieve, or even surpass, 
the overall performance of modified biochar in regu-
lating P activation and immobilization. Meanwhile, 
pristine biochar can reduce modification-related costs 
by approximately 45–480  USD  t−1 while maintaining 
lower environmental burdens and higher scalability. 
The application strategy of pristine biochar combined 
with machine learning not only demonstrates superior 
economic and sustainability advantages over modified 
biochar pathways but also exhibits greater potential in 
functionality and predictive precision.

4 � Conclusion
This study confirmed that machine learning can effec-
tively elucidate and predict the mechanisms govern-
ing biochar-induced regulation of soil P availability. 
The findings support our initial hypothesis that biochar 
application efficiency is primarily determined by the 
interplay between biochar physicochemical properties 
and soil conditions rather than by biochar P input alone. 
Furthermore, the success of the RF model highlights 
the potential of machine learning as a methodological 
framework for decoding complex soil-biochar-nutrient 
interactions, enabling the design of environmentally 
sustainable and economically viable biochar application 
strategies that promote precision and resource-efficient 
soil management.
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