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HIGHLIGHTS GRAPHICAL ABSTRACT

e 5014 data-points with 16 features on
PO,4(II) adsorption onto 132 different

biochars. o .
Training and Evaluation

o Five ML models were used to predict the
PO4(III) adsorption capacity onto
biochar.

e ML findings suggest that the
NGBoostLSS model outperformed other
models.

o SHAP analysis proposed that the C;, C
(%) and O (%) were the most controlling
inputs.

e A web-based GUI was developed for
wider application of developed ML
models.
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ABSTRACT

Phosphate (PO4(III)) contamination in water bodies poses significant environmental challenges, necessitating
efficient and accurate methods to predict and optimize its removal. The current study addresses this issue by
predicting the adsorption capacity of PO4(III) ions onto biochar-based materials using five probabilistic machine
learning models: eXtreme Gradient Boosting LSS (XGBoostLSS), Natural Gradient Boosting, Bayesian Neural
Networks (NN), Probabilistic NN, and Monte-Carlo Dropout NN. Utilizing a dataset of 2952 data points with 16
inputs, XGBoostLSS demonstrated the highest R? (0.95) on new adsorbents. SHapely Additive exPlanations
analysis showed that adsorption experimental conditions had the most significant impact (43%), followed by
synthesis conditions (29%) and adsorbent characteristics (28%). Optimized conditions included an initial
PO4(III) concentration of 125 mg/L, carbon content of 11.5%, oxygen content of 23%, a contact time of 1440
min, a heating rate of 5 °C/min, 200 rpm, and a surface area of 410 m?/g, using Ra-LDO adsorbent synthesized
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from rape cabbage feedstock. This study developed and presented a practical online framework for predicting
PO4(III) removal onto biochar using a web-based graphical user interface.

1. Introduction

Human population growth and industrialization have increased the
demand for phosphorus (P) for fertilizers and P-based chemicals like
surfactants and pesticides (Davison et al., 2023). P is essential for
cellular metabolism, energy transport, and gene synthesis in living or-
ganisms, yet economically viable P reserves are limited (Grossmann,
2024). Over 90% of P is sourced from non-renewable resources expected
to be depleted within 100 years (Zhang et al., 2019). While crucial for
plant growth, high P concentrations cause eutrophication, reducing
dissolved oxygen and producing toxic compounds harmful to aquatic life
(Zhang et al., 2025). To address P shortages and prevent eutrophication,
efficient recovery from wastewater is essential (Yang et al., 2022).
Struvite precipitation is commonly used for this purpose, though it can
cause pipe clogging in treatment plants (Gao et al., 2023). Advanced
methods like adsorption show promise but still face challenges in
selectivity and separation, spurring the development of more effective
materials (Foroutan et al., 2022; Iftikhar et al., 2023; Ishtiaq et al., 2024;
Jaffari et al., 2021).

Biochar-based adsorbents, synthesized from pyrolysis of agricultural
and food waste, offer superior pore structures, higher thermal stability,
and heterogeneous surfaces (Foroutan et al., 2024). Despite these ad-
vantages, they are unsuitable for reclaiming phosphate (PO4(III)) from
livestock or municipal wastewater due to negatively charged ions
(Zheng et al., 2023). Chemical modifications like post grafting and
co-precipitation enhance the physiochemical properties (surface area,
pore volume) and elemental composition (H%, C%, 0%, N%) of these
adsorbents (Qu et al., 2023). Additionally, experimental conditions such
as contact time, ad sorbent loading, initial phosphorus concentration,
solution volume, and pH significantly influence adsorption perfor-
mance. Previous studies on PO4(III) adsorption using biochar-based
adsorbents focused on adsorption mechanisms and parameter optimi-
zation (Wan et al., 2019). However, the relationship between physi-
ochemical characteristics, experimental conditions, and adsorption
capacity (g.) is complex and non-linear, making experimental optimi-
zation costly and time-consuming. A robust method is needed to un-
derstand these relationships efficiently.

Machine learning (ML) as a data-driven technique can model highly
complex and non-linear relationship between input and output effi-
ciently (Iftikhar et al., 2023; Jaffari et al., 2023; Kim et al., 2024). Due to
this, several studies have adopted this route to simulate the adsorption
phenomenon. Zhu et al. (2019) modeled the adsorption of six heavy
metals using a random forest technique. Da et al. (2022) evaluated the
performance of linear regression, random forest, and support vector
machine for the prediction of the g, of uranium on biochar in radioactive
wastewater. In a previous study, tree-based ML models were applied for
the prediction and optimization of the g, of various emerging contami-
nants on biochar (Jaffari et al., 2023). Recently, advanced ML methods
such as artificial neural networks (ANNs) and neuro-fuzzy inference
system have also been adopted for simulation of the environmental
purification (Iftikhar et al., 2023; Nasab et al., 2023). Turan et al. (2011)
used ANNSs for prediction of adsorption efficiency for the removal of Cu
(ID) from industrial leachate by pumice. Pauletto et al. (2020) employed
ANNs for forecasting multicomponent adsorption of nimesulide and
paracetamol. Despite the abundant use of ML modeling for adsorption
process, no study has employed ML for simulating adsorption of PO4(III)
from wastewater. Moreover, all the previous studies for adsorption
prediction have applied ML techniques for point prediction. This method
involves predicting specific outcome values without quantifying the
associated uncertainties. Consequently, these ML models fail to capture
and represent the inherent uncertainty in their predictions, which is

crucial for comprehensive risk assessment and decision-making
(Charnock et al., 2022). A probabilistic prediction model on the other
hand, can accommodate inherent variability and uncertainty of
real-world systems, which provides a more realistic representation of
forecasts in different scenarios (Diirr et al., 2020). This allows a more
accurate assessment of risks and opportunities for the decision-makers.
To the best of our knowledge, this is the first report on the proba-
bilistic ML modeling to predict PO4(III) ion g, on biochar surfaces. Two
tree-based models, Natural Gradient Boosting (NGBoost) and eXtreme
Gradient Boosting for location scale and shape (XGBoostLSS), and three
DL models, probabilistic neural networks (PNN), Bayesian neural net-
works (BNN), and Monte-Carlo (MC) dropout, were developed using
2959 data points from 132 unique adsorbents. The dataset was split
70:30 by adsorbent types, with 92 adsorbents (2109 samples) for
training and 40 adsorbents (823 samples) for testing. Results from the
test data showed effective prediction performance for new adsorbents.
Additionally, the SHapely Additive exPlanations (SHAP) method opti-
mizes various physiochemical and experimental conditions for best
adsorption capacity. The models are accessible through a user-friendly
interface that provides point estimates and prediction bounds, inform-
ing users about prediction uncertainty. Practical implications and limi-
tations are also detailed, aiding environmental engineers in wastewater
treatment. The overall framework of this study is shown in Fig. 1.

2. Materials and methods
2.1. Data collection

In the data collection process, a comprehensive literature search on
the adsorption of PO4(III) onto biochar surfaces from 2000 to 2024 was
conducted using the Web of Science and Scopus. This involved keyword
searches like (“biochar” AND “adsorption” AND “PO4(III)"). The initial
search yielded over 227 works, which were meticulously screened,
resulting in the shortlisting of 71 most relevant articles for data

5014 published data points 31B1E
Data . 16 inlfut features ’
collection 1 output feature —~—
Data Unit consistency %
. Removing Nan's
processing Outliers

Fig. 1. Schematic illustration of the entire study.
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collection. Throughout this process, certain assumptions and strategies
were employed to ensure the relevance and reliability of the data
gathered for the study.

During the screening process, all data were initially accepted,
without any preconceived judgment or bias regarding data validity. For
information not explicitly presented in tables or text, the web-based
WebPlotDigitizer software (https://plotdigitizer.com/app) was utilized
to extract the necessary data from figures. The primary criteria for
assessing adsorption performance encompassed removal efficiency (%),
qe, and catalyst stability. Among these, g. emerged as the most
frequently reported parameter in the literature, indicating its promi-
nence in evaluating the effectiveness of the adsorption processes
studied.

Thus, data on g, was collected and selected as the target output. The
data on descriptors were broadly classified into three categories: (1)
synthesis conditions, (2) adsorbent characteristics, and (3) adsorption
experimental conditions. The data collection on the synthesis conditions
included adsorbents, feedstock, pyrolysis temperature, and heating rate.
Carbon (C), oxygen (0), and surface area of biochar materials estimated
using Brunauer-Emmett-Teller method (Sggr) were used as adsorbent
characteristics. All these three features can highly influence the adsor-
bents’ surface properties, and thus, were selected in the dataset. Finally,
the experimental conditions included solution pH, initial concentration,
solution volume, adsorption temperature, and contact time. A total of
5014 data points were meticulously collected from the 71 papers, and
careful screening was conducted to eliminate duplicate or multiple en-
tries. The details of input features are presented in Table S1.

2.2. Data processing

The importance of data processing, particularly in the context of
applying ML to adsorption, is crucial. Experimental data are often re-
ported with differences in the adsorbent characterization techniques and
adsorption experimental conditions, leading to the incomplete dataset.
This variability is notably pronounced in wastewater treatment due to a
lack of standardized data reporting guidelines and formats. This study
encountered similar challenges during the data collection process. Out
of 5014 collected datapoints, 46, 146, 380, 380, 915, 72, 65, 10, and 41
data points for pyrolysis temperature, pyrolysis time, Sggr, C, O, rpm,

Stage 1
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solution pH, contact time, and ion concentration, respectively, were not
reported, nor was there any means to calculate them. The exact number
of missing values for each feature and the distribution of missing values
in complete dataset is illustrated in Fig. S1 and Fig. S2. Consequently,
these data points were deemed redundant and were removed from the
dataset. The data processing steps resulted in an effective dataset of
2959 data points (Fig. 2), hereafter referred to as the dataset. To put into
context, approximately 40.98% of the raw data had to be discarded due
to missing values, while reporting experimental data.

Three categorical features—“Adsorbents,” “Feedstock,” and “Ion
type”—were converted to numerical values using label encoding, which
assigns a unique number to each category (Rodriguez et al., 2018). To
ensure the model’s robustness across different adsorbents, the dataset
was divided into training (92 adsorbents, 2109 data-points) and test sets
(40 adsorbents, 823 data-points). This split helps evaluate the model’s
performance on unseen adsorbents.

2.3. Machine learning models and hyperparameter optimization

Herein, we selected five state-of-the-art probabilistic machine
learning models—XGBoostLSS, NGBoost, BNN, PNN, and MC Dropout
Neural Networks (MC Dropout NN)—to address the complex dynamics
of POy(III) adsorption onto biochar surfaces. These models were spe-
cifically chosen for their robust capabilities in modeling complex, non-
linear relationships and quantifying the inherent uncertainties typical
of environmental processes. XGBoostLSS and NGBoost are particularly
valued for their ability to model entire distributions of target variables,
providing not just predictions but also insights into the likely range and
variability of those predictions. Meanwhile, BNN, PNN, and MC Dropout
NN extend these capabilities by directly modeling the uncertainty in the
predictions, which is crucial for applications where decision-making
depends on the reliability and confidence of the predicted outcomes.

Hyperparameter tuning was performed to optimize the performance
of each model using a 5-fold cross-validation approach on the training
set. The training data was systematically divided based on adsorbent
groups to ensure a robust evaluation across unseen adsorbent types. This
cross-validation process involved splitting the training dataset into five
distinct subsets, training the model on four subsets, and using the fifth as
the validation set, with each subset taking turns as the validation set

Retained data points

Literature Search (71 papers) 5014

Stage 2
Stage 3
Pyrolysis Time (n = 146)

Stage 4
Surface area (n = 380)

Stage 5
C content (n = 380)

Stage 6
O content (n = 915)

Stage 7
rpm (n = 72)

§tage 8

90

Stage 9
Adsorption Time (n = 10)

Stage 10
ion Concentration (n = 41)

n = Missing data points

4442
4062
3147

Discarded data points

B4

Fig. 2. Schematic presentation of data collection and processing pipeline devised in this study.
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(Fig. S3). This approach not only fine-tunes the models for optimal
performance but also reduces overfitting, thereby improving the
models’ generalizability to new, real-world data (Krstajic et al., 2014).

2.4. Neural network-based probabilistic models

NNs consist of interconnected layers that process inputs through non-
linear transformations to predict outputs (Iftikhar et al., 2023). Each NN
architecture in this study incorporates input, hidden, and output layers.
The input layers consisted of 16 nodes corresponding to 16 features
while the output layer was used to predict phosphate ion adsorption.
The following equation can be used to represent the relationship be-
tween inputs (x), hidden layers (W and b) and outputs (y) in a NN:

Y()=¢(...p(xWq +b1)Wo + b)) W, + by, (€9)]

Building an NN requires definition of several hyperparameters such
as number of hidden layers, type of activation (¢) and the size of W.

2.4.1. Probabilistic neural networks

Standard NN predictions lack uncertainty quantification which is
crucial for adsorption processes due to inherent data variability (Hertel
et al., 2023). This study employed PNNs which replace the output layer
with a distribution-based layer, specifically a Gaussian distribution, to
model the uncertainty (aleatoric) directly from the data (Guth et al.,
2024). This method involves outputting the mean (p) and standard de-
viation (o) of the predicted adsorption capacity. Training of PNNs uti-
lizes the negative log-likelihood (Eq. (2)) to align model predictions with
observed distributions, enhancing reliability under varied operational
conditions.

Nu— - ilog P) @

2.4.2. Bayesian neural networks

The parameters (weights and biases) of a regular neural network are
deterministic in nature and therefore consist of scaler values. Hence, the
prediction of a regular NN is deterministic because its prediction is
derived from these deterministic parameters. The training process of
these deterministic NNs consists of learning the values of these param-
eters. A Bayesian Neural Network (BNN) is a kind of NN in which each
parameter is a probability distribution rather than having a fixed value
(Charnock et al., 2022). For gaussian distribution, therefore, each
parameter in BNN is represented by mean and standard deviation of
probability distribution. In this way, the BNNs estimate the uncertainty
inherent in model parameters which is also called epistemic uncertainty
(Hertel et al., 2023). The training process of a BNN consists of learning
the distribution parameters for each weight and bias (Charnock et al.,
2022). Therefore, the total number of trainable parameters in a BNN
exceeds far more than those of a regular NN. This, however, makes BNN
computationally intractable.

2.4.3. Monte Carlo dropout neural network

This technique involves switching off random subset of nodes in NN
during training and evaluation (Scala et al., 2023). This leads to training
ensemble of thin versions of NNs which share weights (Huang et al.,
2023). Subsequently these NNs are evaluated multiple times for the
same input thereby resulting in an ensemble of prediction results. These
ensemble of prediction results can then be used to estimate uncertainty
in the predictions (Gal and Ghahramani, 2016). The mean and standard
deviation of these ensemble prediction results were then used for com-
parison with true efficiency data (g.) and confidence interval estimation
respectively.

2.5. Decision tree based probabilistic models

This section discusses two probabilistic ML models based on decision
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trees. Unlike previously discussed models, where the parameters of
distribution are learned by neural networks, in these models, an
ensemble of decision trees is used to represent distribution parameters.

2.5.1. Natural gradient boosting decision tree

NGBoost is a decision tree-based algorithm that forecasts the target
variable’s probability distribution to estimate predictive uncertainty
(Duan et al., 2020). NGBoost learns the conditional probability distri-
bution of y (ge) given x (input features), as Py(y |x), where P, stands for
distribution parameters. The 0 consists of mean () and standard devi-
ation (o) of the target distribution (Gneiting and Raftery, 2007). The
development of NGBoost requires definition of hyperparameters such as
the depth of decision trees, number of decision trees or learning rate.
The NGBoost model was trained through maximum likelihood which
measures the degree of conformity between the estimated probability
distribution of qe and the observed ge. It can be mathematically defined
by the following equation

Z(0,y)= — log Py(y) (3)

2.5.2. XGBoost for location scale and shape

XGBoostLSS employs state of the art gradient boosting algorithm
(XGBoost) to model parameters of any probability distribution which
can be anyone of the location, scale and shape, hence the name
XGBoostLSS (Marz, 2022). In doing so, it combines the accuracy and
speed of XGBoost with the estimation and prediction of distribution
parameters. XGBoostLSS also allows modeling of target variables by a
mixture of distributions (Ziel, 2022). This is based on the idea that the
target variable is the result of complex multiple underlying processes.
This is especially true for the case of g, which is a complex process and
depends on a wide range of experimental and physical parameters which
act independently as well as in conjunction with each other (Ziel, 2022).
It has been shown that the XGBoostLSS is capable of modeling data
generating process and provide predictions with high accuracy in many
real world examples (Kirichenko and Lavrynenko, 2023).

2.6. Performance evaluation

The predictive performance of the ML models for point estimation
was evaluated using root mean squared error (RMSE) and coefficient of
determination (Rz). The RMSE considers magnitude of error between
experimentally calculated values and ML predicted values. Therefore,
higher RMSE signifies higher error between true and predicted values
and vice versa. The R? on the other hand signifies goodness of fit. Its
values vary between 0 and 1 with 0 being poor and 1 being the best fit.
The probabilistic prediction performance of the ML models was evalu-
ated using negative log-likelihood. This performance metric quantifies
how well the predicted distribution fits the true data (Iftikhar et al.,
2023; Jaffari et al., 2023). The equations to calculate RMSE and R? are
given below.

[1:1 (o; —Pi)z}

n

RMSE =

! 4

Ry 2 Ei—0)" (pi—p)
Y (:-0*Y (pi—p)°
where, o0; and p; are the calculated and predicted adsorption capacities,

respectively. n is the number of samples and p is the average of all
predicted adsorption capacities.

)
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3. Results and discussion
3.1. Descriptive statistics

A thorough review of 16 input features provides an overview of
biochar synthesis, characteristics, and environmental factors influencing
POy4(III) removal from aqueous solutions (Fig. 3). Key synthesis pa-
rameters include pyrolysis temperature (550 °C-800 °C, mean around
750 °C), heating rate (mostly below 10 °C), and heating time (30-120
min). Variations in these parameters across 44 feedstocks resulted in
significant alterations in 132 synthesized biochars. The Sggr ranges from
10 m?/g to over 900 m?/g, with a mean of 150 m?/g, indicating sub-
stantial differences in biochar structure. C% and 0% content also show
vast distributions, highlighting diversity among biochars. The distribu-
tion of data points among various feedstocks and synthesized biochars is
visually represented in the form of the pi-charts, as illustrated in Fig. S4.
The adsorption contact time, another influential feature, ranges from
0 to 4880 min, showing extensive investigation periods. Biochar loading
is mostly below 0.1 g, and initial PO4(III) concentration ranges from 1 to
100 mg/L. Initial solution pH is around 7.0, reflecting PO4(III)’s
amphoteric nature (Jaffari et al., 2023). Aqueous suspension volume is
mainly below 0.1 L, with a solution temperature at 25 °C. Rotation
speeds are concentrated at 160 rpm and 180 rpm. Over 90% of experi-
ments were performed without anion. This comprehensive overview
emphasizes the diverse and meticulous experimental conditions,
contributing to a nuanced understanding of adsorption processes.

The Pearson correlation (PC) matrix illustrates the relationships
among the numerical input features and their connection with the target
output (ge) (Fig. 4). Notably, Sgrr values exhibit a positive correlation
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Fig. 4. Pearson correlation metrics.

with pyrolysis time, heating rate and surface functional groups, indi-
cating a substantial interdependence between these factors. Interest-
ingly, only three input features—contact time, PO4(III) concentration,
and solution pH—demonstrate a slight positive correlation with gqe.
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Fig. 3. Distribution of inputs and outputs for the biochar synthesis, characterizations and adsorption experimental conditions using histograms and boxplots.



S. Iftikhar et al.

Conversely, no notable correlation was observed between the residual
input features and their correlation with g.. The relatively weaker cor-
relations among most of the input features suggest the importance of
maintaining all of them during the model-building process (Hastie et al.,
2009). Each feature is likely to contribute individually to the model’s
performance, emphasizing the holistic consideration of all input vari-
ables for a more comprehensive understanding and accurate prediction
of the adsorption process (Hastie et al., 2009).

3.2. Model development and testing

Three DL probabilistic models (PNN, BNN, and MC dropout) and two
tree-based probabilistic models (NGBoost and XGBoostLSS) were
developed to accurately predict the g, values. To get the best prediction
performance on the test data, the hyperparameters of all four models
were first optimized using the Bayesian optimization algorithm.
Table S2 contains a list of the hyperparameter names and optimized
values used in the construction of these models. The convergence plots
of hyperparameter optimization with error bars obtained from k-fold
cross validation are depicted in Figs. S5-S9. A test dataset with novel
biochar adsorbents was used to evaluate the predictive performance of
five models that had their hyperparameters optimized. Fig. 5(a)-(e)
presents the regression plots of predicted g, values along with the cor-
responding experimental g, values for the five selected models. A 70:30
data split is indicated by ridge plots around the x- and y-axes, with light-
pink and light sky-blue bar plots representing the training and test data
distributions, respectively. The perfect regression line is represented by
the black solid lines (y = x). The presence of data points in this direction
indicates that the predicted and experimental values are closely aligned.
Upon assessing the performance of the models on the training sets, the
NGBoost and XGBoostLSS exhibited a higher training R? of 0.97 and

a XGBoostLSS b NGBoost

- L L

¢ Bayesian NN
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0.94, respectively, followed by the PNN (0.82), BNN (0.72), and MC
dropout (0.61) models. Similarly, the XGBoostLSS model exhibited a
significantly lower RMSE of 15.1 mg/g compared to the other models.
When predicting the test set, XGBoostLSS outperformed all other
models, achieving the highest R? of 0.95, followed by NGBoost (0.91),
PNN (0.82), BNN (0.72), and MC Dropout (0.59). Furthermore, NGBoost
demonstrated a notably smaller RMSE of 20.4 mg/g on the test set,
outperforming the PNN, BNN, and MC Dropout models (Table 1).
Notably, in Fig. 5(a and b), data points align closely with the black solid
line (y = x) for the XGBoostLSS and NGBoost model, while fitting lines
for the other models deviate significantly from this line. The XGBoostLSS
model exhibited a slightly higher R? value than the NGBoost model for
the test dataset. However, the RMSE values of the NGBoost model were
substantially lower than those of the XGBoostLSS model for both the
training and test datasets. Therefore, it is imperative to conduct further
statistical investigations into the performance of the models before
determining the best model.

Fig. S10 provides a statistical summary of the prediction accuracy for
each of the five probabilistic models used in this investigation. Using a
Taylor plot, this figure compares the models’ performances during
training and validation (Taylor, 2001). When comparing the models’
ability to match observations to predicted results, Taylor diagrams
provide a concise statistical summary that takes variance, correlation,
and root-mean-square difference into account (Taylor, 2001). All models
have test correlation coefficients between 0.98 and 0.6, and standard
deviations between 10 and 65. Notably, test values for NGBoost and
XGBoostLSS are 0.96 and 0.94, respectively, while training correlation
coefficients for both models are above 0.96. The findings suggest that
the XGBoostLSS model stands out with the best test performance,
boasting R? values of 0.89 each (Table 1).

The accuracy of these models was further scrutinized through the
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Cumulative probability plot for (f) XGBoostLSS, (g) NGBoost, (h) BNN, (i) PNN and (j) MC dropout NN models.
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Table 1

Statistical analysis (R* and RMSE) of NGBoost, PNN, BNN and MC dropout models using training and test dataset.
Model R? RMSE

Train Std Test Std Train Std Test Std

NGBoost 0.94 0.05 0.91 0.03 16.8 3.7 20.4 9.7
XGBoostLSS 0.97 0.08 0.95 0.05 15.1 4.73 24.9 11.7
PNN 0.82 0.3 0.82 0.37 26.7 14.5 31.0 15.4
BNN 0.72 0.27 0.72 0.35 32.7 17.2 35.6 19.4
MC dropout 0.61 0.45 0.59 0.48 45.2 20.5 42.9 24.6

examination of residual plots (Figs. S11(a)-(e)). A model is deemed
more precise, when residual errors are randomly distributed without
discernible patterns or trends (Jaffari et al., 2023). In accordance with
these principles, the XGBoostLSS model’s residual errors, as depicted in
Fig. S11(a), exhibit a concentration around the zero line without any
pattern, indicating well-distributed errors with maximum residuals.
Contrastingly, the MC dropout model presents a trend and more scat-
tered residual errors from the black base line, as evident in Fig. S11(e).
This dispersion suggests a relatively lower prediction performance for
the MC dropout model compared to the XGBoostLSS and other models.
Residual analysis provides valuable insights into the robustness and
accuracy of the models, with the XGBoostLSS model demonstrating
more favorable characteristics in this regard.

Finally, to compare the effectiveness of the ML models, the cumu-
lative probability of the g, values against the absolute error was looked
at. If a model’s values remain parallel to the y-axis, it is thought to be
more accurate (Bandler et al., 1994). As can be seen in Fig. 5(f-j), the
three NN models have more than 25% of predicted data points and
absolute errors greater than 25, whereas over 85% of the predicted data
points and absolute errors for the XGBoostLSS model have an absolute
error of less than 15. Regression plots, performance metrics, residual
error plots, Taylor plots, and cumulative probability analysis all show
that the XGBoostLSS model is the most exact and accurate of the models
under consideration. As such, it is selected for additional post-processing
analysis.

Overall, XGBoostLSS outperformed other models like NGBoost, BNN,
PNN, and MC Dropout NN in predicting the adsorption capacity of
POy4(III) onto biochar-based materials, primarily due to its ability to
model multiple distributional parameters and capture complex feature

interactions. Overall, both tree-based models outperformed their NN
counterparts because of their robustness against overfitting and effective
handling of non-linear relationships which makes them particularly
suitable for chemical processes characterized by stochastic variability. It
has been extensively studied that for tabular datasets, treen-based al-
gorithms can outperform their neural network counterparts (Abdi et al.,
2022; Jaffari et al., 2023; Kim et al., 2024). In contrast, neural
network-based models such as BNN and PNN often require extensive
computational resources and are sensitive to training data adequacy and
model assumptions, which can lead to overfitting or inadequate uncer-
tainty quantification (Pombo et al., 2017). MC-Dropout NN, while useful
for estimating prediction uncertainty, depends heavily on correct
dropout rate settings, which can affect prediction reliability (Mae et al.,
2021). Additionally, XGBoostLSS’s capability to provide interpretable
insights into feature importance through SHAP values offers valuable
guidance on influencing factors in adsorption processes, further estab-
lishing its practical applicability and superiority in environmental
modeling contexts.

3.3. Confidence interval

Fig. 6 analyzes confidence intervals for individual data points. A
smaller area under the bell-shaped curve indicates greater confidence,
while a larger area suggests higher error probability. Data point 764
shows the highest error potential, whereas most points display small
areas, indicating strong model confidence (Diirr et al., 2020). Its confi-
dence interval, derived from the target feature’s probability distribu-
tion, details behavioral variability and outliers. Earlier ML models for
wastewater treatment offered less accurate point estimates by not
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Fig. 6. Confidence intervals showing high and low areas under the bell-shaped curve. Herein, the observation number represent the number of data point in the

test dataset.
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considering uncertainty (Iftikhar et al., 2023; Kim et al., 2024). Confi-
dence intervals thus enhance the model’s reliability and
informativeness.

Fig. S12 shows confidence intervals for both training and test sets for
all five ML models. Furthermore, for further comparison of probabilistic
performance of five models, standard deviations of R? and RMSE are
given in Table 1. Fig. S12 and Table 1 indicates that both XGBoostLSS
and NGBoost model performs better than rest of the models for confi-
dence intervals. This is because the confidence intervals of these tree-
based models are smaller than those of other models for both training
and test sets. One reason for this could be that these models optimize the
parameters of the predicted distribution itself, leading to tighter and
more reliable confidence intervals (Duan et al., 2020; Méarz, 2019). This
characteristic makes XGBoostLSS particularly effective in scenarios
where understanding the uncertainty associated with predictions is
crucial, enhancing its performance over other models when it comes to
detailed risk assessments and decision-making processes based on model
output.

3.4. Feature importance analysis

SHAP feature importance analysis was employed to investigate the
impact of each feature, and the results are shown in Fig. 7. Notably,
adsorption experimental conditions emerged as the most crucial,
constituting 43% of all features (Fig. 7(a)). Within the adsorption
experimental conditions, the C; of PO4(III) exhibited the highest
importance weight at +0.047, representing 31.73% of the overall
importance of adsorption experimental conditions (Fig. S13). While the
important weights of contact time (25.92%), rpm (16.81%), adsorbent
loading (12.15%), solution pH (8.37%), adsorption temp (7.29%), so-
lution volume (5.46%), ion concentration (2.56%) and the ion type
(1.82%) were relatively lower than C; of PO4(II), yet they still
contributed significantly. With an importance weight of 41.75%, the C
(%) was the most significant property of the biochar and, all things
considered, the second most influential feature for the adsorption of
PO4(II) from aqueous solution. Besides, the O and Sggr (mz/g) also
carried substantial importance weights of 35.66% and 22.58%,
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respectively in this class. The adsorbent synthesis conditions were the
second most important class of input features collectively accounted for
29% of all features. Among these, various adsorbent materials emerged
as the most influential factor with 25.18% importance. Apart from the
adsorbent materials, heating rate (°C), pyrolysis temp (°C) and pyrolysis
time (min) also contribute to the model prediction. These results sug-
gested that all sixteen input features play a dominant role in achieving a
higher adsorption performance.

To gain further insights into the effect of each feature on biochar
adsorption capacity, the SHAP values of the features were further
analyzed (Fig. 7(b)). Notably, features such as C; of PO4(III), C contents,
O contents, contact time, various adsorbent materials, heating rate, rpm,
Sper, pyrolysis time, loading, feedstock and pyrolysis time (min)
exhibited the most significant influence on the g, of biochar (Fig. 7(b)).
The increase of heating rate, pyrolysis time, and pyrolysis temperature
suggested the creation of new surface active sites, thereby enhancing
Sger values and consequently improving q. values (Zhao et al., 2023).
Furthermore, the increase in O content indicated the enrichment of -OH
surface functional groups, leading to enhanced g, values (Palansooriya
etal., 2022; Zhu et al., 2022b). In contrast, the rise in C content had two
opposing effects on the adsorption capacity, suggesting that an exces-
sively high C content might impede the adsorption of PO4(III). Similarly,
the increase in adsorption contact time exhibited a positive influence on
the g, values.

3.5. SHAP dependence of vital input features

The relationship between the nine most significant features and the
g, of biochar for PO4(III) was examined using a one-dimensional SHAP
dependence plot and SHAP feature importance analysis (Fig. 8). The x-
axis displays experimental values, and light green columns show data
distributions. SHAP values can be positive or negative, indicating posi-
tive or negative influences on the predicted target value, respectively.
Higher SHAP values suggest higher predicted g, values (Jaffari et al.,
2024; Yao et al., 2023). By analyzing SHAP values, one can understand
how changes in features affect the predicted g, values.

The C; of PO4(III) emerged as the most critical input feature (Fig. 7),
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Fig. 7. SHAP feature importance analysis. (a) The input feature importance ranking according to mean|SHAP value| for ¢, values. The inset shows the total per-
centage (%) of the categorical feature importance for the input features; (b) the global explanation of g, values is provided by the positive and negative impacts of

each input feature.
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significantly contributing to higher PO4(III) adsorption. Fig. 8(a) shows
a rapid increase in SHAP dependency values as C; increases from 0 to
700 ppm, followed by a slower enhancement up to 1000 ppm. This trend
is likely due to the availability of more active sites for adsorption as
PO4(III) concentration rises from 0 to 700 ppm, leading to a sharp in-
crease in SHAP values. As the concentration continues to increase,
adsorption sites may start to saturate, causing a slower rise in SHAP
values (Xie et al., 2024). Additionally, competition among PO4(III) ions
for adsorption sites could further contribute to the diminished increase
in SHAP dependency values as saturation becomes more pronounced.

After Cj of PO4(III), the C (%) was the second most important input
for the adsorption process. As shown in Fig. 8(b), the SHAP dependency
value decreases significantly with increasing C% values. A higher C%
could alter the surface properties of biochar materials, influencing their
interaction with PO4(II) ions and potentially leading to a decline in
SHAP dependency values (Eduah et al., 2020). Moreover, an increased C
% might introduce additional adsorption sites or alternative sites with
lower affinity for PO4(II) ions, likely due to trade-offs between C%
content and other critical parameters, such as oxygen-based functional
groups (Li et al., 2016). This shift may reduce the relative importance of
C% as a key factor in the adsorption process, as reflected by the
decreased SHAP dependency values.

O (%) was the third most influential input feature, which controls the
predicted g, value on the biochar surface. Fig. 8(c) illustrates how the
SHAP dependency values increased as the O (%) value increased,
reaching a maximum of 35%. Positive PO4(III) ions can be electrostati-
cally attracted to the excess negatively charged oxygen-based surface
functional groups (—O, —~OH) on the surface of biochar (Lam et al., 2021;
Sadegh et al., 2023). However, if the C (%) is increased beyond 35%, the
SHAP dependence value decreases, indicating that the g, value is
negatively impacted. The reason for the decreasing trend in g, prediction
could be attributed to the excess O-based surface functional groups of
biochar, which could lead to the formation of a water film barrier that
impeded the availability of interior active sites (Wan et al., 2019).

The model identified contact time (min) as the fourth most

influential input feature, as shown in Fig. 8(d). The SHAP value
increased rapidly during the first 720 min, indicating quick adsorption,
then slowed and reached equilibrium around 1440 min. This early in-
crease is due to higher Sgrr and more active sites on the biochar, facil-
itating immediate PO4(III) ion capture (Jaffari et al., 2023). Over time,
access to vacant sites decreased as they became saturated, leading to
equilibrium. When POy4(III) ion concentration balances with the inter-
face, adsorption equilibrium is achieved (Iftikhar et al., 2023). These
findings suggest 1440 min as the ideal contact time to reach equilibrium.

The type of adsorbent was the fifth most influential feature in this
study. The SHAP dependency plot of all 132 adsorbent materials is
shown in Fig. S14. Fig. 8(e) shows the SHAP dependence plot of the
three most effective and three least effective biochar adsorbents towards
the PO4(III) removal from wastewater. The rape (Ra) combined with
layered double oxide (Ra-LDO) biochar displayed the largest partial
dependence of all the applied biochar, indicating that it has the best g,
for the removal of PO4(III). The interaction between the enriched surface
functional groups, higher Sggr, pore volume, and PO4(III) ions may be
the cause of Ra-LDO’s higher g, (Chien et al., 2022; Zhang et al., 2019).
Conversely, chitosan modified (TBM-C) biochar that was pyrolyzed at
500 °C had the lowest PDP value. Reduced porosity and Sggr could be
the result of highly crystalline structures forming at higher pyrolysis
temperatures, which could explain the lower PDP value (Cui et al.,
2016). The adsorption performance decline may also be attributed to
NaOH treatment since alkali-treated biochar can generate new surface
functional groups like hydroxyl (OH) and carboxyl (COOH). There may
be fewer active adsorption sites available overall as a result of these
groups’ competition with other functional groups for adsorption sites on
the biochar surface (Yang et al.,, 2022). In a similar vein, the other
alkaline-treated biochars considered in this investigation, including
Alkali-SCG, PB600, and NaOH-SCW, also displayed comparatively lower
PDP values.

Fig. 8(f) displays the SHAP dependency plot of heating rate (°C) and
its impact on the g, value. The SHAP values show that lower heating
rates have a positive impact on the g, value. The slower heating rates
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could lead to the better exfoliation of the biochar material, resulting in a
higher Sgrr with increased accessibility. Besides, the pyrolysis at lower
heating rates can potentially create additional active sites on the surface
of the biochar. These extra active sites may offer more opportunities for
the adsorption of PO4(III) ions, contributing to an increased g, values (Li
et al., 2016). Conversely, the SHAP plot indicates that higher heating
rates have a negative impact on the g, value. It can be attributed to the
reason that faster heating rates may lead to more rapid and intense
thermal decomposition of the biochar. This could result in the loss of
functional groups or the creation of less porous and less reactive biochar
structures, diminishing its g, values (Kumar et al., 2022).

The SHAP feature importance analysis suggests that rpm is the sev-
enth most important feature (Fig. 7). In Fig. 8(g), insights into the SHAP
dependence plot of rpm and its impact on adsorption performance are
presented. Remarkably, as the rpm increased from 25 to 200, the SHAP
dependence value transitioned from negative to positive, reaching its
peak at 200 rpm. This highest SHAP dependence value at 200 rpm could
be attributed to the efficient mixing of biochar adsorbent material in the
solution, which improves the contact between PO4(III) ions and biochar,
ultimately leading to enhanced adsorption performance. Upon further
increasing the agitation speed beyond 200 rpm, the SHAP dependence
plot again exhibited a declining trend, indicating adverse effects on
adsorption performance. This could be credited to the fact that excessive
agitation could reduce the available time for PO4(III) ions to be adsorbed
on the surface of biochar.

Sger was identified as the seventh important input feature, influ-
encing the prediction of the g, of biochar materials. In Fig. 8(h), an in-
crease in the SHAP dependency values was observed with an increase in
Sger values. This trend suggests that a surplus of accessible adsorption
sites can enhance the interaction between PO4(III) ions and the biochar
surface, resulting in higher g, values. The noteworthy impact of Sgg on
the adsorption of PO4(III) ions on the biochar surface aligns with the
trends observed in the PC metrics (Fig. 4). However, a slight decline in
SHAP dependency value is noted beyond a certain point. This decline
implies that the excessive pursuit of a higher Sggr should be avoided
during the synthesis of biochar materials for the removal of PO4(III) ions
from wastewater (Zhu et al., 2022a). Finding the optimal balance in the
specific surface area is crucial, as excessively high values may not
necessarily translate to improve adsorption performance and even can
be counterproductive.

The pyrolysis time (min) emerged as the eighth most influential
feature in this study. The SHAP dependence analysis conducted on py-
rolysis time (min) revealed intriguing insights into its influence on
adsorption behavior (Fig. 8(i)). The findings indicate a notable
improvement in the SHAP dependence plot with increasing pyrolysis
time, particularly from O min to 120 min. Notably, the highest SHAP
dependence values were recorded at 120 min, suggesting an optimal
duration for the pyrolysis of feedstock materials. However, beyond this
optimal point, the SHAP dependence values exhibited a decline, albeit to
a lesser extent, indicating diminishing returns or a plateau effect on
adsorption performance with further increases in pyrolysis time. These
results underscore the importance of optimizing pyrolysis time to
maximize the active sites and pores on the surface of biochar materials.

3.6. Graphical user interface design

Generally, some basic knowledge of programming is necessary to
utilize ML modeling. Learning these skills and writing code on computer
terminal can be time-consuming and may not be suitable for widespread
application of these trained models. To address this issue and make the
developed models more accessible to the wider scientific community, a
user-friendly tool with a graphical user interface (GUI) was developed
that runs online using streamlit engine. This tool is based on all the five
probabilistic ML models developed in this study. With this online GUI
tool, predicting aqueous adsorption on biochar-based adsorbents be-
comes straightforward. The ML-based GUI application features a single-
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screen interface and provides functionalities such as importing experi-
mental data and exporting images and results. The GUI for the 17
selected input parameters was implemented to streamline adsorption
predictions for PO4(III) removal, thereby making the utilization of
trained ML models much more convenient and user-friendly, as shown
in Fig. S15.

The online web-based GUI is hosted at https://phosphateefficiencypr
edictionwithai.streamlit.app/and can be used by the users from around
the globe. The first step in using GUI is importing the data using a csv or
excel sheet consisting of 17 features as columns. The user can also
manually impute the values of all 17 input features which include
adsorbent, Feedstock, Pyrolysis temperature, Heating rate, Pyrolysis
time, Carbon (%), O (%), surface area, adsorption time, Initial concen-
tration, solution pH, rpm, volume, loading, adsorption temperature, ion
concentration and ion type. After data import, the user can retrain the
ML model on the input data or get the prediction results including point
prediction, upper limit and lower limit. and its source code is available
via an open source readthedocs link (https://po4-removal-ml.readth
edocs.io/).

3.7. Applications and drawbacks of the current study

The XGBoostLSS model developed in this work serves two key pur-
poses. Firstly, it enhances the understanding of how biochar-based ad-
sorbents remove PO4(III) ions. The adsorption process involves various
mechanisms influenced by factors such as adsorbent synthesis condi-
tions (e.g., pyrolysis temperature and time), biochar characteristics (e.
g., surface functional groups), and experimental conditions (e.g., initial
concentration, contact time, solution pH). Unlike hypothesis models
that struggle with uncertainty due to limited measurements, the
XGBoostLSS model offers a thorough understanding of these processes.
Additionally, it allows for accurate predictions of biochar’s adsorption
performance without conducting experiments. This is particularly
beneficial for wastewater treatment, where biochar materials are used.
Environmental engineers can utilize these probabilistic models and their
GUI to predict or visualize the g, value of biochar, saving time and re-
sources. The model’s predictive capabilities also assist in fine-tuning
experimental conditions to optimize adsorption processes, suggesting
that biochar composition can be enhanced by adjusting pyrolysis time
and temperature to improve adsorption capacity.

Despite the strong performance of the developed probabilistic ML
models, several limitations need further investigation. First, the dataset
could be expanded to include different surface functional groups, as
these can significantly influence the g, values, particularly when biochar
is modified. The relationship between the ML algorithm and dataset
requires iterative optimization, meaning that identifying the optimal
model involves trial and error. This process should be carefully carried
out on the adsorption dataset before deep training and fine-tuning the
final model. Additionally, while several probabilistic ML models were
compared, exploring simpler tree-based models could offer valuable
insights and potentially improve model performance. Data dimension
reduction is also strongly recommended to enhance prediction accuracy
and reduce computational resource requirements. By reducing the
dimensionality of the dataset, we can improve the model’s efficiency
and simplify its application without sacrificing performance. From a
practical perspective, the impact of highly toxic competitor inorganics
(e.g., heavy metal ions, NO3) and organics (e.g., humic substances,
proteins, saccharides) on the biochar’s active sites with PO4(III) should
be considered. These factors are crucial in real-world wastewater
treatment scenarios, where their presence may influence the adsorption
process. Addressing these challenges, including dataset biases and
model scalability, will lead to more accurate predictions and improve
the applicability of biochar-based adsorbents in complex, real-world
environmental applications.
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4. Conclusion

This study demonstrated the application of five probabilistic ML
models—XGBoostLSS, NGBoost, Bayesian NN, probabilistic NN, and MC
dropout NN—for predicting the g, of PO4(III) onto biochar-based ad-
sorbents. Using a dataset of 2959 data points, XGBoostLSS achieved the
highest predictive accuracy, with the greatest test R? and lowest RMSE
values. SHAP analysis identified adsorption experimental conditions
(43%), adsorbent synthesis conditions (29%), and adsorbent charac-
teristics (28%) as the most influential factors. These findings provide
valuable insights into the key parameters affecting PO4(III) removal and
highlight the potential of ML for optimizing adsorbent performance in
wastewater treatment. The study underscores the practical applicability
of these models in addressing environmental challenges while
acknowledging their inherent limitations, paving the way for further
advancements in sustainable engineering solutions.
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