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The contamination of water and soils with heavy metals poses a significant environmental threat, 
making the development of effective removal strategies a global priority. Hence, the determination 
of heavy metals can play an essential role in environmental monitoring and assessment. In the current 
research, ensemble machine learning (ML) models (i.e., Random Forest Regressor (RFR), Adaptive 
Boosting (Adaboost), Gradient Boosting (GB), HistGradientBoosting, Extreme Gradient Boosting 
(XGBoost), and Light Gradient-Boosting Machine (LightGBM)) were applied in attempt to predict 
the adsorption efficiency of several heavy metals (i.e., Pb, Cd, Ni, Cu, and Zn) according to different 
factors including temperature, pH, and biochar characteristics. Data were collected from open-
source literature review including 353 samples. At the first stage, data processing was performed 
including outliers’ removal and scaling for better data modeling applicability; whereas, in the second 
stage the predictive models were conducted. The results showed that XGBoost model attained the 
superior accuracy in comparison with other models by achieving the highest determination coefficient 
(R2 = 0.92). The research was extended to investigate the feature importance analysis which indicated 
that the initial concentration ratio of metals to biochar and pH were the most influential factors 
toward the adsorption efficiency followed by Pyrolysis temperature, while other features like physical 
properties as surface area and pore structure had a minimal effect on efficiency. These findings 
highlighted the importance of using ensemble ML models in guiding heavy metals removal solutions as 
it provides an efficient prediction and ease the selection of the environmental application.
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PLSR	� Partial least squares regression
CEC	� Cation exchange capacity
PS	� Biochar particle size
C	� Total carbon content
(O + N)/C	� Molar ratio of oxygen and nitrogen to carbon
O/C	� Molar ratio of oxygen to carbon
H/C	� Molar ratio of hydrogen to carbon
R²	� Coefficient of determination
MAE	� Mean absolute error
MSE	� Mean squared error
WI	� Willmott’s index of agreement
NSE	� Nash-sutcliffe efficiency
md	� Modified index of agreement
SA	� Surface area
PFAS	� Per- and polyfluoroalkyl substances

Research background
Metals exist naturally in Earth’s crust, but the excessive presence of certain heavy metals due to the industrial 
processes’ discharges can cause severe environmental concerns1. These discharges can infiltrate to groundwater 
and accumulate in aquifers or even carried out into surface waters and soils with runoff causing widespread 
pollution2. Biochar is a sustainable and commonly used method for heavy metals removal in contaminated 
soils3. As a result of its physical and chemical properties such as high cation exchange ability, surface functional 
groups and pH modifying abilities, biochar becomes effective in reducing heavy metals concentrations in soil4. 
Other factors affect its efficiency such as feedstock material, pyrolysis temperature and interaction with soil 
properties5.

Several mechanisms are used depending on specific metal being treated, such as complexation, cation 
exchange, electrostatic interactions, precipitation and reduction6. For example, arsenic adsorbs through 
complexation and electrostatic interactions, while cadmium and lead rely on cation exchange and precipitation7. 
These mechanisms can be shaped by biochar’s characteristics that varies with pyrolysis conditions8. Recent 
advanced modifications such as loading with minerals or nanoparticles and activation with alkali solutions 
improve its efficiency9. Consequently, some challenges present such as the need for cost-effective production 
and in mixed metal environments competitive sorption mechanisms are required in addition to the feasibility of 
biochar reuse in field applications8. Hence, the feasibility of using computer-aided models can take substantial 
alternative in biochar modeling.

Literature review
Interactions between biochar characteristics, environmental conditions and heavy metals behavior are very 
complex and non-linear which presents several challenges for optimizing biochar properties10–12. Traditional 
experimental methods often fail to capture the intricate dynamics of adsorption efficiency as they are resources 
intensive and limited in scope, same as empirical models like Langmuir and Freundlich rely on linear assumptions 
that aren’t sufficient for these relationships13,14. Hence, there is a high motivation and interest to adopt computer 
based theoretical models for mimicking the internal mechanism of heavy metal adsorption efficiency and the 
related biochar properties characteristics. Machine learning (ML) models offers an impactful alternative to 
address these challenges15,16. It reduces experimental workload and provide cost-effective approaches17. ML 
models have provided a robust framework to optimize and predict removal efficiency, as they offered insights 
into parameters effects and enhancing material design18. Over the past couple decades, there were several 
versions of ML models adopted for heavy metal modeling19–21. For instant, support vector machine (SVM) 
model is one of the successful methods adopted on the environmental application due to its high adaptability to 
non-linear data distribution when using kernels22. Specifically, SVM model was proved to be more accurate in 
estimating Pb adsorption capacity in comparison with other models including neural network and fuzzy logic 
models23. By dealing with multiple variables such as pH, contact time, adsorbent dosage and concentration of 
heavy metals, model consistency acquired by SVM asserts its suitability in predicting adsorption. In another 
research, SVM model used successfully to predict Adsorption capacity of Pb (II) using features like contaminant 
concentration, temperature, pH value, surface area, adsorbent dosage and contact time24. Another version of 
ML models is artificial neural network (ANN), which was predominantly adopted to predict the adsorption 
process (optimizing/prediction) of biochar heavy metal adsorption23,25. Some researchers tested ANN model 
on experimental parameters like pH, temperature (K), adsorbent dose (g), metal ion concentration (mg/L), 
and contact time (min) to predict the Adsorption capacity (mg/g) of the nano-silica-coated biochar for Cr (VI) 
removal26. The obtained results were demonstrated an optimistic prediction accuracy for the adopted model.

As per the reported literature review study27, there were several ML models developed for simulating soil, 
water bodies and adsorption of heavy metals. Models are including RF, SVM, ANN, Least-Squares Support 
Vector Machine (LS-SVM), Genetic Algorithm (GA), Hybrid ANN- Particle Swarm Optimization (ANN-PSO), 
Fuzzy Logic, Decision Trees (DT), Principal Component Analysis (PCA), Differential Evolution (DE), Genetic 
Programming (GP). Worth to mention, although there were different versions of ML models adopted for the 
heavy metals’ adsorption modeling; however, the concerns of the modeling development are still ongoing with 
respect to the accuracy, uncertainties, data size, generalization, interpretability and others28.

To enhance the predictive accuracy of the standalone ML models in heavy metal removal using biochar, 
researchers have explored hybrid approaches. Researchers have developed 20 hybrid models combining 
various ML algorithms, including SVM, RF, and Gaussian processes (GP), to predict heavy metal sorption 
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efficiency in biochar systems29. Their findings demonstrated that ensemble models, particularly the SVM-ANN, 
outperformed standalone models in prediction accuracy. Similarly, a novel hybrid variable cross-layer-based 
ML model that incorporated domain knowledge and monitoring indicators to enhance interpretability and 
efficiency in wastewater treatment plant modeling achieved an 8.7% accuracy improvement over conventional 
ML models, emphasizing the role of hybridization in improving prediction reliability30,31. These studies highlight 
the effectiveness of hybrid ML models in improving model accuracy and optimizing heavy metal removal 
efficiency using biochar.

Research gap and motivation
Although, the literature review indicated a huge efforts of research establishment on heavy metal adsorption 
efficiency. However, the research domain of this area is still eager to further investigate the applicability of other 
versions of ML models. Among several recently explored ML models is ensemble learning algorithms (e.g., RF, 
GB, XGBoost)32. The ensemble models applied in different applications including prediction, optimization and 
feature selection for environmental engineering33,34. (For instant, Random Forest (RF) was applied for feature 
selection and prediction tasks in different environmental applications21. In addition, some researchers modified 
the RF algorithm with Boruta algorithm, which is a wrapper method around RF35. Authors used this algorithm 
to enhance the feature selection process using the RF model. Another ensemble learning model was used in 
literature e.g., Gradient Boosting (GB) which was able to predict the removal capacity with 99% accuracy36. 
Hence, to the best knowledge of the current research authors was to explore the applicability of six different 
ensemble models for heavy metals adsorption efficiency of which are known to be efficient in the analysis and 
modeling highly stochastic and complex environmental related issues.

Research objectives
This research was adopted to develop newly explored ML models called ensemble models for optimizing biochar 
properties for heavy metals adsorption and identify key features impacting the process using models such as RF, 
Adaboost, GB, HistGradientBoosting, XGBoost and LightGBM. The significance of this research is presented 
by its potential to fill the gap between experiment and practical applications by accelerating the development 
of biochar as a sustainable solution for heavy metal remediation. The ultimate objective of this study is firstly to 
develop a predictive ML model for the adsorption efficiency of heavy metals using biochar properties. Secondly, 
to optimize biochar properties and identify key factors that significantly influence the adsorption efficiency of 
heavy metals. Finally, to evaluate and compare ensemble ML models performance in handling complex, non-
linear relationships in heavy metal adsorption data.

Description of data and processing
Data used in this research were collected and published by several researchers37–48. (The dataset collected 
contains 353 adsorption experiments on heavy metals2+ (Cu, Zn2+, Pb2+, Cd2+, Ni2+, As2+), compiled from 
previous literature sources. The data were extracted directly from tables, graphs, and supplementary materials 
in the referenced studies using Plot Digitizer 2.6.8 (http://plotdigitizer.sourceforge.net/). The dataset includes 15 
influencing factors, categorized into four groups. First, biochar characteristics (pH of biochar in water (pHH2O)
, Surface area (SA, m2/g), Cation exchange capacity (CEC, cmol(+)/kg), Ash content (%), Biochar particle size 
(PS, mm), Total carbon content (C, %), Molar ratio of oxygen and nitrogen to carbon [(O + N)/C], Molar ratio 
of oxygen to carbon (O/C), Molar ratio of hydrogen to carbon (H/C)). Second, adsorption conditions (Solution 
pH, Adsorption temperature (°C)). Third, initial concentration ratio of heavy metals to biochar (C0 (mmol/g)). 
Finally, Heavy metal properties (Charge number (Ncharge)Ion radius (r, nm), Electronegativity (χ)).

The dataset includes biochar samples produced from 44 types of lignocellulosic biomass at pyrolysis 
temperatures ranging from 300 to 700  °C. The diversity in biochar characteristics is due to differences in 
feedstock type (24 kinds of biomass) and pyrolysis conditions. Missing values were removed rather than imputed 
to avoid introducing biases into a dataset of only a few hundred data points. A correlation heatmap in Fig. 1 
illustrates the interrelationships between biochar characteristics in the dataset. The features contributing to 
model training were selected using a statistical analysis based on the correlation heatmap in Fig. 1. This was 
to examine the relationships between different variables, in harmony with the previously published research49. 
The ML models were developed to determine the relative importance of various factors. The results indicated 
that the most significant factors include the initial concentration ratio of metals to biochar, pH, and Pyrolysis 
temperature. While surface area played a less dominant role compared to chemical properties. By combining 
statistical analysis of original data with insights from previous studies, the selection of these factors was validated 
and their influence on the adsorption process was reinforced. This research aims to expand the original analysis 
using a comparative model evaluation approach.

Data pre-processing included outlier removal and data normalization using log transformation and 
for categorical data such as metal type one-hot encoding were used. Boxplots of each variable in the dataset 
showed the need for the outlier removal process (see Appendix A), which were done using the interquartile 
range method to minimize the impact of extreme values on model performance. Regarding the normalization 
process, the normality was represented in the Q–Q plots and high skewness variables were visually detected (see 
Appendix B). Afterwards, log transformations were applied on the skewed data which improved their normality 
and resulted in higher accuracy predictions. For categorical variables which have no ordinal relationships the 
integer encoding can lead to poor performance as the model assumes a natural ordering of the categories50. 
One-hot encoded method is the solution to avoid this misleading ordering by adding a new binary variable for 
each category.
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Applied machine learning
Random forest regressor
Ensemble ML is a powerful approach that constructs a set of classifiers and then classify new data points by 
taking a (weighted) vote of their predictions51. Ensemble learning creates a stronger, more accurate predictor 
that can handle complex relationships and noisy data52. This approach is categorized into two main categories. 
Bagging and boosting, the main difference between them is that bagging trains multiple models on different 
subsets of the data, usually created through random sampling with replacement as shown in Fig. 2a. The outputs 
are combined, typically through averaging (for regression) or voting (for classification)53. One of the commonly 
used models of bagging is RF model. On the other hand, boosting focuses on sequentially improving the model 
by giving higher weight to the data points that were previously mis predicted54 (Fig.  2b). It incrementally 
builds a strong model by combining multiple weak learners. Boosting models include Adaboost, GB, XGBoost, 
LightGBM.

RF Regression is an ensemble ML technique used for both regression and classification tasks, utilizing 
multiple decision trees to improve accuracy and control overfitting55. This approach is based on the Bootstrap 
Aggregating (bagging) method, where numerous decision trees are trained on different subsets of the dataset, and 
their predictions are aggregated to produce the final output, as illustrated in Fig. 2a. When using RF algorithm 
in regression, the result “ y” is the mean of the output of the individual trees used, and can be mathematically 
presented as:

	
y = 1

N

∑
N
i=1Ti (x)� (1)

Fig. 1.  The correlation heatmap for biochar characteristics and the related parameters.
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 where Ti (x) are the results from each tree. N is the number of samples. Averaging multiple predictions also 
minimizes the variance that improves the performance of the model because it does not rely heavily on a 
single decision tree. To generalize the model, features are selected randomly. The tool used for this algorithm is 
Python’s ML libraries, that have built-in functions for the model to create it, for data processing and graphical 
representation of the results. Libraries such as Pandas and NumPy were adopted for data processing, Matplotlib 
and Seabo were used for results plots56. However, it is worth highlighting that the limitation of the RF regression 

Fig. 2.  Ensemble learning framework (a) bagging parallel training and (b) Boosting sequential training.
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is the model needs some parameter tuning like number of trees and depth of each tree to avoid overfitting so 
that the model remains efficient57.

Adaboost
Adaptive Boosting is also an ensemble technique, its algorithm combines weak learners, each one of it is fitted on 
different weighted versions of the data and creates a strong predictive model. To be represented in a mathematical 
way, the weight of training instances must be based on the error of the previous model prediction58. It can be 
written as:

	 wi ← wi · exp (α t · L (y0, yp ))� (2)

 where wi is the weight of the i-th instance, α t is the model weight, y0 is the actual value, yp is the predicted 
value, L is the loss function used to measure the error in prediction.

Adaboost works best for the regression problem of modeling as opposed to the classification problems of 
computation, as it can reduce the mistakes gradually and come to appropriate findings regarding different 
patterns59. As shown in Fig. 2b each weak learner contributes on the model performance based on its accuracy, 
as a result more accurate weights have more influence on the predictors. This process improves the performance 
of the algorithm where there is underlaying complex relationships between the data which are difficult to capture 
by weak learners58.

Gradient boosting
Gradient boosting is a versatile and robust ML algorithm used primarily in regression and classification tasks60. 
Its core principle is to combine multiple weak predictive models, typically decision trees, into a strong predictive 
model through a process called boosting61. This sequential construction of models aims to improve the mistakes 
of preceding models, which improves the prediction accuracy62. In GB for regression, the algorithm begins the 
process with training an initial model with a prediction base model such as mean of the target values and then 
adds subsequent models that are preferentially trained on the residuals. A new model in the sequence is fitted on 
the residuals of the last prediction and this makes the technique important in minimizing the prediction errors 
achieved62. One of the important characteristics of GB is the utilization of the loss function, which measures the 
distance between yi (the actual value) and 

′
y (the predicted value). Subsequently, for regression tasks, a popular 

metric is the mean square error (MSE). This loss function is then fed to the algorithm to determine gradients—
partial derivatives that define both the direction and rate of steepest incline or decline in error. These gradients 
dictate on how new models are integrated. Mathematically, the GB model updates its predictions through the 
formula:

	
yp = f0 (x) + η ·

∑
M
m=1 hm (x)� (3)

 where yp is the predicted value, f0 (x) is the initial model’s prediction, η  is the learning rate, a factor that 
scales the contribution of each tree, M  is the number of boosting stages, hm (x) represents the contribution 
of the m-th tree. As per Eq. (3), it could be seen that each tree adds an adjustment η⋅ hm (x) derived from the 
learning rate and the gradient of the loss function, making the model better step by step.

Another critical parameter influencing this method is “learning rate (η)” which defines how each tree 
attempts to learn from the mistakes made by the previous trees. A small learning rate means that more trees are 
needed for modeling all the interactions but generally results in stronger model. In fact, hyperparameters can 
fine-tune GB depending on different indicator settings such as the number of trees and depths and learning rate, 
so that it has a vast application in different datasets and regression problems62.

HistGradientBoosting
The HistGradientBoosting Regressor from Scikit-Learn is a highly efficient tool tailored for large datasets, 
leveraging histogram-based techniques to expedite GB processes61. Introduced initially as an experimental 
feature in Scikit-Learn v0.21.0, this estimator has since evolved into a stable and robust option for regression 
tasks, especially when faced with data scales larger than 10,000 samples63. Histogram-based GB simplifies and 
speeds up the traditional GB method by discretizing continuous features into bins, which dramatically reduces 
the computational complexity. Specifically, the model is structured based of the following mathematical concept:

	
′
yi =

∑ K

k=1
fk (xi)� (4)

 where K  is the number of boosting stages and fk  are the individual regression trees, to predict the target 
variable y. Besides, this approach able to handle large datasets and includes native support for missing values. 
The model chooses the direction (left or right child in the tree) where the samples with missing values in the 
tree to provide better performance during training. This model algorithm is inspired by another model called 
LightGBM (were also used in this research) which is a GB framework that is known for its ability to function 
with large datasets64.

The HistGradientBoosting regressor uses many loss functions that include squared error, absolute error and 
others that cover various regression types. Moreover, it includes specific strategies such as early stopping, which 
prevents overfitting. The use of the learning rate, tree depth and other parameters amongst others is another 
advantage of this model. These features make the HistGradientBoosting Regressor an ideal tool and powerful 
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for solving other forms of regression problems especially in complex domains as compared to normal prediction 
problems65.

XGBoost
XGBoost: Extreme gradient boosting, it is a ML algorithm developed by researchers at the university of 
Washington66. The unique thing about this model is its generalization and ability to outperform other models 
with large datasets and that it could be applied for various tasks as regression and classification and still perform 
with the same strength67.This model enhances the traditional boosting methods in the following enhanced 
features. First, it features a powerful tool for managing missing values66. And even greater advantage arises 
from the fact of its ability to work with several tasks at the same time, which significantly saves time for 
training models: especially in cases when working with large data sets. The basic working approach includes 
the consecutive inclusion of predictors into the ensemble, each one fixing up the preceding one as illustrated in 
Fig. 2b, using the formula:

	 y(t)
p = y(t−1)

0 + η · ft (xi)� (5)

 where y(t)
p  is the prediction at iteration t, ft is the decision tree added at iteration t, and η  is the learning rate, 

enhancing the model’s ability to generalize. XGBoost performance depends on a wide range of hyperparameter to 
be optimized such as n_estimators, max_depth, learning_rate and subsample, which gives the user the freedom 
to control the results. The accuracy of the model based on the nature of the data analyzed because of that it is 
widely used in many areas from recommendation systems to finical modeling and environmental research. In 
addition, XGBoost has features such as cross validation, regularization to avoid overfitting as well as containing a 
tree pruning mechanism that makes XGBoost model simple and effective. Another method implemented for the 
treatment of weighted datasets involves the quantile sketch algorithm. These features make XGBoost an essential 
tool for data scientists who want to maximize the performance of algorithms in predictive models68. As a result, 
XGBoost is the tool of choice for its solidity, and flexibility to solutions to many problems in the field of ML.

LightGBM
Light gradient boosting Machine is an ensemble learning farmwork, made to be a faster version of GB. This tool 
was developed by Microsoft69. Their main interest when developing it was to reduce training time and memory 
usage using Gradient-based One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB), that helped the 
algorithm to handle large datasets easily. The easy-to-understand aspect of LightGBM is that it constructs trees 
based on leaves (leaf-wise) as opposed to the traditional boosting tree construction based on levels (level-wise)70. 
This makes it possible to better minimize the loss at every split of the tree, as represented by the formula:

	
Loss =

∑ n

i=1
l (y0, yp ) +

∑
Ω (fi)� (6)

 where l is the loss function, y0 are the true labels, yp are the predicted labels, and Ω  represents the 
regularization term applied to the function f . This makes it faster and more accurate, especially when managing 
data with high dimensionality.

LightGBM similar to XGBoost model works on both types of regression and classification systems. In 
addition, LightGBM users aren’t required to perform preprocessing on the data such as one-hot encoding 
because this model can handle both continuous and categorical features. Another similarity with XGBoost is the 
freedom of customization of a variety of hyperparameters (like n_estimators, num_leaves, learning_rate, max_
depth, subsample, colsample_bytree and min_child_samples)70. Therefore, due to the ability of using practical 
and efficient data structures and algorithms as well as its adjustability and applicability in different kinds of data 
and ML tasks LightGBM is a strong tool in the field of advanced analytics, which provides a decent perspective 
to substitute more conventional methods in a broad range of real-life applications starting from finances through 
Environmental development to other industries71.

Modeling development
Hyperparameter tuning
For each model used in this study, the hyperparameter tuning was performed to ensure optimal performance 
using RandomizedSearchCV technique with three-fold cross validation to help find the best combination of 
hyperparameter for each individual model. The key hyperparameters tuned are listed in Table 1. Selection of 
hyperparameter ranges happened through a combination of default library settings in Scikit-learn, LightGBM, 
and XGBoost and practical experimental testing. Development of the parameter ranges occurred through 
experimental procedures that used grid search/random search to test various value combinations for maximizing 
model validation outcomes.

Train-test split
For models’ development, 80% of the data were allocated for training the model to ensure that there are sufficient 
examples for it to learn robust patterns, and using the remaining 20% for testing was sufficient to estimate 
model performance. The data vision was in harmony to several research adopted over literature. In addition to 
randomization for each time the model will run, using random_state = 42 which ensured that the model was 
reliable under various conditions and reproducible.
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Performance metrics
There are various well recognized performance metrics that can be used for modeling evaluation28, such as 
determination coefficient (R2), mean square error (MSE), mean absolute error (MAE), Willmott’s Index of 
Agreement (WI), Nash-Sutcliffe Efficiency (NSE), Modified index of agreement (md). All metrics were reported 
to provide insights into the model’s accuracy. The mathematical formulations for the calculated PMs over the 
study are:

	
R2 = 1 −

∑ N

i=1 (y0 − yp)2

∑ N

i=1 (yo − yp)2 � (7)

	
MSE = 1

N

∑ N

i=1
(yp − yo)2� (8)

 

	
MAE =

∑ N

i=1 |yp − yo|
N

� (9)

	
W I = 1 −

∑
|yp − yo|∑

(|yp − y∗
o | + |yo − y′

o |)
� (10)

	
NSE = 1 −

∑ N

i=1 (yp − yo)2

∑ N

i=1 (yp − y′
p)2 � (11)

	
md = 1 −

∑ N

i=1 (yo − yp)j

∑ N

i=1 (|yp − y′
o | + |yo − y′

o |)j
� (12)

 where yo is the observed values, yp is the Predicted values, y′
o  is the mean of observed values, y′

p  is the 
mean of predicted values, j is the exponent (typically 1 or 2), N is the total number of data points.

Model Hyperparameter Range tested Best value chosen

RF

n_estimators [100, 200, 300] 300

max_depth [10, 20, None] 20

min_samples_split [2, 5, 10] 2

min_samples_leaf [1, 2, 4] 1

LightGBM

n_estimators [300, 500, 700] 700

num_leaves [31, 70, 100] 70

learning_rate [0.05, 0.1] 0.05

max_depth [10, 20, 30] 20

subsample [0.8, 1.0] 0.8

colsample_bytree [0.8, 1.0] 0.8

min_child_samples [5, 10, 20] 10

lambda_l1 [0.0, 1.0] 1

lambda_l2 [0.0, 1.0] 1

HistGradientBoosting

learning_rate [0.01, 0.05, 0.1] 0.05

max_iter [100, 200, 300] 200

max_depth [None, 10, 20] 10

min_samples_leaf [10, 20, 30] 20

max_leaf_nodes [31, 50, 70] 50

l2_regularization [0.0, 1.0, 10.0] 1

AdaBoost

n_estimators [500, 1000, 1500] 500

learning_rate [0.01, 0.05, 0.1] 0.1

estimator__max_depth [3, 5, 7] 5

loss [‘linear’, ‘square’, ‘exponential’] ‘linear’

XGBoost

n_estimators [100, 150] 150

max_depth [3, 5, 7] 7

learning_rate [0.1, 0.05] 0.1

subsample [0.8, 1.0] 0.8

Table 1.  Hyperparameter tuning values.
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Results and discussion
Statistical and graphical models’ assessment
The current sub-section presents the modelling results evaluation of various ensemble ML algorithms adopted 
for predicting the adsorption efficiency of heavy metals onto biochar. The selected models included simply 
structured models like RFs that used ensemble learning to combine the results of multiple decision trees and 
Adaboost which used a straightforward boosting approach by combining weak learners. In addition, complex 
models that involved iterative boosting, where trees are added sequentially to achieve a higher accuracy by 
minimizing prediction errors from previous iterations, such as Gradient Boosting, XGBoost, LightGBM, and 
HistGradientBoosting. Each one of these algorithms tends to show high R2 that fluctuated between 0.86 and 
0.93 as the data contained strong straightforward relationships between features and absorption efficiency. It was 
demonstrated in the feature importance analysis, which illustrated that the initial concentration ratio of metals 
to biochar, pH, and Pyrolysis temperature consistently ranked as the most influential features on efficiency. 
These findings align with the previously published research49, the authors showed the demonstration of chemical 
properties such as cation exchange capacity and functional group availability in addition to the temperature over 
physical attributes such as porosity and surface area in the process.

XGBoost model emerged as the most accurate model, achieving the lowest MSE = 0.0057, MAE = 0.0428, and 
the highest R2 = 0.921, demonstrating its superior predictive performance. This is followed by GB model, which 
achieved R2 = 0.9120, a slightly higher MSE = 0.0063, and a comparable MAE = 0.0426. The results indicated the 
capacity of the model to effectively capture the internal relationship between the inputs and output of the dataset. 
On the other hand, RF regressor model performed closely behind, with an R2 = 0.9097, MSE = 0.0065, and an 
MAE = 0.0428, showing robust performance similar to GB model. LightGBM achieved moderate performance, 
with an R2 = 0.8836, MSE = 0.0089, and MAE = 0.0562, indicating a slight increase in prediction error compared 
to the top-performing models. HistGradientBoosting model followed with R2 = 0.8755, MSE = 0.0095, and 
MAE = 0.0541, catch the eye with a comparable but slightly lower performance relative to LightGBM. The lowest-
performing model was AdaBoost, with R2 = 0.8694, MSE = 0.0161, and MAE = 0.0646. AdaBoost model revealed 
a limitation to capture the relationships in the data as effectively as the other models. However, it is worth noting 
that AdaBoost still achieved a reasonable WI = 0.9671, which indicates its predictions align moderately well with 
the observed values, albeit with greater deviation. Using the performance metrics (i.e., WI and NSE), XGBoost 
also led with values of 0.9757 and 0.9209, respectively, further reinforcing its superior agreement with observed 
values. RF and GB models similarly showed high WI values of 0.9733 and 0.9732, alongside with strong NSE values 
of 0.9097 and 0.9129, reflecting their strong predictive consistency. On the other hand, HistGradientBoosting 
and AdaBoost recorded the lowest NSE values at 0.8755 and 0.8694, respectively. Indicating their comparatively 
reduced performance. Finally, the Modified index of agreement (md) values for all models remained low, with 
XGBoost (md = 0.0144) and RF (md = 0.0105), further emphasizing their accuracy in minimizing the average 
prediction error. The performance metrics of all remaining models used were listed in Table 2. XGBoost model 
was consistently outperforming other models when dealing with environmental applications for instance this 
algorithm was robust predictor for PFAS: per- and polyfluoroalkyl substances removal efficiency72. Which was 
due to its capacity of capturing complex interactions between features. In addition, its advanced regularization 
mechanism prevents overfitting in predictive modeling tasks the involves complicated interactions between 
features.

To visually present the performance the predicted vs. actual, scatter plots were generated in Fig.  3. The 
XGBoost model showed a tight clustering of points along the ideal prediction line reflecting minimal deviation 
between actual and predicted values, which indicates efficient generalization across various test samples and 
reliability of this model. Similarly, GB and RF models showed high performance. In contrast, models like 
Adaboost showed a higher deviation from the ideal line. Regression formulas for each model were also presented 
in Fig. 3 to quantify the linear relationships between predicted and actual values of adsorption efficiency.

The residual error plots were presented in Fig. 4, in order to provide further justification of each model’s 
performance. For instance, XGBoost model were distributed symmetrically around zero, which suggests 
effectiveness of the model and its ability to capture relationships between the features without underfitting or 
overfitting. These graphs align with the statistical results (R2, MSE, MAE, WI, NSE, md) (see Table  2), and 
reinforce the reliability and robustness of the models’ claims in this research.

The violin diagrams in Fig.  5 illustrate the distribution of predicted and actual values for each ensemble 
ML model, providing insights into their consistency and performance73. XGBoost distribution in the diagram 
is narrow and centralized, which indicates high consistency of its predictions and a close alignment with the 
actual values. This also demonstrates the generalization ability of this model and aligns with the numerical 
matrices like R2 which had a value of 0.921and the low MSE and MAE. In contrast, AdaBoost shows a wider 

Model R² (test) MSE MAE WI NSE md

RF regressor 0.9097 0.0065 0.0428 0.9733 0.9097 0.0105

LightGBM 0.8836 0.0089 0.0562 0.9660 0.8836 0.0094

HistGradientBoosting 0.8755 0.0095 0.0541 0.9646 0.8755 0.0174

AdaBoost 0.8694 0.0161 0.0646 0.9671 0.8694 0.0164

GB 0.9120 0.0063 0.0426 0.9732 0.9129 0.0129

Xgboost 0.9209 0.0056 0.0428 0.9757 0.9209 0.0144

Table 2.  The performance metrics for all the developed ensemble ML models.
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distribution in addition to a noticeable spread and variability in the predicted values reflecting inconsistency in 
its predictions. A broader shape in the violin diagram illustrates struggling in capturing relationships between 
features and the target74. Which also aligns with the R2 (0.8694) obtained by the model. Intermediate behavior 
was shown by GB and RF with distributions that are slightly wider than XGBoost, as they both achieved high R2 
of 0.9120 and 0.9097, respectively. LightGBM and HistGradientBoosting showed a similar result with a wider 
distributions and moderate alignment between actual and predicted values.

To provide a comprehensive visualization of the models’ outcomes, Taylor Diagram was plotted in Fig. 6. 
This diagram provides a valuable tool for assessing model performance because it presents multiple statistical 
indicators (i.e., standard deviation, root mean square error, and correlation coefficient) in a single plot75. The 
diagram demonstrated that XGBoost model showed the highest correlation coefficient of 0.9745 and standard 

Fig. 3.  The predicted vs. actual for the adsorption efficiency using each developed ensemble ML model.
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deviation of 0.2185 which aligns with the actual adsorption efficiency closely standard deviation of 0.2684. 
In addition, XGBoost model has centered RMSE of 0.0741 which supports the enhanced efficiency of model 
prediction. Nevertheless, AdaBoost and HistGradientBoosting models have significant deviations from the 
actual absolute error values as demonstrated by their large standard deviations and correlation risks. This verifies 
their low forecasting efficiency and low ability to generalize. These results align with the higher tendency of their 
error measures noted before, including MSE and less accuracy found in their lower R².

The RF and GB models satisfactorily preserve the correlation/standard deviation balance of the dataset and 
satisfactorily achieve results which are slightly lower than XGBoost’s. It can be observed that the two models have 

Fig. 4.  Residual error for each developed ML model.
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high correlation coefficients, and the standard deviations inferred by the models are close to average absolute 
error values. Similarly, LightGBM showed high correlation coefficient, but its standard deviation deviates 
from actual absolute error values slightly, pointing moderately good generalization capacity but slightly lower 
accuracy in comparison with the most accurate models. In general, the form of Taylor Diagram captures more 
positively in performance for XGBoost as it most closely mimics the correlation, standard deviation, and error 
minimization model. The other models show greater variances and lesser generalizability in terms of predictive 
accuracy by having lower absolute error values closer to the reference absolute error values.

Models interpretation and discussion
The main motive of the current investigation was to develop a data-intelligence models based on ensemble ML 
models to predict the efficiency of biochar properties for heavy metals adsorption. From the engineering point 
of view, the essential features that configure the prediction matrix were the initial concentration ratio, pH, and 
Pyrolysis temperature. The initial concentration ratio determines the driving force for mass transfer, influencing 
the adsorption capacity. pH affects the surface charge of biochar and the speciation of heavy metals, altering 
adsorption interactions. Pyrolysis temperature impacts the biochar’s surface area, porosity, and functional 
groups, which in turn influence the adsorption efficiency. Based on the designed ML models for the selected size 
of the dataset experiment (353 experiment observations), the models were performed an acceptable prediction 
accuracy based on the reported statistical and graphical presentation which give the credit to the applied ML 
models to mimic the physical and chemical relationship between predictors and predictand based on those 
limited dataset.

The dataset analysis revealed XGBoost produced the high R2 score of 0.921 alongside a minimum MSE of 
0.0057 which proved its ability to identify complex nonlinear data interactions. XGBoost applies GB algorithm 
with regularization functions to keep high accuracy rates alongside decreased overfitting risks. The tree-based 
method of XGBoost continues to refine prediction errors from previous models as it enhances performance.

It is very important to validate the obtained results with the previously published literature of the related 
works. By comparing the outcomes of the present study with the established work adopted in the same manners 
on the development of ML models for the prediction of adsorption efficiency. The current study outperformed 
previous studies by demonstrating better predictive accuracy in its results. Some scholars examined dye 
adsorption onto agricultural waste-activated carbon using RF, GB and DT76. Research findings showed that RF 
delivered the best result with R2 of 0.90. In adsorption-related datasets ensemble learning models specifically 
XGBoost demonstrate better prediction quality than other models. Similarly, another study applied RF and 
CatBoost to predict the efficiency of biochar in pesticide remediation77. The RF model achieved an R2 of 0.796, 
significantly lower than the present study’s results, highlighting the robustness of XGBoost in capturing complex 
adsorption behaviors. This comparison further demonstrates that XGBoost is a highly effective model for 
adsorption prediction, outperforming RF in multiple studies.

It can be seen that XGBoost model was at the top of the prediction accuracy ranking, while RF giving a 
slightly lower accuracy level. These models were able to capture complex, non-linear relationships in the data 
effectively. The application of ensemble ML models in this study offers several practical benefits for chemical 
and environmental engineering. Firstly, by identifying key features influences of the process like the initial 

Fig. 5.  Violin diagrams performance of each developed ML model.
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concentration and pH which enhance the adsorption efficiency. Secondly, by accelerating the optimization 
process and reducing the reliance on time consuming and costly experiments. Finally, these models enable 
accurate predictions under various environmental conditions supporting pollution control and remediation 
efforts.

In conclusion, although the developed ensemble ML models gave superior prediction accuracy. However, the 
common fact that those ML models are based on black-box. Thus, adopting more advance models as a secondary 
stage procedure to evaluate the interpretability and explainability using Shapley Additive Explainable (SHAP) 
model can give a substantial credit on the better understanding for the physical and chemical interactions 
between the input features and the aimed target efficiency of biochar properties for heavy metals adsorption78. 
By analyzing SHAP values, the study can provide deeper insights into how each input variable (e.g., initial 
concentration ratio, pH, pyrolysis temperature) influences the adsorption efficiency, thereby enhancing model 
interpretability and bridging the gap between ML predictions and physical-chemical understanding.

Conclusion
In this research the efficiency of ensemble ML models was investigated in predicting heavy metal adsorption. 
The modeling results indicated the ability of developed models to capture the complex relationships between 
chemical and physical features of the biochar and with adsorption efficiency. The adopted models accelerated 
the optimization of the adsorption process and gave prediction results that guide biochar selection and design. 
Key observations revealed that chemical properties such as initial concentration, cation exchange capacity and 
pH were the most influential factors, this shows the importance of optimizing chemical processes in biochar 
design for adsorption. The results of this work were promising; however, some limitations were concluded and 
to be further studied. To enhance performance and generalize of the applied algorithms, the dataset can be 

Fig. 6.  Taylor diagram presentation for all the developed ensemble ML model.
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expanded and should include more types of biochar, environmental conditions and contamination scenarios. 
As a result, future research should also test ML models under various and complex real-world circumstances to 
ensure their robustness and applicability. Further, future studies recommend attempting a hybrid ML models 
version that combines more than one algorithm to enhance accuracy of predictions. In conclusion, this study 
offered a preliminary computer-aided model for the further study of the enhancing biochar use for heavy metal 
adsorption with data analysis.

Data availability
Data can be shared upon request from the corresponding author.
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