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Abstract

Optimization using artificial intelligence methods is an effective approach to
improving the performance of systems and processes. These methods enable the
identification of more effective parameters and their optimization to enhance
phosphate adsorption efficiency.

The present study focused on developing predictive machine learning algorithms
with a dimensionality reduction approach. To develop the predictive model,
experimental data on phosphate adsorption by sugarcane bagasse hydrochar were
obtained through laboratory-scale adsorption experiments. Five independent
input variables, including initial pollutant concentration, contact time, adsorbent
mass, solution temperature, and pH, were considered in the training process.
Additionally, phosphate adsorption efficiency was considered as the output.
Among the applied algorithms, the Extra Trees Regressor (ET) demonstrated
relatively better performance in predicting phosphate adsorption efficiency, with
an R? value of 0.922, as well as lower RMSE (0.074) and MAE (0.048) values.
Based on the results, the two input factors with the greatest impact on phosphate
adsorption effectiveness were contact time and initial phosphate concentration.
Furthermore, the adsorbent mass was identified as the parameter with the least
impact.

1. Introduction

Phosphorus (P) is an essential nutrient for all living organisms. However, rapid industrialization and
population growth have led to excessive phosphorus discharge through human-related activities such as
phosphate rock mining, fertilizer application, animal production, food processing, and domestic waste
generation (Zhu and Ma, 2020). The accumulation of phosphorus in soils and sediments contributes to
internal pollution, while excessive concentrations in surface waters cause eutrophication, algal blooms,
oxygen depletion, and aquatic ecosystem degradation. These processes reduce water transparency, alter
species composition, and threaten water supply and recreational uses.
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Various physicochemical methods have been employed for phosphorus removal from wastewater, including
electrodialysis, reverse osmosis, nanofiltration, ultrafiltration, and adsorption. Among these, adsorption
stands out as a proven and economical technique due to its operational simplicity, high efficiency, and
reusability of materials (Crini, 2008; Divband Hafshejani et al., 2022). Recent studies have focused on
developing innovative adsorbents with superior performance for pollutant removal (Hafshejani et al., 2016;
Rahdar et al., 2021). However, adsorption efficiency depends on several factors such as adsorbent type,
dosage, solution pH, temperature, contact time, and initial pollutant concentration (Almanassra et al., 2021).
Machine learning (ML) approaches have recently emerged as promising tools to overcome the limitations
of traditional adsorption models by enabling accurate prediction and optimization of adsorption performance
under diverse operational conditions (Awolusi et al., 2019; Wu et al., 2023). ML models can extract complex
nonlinear relationships between adsorbent properties and pollutant removal efficiency, reducing the need for
laborious experiments (Fu et al., 2024). Moreover, feature selection—a critical step in ML preprocessing—
enhances model accuracy and interpretability by identifying the most relevant input parameters
(Biiytikkegeci and Okur, 2022; El Touati et al., 2024). Despite growing interest in ML-based adsorption
modeling, limited research has focused on sustainable adsorbents such as sugarcane bagasse hydrochar.
Therefore, this study aims to develop an optimized phosphate adsorption model using feature selection
techniques integrated with advanced ML algorithms, offering a novel approach for improving adsorption
performance.

2. Materials and Methods

In this study, the adsorption of phosphate from aqueous solutions using sugarcane bagasse biochar was
investigated through data-driven modeling and optimization. Experimental data were collected from
previous studies, focusing on key operational parameters such as initial solution pH, contact time, process
temperature, initial phosphate concentration, and adsorbent dosage. These parameters were selected due to
their known influence on adsorption efficiency and water quality improvement.

After data collection, the dataset was divided into training and testing subsets to enable proper evaluation of
the predictive models. All variables were standardized to ensure that differences in scale did not bias the
model performance. The relationships between input variables and the target output were analyzed using
statistical correlation measures to identify the most influential parameters in the adsorption process.

Several machine learning algorithms were applied to simulate and predict phosphate adsorption, including
Decision Tree, Random Forest, and Extreme Gradient Boosting (XGBoost). These models were chosen for
their ability to capture complex nonlinear relationships and provide reliable predictions without requiring
explicit mathematical formulas. Model hyperparameters were tuned through iterative training to maximize
prediction accuracy while avoiding overfitting.

Feature selection techniques were applied to identify the most significant variables affecting phosphate
adsorption. By reducing the number of input variables, model performance improved in terms of both
accuracy and computational efficiency. The final models were trained using the selected features, and their
performance was evaluated using metrics such as R?, mean absolute error (MAE), and root mean squared
error (RMSE).

The workflow of this study included data preparation, model training, feature importance analysis, model
retraining with selected features, and final performance assessment. This approach ensured that the
predictive models not only provided accurate phosphate adsorption predictions but also highlighted the
critical factors driving adsorption efficiency.

3. Results

Descriptive statistics showed that phosphate removal ranged from 1.7% to 93.3%, with a mean of 55.9%,
indicating moderate efficiency under typical conditions. Contact time and pH displayed wide variations,
allowing for comprehensive analysis of adsorption behavior. Correlation analysis revealed that initial
phosphate concentration had the strongest negative correlation with removal efficiency (r = —0.8),
confirming its dominant role. Conversely, contact time (r = 0.6) and temperature (r = 0.4) showed positive
associations with removal rate, whereas pH and adsorbent dosage exhibited weaker effects.

Feature selection results using the three approaches consistently ranked contact time and initial concentration
as the most influential variables, followed by temperature and pH, while adsorbent dosage had negligible
influence. These findings align with previous studies indicating that phosphate uptake is controlled primarily
by concentration gradient and reaction kinetics (Ye et al., 2016; Nouaa et al., 2024).
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4. Discussion and Conclusion
The integration of feature selection techniques significantly enhanced the interpretability and efficiency of
the machine learning models. Among the tested algorithms, the Extra Trees Regressor (ET) achieved the
highest predictive accuracy (R? = 0.922, RMSE = 0.074, MAE = 0.048), outperforming both XGBoost and
Decision Tree models. The superior performance of ET is attributed to its ability to capture nonlinear
relationships through ensemble randomization while mitigating overfitting.
The analysis confirmed that initial phosphate concentration and contact time are the key factors controlling
adsorption efficiency, while temperature exerts a secondary positive influence, suggesting an endothermic
process. The weak impact of pH and adsorbent dosage within the studied range highlights the stability of the
hydrochar surface chemistry and its moderate sensitivity to environmental changes.
Overall, the study demonstrates that coupling feature selection with ensemble ML algorithms provides an
effective framework for predicting and optimizing adsorption processes. This data-driven approach reduces
the need for extensive laboratory experiments and supports the rational design of sustainable adsorbents for
nutrient recovery and water purification. Future research should focus on expanding datasets with real
wastewater samples and exploring hybrid models integrating ML with adsorption isotherm and kinetic
theories for deeper mechanistic insight.
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