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Abstract

Nitrate contamination from agricultural and industrial activities poses significant risks to human health
and aquatic ecosystems. Biochar, particularly when chemically modified, has emerged as a sustainable
and effective adsorbent; however, the influence of modification sequence and operational conditions on
nitrate removal is not fully understood. In this study, rapeseed (Brassica napus L.)-derived biochars were
modified with aluminum through three distinct pathways: pre-pyrolysis (MP), post-pyrolysis (PM), and
post-pyrolysis with re-pyrolysis (PMP). Comprehensive characterization using BET, SEM, EDS, XRD,
and FTIR showed that PM biochar exhibited the highest surface area, uniform mesoporous structure,
stable aluminum content, and abundant oxygen-containing functional groups, resulting in superior nitrate
adsorption. Batch experiments demonstrated that adsorption efficiency is strongly affected by operational
parameters, including initial nitrate concentration, contact time, adsorbent dose, solution pH, and the
presence of competing anions, with COs?" and SO4> having the strongest inhibitory effects. Regeneration
tests indicated that PM biochar retained ~76% of its initial adsorption capacity after five adsorption—
desorption cycles, confirming its reusability. Nonlinear machine learning models, including Random
Forest (RF), Support Vector Regression (SVR), and Linear Regression (LR), were applied to predict
nitrate removal, with RF achieving the highest predictive accuracy (R2 = 0.892, RMSE = 0.078),
demonstrating robustness and generalization. This work highlights the critical role of modification
sequence in tailoring biochar structure and functionality and integrates Al-based modeling to provide a
data-driven framework for designing high-performance biochars for sustainable nitrate removal from

water.
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1. Introduction

Nitrate contamination of aquatic environments has emerged as a serious global issue over recent decades,
primarily due to intensive farming, industrial effluents, and inadequate waste disposal “. Elevated nitrate
levels in drinking water pose significant health risks, including methemoglobinemia, thyroid disorders,

and increased cancer probability through the formation of N—nitroso compounds **. These consequences



emphasize the need for efficient, sustainable, and low—cost nitrate removal technologies. Conventional
methods include biological denitrification, ion exchange, reverse osmosis, electrodialysis, and chemical
reduction *°. While effective in certain scenarios, these approaches often involve high operational costs,
energy consumption, or secondary pollution *°. In contrast, Adsorption is recognized as an efficient and
promising method for removing pollutants such as nitrate from wastewater due to its operational
simplicity, cost-effectiveness, environmental compatibility, and potential for regeneration and reuse %,
Among various adsorbents, biochar—a carbonaceous material produced by pyrolysis of biomass under
limited oxygen conditions—has garnered significant attention as an efficient and suitable adsorbent for
resource recycling in environmental applications due to its high specific surface area, abundant functional
groups, low production cost, high cation exchange capacity, and potential use as a fertilizer after nitrogen
adsorption **. The adsorption mechanisms of biochar include pore diffusion, ionic interactions, and
hydrogen bonding, while similar adsorbents like hydrochar exhibit comparable performance in pollutant
removal due to their hydrophilic functional groups and high carbon content *'2. However, pristine
biochar generally exhibits limited efficiency for nitrate adsorption, primarily because of its negatively
charged surface and absence of anion-attracting functional groups ***°. This inherent limitation has
motivated researchers to explore various chemical and structural modifications of biochar to enhance its
affinity for nitrate ions *°. One of the most effective modification strategies involves the incorporation of
metal elements, such as iron (Fe), magnesium (Mg), or Aluminum (Al).

Numerous studies have investigated metal modifications to enhance the nitrate adsorption capacity of
biochar. For instance, Long, et al. *" demonstrated that iron impregnation improves nitrate removal
through enhanced electrostatic interactions and the presence of functional groups. Similarly, *® reported
superior performance of Mg/Al-modified biochar, attributed to electrostatic attraction and the formation

¥ “found that protonated Fe-based biochar significantly increased nitrate

of metal-ligand bridges.
removal due to stronger electrostatic forces and the enrichment of surface hydroxyl groups. Al has shown
promising results in enhancing the anion adsorption capacity of biochar due to its high charge density,
affinity for oxygen—containing groups, and stability in aqueous environments.

Several studies have investigated Al-modified biochars for pollutant removal. For instance, Tran, et al. %,
demonstrated that Al-modified biochars significantly enhanced phosphate removal through electrostatic

1

interactions and surface functional groups. Similarly, Choi, et al. #, reported superior adsorption

performance of Al-impregnated kenaf biochar. Yin, et al. %

also found that Al modification improved the
removal efficiency of both phosphate and nitrate ions.

Previous studies have often focused on a single approach to Al incorporation—typically conducted either
before or after pyrolysis—and few have compared the effects of different modification sequences. To
address this gap, the present study systematically examines three Al-modification routes for rapeseed
(Brassica napus) biomass: loading before pyrolysis (pre-modification), loading after pyrolysis (post-
modification), and post-modified biochar subjected to an additional thermal treatment (re-pyrolysis). This

study provides a comprehensive comparison of Al- modification strategies and elucidates how the timing



and sequence of Al incorporation affects surface morphology, functional groups, and overall adsorption
performance.

Beyond experimental investigations, predicting adsorption behavior using machine learning (ML) models
has emerged as a powerful approach to identify key parameters controlling pollutant removal by

modified biochars. For example, Ullah, et al. %

employed machine learning models, including RF, to
predict biochar adsorption capacity and identified reaction pH, initial concentration, and pyrolysis
temperature as key factors influencing adsorption efficiency.

Fu, et al. #

used machine learning to predict phosphate adsorption by metal-modified biochar and
identified metal load, solid—liquid ratio, and pH as key factors. Unlike previous studies that primarily
focused on performance enhancement, this work provides new insights into the transformation and
coordination behavior of Al species under different modification sequences. By systematically comparing
pre-, post-, and re-pyrolysis modifications, the study elucidates how the timing of Al incorporation
governs the structural evolution, surface functionality, and adsorption mechanisms of biochar, offering a
mechanistic understanding that has not been explicitly reported before. This study involved the
preparation and chemical modification of biochar derived from rapeseed biomass using various Al-based
methods. The impact of different modification strategies on nitrate adsorption efficiency was evaluated,
and the optimal biochar was selected for subsequent experiments. Morphological, structural, and surface
area characterization of the biochars was conducted using scanning electron microscope (SEM), energy—
dispersive X-ray spectroscope (EDS), X-ray diffraction (XRD), Brunauer-Emmett-Teller (BET), and
Fourier Transform Infrared Spectroscopy (FTIR) to explain the superior performance of the optimal
biochar. Experimental nitrate adsorption data under varying operational conditions were processed using
the Pearson Correlation Coefficient (PCC) to remove redundant features, followed by normalization and
division into training and testing sets for machine learning (ML) models Forest (RF), Support Vector
Regression (SVR), and Linear Regression (LR) Feature importance and sensitivity analyses were
performed using SHapley Additive exPlanations (SHAP) and Permutation Importance (PI), and model
performance was re—evaluated after reducing the number of input variables. Finally, the accuracy and
reliability of the predictive models were assessed using standard regression metrics.

2. Materials and Methods

2. 1. Biochar Production and Characterization

Biochar was prepared from rapeseed (Brassica napus L.), an important crop in Iran with abundant
agricultural residues. Stems were collected from the research farm of Lorestan University, washed, air-
dried, and ground to particles smaller than 2 mm.

Three distinct Al-modified biochars were synthesized through the following pretreatment pathways:

(1) the biomass was first impregnated with Al and then pyrolyzed at 550 °C (MP biochar);

(2) the biomass was initially pyrolyzed at 550 °C and subsequently modified with Al (PM biochar). (3)
the biomass underwent an initial pyrolysis, followed by Al modification, and then a second pyrolysis at

550 °C (PMP biochar). The chemical modification was conducted based on the method Yin, et al. 2,



The morphological features of the biochars were characterized using SEM equipped with EDS. The
crystalline structure was analyzed using XRD. The elemental composition and specific surface area were
measured using the BET method, and surface functional groups were identified using FTIR spectroscopy.
2.2. Nitrate Adsorption

A nitrate stock solution (1000 mg L") was prepared using potassium nitrate (KNOs). Batch adsorption
experiments were carried out at room temperature (21 £ 1 °C) to assess the nitrate removal efficiency of
the biochars. The effect of pH on nitrate adsorption was investigated over a pH range of 2 to 11,
employing an adsorbent dosage of 0.01 gL', a contact time of 24 hours, and an agitation speed of
150 rpm. To determine the equilibrium contact time, adsorption tests were performed with contact times
varying from 5 minutes to 24 hours at natural pH, using an adsorbent dosage of 0.01 g L' and agitation at
150 rpm. The influence of adsorbent dosage on nitrate removal was evaluated by conducting experiments
with biochar concentrations ranging from 0.01 to 10 g L' under natural pH conditions, a contact time of
24 hours, and an agitation speed of 150. To simulate more realistic environmental conditions, where
multiple anions are present, the effect of competing ions on nitrate adsorption was examined. The
influence of chloride (CI"), phosphate (PO4*"), carbonate (COs>"), and sulfate (SO4>") ions was tested at
concentrations of 10, 50 and 100 mg L' under the same experimental conditions (adsorbent dosage of
0.01 gL', contact time of 24 hours, and agitation speed of 150 rpm). This approach allowed for the
assessment of the effect of coexisting anions on nitrate adsorption efficiency, providing insight into the
performance of biochars under conditions closer to groundwater or wastewater.

The removal percentage (R%) of the nitrate of biochar was calculated using Eq. (1) %:

_ (€;=C)x100
= .

R 1)

Where:

R: Adsorption removal (%).

C; and C,: Initial and equilibrium nitrate concentrations (mg L™").

2.3. Regeneration and Reusability of Biochar

The reusability of the spent rapeseed biochar after nitrate adsorption was evaluated through sequential
adsorption—desorption cycles. The spent biochar was immersed in 1 M NaOH solution for 480 min at
room temperature under shaking at 150 rpm. The alkaline environment facilitated nitrate desorption by
weakening electrostatic interactions between nitrate ions and the biochar surface. After regeneration, the
biochar was washed with deionized water until neutral pH (~7) and dried at 50 °C. The regenerated
biochar was then reused under the same conditions as the initial adsorption test. This cycle was repeated
five times, and the final nitrate concentration (C.) after each cycle was measured to assess the recovery of
adsorption capacity. The procedure was applied to the biochar showing the highest adsorption
performance in preliminary tests.

2.4. Data Processing and Predictive Modeling



The dataset used in this study consists of experimental measurements related to nitrate adsorption
efficiency obtained under varying operational conditions, including pH, contact time, initial nitrate
concentration, and adsorbent dose.

In the data preprocessing stage, the PCC was used to measure the correlation between features, helping to
identify and remove redundant or highly similar inputs **?"?%, PCC is a statistical measure that quantifies
the linear correlation between two variables. It is calculated as follows:
= Vi (=B T, 0i=Y)

(T2 [T, 09

(2)

where r represents the correlation coefficient between two variables, and x and y denote the mean values
of variables x and y, respectively.

Due to differences in the range of feature values, both the input and output variables were normalized
before training the machine learning models. Normalization eliminates differences in scale and
magnitude among features, facilitating faster algorithm convergence and improved predictive
performance . The normalization process is expressed as:

xF = (xi—1) (3)

t o
where x; and x; are the normalized and original values of the input variable, respectively, and u and ¢
represent the mean and standard deviation of the variable.
2.5. Model Development and Validation Procedure
To ensure reliable and unbiased prediction of nitrate adsorption efficiency, a streamlined, multi-level
validation framework was implemented, integrating dataset preparation, model training, and rigorous
statistical evaluation.
2.5.1. Data Preparation and Variables
The dataset was compiled from a series of batch adsorption experiments and subsequently expanded to n
= 50 samples by incorporating additional measurements conducted under competitive ion conditions.
Five experimental input variables— pH, contact time (min), initial nitrate concentration (mg L),
competitive anion concentration (mg L), and adsorbent dose (g L) were employed to predict the
target variable, adsorption efficiency (%). All variables were standardized using the StandardScaler
function in Scikit-learn to ensure numerical stability and enhance model convergence.
2.5.2. Model Algorithms and Implementation
To construct robust predictive models for the biochar dataset, three machine learning algorithms were
employed: RF, SVR, and LR. RF is an ensemble learning approach, constructs multiple decision trees
during training and outputs their average prediction, enhancing model robustness and reducing
overfitting. SVR, a kernel-based regression technique, fits an optimal hyperplane within a specified
margin of tolerance, effectively capturing complex nonlinear relationships in the data. In contrast, LR is a
simple baseline model that assumes a linear relationship between input and output variables.
Hyperparameter tuning was performed via GridSearch CV with 5-fold inner cross-validation.

2.5.3. Integrated Validation Framework



A unified, three-tier validation strategy was applied to maximize generalizability and minimize bias:
k-Fold Cross-Validation (k-fold CV) (k = 5): The dataset was randomly partitioned into k folds; each fold
served once as the test set. Mean R2 + standard deviation quantified performance and consistency.

Nested Cross-Validation (NCV): Applied as the gold standard for unbiased generalization. The outer
loop evaluated model performance on independent folds, while the inner loop optimized
hyperparameters— fully decoupling tuning from testing.

100-Iteration Bootstrapping: Random resampling with replacement was repeated 100 times. Each
bootstrap sample was used to retrain and evaluate the models, yielding a distribution of R? values to
assess robustness against sampling variability.

This integrated approach— combining k-fold CV, NCV, and bootstrapping— provided comprehensive,
statistically sound evidence of model reliability, effectively simulating performance on independent data
despite the modest dataset size.

2.6. Feature Importance and Sensitivity Analysis

To identify the most influential operational parameters affecting nitrate adsorption efficiency, feature
importance analysis was performed using two complementary approaches. SHAP, based on cooperative
game theory, quantifies each input feature’s contribution to the model’s predictions via Shapley values,
enabling both global interpretation (average effect across the dataset) and local interpretation (impact on
individual predictions) *°. PI is a model-agnostic method that evaluates the drop in predictive
performance when a feature’s values are randomly permuted while keeping all other features constant; a
larger drop indicates higher importance. Using the identified key features, the studied models were re-
evaluated after removing less important variables. This approach assesses whether focusing on the most
influential parameters can maintain or even improve predictive performance while simplifying the input.
2.7. Model Performance Evaluation Metrics

To assess the accuracy and reliability of the predictive models, the following standard regression metrics
were used ¥,

Coefficient of Determination (R2): Quantifies the proportion of variance in the observed data explained

by the model, reflecting the goodness of fit.
. ?:1(yiexp_yipred)2
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(4)

Root Mean Square Error (RMSE): Represents the square root of the average squared differences between

predicted and observed values, indicating the typical magnitude of prediction errors.

RMSE = \/%Zin:l(yiexp _ Yipred)z (5)

Here, Yipmd and Yiexz’represent the predicted and experimental values for the i-th observation,
respectively. Y;,ffdenotes the meaning of the experimental values, and n is the total number of
observations.

3. Results and Discussion



3.1. Characterization of Structural Features in Al-Modified Biochars

To investigate the surface characteristics and structural properties of the synthesized Al-modified
biochars (MP, PM, and PMP), several characterization techniques were employed. SEM was used to
examine the surface morphology and pore structure of the biochars (Figure 1), revealing differences in
sheet arrangement, particle size, and porosity. XRD analysis provided insights into the crystalline and
amorphous phases of the samples (Figures 2—4), highlighting the presence of Al and Al(OH)s phases that
influence surface reactivity. N2 adsorption—desorption isotherms were analyzed using the BET method to
determine the specific surface area, pore volume, and average pore diameter (Figure 5), reflecting the
accessible surface area available for adsorption. EDS was employed to determine elemental composition
and surface functionalization (Figure 6), confirming the incorporation of Al species and oxygen-
containing groups that enhance adsorption capacity. Additionally, FTIR spectroscopy was conducted to
identify the functional groups present on the biochar surfaces (Figure 7).

In general, the combination of SEM, XRD, BET, EDS, and FTIR characterizations provided a
comprehensive understanding of how different modification routes influence the structural features and
nitrate adsorption performance of the biochars.

3.1.1. Scanning Electron Microscopy (SEM)

The surface morphology of the synthesized biochars (MP, PM, and PMP) is presented in Figure 1. Figure
1(a) corresponds to the MP sample, in which Al was introduced prior to pyrolysis. This sample exhibits
thin, curved sheets or layers with relatively coarse micrometer-sized pores, as well as a smooth surface
with distinct sheet edges and large pores, indicative of a macroporous to mesoporous structure.
Overall, a more integrated morphology resembling a layered framework is observed ****. During
pyrolysis, aluminum salts are converted into aluminum oxides/hydroxides, which can act as
carbonization catalysts, promoting the stabilization of the carbon matrix. This process leads to a
relatively uniform distribution of aluminum microphases and the formation of a larger pore framework,
resulting in large sheets with micrometer-scale pores. The penetration of Al into the matrix may also

**. However, the irregular pore

help prevent complete structural collapse at elevated temperatures
distribution and increased pore size reduce the effective surface area available for nitrate adsorption,
thereby limiting its adsorption efficiency.

In contrast, the PM sample— prepared by pyrolysis followed by Al modification (Fig. 1(b)), exhibits
angular and planar fragments covered with fine particles, giving the surface a “fractured or powdered”
appearance with dense particle accumulation on the planar regions. This morphology indicates the
deposition of particles onto the surface of a pre-pyrolyzed biochar. When the preformed biochar is
immersed in an aluminum salt solution and subsequently dried and heated, aluminum typically
precipitates as hydroxide or oxide particles or clusters on the biochar surface **. The fine particles

coating the surface represent crystalline flakes or clusters formed on the carbon sheets. Although the

pore diameter decreases in this case, the number of accessible AI-OH surface sites increase, thereby



%37 This structural arrangement not only improved surface

enhancing the anion adsorption capacity
accessibility but also increased the number of active sites, resulting in enhanced adsorption efficiency.
The superior nitrate removal observed in the PM sample further supports this interpretation. The PMP
sample, although structurally like PM, underwent an additional pyrolysis step after Al modification as
shown in Figure 1(c), it exhibits a highly crushed and flaky or fluffy structure composed of small particles
and fine flakes, with a higher particle density and a more discontinuous distribution of interparticle
spaces. After Al deposition on the surface, the subsequent repyrolysis induces phase transformations
(dehydroxylation) and converts aluminum hydroxides into more stable oxides, such as Al,Os3 or

amorphous alumina. Meanwhile, the repyrolysis process may also remove residual organic deposits and

partially unblock pores, thereby restoring some degree of porosity.
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Figure 1. SEM images of Al-modified biochar samples: (a) Sample MP. (b) Sample PM. (c) Sample PMP.
These findings are consistent with previous studies. For example, Li, et al. *® reported that Fe— and Mn—
modified biochars developed rougher surfaces with higher densities of adsorption sites due to metal
oxide loading, while Hashimi, et al. * confirmed the presence of Al hydroxide/oxide layers that
contributed to surface roughness. Similarly, Tran, et al. ° and Yin, et al. > demonstrated that Al loading
plays a decisive role in pore development, where higher concentrations of Al salts promote wider pore
channels and increased roughness, but excessive loading may compromise pore density. Taken
together, the results highlight the pivotal role of process sequencing in tailoring the physicochemical
properties of Al-modified biochars. Specifically, post—pyrolysis modification (PM) proved to be the most
effective strategy for producing biochars with optimized surface morphology, uniform pore distribution,
and enhanced adsorption capacity. In contrast, pre—pyrolysis modification (MP) hindered the
development of a stable porous network, while re—pyrolysis after modification (PMP) induced partial
structural collapse. Therefore, pyrolysis followed by Al modification emerges as the most promising
route for designing high—performance biochar adsorbents for nitrate removal from water.

3.1.2. X-ray Diffraction (XRD)



XRD analysis was conducted to identify the crystalline phases and evaluate the structural evolution of
the Al-modified biochars, namely MP (Figure 2), PM (Figure 3), and PMP (Figure 4). The main crystalline
phases identified in the Al-modified biochars (PM and PMP) included a-Al,0; (PDF 00-046-1212), AIOOH
(PDF 00-021-1307), KCI (PDF 00-004-0587), and SiO, (PDF 00-005-0628). However, for the MP sample,
the XRD pattern exhibits a broad, featureless hump centered at approximately 20 = 24°, characteristic

of predominantly amorphous carbon *°

. The absence of sharp diffraction peaks indicates low
crystallinity and the lack of detectable crystalline Al-bearing phases, implying a limited number of
surface-active sites for nitrate adsorption. This amorphous structure reflects incomplete carbonization
and a predominance of disordered cellulose-derived carbon, which restricts electron mobility and ion-
exchange capacity. Accordingly, MP displayed relatively low nitrate removal efficiency (45.90%),
consistent with its structural limitations. In contrast, the PM biochar (Figure 3) exhibits several sharp
and intense peaks at 26 = 38.4°, 45.5°, 65°, and 78°, corresponding to crystalline alumina (Al,Os) and
aluminum hydroxide (Al(OH)s) phases. These peaks confirm the successful incorporation and
stabilization of Al species within the carbon matrix, enhancing both crystallinity and the density of
active surface sites. The increased a-Al,0; content provides abundant Lewis acid sites and surface
hydroxyl groups (Al-OH) that facilitate electrostatic attraction and chemisorption interactions with
nitrate ions. Moreover, the reduction in amorphous carbon improves thermal stability and adsorption

performance . Accordingly, PM achieved the highest nitrate removal efficiency (70.67%).
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Figure 2. XRD pattern of MP biochar modified with Al prior to pyrolysis, showing characteristic peaks associated
with carbonaceous structures and Al species
The PMP biochar (Figure 4), subjected to an additional pyrolysis step after Al modification, presents a
mixture of amorphous and crystalline features. Although crystalline reflections like those of PM are
observed, the persistence of an amorphous background indicates partial reorganization or layered
structures that may hinder full accessibility of the adsorption sites. This hybrid structure suggests that

secondary pyrolysis promotes partial dehydroxylation and conversion of Al hydroxides into more stable



oxides, while retaining some disordered carbon. During the modification process, Al ions can also
chemically interact with oxygen-containing surface groups, generating new active functionalities capable
of forming complexes with nitrate ions or other anions “. The intermediate crystallinity of PMP
corresponds to a moderate nitrate removal efficiency (51.95%).

¥ ¥ ¥ b ks

¥RD-99-096

800 —

600 —

Periclase

400 —

Paosition ["2Theta] (Copper (Cu))

Figure 3. XRD pattern of PM biochar obtained via pyrolysis followed by Al modification, exhibiting enhanced
crystalline features and well-defined Al-related phases.
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Figure 4. XRD pattern of PMP biochar subjected to sequential pyrolysis, Al modification, and re—pyrolysis,
illustrating hybrid crystalline characteristics derived from both thermal treatments and metal loading.

Overall, these results demonstrate a strong correlation between the structural characteristics and
adsorption behavior of the Al-modified biochars. Higher crystallinity and uniform distribution of Al
phases (especially a-Al:Os and AIOOH) enhance nitrate adsorption through -electrostatic and
chemisorption mechanisms, whereas residual amorphous carbon limits active site availability. Secondary
crystalline phases such as KCI and SiO: contribute to the physical stability of the biochar but play a
negligible role in nitrate removal.

3.1.3. Brunauer—-Emmett-Teller (BET)



The surface and structural properties of the synthesized biochars (MP, PM, and PMP) were
systematically evaluated using N: adsorption—desorption isotherms. The key parameters, including
monolayer adsorption volume (Vm), Brunauer—-Emmett-Teller (BET) surface area, total pore volume,
and average pore diameter, are presented in Figure 5.

Among the three biochars, the PM sample demonstrated the most favorable physicochemical
characteristics, with the highest BET surface area (259.80 m2/g) and Vm (59.69 cm?3/g). These values
reflect a high density of adsorption sites and extensive active surface area for nitrate uptake. In
comparison, MP exhibited negligible BET surface area and VVm, implying either a collapsed porous
structure or blocked active sites. The PMP sample showed a relatively large total pore volume (0.27
cm?3/g) but moderate BET surface area (194.85 m2/g) and Vm (44.77 cm?3/g), indicating that its more open
structure was not sufficiently functionalized to enhance nitrate binding.

With respect to pore size, PM displayed the smallest average pore diameter (2.89 nm), falling within the
mesoporous range, which is optimal for nitrate diffusion and retention *°. In contrast, MP and PMP
exhibited larger pore diameters (5.77 and 4.33 nm, respectively), which may facilitate faster ion transport
but do not compensate for the lack of surface functionality. These findings emphasize that optimal
adsorption is not governed solely by pore size but rather by the synergistic effects of high surface area,
suitable pore distribution, and chemical modification.

The preparation sequence was found to play a critical role in determining surface and structural
properties. As illustrated in the radar chart (Figure 5), MP—prepared by Al modification before pyrolysis—
showed nearly zero values across all parameters. This suggests that the subsequent pyrolysis step likely
destroyed or deactivated the Al-functionalized sites, preventing the development of a porous structure.
Conversely, PM—pyrolyzed prior to Al modification—exhibited the highest BET surface area, total pore
volume, and monolayer capacity. This improvement can be attributed to the formation of a stable porous
carbon matrix during pyrolysis, which was subsequently functionalized by Al species. Such a structure
provides abundant accessible adsorption sites and favorable electrostatic interactions with nitrate ions.
The PMP sample, subjected to additional pyrolysis after modification, exhibited reduced BET surface
area and pore volume, indicating that the second thermal treatment may have caused partial collapse or
restructuring of the modified surface. These findings are consistent with previous reports. Tran Tran, et
al. °, demonstrated that Al chloride modification of Mimosa pigra biochar significantly increased BET
surface area and pore volume. Similarly, Bansal Bansal and Pal *° reported that the deposition of Mg—Al
layers on chitosan improved surface area, pore diameter, and pore volume, enhancing adsorption
capacity. Addich, et al. ° also observed that Mg/Fe modification of biochar increased surface roughness
and pore heterogeneity through metal oxide deposition, which in turn promoted pollutant adsorption.
Collectively, these studies and the present findings highlight that metal-assisted modification, combined
with controlled pyrolysis, plays a crucial role in tailoring biochar structure for optimized adsorption

performance.
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Figure 5. Comparative column charts of (a) monolayer volume (Vm), (b) BET surface area, (c) total pore volume,
and (d) average pore diameter for the biochars.

Overall, the PM biochar—prepared by pyrolysis followed by Al modification—achieved the best balance
of surface area, pore structure, and chemical functionality. This preparation sequence preserved
functional groups, stabilized the porous network, and maximized nitrate adsorption efficiency,
confirming that post—pyrolysis modification is a promising strategy for designing high—performance
biochar—based adsorbents in water treatment applications.

3.1.4. Energy Dispersive X-ray Spectroscopy (EDS)

The elemental composition of Al-modified biochars (MP, PM, and PMP) was analyzed using EDS (Figure
6). Although all samples underwent Al modification, their final compositions differed significantly due to
the sequence of Al treatment and pyrolysis. The EDS spectra showed that PM biochar contained the
highest Al content (17.67%), followed by PMP (14.50%), whereas Al was undetectable in the MP sample
(0%). Carbon remained the dominant element across all samples; however, its relative proportion
decreased with increasing Al content— from 60.97% in MP to 34.56% in PM and 27.73% in PMP.

Conversely, oxygen content increased from ~24% in MP to 39.01% in PM and ~50% in PMP.
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Figure 6. Comparison of the elemental composition (Al, C, and O) in the Al- modified biochars based on EDS
analysis. The chart illustrates the variations in weight percentages of key elements.
These findings highlight the critical role of process sequencing. In MP, where Al was introduced before
pyrolysis, the absence of detectable Al suggests decompaosition or volatilization of Al salts during
thermal treatment, or possible entrapment within the carbon matrix, leading to heterogeneous
distribution and limited surface detectability by EDS. Non-detection does not necessarily confirm the
complete absence of Al. This resulted in a carbon-rich biochar with low inorganic content and limited
surface-active sites for nitrate adsorption. In contrast, PM biochar, modified post-pyrolysis, retained the
highest Al content, indicating that post-pyrolysis modification is the most effective for Al
immobilization. The concurrent reduction in carbon and increase in oxygen suggest successful
deposition of Al compounds and formation of oxygen-containing functional groups, enhancing
electrostatic interactions and adsorption capacity **. PMP biochar, subjected to a three-step process
(pyrolysis, Al modification, and second pyrolysis), retained significant Al (14.50%), though less than PM.
This reduction likely stems from structural rearrangements or partial degradation of Al species during
the second pyrolysis. However, PMP’s high oxygen content (¥50%) indicates enriched oxygenated
surface functionalities, supporting adsorption despite partial Al loss. Overall, the processing sequence
significantly influenced the elemental composition and surface chemistry of Al-modified biochars. Post-
pyrolysis modification (PM) proved most effective for Al retention and functionalization, yielding a
biochar with an optimal balance of carbon, Al, and oxygen. This approach enhances surface chemistry
and functional groups, making PM the most promising candidate for nitrate removal. EDS analyses
further confirmed that in PM and PMP biochars, metallic elements existed as metal oxides on the

surface, increasing roughness, porosity, and ion exchange capacity, thereby improving adsorption



#24 previous studies corroborate these findings. For example, Yin, et al. ® synthesized

efficiency
biochars from soybean straw and subsequently modified them with Al and magnesium. This
modification led to increased O/C, H/C, and (O+N)/C ratios, reflecting a higher abundance of oxygen—
containing functional groups and enhanced adsorption capacity. Similarly, Wang, et al. *® observed that
hydrogen (H), oxygen (0O), magnesium (Mg), and Al (Al) contents increased in biochars derived from
apple branches following Mg/AI-LDH modification. The incorporation of these LDHs enriched the
biochars with Mg, Al, and OH groups while reducing carbon content, thereby improving surface
functionality and adsorption performance.

3.1.5. Fourier Transform Infrared Spectroscopy (FTIR)

The FTIR results are shown in Figure 7. The spectra of the three biochar samples (MP, PM, and PMP)
were recorded in the 400-4000 cm™ range in absorbance mode to identify their surface functional
groups. The FTIR spectra clearly demonstrates that the sequence of aluminum modification and
pyrolysis significantly influences the chemical structure and surface functionality of the resulting
biochars. Despite identical pyrolysis temperatures, the observed differences in FTIR spectra, EDS data
(C, O, Al contents), and nitrate adsorption performance can be attributed solely to the process
sequence. In the MP sample, the disappearance of Al-O vibrations (800-500 cm™) and the weak
absorption of O—H (3400 cm™) and C-O (=1100 cm™) bands indicate a highly carbonized structure with
minimal oxygenated groups. The absence of Al in EDS confirms that aluminum species were
decomposed or volatilized during thermal treatment. Nevertheless, the transient presence of Al** ions
during heating may have catalyzed dehydration and aromatization reactions, producing the most
condensed carbon framework and the lowest O/C ratio among the samples. In contrast, the PM sample
exhibited distinct Al-O peaks and pronounced nitrate-related absorption around 1380 cm™. The porous
carbon surface generated during the initial pyrolysis provided abundant oxygenated sites that
facilitated Al immobilization via surface complexation, forming stable Al-O bonds. These Lewis acidic
sites acted as effective anion-binding centers, explaining the highest nitrate adsorption capacity
observed in this sample.

The PMP sample displayed the strongest O—H and C—O absorptions despite undergoing two thermal
treatments. This suggests that the second pyrolysis partially disrupted Al-O bonds and induced re-
oxidation of the carbon matrix, resulting in the highest O/C ratio. Subsequent cooling and exposure to
air likely facilitated the re-formation of hydroxyl groups, producing a more hydrophilic surface
reminiscent of low-temperature biochars.

Overall, these findings underscore that the sequence of modification and pyrolysis critically determines
the surface chemistry and adsorption behavior of Al-modified biochars. Pre-pyrolysis modification (MP)

enhances structural stability but reduces surface reactivity due to Al loss; post-pyrolysis modification



(PM) optimizes Al stabilization and nitrate adsorption; while re-pyrolysis (PMP) increases oxygenation

but compromises structural integrity.
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Figure 7. FTIR spectra of Al-modified biochars (MP, PM, and PMP). The spectra reveal significant differences in
surface functional groups depending on the modification and pyrolysis sequence.
3.2. Influence of Synthesis Pathway on the Kinetics and Efficiency of Nitrate Adsorption by Al-
Modified Biochars

The nitrate removal efficiency of three Al-modified biochars—PM, PMP, and MP-was systematically
evaluated over contact times ranging from 0 to 1440 min. Among the tested adsorbents, PM exhibited
the highest performance across all intervals, with removal efficiency increasing from 28% at 5 min to a
maximum of 71.15% at 480 min, thereafter, stabilizing at approximately 70%. PMP showed a moderate
adsorption capacity, with efficiency rising from 6% at 5 min to 51.95% at 1440 min. Although its initial
adsorption rate was lower than that of PM, the removal steadily increased and approached equilibrium
after 480 min. In contrast, MP demonstrated the lowest performance, with removal improving only
from 3% at 5 min to 45.90% at 1440 min, reaching equilibrium around 480 min.

Nitrate adsorption in this study was governed by a combination of three primary mechanisms: surface
adsorption (or interfacial adsorption), intraparticle diffusion, and electrostatic interactions. Surface
adsorption mainly occurs on the external sites of the adsorbent and can be considered as weak physical
interactions **.Given the mesoporous structure and abundant pore system of the modified biochars,
nitrate ions—with a Stokes radius of 0.129 nm and a hydrated radius of 0.335 nm—were able to fully
penetrate the porous framework. Moreover, Al surface modification introduced positive charges on the

biochar surface, thereby enhancing electrostatic attraction toward the negatively charged NOs~ anions

45



All three adsorbents followed a similar kinetic profile: a rapid initial uptake within the first hour due to
occupation of readily available surface sites, followed by a slower approach to equilibrium, controlled
primarily by diffusion into less accessible internal pores. This kinetic behavior highlights the direct

impact of synthesis pathway on adsorption mechanisms.
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Figure 8. Nitrate removal efficiency of Al-modified biochars (PM, PMP, and MP) over contact times from 0 to
1440 minutes

The superior performance of PM can be attributed to its favorable structural characteristics, particularly
the highest BET surface area and total pore volume among the samples tested. In this case, Al
modification after pyrolysis enabled the effective anchoring of active Al species onto the carbon
framework without blocking mesopores or compromising pore structure, thereby maintaining both
structural integrity and functional activity. PMP, which underwent a second pyrolysis after Al
modification, retained a moderately porous structure; however, partial alteration or degradation of key
surface functional groups essential for nitrate binding likely resulted in only moderate performance
(~52%). In contrast, MP, which was modified prior to pyrolysis, showed the lowest nitrate removal
(~46%), due to decomposition of Al salts and significant loss of surface area during thermal treatment.
These results clearly demonstrate the critical role of synthesis sequence. Post—pyrolysis modification
(PM) maximizes Al retention, maintains mesopores, and enriches functional groups, leading to superior
nitrate adsorption. Pre—pyrolysis (MP) and dual-step modifications (PMP) were less effective in
balancing surface chemistry and porosity.

Overall, the findings emphasize that the method and timing of biochar modification are decisive
parameters influencing structural and functional properties. Optimizing these factors enables the
development of highly effective adsorbents for nitrate removal and broader environmental remediation
applications.

3.3. Extended Study Using the Most Effective Biochar (PM)



Based on its superior nitrate removal performance, PM biochar was selected as the optimal adsorbent
for further investigations. Subsequent experiments focused exclusively on PM to examine the effects of
key operational parameters, including initial nitrate concentration, contact time, adsorbent dosage,
competing anions, and pH, on removal efficiency. Additionally, artificial intelligence (Al) models were
developed to predict adsorption behavior under varying conditions.

3.4. Effect of Operational Parameters on Nitrate Removal Using PM Biochar

The influence of operational parameters on nitrate adsorption by PM biochar was systematically
investigated to assess the effects of different factors and to construct a reliable dataset for modeling and
prediction of nitrate adsorption behavior. The results (Figure 9) demonstrated that adsorption
performance is strongly dependent on initial nitrate concentration, adsorbent dosage, contact time, and
solution pH. At a constant pH of 6, increasing the initial nitrate concentration from 0 to 100 mg L™
enhanced removal efficiency from 0% to ~70.7% when 0.01 g of adsorbent was used for 720 min. This
improvement can be attributed to the intensified mass transfer driving force at higher concentrations,
which promotes nitrate diffusion toward the adsorbent surface % However, the removal decreased at
higher concentrations, reflects the progressive saturation of active sites, in agreement with earlier studies
on nitrate adsorption *’. Adsorbent dosage also had a significant effect. At 100 mg L' initial nitrate and
pH 6, removal increased steadily from ~70.7% to 84.5% as dosage rose from 0.01 g to 10 g. The
enhancement arises from the greater number of active sites available for adsorption **¢. Nevertheless, the
marginal improvement beyond 1-5 g suggests partial particle aggregation and surface overlap. The time—
dependent adsorption profile revealed a biphasic pattern. At 100 mg L', 0.05 g dosage, and pH 6,
removal rose rapidly from 28% at 5 min to ~71% at 480 min, after which it remained stable. The fast
initial uptake corresponds to the occupation of abundant external sites under steep concentration
gradients, while the subsequent slow approach to equilibrium reflects intraparticle diffusion resistance
and progressive site saturation. Similar kinetic behavior has been documented for nitrate and other
anionic contaminants on porous carbonaceous adsorbents %,

Experiments conducted under near-neutral conditions (pH 6-8) using the optimized biochar confirmed
substantial nitrate removal (=58-71%), indicating the adsorbent’s effectiveness under environmentally
relevant conditions. These results align with previous studies demonstrating that nitrate adsorption by
biochar is strongly influenced by solution pH, biochar modifications, and the presence of competing ions.
Generally, adsorption efficiency is highest at acidic to near-neutral pH and decreases at higher pH values.
For instance, modified sugarcane bagasse biochar exhibited maximum nitrate adsorption at pH 4.6 *°, Fe-
N-doped biochar showed optimal performance at pH 3 >, and acid-modified coffee grounds biochar
demonstrated reduced nitrate removal under alkaline conditions *'. These observations are consistent with
the electrostatic attraction mechanism between nitrate ions and positively charged biochar surfaces,

which can be enhanced through acid treatment or metal doping.
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Figure 9. Effect of (a) initial nitrate concentration, (b) adsorbent dose, (c) contact time, (d) solution pH, and (e)

competitive Anion Concentration (mg L) on nitrate adsorption.

The inhibition ratios of competing anions (Cl-, COs*>", PO+*", and SO4*") on nitrate adsorption are shown
in Figure 9e. As the concentration of competing anions increased from 0 to 50 mg L', the inhibition ratio
gradually rose, demonstrating a clear concentration-dependent suppression effect *. Quantitative analysis
revealed inhibition ratios of 15.6%, 35.2%, 20.1%, and 34.5% for Cl-, COs*, PO+, and SO+,
respectively, at 50 mg L™'. Among these, COs*" and SO4> exhibited the strongest inhibition, whereas CI
showed the weakest.

S0O4>7) can compete more effectively for positively charged active sites on Al-modified biochar, forming

outer-sphere complexes or participating in ion-exchange reactions that reduce nitrate uptake. In contrast,




the monovalent Cl~ exhibited negligible competition due to its lower binding affinity and weaker
electrostatic attraction. PO4*~ displayed moderate inhibition, likely constrained by steric hindrance and
specific coordination limitations despite its higher charge.

These results are consistent with previous studies, which reported that the inhibition is primarily due to
competition for adsorption sites, with multivalent anions (COs?", SO4*", PO+*") outcompeting monovalent
nitrate and chloride ions ***, Furthermore, the surface chemistry of the adsorbent and the specific
binding affinities of each anion significantly influence the inhibition sequence ****. The linear increase in
inhibition ratio with concentration (slopes =~ 0.70 % mg™ L for COs27/S0+>", 0.40 % mg™ L for PO.*,
and 0.31 % mg' L for CI") confirms that divalent anions dominate site competition at higher
concentrations, leading to up to ~35% reduction in nitrate removal efficiency. These findings indicate
that COs?~ and SO+*" are the most influential inhibitors under environmentally relevant conditions, while
CI" has minimal impact.

3.5. Regeneration and Reusability of PM Biochar

The reusability of the PM Biochar was assessed over five consecutive adsorption—desorption cycles. In
the first cycle, 70.67% of nitrate was removed, which decreased to 54% after five cycles following
regeneration with 1 M NaOH, corresponding to 76.4% retention of the initial adsorption capacity. The
gradual decline in performance may be attributed to surface fouling, pore blockage, or changes in surface
chemistry, particularly in long-term or real-world applications *°. These findings highlight the potential of
the biochar for cost-effective engineering use and-are consistent with trends observed in other biochar
modifications, including Mg/Al-layered double hydroxide (LDH) composites >**°. Future work should
investigate milder regeneration strategies and long-term stability.

3.6. Model Performance Evaluation and Discussion

The results of the Pearson correlation coefficient (PCC) analysis are presented in Figure 10. The absolute
correlation values between all input variables were below 0.7, indicating the absence of significant linear
relationships. This suggests that the nitrate adsorption process involves complex nonlinear interactions
among variables, emphasizing the need for nonlinear machine learning models to achieve accurate

predictions *'.
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Figure 10. Pearson correlation coefficient plot.

3.6.1. Comparative Evaluation through k-fold CV
The predictive performance of RF, SVR, and LR under 5-fold CV is summarized in Table 1. The RF
model consistently achieved higher mean R2 values and lower standard deviations than other models.

Table 1. Performance comparison of the developed models based on k-fold cross-validation (5-fold).

Model 5-Fold CV (R2 £ SD) RMSE
RF 0.891 + 0.06 0.078 £ 0.023
SVR 0.779 £ 0.103 0.113 £ 0.021
LR 0.759 + 0.148 0.118 £ 0.041

These findings clearly demonstrate that nitrate adsorption is governed by nonlinear and multivariate
interactions. The superior and more stable performance of RF reflects its capability to effectively capture
these nonlinear dependencies™.

3.6.2. Independent Validation via NCV

0 obtain an unbiased and rigorous estimate of model performance, NCV was employed, which fully
separates hyperparameter optimization (inner loop) from model evaluation (outer loop). The results are

presented in Table 2.



Table 2. The NCVresults of RF, SVR, and LR models expressed as mean R2 = SD.

Model Nested CV (R? + SD) RMSE

RF 0.892 + 0.056 0.078 + 0.022
SVR 0.831 +0.142 0.093 +0.034
LR 0.759 + 0.148 0.118 + 0.041

The RF model achieved the highest R2 (0.899) with minimal variance, confirming its robustness and
generalization ability. The close agreement between CV and NCV results indicates that the observed
predictive performance is not an artifact of data partitioning, thus strengthening the reliability of the
modeling framework.

3.6.3. Statistical Robustness Verified by Bootstrapping

A 100-iteration bootstrapping analysis was further performed to assess model stability under random
resampling. The results are presented in Table 3.

Table 3. Bootstrapping results (100 iterations) showing mean R2 + SD for each model.

Model Bootstrapping (R? £ SD) RMSE
RF 0.931 +0.041 0.067 £ 0.019
SVR 0.924 + 0.044 0.070 + 0.020
LR 0.561 + 0.838 0.148 + 0.095

Both RF and SVR achieved high predictive accuracy (R2 > 0.92) with low variance, demonstrating strong
model stability and resistance to sampling fluctuations. The ensemble nature of RF, which averages the
predictions of multiple decision trees, provides an additional layer of resilience against overfitting. In
contrast, LR exhibited substantial variability, indicating its limited capability in modeling the nonlinear
adsorption process.

To further visualize the agreement between predicted and experimental adsorption efficiencies, parity
plots for the RF, SVR, and LR models are presented in Figure 11. All three models exhibited a positive
correlation between predicted and actual values; however, the RF model displayed the closest alignment
with the 1:1 reference line, indicating superior predictive accuracy. The random and uniform distribution
of residuals around this line suggests the absence of systematic bias or overfitting. These graphical
diagnostics, consistent with the NCV and bootstrapping analyses, confirm the strong generalization

capability of the RF model and its ability to accurately represent the nonlinear adsorption mechanisms.
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Figure 11. Parity plots comparing experimental and model-predicted adsorption efficiencies for (a) RF, (b) SVR,

and (c) LR models.

Overall, the integrated evaluation framework—combining 5-fold CV, NCV, and bootstrapping—

demonstrates the reliability and statistical soundness of the developed predictive models. These findings

are in agreement with previous studies emphasizing the superior performance of ensemble and kernel-

based algorithms for nonlinear adsorption and contaminant removal processes. The multi-tier validation

approach adopted in this study ensures the credibility and reproducibility of the developed framework,

even when experimental data are limited.

3.7. Sensitivity Analysis Outcomes

The simultaneous use of many features can reduce model predictive efficiency; therefore, feature

selection was performed to remove redundant data-and improve performance. Sensitivity analysis using

SHAP and PI identified initial contact time and solution pH as the most influential parameters on nitrate

adsorption efficiency, while other features had a minor effect (Figure 12). SHAP, based on game theory,

provides a precise measure of each feature’s contribution. This highlights the critical role of contact time

and pH, consistent with previous studies, where contact time was identified as crucial for nitrate

adsorption by modified biochar * and pH as a key factor in applying biochar heavy metal adsorption *°.

The performance of the RF, SVR, and LR models was evaluated under two scenarios: (1) using all

available input parameters and (2) using reduced inputs. As illustrated in Figure 13, The RF model using

all input parameters achieved the highest predictive performance with the lowest RMSE value (=0.078).

However, when the dimensionality was reduced by excluding variables such as pH and carbonate

concentration, a gradual decline in model accuracy was observed for all methods, with RMSE values

increasing.
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Figure 12. Feature importance of operational parameters obtained using (a) SHAP values and (b) PlI.
This reduction in accuracy can be attributed to the loss of information when fewer operational parameters
are used, thereby limiting the models’ ability to fully capture the nonlinear relationships governing nitrate
adsorption. Nevertheless, dimensionality reduction offers practical advantages such as decreased data
collection requirements and lower experimental costs, which are particularly important in environmental
applications. After dimensionality reduction, the performance of the RF model became comparable to
that of the SVR, suggesting that both models retain acceptable predictive capability even with limited
input variables. This finding emphasizes the importance of model selection, as nonlinear models such as
RF and SVR demonstrate robustness under data constraints. In contrast, the LR model experienced the
most significant performance decline, reflecting its limited capacity to describe complex nonlinear
adsorption processes. Overall, these results indicate that while including a full set of parameters enhances
model accuracy, applying dimensionality reduction can still yield sufficiently reliable predictions,



especially when using robust nonlinear models like RF and SVR, while simultaneously minimizing

measurement and computational costs.
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Figure 13. Taylor diagram comparing the performance of RF, SVR and LR algorithms in predicting nitrate

adsorption efficiency, examining two cases: using all data and using only key parameters.

4. Conclusions

This study demonstrated that the sequence of chemical modification plays a decisive role in the nitrate
adsorption performance of biochar. Post-pyrolysis modification (PM) achieved the highest adsorption
efficiency by maintaining a uniform porous structure, preserving active functional groups, and retaining
aluminum content. In contrast, pre-pyrolysis (MP) and re-pyrolysis after modification (PMP) showed
lower performance due to structural degradation or alteration of active sites. Operational parameter
analysis revealed that contact time and solution pH had the greatest impact on nitrate removal, and
adjusting these two parameters can optimize efficiency while reducing operational costs. Machine

learning models, particularly RF, enabled accurate prediction of adsorption behavior under variable



conditions, and feature selection confirmed that focusing on key parameters is sufficient. The main
innovation of this study lies in integrating systematic chemical modification analysis with Al modeling,
providing an effective and practical strategy for designing high-performance, sustainable biochars for
nitrate removal, with future prospects including multi-contaminant adsorbents and real-water
performance evaluation.
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