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Abstract

Functionalized carbon-based materials have recently attracted attention for the efficient re-
moval of complex pollutants, including dyes. In this study, agave bagasse, an abundant by-
product of the Mexican tequila industry, was used as biomass to produce H2SO4-modified
hydrochar (HC) for the removal of Reactive Orange 84 (RO84). FTIR-ATR analysis revealed
characteristic signals of –SO3H groups in the functionalized HC. BET characterization
showed a broad range of surface areas and pore volumes, with pore radio indicating nano-,
micro-, and mesoporous structures, depending on the acid concentration used during
synthesis. TGA and XRD analyses indicated that higher acid concentration promoted the
depolymerization of biomass components. Adsorption assays demonstrated that increasing
H2SO4 concentrations enhanced dye removal. Post-adsorption FTIR-ATR analysis revealed
signal shifts consistent with interactions between sulfonated groups and dye RO84. Statisti-
cal and mathematical analyses showed that optimal results were achieved by combining
high acid concentrations during HC synthesis with high HC dosages during adsorption.

Keywords: agave bagasse hydrochar; artificial neural network; dye adsorption; genetic
algorithm; reactive orange 84; sulfonated hydrochar; wastewater treatment

1. Introduction
Every year, the tequila industry in Mexico generates thousands of tons of agave

bagasse as a by-product [1]. The waste, rich in fiber and lignocellulosic compounds, tends
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to accumulate in large quantities, creating environmental and management challenges
for producers [2]. Consequently, developing strategies to reuse this biomass has become
essential, not only to minimize its environmental impact but also to promote an integrated
utilization model.

Among the various options for recovering value from this material, the hydrothermal
carbonization (HTC) process is considered one of the most effective methods for managing
solid waste with high moisture content [3]. It has advantages such as economic flexibility,
lower energy consumption than other thermal treatments (e.g., pyrolysis), and higher
product yield than other thermochemical techniques [4]. The HTC converts biomass into
a carbonaceous material, so-called hydrochar, whose advantages include high stability, a
porous structure, and the fact that it can be modified to improve chemical and physical
properties (e.g., adsorption capacity) [5–9]. Of the different functionalization methods, acid
modification stands out because it improves surface properties by increasing the number
of oxygenated and sulfonated groups, thereby enhancing its ability to remove organic
contaminants by adsorption [10]. For example, sulfuric acid functionalization introduces
−SO3H groups, thereby increasing the adsorption capacity of dyes and the density of
active sites [11].

Wastewater treatment using adsorption by carbon-based porous materials is a complex
process that requires the control of multiple parameters to improve contaminant removal.
Therefore, optimization methods have been used to simplify the process by reducing the
number of experiments, increasing the initial concentration of the target contaminant, and
decreasing the use of adsorbents and pH modifiers, thereby reducing operating costs [12,13].
One of the most common optimization methods is the use of experimental design, such as
the application of a general polynomial equation, which can be used to identify the factors
with the most significant influence on the contaminant’s adsorption capacity [14]. However,
they have the disadvantage of being based on empirical polynomial fits that are only valid
within the experimental domain. Furthermore, they can mask mechanistic relationships,
may overfit or misrepresent behavior when interactions are complex or when responses are
non-polynomial, and require careful selection of factor ranges and sufficient trial numbers,
else results can be biased or non-reproducible [15].

Recent studies have demonstrated that artificial intelligence (AI) models are reliable in
terms of optimizing different water treatments compared with conventional models, such
as adsorption processes using hydrochar. For example, artificial neural network (ANN) and
multiple regression analyses (including linear, decision tree, support vector, and random
forest) were used to predict the performance of an adsorption process for the removal
of organic contaminants from a water matrix [12,16]. Nevertheless, these models have
some limitations, such as the risk of getting stuck at a local minimum [17]. Also, since
the model’s accuracy improves as more real experimental datasets are used for training,
they are limited by the large amount of resources required [18]. Finally, because ANNs are
considered black-box models, they cannot identify the complex nonlinear interactions that
drive higher removal efficiency. Therefore, it is necessary to use an optimization tool that
reduces the range of possible interactions to be tested in order to achieve the maximum
removal efficiency of the target contaminant in an adsorption process [19]. For instance,
studies have used genetic algorithms (GAs) based on Darwin’s theory of evolution, which
apply selection criteria to create a population of individuals (experimental conditions
of the adsorption process) then randomly select parents to reproduce and generate new
individuals [20].

The objective of this work is to synthesize and characterize the hydrochar function-
alized with H2SO4 from agave bagasse, evaluate its performance for the adsorption of
Reactive Orange 84, and develop an ANN-GA model to predict and optimize the oper-
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ating conditions for maximum dye removal. The novelty of this study lies in combining
sulfonated hydrocarbon from agave bagasse with a data-driven ANN-GA optimization
framework, trained on a large experimental dataset, to accurately model and optimize the
removal of anionic dyes.

2. Materials and Methods
2.1. Materials

Agave bagasse (Tequila, Jalisco, Mexico), Sulfuric acid (Karal, Leon, Guanajuato,
Mexico, 98%), and Reactive Orange 84 (Quimica-Mexifibras brand, Leon, Guanajuato,
Mexico) were used in this study.

2.2. Production of Hydrochar

Hydrochar from agave bagasse (HCBA) was produced via hydrothermal carbonization.
The agave bagasse (BA) was first dried at 80 ◦C for approximately 3 h, until completely
dry, then crushed and sieved to a particle size of 1 mm. The methodology was based on
that developed by our research group [21,22]. PTFE liners were filled to 49.5% of their
volume, with 1.07 g of BA and 8.91 mL of sulfuric acid (H2SO4) solutions of 0.025, 0.05, 0.1,
0.125, 0.2, 0.25, and 0.5 M. A neutral control was prepared using distilled water instead of
acid. The liners were placed in stainless steel YVZOTCK reactors (Industrial KEM, Leon,
Guanajuato, Mexico) and heated in a muffle furnace (Paragon Industries, L.P., Mesquite,
TX, USA) at 200 ◦C for 24 h, reaching an internal pressure of ca. 2 MPa. After the reaction,
the reactors were allowed to cool to room temperature, and the resulting HC was filtered
through Whatman No. 1 filter paper (Sigma-Aldrich’s, St Louis, MO, USA) for 24 h.

2.3. Characterization

Thermogravimetric analysis (TGA) was performed using approximately 17 ± 0.5 mg
of HC in an alumina pan. The samples were heated from room temperature to 700 ◦C
at 10 ◦C min−1 using an SDT Q600 instrument (TA Instruments, New Castle, DE, USA).
Fourier-transform infrared spectroscopy sampling with Attenuated Total Reflectance (FTIR-
ATR) was performed to identify surface functional groups using a Thermo Scientific Smart
iTR (Nicolet iS10, Thermo Fisher Scientific, Waltham, MA, USA) spectrometer equipped
with a diamond ATR over the wavenumber range of 500–4000 cm−1. X-ray diffraction (XRD)
analysis was performed using a Phillips X’Pert MPD diffractometer (Malvern Panalytical,
Almelo, The Netherlands) equipped with a curved graphite monochromator and Cu Kα

radiation (λ = 1.54056 Å). The Brunauer–Emmet–Teller (BET) Method-specific surface area
and pore size distribution were determined by employing the Quantachrome NOVA 4200e
(SpectraLab Scientific Inc., Markham, ON, Canada). The gas adsorption system uses
nitrogen as the adsorbent. Experiments for adsorption isotherms were performed at
77.35 K with a P/P0 relative pressure ratio of 0.050/0.100 (adsorption/desorption).

2.4. Dye Removal Experiments

Reactive Orange 84 (RO84) was used as the model pollutant in a synthetic solution at
an initial concentration of 0.1 g L−1. The dye solution was mixed in beakers with HCBA at
different dosages (10, 8, 6, 4, and 2 g L−1) and agitated in a shaker at 160 rpm for 24 h. All
experiments were performed in triplicate. After agitation, samples were filtered through
a Whatman No. 1 paper filter and allowed to dry for 24 h. Aliquots of 5 mL were taken
and analyzed using UV-Visible spectroscopy at 492 nm to determine dye concentration
(Figure S1). Adsorption data were fitted to the Freundlich and Langmuir isotherm models.
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2.5. Data Analysis
2.5.1. Statistical Analysis

A statistical approach combining descriptive and inferential analysis was applied.
Descriptive statistics included measures of central tendency, dispersion, and shape, specif-
ically mean, standard deviation, coefficient of variation, skewness, and kurtosis. Box-
and-whisker plots were used to identify outliers and visualize treatment distributions.
Normality assumptions were assessed using the Shapiro–Wilk, D’Agostino K2 [14], and
Anderson–Darling tests [23–25]. Equality of variances was evaluated using Levene and
Bartlett tests.

Non-parametric methods were employed where appropriate. The Kruskal–Wallis test
identified overall differences among treatments [26,27], followed by Dunn’s post hoc test
with Bonferroni correction [28] to determine which pairs of H2SO4 concentrations and HC
dosages showed significant differences. Spearman’s correlation was used to quantify the
strength and direction of associations among H2SO4 concentration, HC dosage, absorbance,
residual dye concentration, and removal efficiency [29]. Finally, a multiple linear regression
model was fitted to predict removal efficiency as a function of experimental factors [30].

2.5.2. Artificial Neural Network: GA Model

For the performance of the ANN, real experimental data collection is required. A total
of 432 experiments with four variables was used to control and evaluate the behavior of
removal efficiency under the controlled parameters. The next step involved designing
the ANN architecture, testing several configurations with inputs such as H2SO4 molar
concentration, hydrochar ratio per liter of solution, and initial dye concentration. Finally,
one output was used: removal efficiency. Since there is no established methodology for
determining the number of hidden layers, the number of neurons in the hidden layer, or
the transfer functions, this step was performed through trial and error. The modeling was
carried out using MATLAB software (R2014a). The ANN was trained using a multilayer
perceptron with the Levenberg–Marquardt Backpropagation (LMBP) algorithm. Of the
432 experimental datasets collected, 70% were used for training the ANN, 20% for testing,
and the remaining 10% for validation, based on the root mean squared error (RMSE,
Equation (1)) and the mean absolute percentage error (MAPE, Equation (2)).

RMSE =

√
1
n

n

∑
i=1

(ti − tdi)
2 (1)

MAPE =
1
N

[
1

∑
i=1

∣∣∣∣ ti − tdi

ti

∣∣∣∣
]
∗ 100 (2)

To optimize the adsorption process, the GA evaluates the universe of operational
condition combinations (individuals), seeking the best one through crossover probability
(85%) and mutation (10%) to avoid getting stuck in local minima. The initial population
consisted of 50 individuals, with an elite count of 4 individuals. The upper and lower
bounds for the input variables were determined from the experimental data, as shown
in Table S1. As with ANN modeling, no specific methodology has been established for
determining the initial GA parameters [31]. Therefore, the parameter values for initial
population size, mutation rate, individual selection, and crossover type were determined
by trial and error.
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3. Results and Discussion
3.1. FTIR-ATR

Figure S2 shows the FTIR spectra of the agave bagasse raw material. The broad band
around 3300 cm−1 is attributed to O-H stretching, due to the presence of polysaccharides
and water [32]. The signals observed at ~2920 and 2850 cm−1 correspond to C-H stretching
vibrations associated with aliphatic chains of cellulose, hemicellulose, and lignin [2]. The
presence of a band around 1730 cm−1 is associated with the C=O stretching of carbonyl
groups, characteristic of acetyl and ester groups in hemicellulose [33], while the bands
located between 1600 and 1500 cm−1 are assigned to the vibrations of the aromatic ring of
lignin [34]. In the region of 1450–1370 cm−1, C-H deformations characteristic of cellulose are
identified [35], and the signals between 1260 and 1230 cm−1 are related to C-O and C-O-C
vibrations of ether bonds present in hemicellulose and lignin [36]. Finally, between 1160 and
900 cm−1, polysaccharide vibrations are identified, highlighting the intense band around
1030 cm−1 associated with C-O stretching [37] and the signal near 896 cm−1 attributed to
the β-(1→4)-glucosidic bond [38].

On the other hand, Figure 1 shows the FTIR spectra of HCBA W, which was performed
in distilled water without adding the sulfuric acid solution. It can be observed that the bands
corresponding to hemicellulose, lignin, and cellulose are still present, although a decrease
in their intensity is observed, indicating a partial degradation of these components [39].

Figure 1. FTIR-ATR spectroscopy of (a) HCBA W; (b) HCBA 0.025; (c) HCBA 0.05; (d) HCBA 0.1;
(e) HCBA 0.125; (f) HCBA 0.2; (g) HCBA 0.25; and (h) HCBA 0.5.

Figure 1 shows the FTIR spectra of the materials produced. The signals at 2920 and 2848
cm−1 correspond to C–H stretching vibrations, which can be attributed to aliphatic –CH,
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–CH2, and –CH3 groups derived from lignocellulosic compounds abundantly present in the
biomass [40]. The bands at 1695 and 1600 cm−1 are associated with the stretching vibrations
of C=C and C=O bonds, characteristic of aromatic compounds in agave bagasse [9,41].
Furthermore, additional peaks between 1161 and 1152 cm−1 indicate the presence of –SO3H
groups, while the signal at 1043 cm−1 corresponds to symmetric O–S–O stretching [42].
These features confirm the successful sulfonation of the hydrochar (HC) surface. The
results suggest that hydrolysis in the acidic medium altered the structure of the hydrochar,
introducing sulfonic functional groups that enhance its adsorption potential.

3.2. TGA

Figure 2 displays the TGA curves of the synthesized samples, all showing three to four
major weight-loss stages (I–IV). The first weight loss (~30–200 ◦C, I) corresponds to the
evaporation of water and light volatile compounds. The second stage (228–390 ◦C, II blue
color) is attributed to the depolymerization of cellulose and hemicellulose, while losses
above 400 ◦C (III) are associated with lignin degradation or char oxidation [43]. As shown
in Figure 2a–c an additional weight loss beyond 600 ◦C (IV) was observed, which has
been reported as the complete burnout of solid carbonaceous material [44]. A noticeable
trend is that increasing the acid concentration during synthesis reduces the percentage of
cellulose and hemicellulose depolymerization, indicating that the reaction temperature
may be insufficient for complete degradation of these components [45]. Nevertheless,
higher sulfuric acid concentrations (Figure 2d–h) appear to promote hydrolysis, facilitating
structural modification of the biomass.

 

Figure 2. TGA thermograms of (a) HCBA W; (b) HCBA 0.025; (c) HCBA 0.05; (d) HCBA 0.1;
(e) HCBA 0.125; (f) HCBA 0.2; (g) HCBA 0.25; and (h) HCBA 0.5. The depolymerization of cellulose
and hemicellulose is referred to as stage II, marked in blue.
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3.3. XRD

Figure 3 presents the XRD diffractograms of the modified HC samples. The untreated
biomass (Figure 3a, HCBA W) exhibited peaks at 14.92◦, 24.78◦, 29.99◦, and 38.02◦. In
contrast, HCBA 0.025 (Figure 3b) displayed peaks at 14.78◦, 24.35◦, 25.48◦, 30.13◦, and
38.30◦, and HCBA 0.05 (Figure 3c) showed peaks at 15.06◦, 24.49◦, 25.48◦, and 30.27◦.
Samples prepared with higher acid concentrations (HCBA 0.1 to HCBA 0.5) showed a
single peak near 25◦, indicating a progressive loss of crystallinity, Figure 3d–h.

 

Figure 3. XRD diffractograms of the samples: (a) HCBA W; (b) HCBA 0.025; (c) HCBA 0.05;
(d) HCBA 0.1; (e) HCBA 0.125; (f) HCBA 0.2; (g) HCBA 0.25; and (h) HCBA 0.5. Blue zone in-
dicates amorphous carbon microcrystallites formation during hydrothermal treatment.

Samples exhibiting multiple peaks correspond to the amorphous carbon structure
and residual cellulose from agave bagasse, suggesting incomplete carbonization [46]. As
the H2SO4 concentration increased, these peaks diminished and eventually disappeared,
indicating hydrolysis of lignocellulosic components. This result aligns with the TGA data,
where higher acid concentrations led to less mass loss, consistent with enhanced hydrolysis.
In addition, the disappearance of characteristic cellulose peaks around 25◦ suggests the
formation of amorphous carbon microcrystallites during hydrothermal treatment, similar
to reports describing cellulose structure destruction upon acid addition [47,48].

3.4. BET

Table S2 summarizes the BET surface area and pore structure data of the synthesized
HCs. Based on pore radius, most samples were nanoporous, except for HCBA 0.05 (macro-
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porous) and HCBA 0.1 (mesoporous). In general, pore volume decreased from 0.21 to
approximately 0.10–0.15 cm3 g−1, except for HCBA 0.05 and HCBA 0.1, which exhibited
increased values of 0.51 and 0.63 cm3 g−1, respectively. Surface areas ranged from 21.90 to
39.15 m2 g−1. These findings are consistent with those reported by Al-Labadi et al. [41],
who observed a surface area of 26.4 m2 g−1 in sulfuric acid-treated coal. The variations
in pore structure and surface area can be attributed to the degree of acid activation and
hydrolysis of organic components during synthesis. Similarly, the isotherms from the
analysis are shown in Figure S3, which can be attributed to type III due to their shape.
In this case, the formation of a monolayer is not identified; the interactions between the
adsorbent and the adsorbate are now relatively weak, and the adsorbed molecules cluster
around the most favorable sites on the surface of a non-porous or macroporous solid [49].

3.5. Dye Removal

Figure 4 shows the adsorption results of RO84 using HCs synthesized at different
acid concentrations and dosages (2–10 g L−1). Dye removal efficiency increased with
increasing HC dosage, likely due to a larger available adsorption surface area. However,
synthesis conditions also influenced performance: samples synthesized with water or low
acid concentrations removed less dye than those synthesized with higher acid levels. The
dataset’s distributional properties fully support the choice of non-parametric methods.
All variables associated with removal (Absorbance, RO84_remain, and Removal_percent)
failed the Shapiro–Wilk, D’Agostino K2, and Anderson–Darling normality tests, and both
Levene’s and Bartlett’s tests rejected homogeneity of variances. These results confirm that
the assumptions required for parametric ANOVA were violated, validating the exclusive
use of Kruskal–Wallis and Dunn-Bonferroni analyses.

Figure 4. Removal of Reactive Orange 84 (RO84) using hydrochars synthesized at different H2SO4

concentrations and dosages (2–10 g L−1). Error bars represent the standard error (n = 3). Statistical
differences among treatments were evaluated using the Kruskal–Wallis test followed by Dunn’s post
hoc comparisons with Bonferroni correction, as the normality and homoscedasticity assumptions
were not met (Section 2.5.1). Different letters indicate statistically significant differences (p < 0.05).

Although an ANOVA and Tukey’s test were initially considered, the normality and homo-
geneity of variance assumptions were not met, as indicated by Shapiro–Wilk, D’Agostino K2,
Anderson–Darling, Levene, and Bartlett tests. Therefore, all statistical comparisons reported in
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Figure 4 were performed exclusively using the Kruskal–Wallis test followed by Dunn’s post hoc
procedure with Bonferroni correction, ensuring complete methodological consistency.

The best performance was achieved with HCBA 0.25, although its difference from
HCBA 0.2 and HCBA 0.5 was not statistically significant. These results agree with Caglar
et al. [50], who reported that sulfuric acid functionalization enhances the adsorption of
anionic dyes on biochar surfaces. The results also show that the highest dye removal was
achieved with sample HCBA 0.25; however, this difference is not statistically significant
compared to samples HCBA 0.2 and HCBA 0.5. This study shows higher removal per-
centages (the highest being 96%) than other studies that have reported the use of H2SO4

functionalized hydrochar for the removal of cationic dyes, showing removal percentages of
approximately 85.3% [51] and ~76% [52].

Post-adsorption FTIR spectra (Figure S4) are consistent with the participation of –SO3H
groups in dye removal, suggesting that these groups were directly involved in interaction
with RO84; however, further analysis (e.g., XPS) is required to validate this interaction [53].
Table S3 also presents the isotherm-fitting results. Experimental data showed a better
fit to the Freundlich isotherm (R2 ≥ 0.99), indicating that dye adsorption occurred on a
heterogeneous surface with multilayer formation [54]. In accordance with recent studies
on hydrochars and functionalized carbons derived from lignocellulosic biomass, it has
been reported that sulfonation introduces –SO3H, –OH, and –COOH groups with different
adsorption energies, favoring electrostatic interactions and explaining the predominance of
the Freundlich model over Langmuir in dye removal using modified hydrochars [55].

3.6. Data Analysis
3.6.1. Statistical Analysis
Descriptive Statistical Analysis of Adsorption with Agave Bagasse

A descriptive statistical analysis was conducted on data obtained from adsorption
tests using agave bagasse under varying concentrations of sulfuric acid (H2SO4). Table 1
presents summary statistics for each variable, including measures of central tendency,
variability, and distribution shape. The variables analyzed were absorbance, residual RO84
dye concentration (mg L−1), and percent removal (%). The goal was to identify general
trends and the variability associated with each acid concentration.

Table 1. Descriptive statistics by H2SO4 concentration.

H2SO4 (M) Hydrochar (g L−1) Absorbance RO84 Remain (mg L−1) Removal (%)

Count 432 432 432 432 432
Average 0.15625 5.0 0.826722 57.6127 46.9532

Standard deviation 0.152631 3.41961 0.525394 36.6987 33.8562
Coefficient of variation 97.6836% 68.3922% 63.5514% 63.699% 72.1062%

Minimum 0.0 0.0 0.0178 1.10953 −6.96904
Maximum 0.5 10.0 1.6728 116.711 98.9751

Range 0.5 10.0 1.655 115.602 105.944
Standard skewness 10.2259 0.0 0.0181702 0.0181702 −0.0786348
Standard kurtosis 2.15519 −5.38543 −5.71786 −5.71786 −5.72733

The results show that absorbance varied with acid concentration, reflecting changes
in dye retention. The mean residual [RO84] decreased as H2SO4 concentration increased,
suggesting a stronger adsorption effect at higher acid levels. Consequently, the percentage
removal rose with increasing concentration, indicating improved efficiency. Low standard
deviations indicated high measurement consistency and repeatability among tests.
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A total of 432 observations was analyzed for each variable (H2SO4 concentration, HC
dosage, absorbance, RO84 residual concentration, and percent removal), providing a robust
basis for statistical evaluation and enhancing the reliability of the results.

The mean H2SO4 concentration was 0.156 M, showing that most experiments were
performed at low acid levels (maximum = 0.5 M). The average HC dosage was 5 g L−1, an
intermediate level within the tested range. Mean absorbance was 0.827, with an average
residual RO84 concentration of 57.6 mg L−1, indicating that a significant amount of dye
remained in the solution. On average, removal efficiency was 46.95%, meaning that
approximately half of the contaminant was removed under standard conditions.

High coefficients of variation (CVs) across variables indicated substantial variabil-
ity. H2SO4 concentration had a CV of 97.68%, confirming a wide experimental range.
HC dosage showed a CV of 68.39%. Both absorbance (CV = 63.55%) and residual
RO84 (CV = 63.70%) showed considerable dispersion, while the removal percentage
(CV = 72.11%) indicated non-uniform adsorption efficiency across trials.

Minimum values (0 M H2SO4, 0 g L−1 HC) corresponded to control conditions. The
lowest absorbance (0.0178) and the residual RO84 (1.11 mg L−1) corresponded to the maxi-
mum removal efficiency. Negative removal values (−6.97%) were occasionally observed,
likely due to experimental error or interference. Conversely, a maximum removal of 98.98%
confirmed that the system can achieve high efficiency under optimal conditions. The broad
overall range (up to 105.94%) reflected the diversity of the tested conditions.

H2SO4 concentration exhibited strong positive skewness (10.23), indicating that most
tests were conducted at low concentrations. Other variables (absorbance, RO84, and
removal) showed near-zero skewness, suggesting relatively symmetrical distributions.
Kurtosis values ranged from −5.38 to 5.72, indicating platykurtic (flatter-than-normal)
distributions with more evenly dispersed data.

Overall, the descriptive statistics indicate that adsorption with agave bagasse shows
high variability in removal efficiency—from nearly complete to negligible or negative
removal. The data dispersion and asymmetry highlight the significant influence of both
H2SO4 concentration and HC dosage on adsorption performance.

The dispersion matrix (Figure S5) provides a global visualization of variable relation-
ships. Diagonal panels show individual distributions, while scatter plots reveal pairwise
relationships. Absorbance and residual RO84 exhibited a nearly perfect positive correlation,
confirming that absorbance effectively indicates dye concentration. A strong negative
correlation was observed between RO84_remain and Removal_percent, consistent with
higher removal at lower residual concentrations. Meanwhile, H2SO4 concentration and
HC dosage showed more scattered relationships, implying complex, interacting effects
on adsorption.

The box-and-whisker plots presented in Figure 5 summarize the distributions of the
main experimental parameters and illustrate the effects of both sulfuric acid concentration
and biomass dosage on adsorption performance. Also, the average values (red dots) and
atypical values (blue dots) were added in the analysis. In Figure 5a, the percentage of dye
removal increases progressively with increasing H2SO4 concentration, with median values
exceeding 70% at concentrations between 0.25 and 0.5 M. However, greater variability is
observed at higher concentrations, indicating a certain degree of experimental sensitivity
under more intense conditions.

Figure 5b shows that the residual concentration of RO84 decreases as acid concen-
tration increases, dropping from median values above 80 mg L−1 in acid-free conditions
to approximately 20–30 mg L−1 at 0.25–0.5 M, confirming that acid addition enhances
contaminant removal. Similarly, Figure 5c shows that absorbance declines from above 1.4
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in the absence of acid to around 0.5 at higher concentrations, demonstrating an inverse
relationship between absorbance and adsorption efficiency.

 

Figure 5. Box-and-whisker plots of (a) percent removal (%) as a function of H2SO4 concentration;
(b) residual RO84 concentration (mg L−1) as a function of H2SO4 concentration; (c) absorbance as a
function of H2SO4 concentration, and (d) percent removal as a function of agave bagasse dose (g L−1).

Finally, Figure 5d shows that removal efficiency increases steadily with the HC dosage,
reaching median values close to 90% at 10 g L−1, highlighting the critical role of biomass
in maximizing adsorption. Overall, both H2SO4 concentration and HC dosage proved
decisive in determining adsorption efficiency: higher acid and biomass levels consistently
improved removal performance, albeit with increased variability, indicating that the sys-
tem is sensitive to experimental conditions. The combined analysis confirms the inverse
relationship between residual dye and removal efficiency and underscores the synergistic
influence of acid concentration and biomass dosage on the adsorption process.

The correlation heat map presented in Figure 6a confirms the relationships among the
main experimental variables. A perfect negative correlation (r = −1.00) is observed between
RO84_remain and Removal_percent, indicating that lower residual dye concentrations
correspond to higher removal efficiencies. Absorbance shows a perfect positive correlation
with RO84_remain (r = 1.00) and a perfect negative correlation with Removal_percent
(r = −1.00), confirming its reliability as an indicator of residual dye content. The process
variables also exhibit notable associations: H2SO4 concentration shows moderate correla-
tions, being positively correlated with removal (r = 0.40) and negatively correlated with
RO84_remain (r = −0.40), while HC dosage displays stronger correlations, positive with
removal (r = 0.71) and negative with RO84_remain (r = −0.71). These results indicate that
system efficiency is primarily governed by the reduction in dye concentration, a process
enhanced by increases in both acid and biomass levels.
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Figure 6. (a) Heat map of correlations between experimental variables; (b) Interaction graph regarding
H2SO4 concentration and HC dose on removal (%); and (c) Mean removal (%) by H2SO4 concentration
with error bars (±DE).

The high Spearman correlations observed among Absorbance, RO84_remain, and
Removal_percent (ρ = 1.000, ρ = −0.9989, and ρ = −0.9989, respectively) are expected
mathematical consequences of their definitions rather than evidence of new or independent
physical relationships. Absorbance directly determines the residual dye concentration
through the calibration curve (RO84_remain), and Removal_percent is calculated from
that same value; therefore, these variables are deterministically linked. As such, the ob-
served perfect or near-perfect monotonic correlations do not provide additional mechanistic
information but instead reflect the internal consistency of the analytical procedure.

The interaction plot (Figure 6b) further demonstrates that H2SO4 concentration and
HC dosage jointly influence removal efficiency. At low acid concentrations (≤0.05 M),
differences between HC doses are minimal, whereas at intermediate and higher acid levels
(≥0.1 M), the separation between curves becomes more pronounced, revealing a synergistic
effect between the two factors. The trend plot (Figure 6c) supports this observation, showing
a steady increase in removal efficiency as acid concentration rises to 0.25 M, followed by a
slight decline at 0.5 M. This behavior suggests that excessively high acid concentrations
may not lead to continuous improvement in adsorption. The wider error bars (red lines)
at intermediate and higher concentrations further reflect increased variability, indicating
that although removal efficiency generally improves with acid concentration, the system
becomes more sensitive under stronger experimental conditions.

Inferential Statistical Analysis of Adsorption with Agave Bagasse

To determine whether the experimental variables met the assumptions required for
parametric analyses such as ANOVA or linear regression, several normality tests were
performed. Descriptive statistics had already revealed high dispersion (coefficients of
variation > 60%) and skewness and kurtosis values inconsistent with a normal distribution,
suggesting that the data did not follow a regular pattern. Normality was formally assessed
using the Shapiro–Wilk test (sensitive for small to medium samples), the D’Agostino K2

test (which jointly evaluates skewness and kurtosis), and the Anderson–Darling test (which
emphasizes deviations in the tails).

As summarized in Table 2, all three tests for the variables Removal_percent,
RO84_remain_mgL, and Absorbance yielded p-values < 0.05, confirming non-normality.
Consequently, the data do not satisfy the assumptions required for classical parametric
models. Under these conditions, data transformation (e.g., logarithmic or Box–Cox) or
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non-parametric alternatives are recommended. In this study, non-parametric tests were
selected to ensure valid inference.

Table 2. Statistical tests of normality applied.

Variable Shapiro–Wilk
(Stat, p)

D’Agostino K2

(stat, p)
Anderson–

Darling (Stat) Critical Value at 1%. Normality

Removal_percent 0.9255, p = 0.0000 1172.77, p = 0.0000 8.9181 1.082 Not normal
RO84_remain_mgL 0.9263, p = 0.0000 1129.18, p = 0.0000 8.8775 1.082 Not normal

Absorbance 0.9263, p = 0.0000 1129.18, p = 0.0000 8.8775 1.082 Not normal

Before selecting the appropriate inferential method, the homogeneity of variances
across groups (defined by H2SO4 concentration and HC dosage) was tested using Lev-
ene’s test, which is robust to non-normal data, and Bartlett’s test, which is more sensitive
but helpful for comparison. Both tests yielded p-values < 0.05 (Levene’s: stat = 7.4301,
p = 0.0000; Bartlett’s: stat = 90.0105, p = 0.0000), rejecting the null hypothesis of equal
variances. Combined with the previous normality results, this confirmed that parametric
ANOVA could not be applied.

Accordingly, the Kruskal–Wallis test was used to compare removal distributions
across the different acid concentrations. The analysis yielded H = 134.1124 and p = 0.0000,
indicating significant differences in removal efficiency across concentrations. To identify
which specific levels differed, a Dunn’s post hoc test with Bonferroni correction was
applied (Table S4). Most pairwise comparisons were significant, although closely spaced
concentrations (e.g., 0.025 M vs. 0.05 M) did not differ after correction. These findings
suggest that acid concentration strongly influences removal efficiency, with measurable
sensitivity even at small concentration changes.

A similar approach was used to assess the effect of HC dosage. The Kruskal–Wallis
test showed highly significant differences among doses (H = 240.4156, p = 0.0000), confirm-
ing that biomass quantity affects removal performance. Dunn-Bonferroni comparisons
revealed significant differences between most dose pairs, particularly at the extremes
(0 vs. 2–10 g L−1, p < 0.001), whereas very similar doses (e.g., 8 vs. 10 g L−1) did not differ
significantly. Overall, increasing HC dosage enhanced removal efficiency, though marginal
gains diminished at higher doses.

Together, these univariate analyses demonstrated that both H2SO4 concentration and
HC dosage significantly affect adsorption efficiency. However, to determine whether
the effect of one factor depends on the other, the interaction between the two was
also examined.

Because the data did not meet the assumptions of normality or homogeneity of
variance, a two-way ANOVA was not appropriate. Instead, the interaction was explored
using non-parametric stratified Kruskal–Wallis tests and graphical inspection. Within each
HC level, the effect of acid concentration was analyzed—and vice versa. Results showed
no significant acid effect at 0 g L−1 HC (H = 2.0841, p = 0.9550), but highly significant
differences (p = 0.0000) from 2 g L−1 onward, indicating that the impact of H2SO4 depends
on the presence of biomass. Similarly, HC differences were significant across all acid
concentrations (p < 0.001). These results confirm a synergistic interaction in which acid and
biomass mutually enhance removal efficiency.

To complement the group-based analyses, Spearman’s correlation was used to quan-
tify monotonic associations among continuous variables. As shown in Table S5, H2SO4

concentration correlated moderately with removal (ρ = 0.5208, p < 0.001), while HC dosage
showed a stronger correlation (ρ = 0.7146, p < 0.001). Conversely, both Absorbance and
RO84_remain_mgL were almost perfectly negatively correlated with removal (ρ = −0.9989,
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p < 0.001), consistent with the expectation that lower residual dye levels correspond to
higher removal efficiency. These findings reinforce the consistency of previous analyses
and highlight the system’s synergistic behavior.

Finally, to build a predictive model, a multiple linear regression was performed
using H2SO4 concentration (H2SO4_M) and HC dosage (HC_gL) as predictors of Re-
moval_percent. Although the experimental data did not meet the assumptions of normality
or homoscedasticity required for parametric tests, the use of multiple linear regression
is justified given the large sample size (n = 432), which confers robustness to ordinary
least squares estimators under the central limit theorem. In addition, residual diagnostics
supported the adequacy of the model: the mean residual was close to zero (0.004), and
the residual standard deviation remained stable (17.9%). The residuals-versus-fitted plot
showed no funnel shape or systematic pattern, and the Q-Q plot displayed only mild devia-
tions at the extremes. A Shapiro–Wilk test applied to the model residuals yielded W = 0.987
(p = 0.078), indicating no substantial evidence against normality at the residual level, and
the Breusch-Pagan test showed no severe heteroscedasticity (BP = 5.21, p = 0.073). Therefore,
the regression analysis presented here should be interpreted as a predictive and exploratory
tool rather than a strict parametric inference, complementing the non-parametric results
reported in the previous sections.

The resulting model (Equation (3)) was highly significant (F = 418.1, p < 0.001) and
explained 66.1% of the variance (R2 = 0.661).

Removal_percent = −1.96 + 89.05 H2SO4_M + 7.00 HC_gL (3)

The regression results were thus used to quantify the average contribution of H2SO4

concentration and hydrochar dosage to dye removal, acknowledging that linear models
are generally robust to moderate departures from normality when sample sizes are large.
In the fitted model (R2 = 0.661), both predictors were statistically significant, with H2SO4

concentration showing the most substantial effect (β = 89.05, t = 18.21, p < 0.001; 95% CI:
79.3–98.7) and hydrochar dosage also contributing positively (β = 7.00, t = 12.46, p < 0.001;
95% CI: 5.8–8.2). Moreover, both variables exhibited clear monotonic relationships with the
response, consistent with their Spearman correlations (ρ = 0.5208 for H2SO4 and ρ = 0.7146
for hydrochar), supporting the suitability of a linear approximation for modeling trends
within the studied experimental domain.

Both coefficients were positive and significant (p < 0.001), indicating that removal
efficiency increases with higher acid concentration and biomass dose. On average, each
1 M increase in H2SO4 raised removal by 89%, while each 1 g L−1 increase in HC increased
removal by 7%.

The model’s predictions are visualized in Figure 7a (3D surface plot) and Figure 7b
(2D heat map). Both figures clearly show the cumulative, synergistic effect of acid and
biomass on removal efficiency. The steepest gradient corresponds to HC dosage, reflecting
its slightly stronger contribution (coefficient = 7.00) compared with acid concentration
(coefficient = 89.05). The darker regions in the heat map highlight conditions yielding the
highest efficiencies, providing a practical reference for process optimization.

Overall, the combination of non-parametric analyses, correlation assessment, and
regression modeling confirms that both H2SO4 concentration and HC dosage exert sig-
nificant, synergistic effects on dye removal efficiency. The regression model provides a
predictive tool for estimating performance under different experimental conditions, while
graphical representations offer clear visual evidence of the joint dynamics between acid
concentration and biomass dosage. Further model validation and exploration of nonlinear
alternatives are recommended to enhance predictive accuracy and process optimization.
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Figure 7. (a) Predicted removal surface (%) as a function of H2SO4 and HC; and (b) Heat map of
predicted removal (%) as a function of H2SO4 and HC.

3.6.2. Neuronal Networks

During data collection, all parameters were randomly varied across 432 experiments.
As mentioned above, applying an ANN-based model involves five steps: data collection,
training, architecture selection, testing, and validation. After gathering 70% of the dataset,
the remaining 30% was used for training the model and selecting the appropriate ANN
architecture. During this process, different numbers of hidden layers and neurons per layer
were tested, and the prediction accuracy of each ANN was evaluated until the ANN with
the lowest MAPE and RMSE was identified. Table 3 presents the input values used for
training and the ANN architecture selection.

Table 3. Mean, minimum, and maximum values of the collected experimental data for the training of
the ANN model.

Parameter Mean Value Minimum Maximum

[H2SO4]
(M) 0.16 (±0.15) 0 0.5

Hydrochar
(g L−1) 5.01 (±3.42) 0 10

Initial dye
concentration

(mg L−1)
57.45 (±36.68) 1.11 116.7

Removal
(%) 47.10 (±33.8) 0 98.9

The ANN was used to identify a nonlinear relationship between input and output
variables. Several topologies were tested to achieve the lowest MAPE and RMSE, resulting
in an ANN with the selected inputs: two hidden layers containing 12 and 7 neurons,
respectively, and tangential-sigmoidal transfer functions for each layer (Figure 8). This
architecture achieved an MAPE of 1.42 and an RMSE of 0.6%. According to previous studies,
machine learning can learn and predict process behavior; however, selecting the appropriate
input and output variables is essential. As noted by Akinnawo et al. [56], several factors can
influence the removal efficiency of synthetic dyes from aqueous solutions. These variables
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include pH, initial pollutant concentration, contact time, and temperature. In some cases,
the type of adsorbent used and the agitation velocity are also considered.

 

Figure 8. ANN architecture.

In all cases, the removal efficiency was analyzed. In this study, the selected inputs
align with this focus, with initial dye concentration and adsorbent dosage chosen as the
input variables. However, instead of using pH values, the molar concentration of H2SO4

was selected. Some studies have used machine learning models to predict the removal of
synthetic dyes by carbon-based adsorbents, including white green [57], Congo red [12], and
methylene blue [58]. These models accurately predicted process behavior, but achieving the
highest removal efficiencies or minimizing reactant use required an optimization method.
This study utilized a genetic algorithm for this purpose.

Optimization of the Adsorption of a Synthetic Dye with GA

The aim of using an ANN-GA model was to identify operational conditions that
maximize removal efficiency while requiring relatively low resources. Previous studies have
successfully optimized the adsorption of synthetic dyes by designing experiments [29,31],
where the use of surface response methodology was suitable for determining optimal
operational conditions and removing the highest synthetic dye concentration by identifying
the variable with the greatest impact on the response variable. These studies achieved
complete removal of the synthetic dye at concentrations below 40 mg L−1. However, a
limitation of these studies is that only a few modifications can be made to each variable,
typically resulting in the study of only 3 to 5 combinations. Conversely, some authors have
reported that modifying the initial dye concentration, pH, contact time, or temperature
can increase the process’ maximum removal efficiency [59,60]. Such studies demand
significant time, effort, and resources because variables are examined independently, with
only a limited number of combinations tested at a time. In this research, a GA model was
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employed, capable of evaluating all possible combinations and interactions simultaneously,
as it comprehensively explores the entire range of potential options [17].

When a GA is applied, the ANN functions as a fitness tool that can virtually simulate
all the experimental data not collected during the data collection phase due to time and
resource constraints. Consequently, the model becomes crucial for simulating and testing
all possible combinations of experimental conditions, thus saving valuable resources [61].
A combined ANN and GA AI model was needed to simulate the complex nonlinear
processes involved in the adsorption of the synthetic dye using hydrochar. Although only
three variables were used, they had the greatest influence on the synthetic dye’s removal
efficiency, as determined by adsorption optimization studies [58].

The GA model was developed using a population of individuals, each containing a
genetic code based on the molar concentration of H2SO4, the adsorbent dose, the initial dye
concentration, and the resulting removal efficiency. After selecting crossover probabilities
and a mutation rate for an initial population based on potential experimental conditions
that maximize removal efficiency while minimizing requirements, the GA generates a
population of individuals that procreate new children representing a completely new
combination of experimental conditions. The process continues until the optimal solution
to the problem is identified as a combination of experimental conditions that yields the
highest removal efficiency at the lowest requirements (Table 4).

Table 4. Possible operational conditions for the HCBA investigation process.

Parameter
Variable

[H2SO4]
(M)

Hydrochar
(g L−1)

Initial Dye Concentration
(mg L−1)

Removal
(%)

Proposed combination 0.45 1.4 100 99.9

Table 4 provides a clear example of a global solution to an optimization problem,
where the GA recommends an H2SO4 molar concentration of 0.45, a low hydrochar dosage,
and a high synthetic dye concentration. Even though controlling initial pollutant concentra-
tion is challenging in real wastewater treatment facilities, this value offers valuable insights
into the process performance at these parameters, according to the ANN-GA model. In
conclusion, this study provides reliable insights into how AI can enhance pollutant removal
in adsorption processes. Finally, Table 5 shows the results after testing the conditions rec-
ommended by the AI model. As observed, nearly 100% removal was achieved, confirming
the model’s reliability.

Table 5. Experimental validation of the ANN-GA model.

Experiment [H2SO4]
(M)

Hydrochar
(g L−1)

Initial Dye Concentration
(mg L−1)

Removal
(%)

1 0.45 1.4 100 97
2 0.45 1.4 100 99.9
3 0.45 1.4 100 98

4. Conclusions
The study demonstrated that functionalized HC obtained through hydrothermal treatment

of agave bagasse in the presence of H2SO4 effectively enhances dye removal performance.
Characterization analyses (BET, FTIR-ATR, TGA, and XRD) confirmed that acid-

assisted hydrothermal synthesis produces a material with a wide range of pore sizes and
sulfonated functional groups. Increasing the acid concentration in the synthesis medium
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promotes the hydrolysis of lignocellulosic components, improving the surface reactivity of
the resulting HC.

Adsorption experiments and post-adsorption FTIR analyses indicated that the sul-
fonated (–SO3) groups of the HC actively interact with the RO84, likely through ionic
bonding or ion-exchange mechanisms, thereby enhancing removal efficiency. The disap-
pearance of the –SO3 band after adsorption further supports the participation of these
groups in the removal process.

Statistical analyses confirmed that both H2SO4 concentration and HC dosage exert sig-
nificant and synergistic effects on dye removal. These findings were consistently supported
by non-parametric tests, correlation analyses, and predictive modeling, which together
provide a robust basis for process optimization. The regression model developed allows
reliable prediction of removal efficiency under varying experimental conditions.

Optimal removal was achieved with HC synthesized at acid concentrations of 0.20–0.25 M
and an adsorbent dosage of 10 g L−1, providing the best balance between material perfor-
mance and process stability.

FTIR analysis revealed the appearance of the –SO3 group in the functionalized material.
However, the disappearance of this band after the removal process indicates that these
groups actively interact with the dye, possibly through ionic bonds or exchange reactions,
suggesting that the acid not only modifies the adsorbent surface but also directly intervenes
in the removal mechanism.

The ANN model was able to simulate the adsorption process, and after applying the
GA, an optimal combination of operational conditions was determined. Testing these val-
ues, the model demonstrated its reliability, achieving high removal efficiency with minimal
resource consumption. This validates the usefulness of this AI model for optimization
problems with complex nonlinear interactions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/pr14010010/s1, Figure S1: UV-Visible Spectroscopy of Reactive
Orange 84 Dye; Figure S2: Spectroscopy FT-IR ATR of agave bagasse raw material; Figure S3: BET
analysis isotherms (a) HCBA W, (b) HCBA 0.025, (c) HCBA 0.05, (d) HCBA 0.1, (e) HCBA 0.125,
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