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A B S T R A C T

Dyes are extensively employed in the pharmaceutical industry and laboratories and their persistence in waste-
waters presents severe environmental and health hazards due to toxicity and resistance to biodegradation. This 
study examines an efficient method of dye removal by valorization of pharmaceutical waste, Streptomyces rimosus 
(SR) biomass, raw and impregnated with SDS. The biosorbents were evaluated for removal of Fuchsin dye (Basic 
Violet 14, BV14) under varying pH, biosorbent dose, contact time, initial dye concentration, and temperature. 
SDS-SR showed ~ 98% removal at 2 g/L compared to 4 g/L for raw SR to have similar efficiency. Kinetic data 
were described by the pseudo-second order model and equilibrium data was described by Hill and Sips isotherms 
suggesting the presence of heterogeneous surfaces, cooperative adsorption and multilayer formation. Thermo-
dynamic analysis confirmed a spontaneous (ΔG ◦ <0), exothermic (ΔH ◦ <0) physisorption-driven process. DFT 
calculation results showed that the SDS modification enhanced the BV14 adsorption energy from − 1.42 to − 2.87 
eV, leading to an increase of the electrostatic and hydrophobic interactions which are consistent with experi-
mental observations. Additionally, machine learning models (ANN, linear regression, decision tree, random 

forest) were trained on experimental data where ANN model resulted in the highest predictive accuracy. Hybrid 
optimization using ANN couple with GA and PSO was used to find optimal operational conditions for maximum 

adsorption. This study proves that SDS-modified SR is an effective and eco-friendly biosorbent as it combines 
waste valorization and molecular-level understanding using DFT with predictive AI modeling. The approach 
offers a sustainable, circular-economy strategy for pharmaceutical and laboratory wastewater treatment, 
combining high removal efficiency, mechanistic insight, and data-driven optimization.

1. Introduction

Pharmaceutical and laboratory industries are major contributors to 
complex industrial wastewater, with pharmaceutical manufacturing 
processes producing several hundred to several thousands of cubic me-
ters of effluent per ton of product, which is of great challenge for con-
ventional treatment. These effluents contain various organic and 
inorganic contaminants such as synthetic dyes, solvents, antibiotics and 
other biologically active compounds, which are often resistant to

degradation (Bharagava et al., 2020). Among them, cationic dyes like 
Basic Fuchsin, or Basic Violet 14 (BV14), are commonly seen in bio-
logical staining, diagnostic assays and laboratory uses, and can be 
released to aquatic systems through laboratory, pharmaceutical and 
mixed industrial discharges (El-Sayed et al., 2024; J. Griffiths., 1984). 
Their intense color, high solubility and chemical stability make them 

very persistent in the aquatic environment, and their aromatic structures 
resist conventional biodegradation processes, resulting in ecological and 
human health risks (Patil et al., 2022; Singha et al., 2021).
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Conventional wastewater treatment approaches, such as coagula-
tion, flocculation, membrane filtration, activated carbon adsorption and 
biological degradation, are not always effective in removing these dyes, 
due to their low biodegradability and possible microbial toxicity (Islam 

et al., 2022; Slama et al., 2021). Physicochemical techniques such as 
oxidation and ozonation, although they are great for degrading the 
organic molecules, are energy-intensive, and may produce harmful by-
products. Consequently, sustainable alternatives are required to 
address dye-laden wastewater effectively.

Biosorption has emerged as a promising solution, using natural ma-
terials with high functional groups that can bind dye molecules (Chan 
et al., 2022; Deyris et al., 2023; do Nascimento Júnior et al., 2024; Okoro 
et al., 2022), which are cost-effective, environmentally friendly and easy 
to implement, especially from waste biomass (do Nascimento Júnior 
et al., 2024; Elgarahy et al., 2021; Guleria et al., 2022; Sharma et al., 
2022). Various biosorbents obtained from agricultural residues, micro-
bial biomass, and industrial by-products (Azeez and Al-Zuhairi, 2022; 
Sintakindi and Ankamwar, 2021; Tang et al., 2022) have shown high 
adsorption capacities for dyes such as methyl violet 2B (Kooh et al., 
2018), malachite green (Kooh et al., 2016) and rhodamine B (Kooh 
et al., 2019). Moreover, the development of green photocatalysts based 
on agricultural wastes offers the twin advantage of efficient dye degra-
dation and valorization of biomass waste (Asim et al., 2022; Khan et al., 
2023).

Building on this basis, the current study examines the potential of 
Streptomyces rimosus (SR) biomass, a by-product of the production of 
antibiotics, as a novel bioremediant for the removal of BV14. To improve 
the adsorption performance, SR biomass was surface modified using 
sodium dodecyl sulfate (SDS), an anionic surfactant that can introduce 
new functional groups, increase the hydrophobicity (Almas et al., 2023) 
facilitate and increase electrostatic interactions (Sharma et al., 2024) 
with cationic dyes (Naseem et al., 2022). Previous studies with SDS 
modified biosorbents such as rice husk and chitosan have demonstrated 
enhanced adsorption of dyes such as crystal violet (Ahmad et al., 2022) 
and methylene blue (Ranjbari et al., 2022). Thus, SDS treatment is hy-
pothesized to significantly enhance the BV14 removal efficiency of SR 
biomass (Saxena et al., 2023).

Recently, machine learning (ML) techniques have become prominent 
in the field of environmental engineering because they can be used to 
model complex nonlinear systems and optimize process conditions. In 
this study, experimental biosorption data were modeled by ANN 
(Taoufik et al., 2022), linear regression (Yang et al., 2021), decision tree 
(Hassan and Kazemi, 2025), and random forest (Zhao et al., 2024) al-
gorithms, whereas hybrid optimization techniques (GA and PSO) 
(Khiam et al., 2022; C. Li et al., 2024) were used to determine the op-
timum operational parameters, integrating experimental data with 
predictive modeling for better process understanding (Gamboa et al., 
2024).

To elucidate the adsorption mechanisms, the effects of initial pH, 
kinetics, isotherms and thermodynamics were systematically studied. 
Additionally, density functional theory (DFT) was used to compare the 
interaction energies of BV14 with raw and SDS modified biomass sur-
faces to validate experimental data on a molecular level. This approach 
not only confirms the reliability and precision of the experimental data 
but also demonstrates the feasibility of using DFT as a predictive tool for 
guiding biosorbent selection and process design prior to labor-intensive 
experimentation.

The novelty of this work lies in the integrated investigation of BV14 
removal using a valorized pharmaceutical by-product, Streptomyces 
rimosus biomass, activated through SDS surfactant modification. 
Experimental results were modeled and optimized using bi-hybrid ma-
chine learning approaches (ANN–GA and ANN–PSO), while DFT calcu-
lations provided molecular-level insight and validated experimental 
precision, highlighting the potential of DFT as a predictive tool for future 
biosorption studies. This multidisciplinary approach advances funda-
mental understanding and offers a sustainable, data-driven strategy for

treating pharmaceutical and laboratory wastewater within a circular 
economy framework.

2. Materials and methods

2.1. Materials and chemicals

The following materials and chemicals were used in this study:

• Biomass: Mycelial biomass of Streptomyces rimosus (SR), obtained as a 
by-product from the SAIDAL pharmaceutical unit (Médéa, Algeria), 
where it is used for oxytetracycline production. In its raw state, the 
biomass appears as superposed brown sheets (Finlay et al., 1950).

• Surfactant: Sodium dodecyl sulfate (SDS), analytical grade, pur-
chased from Sigma-Aldrich (Table S1).

• Adsorbate: Fuchsin dye (Basic Violet 14, BV14), analytical grade, 
obtained from Sigma-Aldrich (Table S1).

• Other chemicals: Potassium nitrate (KNO 3 ), hydrochloric acid (HCl, 
0.1 N), and sodium hydroxide (NaOH, 0.1 N) were used for pH ad-
justments and pH p zc determination. All chemicals were of analytical 
grade and used without further purification.

• Water: Distilled water was used for all solution preparations and 
washing steps.

2.2. Adsorbent preparation and surfactant impregnation

The raw SR biomass was thoroughly washed with tap water, fol-
lowed by distilled water, and dried in an oven at 55 ◦ C for 24 h until a 
constant weight was achieved. The dried biomass was mechanically 
ground and sieved to obtain a granulometry size ranging from 50 to 160 
μm.

To prepare SDS-impregnated SR biomass (SDS-SR), 20 g of SDS was 
dissolved in 250 mL of distilled water and mixed with 10 g of SR 
biomass under continuous agitation for 24 h (Chatterjee et al., 2011). 
The resulting suspension was vacuum-filtered, and the collected biomass 
was dried at 55 ◦ C for 24 h, then ground and sieved to 50–160 μm 

(Ahmad et al., 2022; Ranjbari et al., 2022).

2.3. Determination of the point of zero charge (pH PZC )

The point of zero charge (pH PZC ) indicates the pH at which the 
adsorbent surface is electrically neutral when introduced into a solution. 
It represents the pH at which the biomass surface has zero charge.

To determine the pH PZC , 50 mL of 0.1 M KNO 3 solution was placed in 
a series of 250 mL Erlenmeyer flasks, whose initial pH was adjusted 
between 2 and 10 by adding either 0.1 N HCl or 0.1 N NaOH (Feddane 
et al., 2023). 1 g of either SR biomass or SDS-SR biomass was added to 
each flask. The solid liquid mixture was continuously stirred for 48 h, 
after which the final pH of each solution was measured (Ahamad and 
Nasar, 2024).

The variation between the initial and final pH values was then 
plotted against the pH i . pH PZC of SR or SDS-SR biomass is the intersec-
tion of the ΔpH(pH f − pH i ) = f(pH i ) curve with the x-axis.

2.4. Adsorbate preparation

A stock solution of Fuchsin dye; also known as Basic Violet 14 (BV14) 
(Kim et al., 2025); was prepared at a concentration of 1000 mg/L by 
dissolving 1 g of dye in 1 L of distilled water. Working solutions with 
concentrations ranging from 10 to 250 mg/L were then obtained by 
appropriately diluting the stock solution with distilled water.

2.5. Batch experiments study

A calibration curve, A = f(C), was prepared using standard Fuchsin 
dye (BV14) solutions at known concentrations (2, 4, 6 …20 mg/L). The
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absorbance of each solution was measured using a UV–visible spectro-
photometer (Jenway 6700) at the maximum wavelength (λ max ) = 542 
nm. This calibration curve was subsequently used to determine the 
concentration of unknown dye sample.

Batch adsorption experiments were carried out to evaluate the 
removal of BV14 by the biomass. In each experiment, 50 mL of dye 
solution with a known initial concentration (C i ) was placed in a 250 mL 
Erlenmeyer flask, and the initial pH (pH i ) was adjusted to the desired 
value using 0.1 N HCl or 0.1 N NaOH. A precisely weighed mass of

biomass (m) was then added, and the mixture was stirred at 250 rpm at 
room temperature (297 K) for a predetermined contact time.

After the contact time, the biomass was separated from the solution 
by filtration through a 0.45 μm syringe filter, followed by centrifuga-
tion. The concentration of BV14 in the filtrate was determined using the 
UV–visible spectrophotometer at λ max = 542 nm.

The amount of BV14 adsorbed at equilibrium or at t time was 
calculated using the following equation:
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Fig. 1. A) Infrared spectrum of SR, SDS-SR before and after BV14 biosorption. B) X-ray Diffraction Spectroscopy. C) X-ray Photoelectron Spectroscopy. D) Ther-
mogravimetric analysis. E) Brunauer-Emmett-Teller isotherm plots. F) Scanning Electron Microscopy of SR biomass before and after BV14 biosorption.
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Fig. 1. (continued).
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q e,t = 

( 
C i − C e,t 

) 
*V 

m
(1) 

and the removal percentage of BV14 was calculated using the following 
equation:

R(%) = 
C i − C e

C i
× 100 (2)

Where C i and C e (mg/L) represent the initial and equilibrium BV14 
concentrations, respectively; V (L) is the volume of BV14 solution; m (g) 
is the mass of the biomass; and q e (mg/g) indicates the amount of BV14 
adsorbed per gram of biomass at equilibrium.

2.6. Adsorption kinetics modeling

The adsorption kinetics of BV14 onto both SR and SDS-SR biomasses 
were investigated using the pseudo-first-order model (Lagergren, 1898) 
and the pseudo-second-order model (Ho and McKay) (Ho and Mckay, 
1999). The corresponding kinetic equations, along with their rate con-
stants are presented in table S2.

Comparing both models helps distinguish between physisorption 
which is dominated by physical attraction or chemisorption, which

involves chemical bonding through electron sharing or exchange with
surface functional groups (Jawad et al., 2019). This distinction is crucial 
to understand the nature of interactions between the biosorbent and the 
dye molecules.

2.7. Adsorption isotherm modeling

In order to model the experimental equilibrium data, eight different 
adsorption isotherm equations were evaluated to identify the best-fitting 
model. For this purpose, a nonlinear regression analysis based on the 
correlation coefficient was performed, together with two additional non-
linear error analysis functions. The isothermal equations used in this 
study are summarized in table S2.

2.8. Adsorption thermodynamics

The change in Gibbs free energy ΔG during the adsorption process is 
connected to the adsorption equilibrium constant through the classical 
Van’t Hoff equation in table S2 (Tran et al., 2021).

The value of the enthalpy change ΔH and the entropy change ΔS 
were determined from the slope and intercept, respectively, of the graph 
plotting ln (K ◦ ) versus1/T.

Fig. 1. (continued).
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A full error analysis was performed to determine the most appro-
priate isothermal model, the three error functions (Nebaghe et al., 2016; 
Sivarajasekar and Baskar, 2019) used being presented in table S2.

2.9. Desorption study

Desorption and regeneration experiments (Ghosh et al., 2023) were 
conducted to assess the reusability of both SR and SDS-SR biomasses for 
the removal of BV14 dye. Adsorption experiments were carried out 
under the following conditions: initial dye concentration (C i ) = 20 mg/ 
L, initial pH (pH i ) = 5, and biomass concentration (C b ) = 4 g/L for SR 
and 2 g/L for SDS-SR, at a constant room temperature of 297 K. The total 
adsorption removal percentage (Ads %) was then determined.

After adsorption, the biomass was separated via filtration, thor-
oughly washed with distilled water to remove unadsorbed dye residues, 
and dried for desorption analysis. Chemical regeneration was employed 
for the desorption studies. A methanol–water washing solution was 
prepared by mixing 2 mL of pure methanol with 8 mL of distilled water 
in a 50 mL Erlenmeyer flask. Then, a known quantity of dye-loaded 
biomass (1 g/L) was added to the flask, the assembly was stirred for 
60 min at 250 rpm using a magnetical stirrer to ensure homogenization 
of the mixture.

Following stirring, the mixture was filtered and centrifuged, and the 
concentration of the desorbed BV14 dye was measured using a UV–Vi-
sible spectrophotometer (Jenway 6700) at a wavelength λ max = 542 nm. 
The filtered biomass was then prepared for another adsorp-
tion–desorption cycle. A total of four consecutive adsorption–desorption 
cycles were performed. After each cycle, the amount of desorbed dye 
was quantified, and the desorption efficiency (%) was calculated using 
the following equation (Alsaiari et al., 2022):

Des (%) = 

(
C d *V d 
q e *m

) 

× 100 = 
q d 
q e

× 100 (3)

C d (mg/L) is dye concentration in the desorbing solution, V d (L) is the 
volume of the desorbing solution, q e (mg/g) is the adsorption capacity 
obtained from the previous adsorption cycle, m (g) is the mass of 
biomass.

2.10. Density functional theory (DFT) Calculations

All DFT calculations were performed using the Gaussian 09 package 
with the B3LYP functional and 6-31G+(d,p) basis set (Yılmaz, 2025). 
Geometry optimizations as well as frequency analyses confirmed that all 
structures are true minima (Rad et al., 2021). Adsorption systems were 
built by placing the individual BV14 dye molecule in proximity to 
functional groups of two surface models:

(1) a lipoteichoic acid (LTA) fragment, representing the native 
cell-wall structure of raw Streptomyces rimosus (SR), and (2) LTA 
impregnated with a SDS unit, representing the SDS-impregnated 
biomass (SDS-SR) in different orientations (π-π stacking, hydrogen 
bonding and electrostatic interactions) (Tao et al., 2019). The most 
stable configurations were found by comparing the total adsorption 
energies calculated as (Sharma et al., 2023):

Eads = EBV14 + biomass − (EBV14 + Ebiomass) (4)

and more negative values indicate stronger and more spontaneous in-
teractions (Ibrahim et al., 2024). Frontier molecular orbitals (HOMO-
LUMO) (Yen et al., 2017)(Ormachea et al., 2015), molecular electro-
static potential (MEP) maps (Vanasundari et al., 2017) and the con-
ceptual DFT descriptors (chemical potential μ, hardness η, softness S, 
electrophilicity ω, and nucleophilicity N) were analyzed in order to 
describe the charge transfer, reactivity and local adsorption sites
(Domingo et al., 2007). Parr functions (P+k and P −k ) were also calculated
to find the electrophilic and nucleophilic regions participating in the 
adsorption (Zeng et al., 2017). This combined energetic and electronic

analysis gives an integrated insight into the stability, strength and na-
ture of dye-biomass interactions.

2.11. Machine learning methods

In this study, in order to predict the adsorption capacity of BV14 dye 
by SR and SDS-SR biomasses, four-machine learning methods were 
applied (artificial neural network, linear regression, decision tree, and 
random forest). Five features have been used, including the contact 
time, adsorbent concentration, initial dye concentration, pH, and tem-
perature. The target output for all models was the adsorption capacity in 
(mg/g).

In order to check the model’s effectiveness and generalization, the 
dataset was randomly split into 80% for training and 20% for testing for 
all methods. In order to validate the model performance, three standard 
metrics have been used: the correlation coefficient (R), the coefficient of 
determination (R2), and the root mean square error (RMSE), computed 
for training, testing, and all data combined.

Artificial Neural Networks (ANNs) (Fig. S1. A) are powerful machine 
learning methods that are known for being able to model complicated 
nonlinear relations (Tealab, 2018). Similar to biological neurons, ANNs 
use connected nodes to transmit and work on information. It is consisted 
of input, output, and hidden layers. Hidden layers contain the tunable 
number of nodes (Wu, 1992). The right selection of hidden nodes is 
necessary to avoid overfitting or underfitting. Overfitting is associated 
with too many features, whereas underfitting is caused by a not-
complex-enough model. The use of cross-validation, regularization, 
and early stopping makes it possible to prevent overfitting and increase 
how well the model performs in general. In the current paper, a neural 
network with 1 hidden layer was trained using gradient descent with 
momentum to boost efficiency and stability.

Over time, linear regression has undergone many improvements in 
statistics. In the beginning, when computers were not available, it was 
common to linearize models by adjusting equations in a simple way. 
Linear regression is a method that explains the link between a dependent 
variable and one or more independent variables by finding the right 
coefficients from the data (Mostoufi and Constantinides, 2023). It sup-
ports statistical analysis and allows for expanding it with statistic tech-
niques such as multiple linear regression for several independent 
variables (Li Haksun, 2022). Additionally, it has led to the development 
of the generalized linear model and hierarchical linear model (Yin et al., 
2022).

A Decision Tree is a supervised learning algorithm that is applied to 
both regression and classification (Fig. S1. B). It organizes the data by 
splitting them using different feature values, which creates a tree 
structure with the root node at the top and the leaf nodes where pre-
dictions are done. Every time a split happens, it forms a rule that helps 
the model process the data. Interpreting decision tree is easy, and are 
able to deal with nonlinear relationships. However, overfitting can occur 
regularly, mostly if the dataset is small or has lots of noise. To overcome 
this, branches that are not needed are removed with pruning, which 
increases how well the model can generalize new data.

Random forest gathers and uses numerous decision trees, improving 
the model’s precision and steadiness by mixing the outcomes predicted 
by each tree (Fig. S1. C). When making random selections of samples and 
features during RF development, the classifiers are more diverse, so the 
RF performs better in classification (Wang et al., 2024; Xia et al., 2024). 
RF uses the Bagging method, which is a parallel way of applying 
ensemble learning (Wang et al., 2022). Random noise in both columns 
and rows helps RF regression lower the odds of overfitting. The key 
principle in Bagging is to get several samples from the original sample 
using the Bootstrap method, develop a decision tree for each sample, and 
combine all their predictions by voting (Dar and Chand, 2024).
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2.12. Optimization algorithms

In this study, advanced optimization methods were applied, Genetic 
Algorithm (GA) and Particle Swarm Optimization (PSO). A Genetic Al-
gorithm (GA) is a kind of metaheuristic that is modeled after natural 
evolution in a population. First, a set of different solutions is proposed, 
their suitability is assessed, and evolution happens through selection, 
crossover, and mutation from one generation to the next. It is especially 
strong at solving complex, multimodal, or discrete search spaces, but to 
keep its performance high, the parameter tuning (crossover and muta-
tion rates) need to be carefully set to avoid overconvergence or an empty 
search pool (Katoch et al., 2021).

Particle Swarm Optimization (PSO) is based on the group actions of 
birds and fish. It contains particles that are defined by both their posi-
tions and velocities. Each particle adjusts how it moves using its own 
best experiences as well as the swarm’s global best, helping the group to 
travel efficiently in nonlinear and continuous spaces. PSO is valued for 
its simplicity and speed; however, it still requires the development of 
advanced versions to avoid premature trapping in local optima (Gad, 
2022).

3. Results and discussion

3.1. Impregnation process and characterization of adsorbent

Since adsorption is a surface phenomenon, the properties and char-
acterization of the adsorbent surface play a decisive role in its adsorp-
tion performance. These analyses aimed to confirm the successful 
impregnation of SDS onto the SR surface and elucidate the functional 
groups involved in the adsorption mechanism of the cationic BV14 dye. 

A) Fourier-transform infrared (FTIR) spectroscopy was used to 
identify the main surface functional groups of SR biomass, SDS-modified 
biomass (SDS-SR), and SDS-SR after BV14 adsorption (Fig. 1. A).

For SR biomass, the broad band around 3334–3281 cm − 1 corre-
sponds to overlapping –OH and –NH stretching vibrations, indicating 
hydroxyl and amino groups. The band at ~ 1638 cm − 1 is attributed to 
C=O stretching (carboxyl or amide groups), while the band close to 
1028 cm − 1 is attributed to C–O stretching of polysaccharides (Kirova 
et al., 2021). After SDS impregnation (SDS-SR) new characteristic 
peaks appear at 2916 and 2850 cm − 1 , assigned to alkyl C–H stretching 
vibrations of the SDS hydrophobic chains. Moreover, different bands are
observed at 1216, 994, and 825 cm − 1 which correspond to –SO 4− (sul-
fate) groups confirming successful SDS impregnation and introduction

Fig. 2. Proposed adsorption mechanism of BV14 dye onto SR and SDS-SR biomasses.
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of anionic functional groups onto the biomass surface (Bat-Amgalan 
et al., 2021). After BV14 adsorption, large spectral changes are 
detected. The peaks related to sulfates (1216, 994, 825 cm − 1 ) decrease 
significantly or disappear, indicating the existence of strong electrostatic
interactions between the –SO 4− groups and the cationic dye. The band
around 994 cm − 1 shifts to 1025 cm − 1 , which suggests changes in the 
chemical environment of sulfate or polysaccharide groups (Que et al., 
2018). Additionally, a slight shift of the C=O band (1638 to 1625 cm − 1 ) 
indicates possible hydrogen bonding interactions between BV14 mole-
cules and native functional groups of the biomass (Othmani et al., 2025). 
These results prove that sulfate groups introduced by SDS play the

dominant role in BV14 adsorption, with additional contributions from 

the native hydroxyl and carbonyl groups (Djebbah et al., 2022).
B) X-ray diffraction (XRD) analysis was carried out to assess the 

structural organization and crystalline variation of the SR biomass 
before and after SDS impregnation (Zhao et al., 2020). The XRD patterns 
of SR biomass before and after SDS impregnation show the predomi-
nance of amorphous structural features with noticeable modifications 
after surfactant treatment (Fig. 1. B). The raw SR biomass shows a wide 
diffraction halo centered at 2θ ≈ 20–25 ◦ typical for amorphous organic 
materials such as polysaccharides, proteins and other biopolymers, and 
indicating a lack of long-range crystalline order. After SDS

Fig. 3. Effects of A) solution pH, B) point of zero charge pH pzc ), C) adsorbent dose, D) contact time, E) initial dye concentration, and F) temperature on the adsorption 
capacity of BV14 onto SR and SDS-SR biomasses; G) thermodynamic modeling; and H) desorption cycles for BV14 on (a) SR biomass and (b) SDS-SR biomass.
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impregnation, the overall amorphous profile is preserved, although 
minor alterations in peak intensity and appearance of weak additional 
reflections are suggestive of incorporation of SDS molecules on the 
biomass surface. The increased intensity and slight sharpening in the 
20–25 ◦ region may be attributed to partial organization of the dodecyl 
chains and short-range order induced from surfactant self-assembly. No 
sharp crystalline peaks corresponding to bulk crystalline SDS are 
observed suggesting that SDS is well-dispersed and mainly adsorbed 
instead of forming separate crystalline domains. These structural mod-
ifications confirm successful impregnation and suggest that SDS 
adsorption induces surface reorganization without altering the intrinsic 
amorphous nature of the biomass, thereby preserving its porous struc-
ture while introducing functional domains favorable for enhanced dye 
adsorption (Othmani et al., 2026).

C) X-ray photoelectron spectroscopy (XPS) is a surface-sensitive 
technique that is used to determine the elemental composition, oxida-
tion states and chemical functionality within the top ~ 5–10 nm of SR 
and SDS-SR biomasses. It provides both survey spectra (elemental and 
atomic identification) and high-resolution spectra (chemical state 
analysis through peak deconvolution). X-ray photoelectron spectros-
copy (XPS) revealed significant surface chemical differences between 
the SR and SDS-SR biomasses, directly correlating with the enhanced 
adsorption of BV14 dye (Fig. 1. C). The SR biomass spectrum is mainly 
dominated by C1s (~284.8 eV) and O1s (~532 eV) peaks related to 
C–C/C–H, C–O, C=O, and O–C=O groups of the biopolymeric structures 
along with a minor contribution of N1s (~400 eV) from amine/amide

functionalities. A Na1s signal is also observed in SR which is attributed 
to an intrinsic sodium in the raw biomass. After SDS impregnation, a 
distinct S2p peak around 169 eV confirms the successful immobilization 
of dodecyl sulfate anions, and the intensity of Na1s peak is not affected 
which indicates that the Na + from SDS is not retained on the surface. An 
increase in the C–C/C–H contribution is a further reflection of the 
incorporation of aliphatic chains. Compared to the raw biomass, whose 
adsorption capacity relied mainly on native carboxyl groups and 
hydrogen bonding, the SDS-impregnated material exhibits a dual 
interaction mechanism toward cationic BV14: strong electrostatic
attraction between –SO 4− groups and the positively charged dye mole-
cules, together with additional hydrophobic interactions between the 
dye’s aromatic structure and the alkyl chains (Xu et al., 2023). This 
synergic effect increases the dye-surface affinity and stabilizes adsorp-
tion, and therefore explains the improved adsorption capacity obtained 
after SDS impregnation.

D) Thermogravimetric analysis (TGA) was performed to evaluate 
the thermal stability and decomposition behavior of the SR and SDS-SR 
biomasses (Fig. 1. D). The SR biomass shows a typical multi-step 
degradation profile, first with a weight loss at low temperature due to 
the evaporation of moisture followed by a major degradation stage 
related to the breakdown of organic constituents such as proteins, 
polysaccharides and lipids (Amiri and Raayatpisheh, 2024). The SDS-SR 
biomass exhibits a modified thermal behavior in terms of slightly 
shifted main degradation region and higher residual mass at high tem-
perature. The altered decomposition pattern indicates successful

Fig. 3. (continued).
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incorporation of SDS onto the biomass surface, where the surfactant 
contributes additional organic content and modifies the thermal 
decomposition pathway. The enhanced residual mass and smoother 
degradation slope imply better thermal stability which is probably 
attributed to the interactions between the sulfate headgroups and

surface functional groups and partial surface coverage by the hydro-
phobic dodecyl chains (Almas et al., 2023). Overall, the TGA results 
confirm effective SDS impregnation and demonstrate that the surfactant 
induces measurable changes in the thermal stability of the biomass 
without disrupting its fundamental decomposition profile.

Table 1
Kinetic model parameters, isotherm model parameters with error analysis, and thermodynamic parameters for the adsorption process.

Section Model Parameter SR SDS-SR

Kinetics Pseudo-first order q e (mg/g)
q 1 (mg/g)
k 1 (min − 1 )
R 2

MSE
RMSE

4.89
4.830
0.633
0.999
0.002
0.044

9.99
9.837
0.463
0.998
0.009
0.098

Pseudo-second order q e (mg/g)
q 2 (mg/g)
k 2 (mg/g⋅min) 
R 2

MSE
RMSE

4.89
4.894
0.682
0.999
0.001
0.016

9.99
10.083
0.157
0.999
0.002
0.042

Isotherms Experimental q max (mg/g) 51.242 97.015
Two-parameter Isotherms Langmuir q max (mg/g)

K L
R 2 

MSE 
RMSE 

60.102
0.229
0.994
2.203
1.484

141.430
0.067
0.996
4.110
2.027

Freundlich K F
n
R 2 

MSE 
RMSE 

15.315
2.645
0.924
27.302
5.225

13.506
1.731
0.967
40.050
6.328

Jovanovic-monolayer q max 

K J
R 2 

MSE 
RMSE 

50.586
0.209
0.996
1.242
1.114

103.195
0.0811
0.9981
1.262
1.123

Three-parameter Isotherms Jovanovic-multilayer q max 

K J
KK J
R 2 

MSE 
RMSE 

47.680
0.230
0.0021
0.9972
1.035
1.017

120.707
0.068
− 0.003
0.9983
1.154
1.074

Hill q max 

K H
n H
R 2 

MSE 
RMSE 

54.966
4.718
1.239
0.998
0.723
0.850

117.355
17.734
1.248
0.999
0.132
0.363

Redlich-Peterson a RP
β RP 
K RP
R 2

MSE 
RMSE

11.270
0.114
1.144
0.9978
0.813
0.902

7.686
0.015
1.346
0.9988
0.785
0.886

Sips q S (mg/g) 
k S (min − 1 ) 
n S
R 2

MSE 
RMSE

54.966
0.286
1.239
0.998
0.723
0.850

100.656
0.363
1.307
0.999
0.132
0.363

Toth q T (mg/g) 
k T (min − 1 ) 
n T
R 2

MSE 
RMSE

117.117
8.466
1.087
0.9975
0.825
0.908

1353.264
63.429
1.2421
0.9986
0.893
0.945

Thermodynamics ​ T (K)
K S (L/mg) 
K⁰ S
Ln(K⁰ S )

297
0.286
9.6E4
11.478

307
0.043
1.4E4
9.584,

327
0.005
1689
7.432

297
0.363
1.2E5
11.717

307
0.042
1.4E4
9.560

327
0.008
2702.4
7.902

ΔG ◦ (kJ/mol) − 27.97 − 24.15 − 19.97 − 28.55 − 24.09 − 21.23

ΔH ◦ (kJ/mol) − 96.208, − 103.983,
ΔS ◦ (J/mol⋅K) –233.557, − 260.869,
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E) Brunauer–Emmett–Teller (BET) analysis was performed using 
N 2 adsorption–desorption measurements to assess the changes of the 
specific surface area of the SR biomass before and after SDS impregna-
tion (Fig. 1. E) The SR biomass exhibited a relatively low BET surface 
area of 3.2 m 2 /g, reflecting its limited accessible porosity and compact 
biopolymeric structure. After SDS impregnation, the surface area 
highly increased to 8.81 m 2 /g which enhances the accessibility of the 
adsorption site. The corresponding isotherm of SDS-SR reveals a higher 
adsorption volume in the measured range of relative pressure in com-
parison to SR and confirms the enhanced nitrogen uptake. This increase 
can be attributed to surface restructuring induced by SDS molecules in 
which electrostatic anchoring of sulfate groups and outwards orienta-
tion of dodecyl chains is likely promoting partial dispersion of biomass 
aggregates and improved pore accessibility (Que et al., 2018). Addi-
tionally, the surfactant layer may generate new interfacial voids and 
prevent pore collapse, contributing to the observed increase in surface 
area. Overall, the BET results demonstrate that impregnation with SDS is 
effective in improving the textural properties of biomass, offering a 
larger accessible surface supporting the improved adsorption perfor-
mance towards dye molecules.

F) Scanning electron microscopy (SEM) was performed to inves-
tigate the surface morphology of SR biomass at 800 × magnifications 
before and after BV14 adsorption (Fig. 1. F). The SR biomass exhibits a 
heterogeneous and rough surface with irregular fragments and visible 
voids, indicating a porous structure ranging in diameter size from 18.23 
to 27.10 μm favorable for adsorption (Sorour et al., 2023). After BV14 
adsorption, the surface appears more compact and partially covered by 
deposited layers, accompanied by reduced pore visibility and smoother 
regions. These morphological changes confirm that dye is attached onto 
the surface of biomass which could be attributed to electro-statistical 
and hydrophobic interactions, which result in surface coverage and 
partial filling of accessible pores; this supports the proposed adsorption 
mechanism which involves surface binding and accumulation of dye 
molecules (Jaymand, 2024).

Adsorption mechanism
The adsorption of Fuchsin dye (Basic Violet 14, BV14) onto Strepto-

myces rimosus biomass occurs through a combination of electrostatic 
interactions, hydrogen bonding, and van der Waals forces, largely gov-
erned by the functional groups present on the biomass surface (Fig. 2). 

In the raw biomass, adsorption is mainly driven by functional groups 
present on the surface such as carbonyl (C=O), carboxyl (–COOH), hy-
droxyl (–OH), and amine (–NH 2 ). These groups interact with the cationic 
Fuchsin dye molecules through electrostatic attraction, particularly 
under acidic conditions where the biomass surface becomes negatively 
charged. However, the density and accessibility of these active sites are 
limited, which constrains the overall adsorption capacity (Bouchelkia 
et al., 2025).

Upon impregnation with sodium dodecyl sulfate (SDS), the bio-
sorbent surface undergoes significant physicochemical enhancement. 
SDS, an anionic surfactant, introduces negatively charged sulfate groups
(–SO 4− ) onto the biomass surface. These groups increase the net negative
surface charge, thereby intensifying the electrostatic attractions be-
tween the biosorbent and the positively charged dye molecules. This 
modification also improves surface wettability, pore accessibility, and 
the overall number of active binding sites available for dye adsorption 
(Alamin et al., 2021).

As a result, the SDS-impregnated biomass exhibits a much higher 
adsorption capacity and faster binding kinetics compared to the raw 

biomass. The combination of enhanced surface charge and increased 
functional site density leads to stronger and more numerous interactions 
with Fuchsin molecules (Grigoraș et al., 2022).

3.2. Batch adsorption study

This paper investigated, in a batch mode, the effect of several pa-
rameters including initial pH (pH i ), adsorbent dose (C b ), contact time

(t), initial concentration (C i ) and temperature (T) on the adsorption 
performance of two biomasses: raw biomass (SR) and impregnated 
biomass with a surfactant (SDS-SR).

3.3. Effect of initial pH

As part of a comparative study of the effect of initial pH (pH i ) on the 
adsorption capacity of once SR biomass and another SDS-SR biomass, 
the pH i of a solution with an initial dye concentration of C i = 20 mg/L 
and volume V = 50 mL was varied from 2 to 10 by adding a solution of 
0.1 N HCl or 0.1 N NaOH, then brought into contact with the biomass, 
C b = 2 g/L (SR or SDS-SR), the temperature of the solution was kept 
constant at 297 K for contact time of 120 min.

Fig. 3. A demonstrates that the maximum adsorption capacity of 
BV14 occurs in the acidic pH range (below pH 7), particularly between 
pH 4 and 6. In this range, the biomass surface is negatively charged for 
both raw SR and SDS-SR, highlighting the role of electrostatic attraction 
between the negatively charged adsorbent surface and the cationic dye 
molecules, which becomes favorable above the pH PZC (4.3–4.5) 
(Azoulay et al., 2023). The maximum adsorption capacities of 9.3 mg/g 
for SR and 9.7 mg/g for SDS-SR were observed at pH 5, confirming 
clearly that BV14 adsorption is strongly favored under acidic conditions, 
primarily due to electrostatic interactions (Ali et al., 2022).

The points of zero charge (pH PZC ) of SR and SDS-SR were determined 
as 4.3 and 4.5, respectively (Fig. 3.B). According to zero-charge point 
theory, when pH < pH PZC , the surface becomes positively charged, fa-
voring anion adsorption, and when pH > pH PZC , the surface becomes 
negatively charged, favoring cation adsorption, indicating a shift in 
electrostatic behavior that influences dye interaction (Al-Maliky et al., 
2021).

However, although the surface becomes more negatively charged at 
higher pH (6–10), the adsorption capacity decreases. This is mainly due 
to the increased concentration of OH – ions, which compete with the 
cationic BV14 molecules for active sites and partially screen electrostatic 
interactions. In addition, alkaline conditions may alter dye speciation or 
promote aggregation, reducing its effective interaction with the adsor-
bent. Therefore, optimal adsorption occurs around pH 5, where elec-
trostatic attraction and dye stability are balanced (Sassi et al., 2023).

3.4. Effect of adsorbent dose

The effect of adsorbent dose on the removal of BV14 by once SR and 
another SDS-SR biomass was investigated by varying it from 0.5 to 5 g/L 
while keeping the solution volume constant at V = 50 mL, C i = 20 mg/L, 
pH i = 5 at 297 K. The results are presented in Fig. 3.C.

BV14 removal efficiency increased by increasing adsorbent dose, 
reaching a plateau at 4 g/L for SR and 2 g/L for SDS-SR (Fig. 3.C). 
Removal efficiencies for both adsorbents increased from 44% to 97% 

(SR) and from 68% to 98% (SDS-SR) when the adsorbent dose was 
increased from 0.5 to 5 g/L. Above 4 g/L for SR and 2 g/L for SDS-SR, 
removal efficiency became stable. This initial increase is attributed to 
the high availability of adsorption sites and the expansion of the effec-
tive surface area. However, as the adsorbent dose increases, adsorption 
sites become progressively saturated and intermolecular interactions 
between adsorbent particles intensify, leading to solid aggregation 
(Bouchelkia et al., 2023b). This results in a decrease in removal effi-
ciency (E) and adsorption capacity (q e ).

Therefore, an adsorbent dose of 4 g/L for SR and 2 g/L for SDS-SR 
was considered optimal for the removal of BV14 dye. Under these 
respective conditions the maximum adsorption capacity (q max ) was 4.89 
mg/g for SR at 4 g/L whereas SDS-SR was 9.99 mg/g at only 2 g/L, 
showing a nearly twofold increase in adsorption capacity. These results 
clearly indicate that SDS-SR can assure the same removal percentage as 
SR while requiring only half dosage of biosorbents. Consequently, all 
subsequent adsorption experiments were carried out at these optimized 
doses.
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3.5. Effect of contact time

To evaluate whether the impregnation of biomass influences its 
adsorption rapidity, we tested the contact time for both SR and SDS-SR. 
(Fig. 3.D) shows contact time effect on the amount of adsorption (q t ) of 
BV14 by SR and SDS-SR at a constant solution volume V = 50 mL, C i = 

20 mg/L, pH i = 5, C b = 4 g/L for SR and 2 g/L for SDS-SR and at a 
constant temperature of 297 K.

Adsorption amount of BV14 by both SR and SDS-SR increased with 
time, with a notable rise observed between 2 and 30 min in both 
adsorption amount and removal percentage of BV14. This significant 
increase during the initial phase is attributed to the abundant avail-
ability of active adsorption sites, which later stabilizes as the system 

reaches equilibrium (Bouchelkia et al., 2023a). BV14 removal is 
instantaneous. At 30 min, the adsorption capacities of SR and SDS-SR 
were approximately 4.8 mg/g and 9.8 mg/g, respectively. After 60 
min, these values slightly increased to 4.9 mg/g and 9.9 mg/g, indi-
cating that adsorption equilibrium was effectively reached within this 
period, with no significant change observed at longer contact times. This 
indicates that the equilibrium was achieved within 60 min, and subse-
quent experiments were carried out using a contact time of 60 min.

3.6. Effect of initial concentration

In a continuation of the comparative study between the adsorption 
capacity of the SR with 4 g/L dose and SDS-SR with 2 g/L dose, for an 
optimal contact time t = 60 min, pH i = 5 and at a constant temperature

of 297 K, the effect of varying the initial concentration of BV14 C i from 

(10–250 mg/L) on adsorption was investigated, as shown in Fig. 3.E. 
The adsorption capacity of both SR and SDS-SR increased with 

increasing initial concentrations from 10 to 250 mg/L. When the initial 
concentration is increased from (10–250 mg/L), the adsorption capacity 
increases to reach 51 mg/g for SR and from 97 mg/g for SDS-SR.

As the initial concentration of BV14 increases, the adsorption ca-
pacity (q e ) of the biosorbent also increases, eventually reaching a 
plateau. This behavior is attributed to the finite number of active sites 
available on the adsorbent surface, which become progressively satu-
rated as the dye concentration rises (Cheikh et al., 2023). At higher 
concentrations, the driving force for mass transfer is greater, reducing 
resistance to adsorption and enhancing the rate at which dye molecules 
migrate to the biosorbent surface (Aminu et al., 2020). However, once 
all active sites are occupied, further increases in dye concentration do 
not lead to a corresponding increase in adsorption capacity.

3.7. Kinetic of adsorption

Table 1 presents the kinetic parameters derived from the pseudo-
first-order and pseudo-second-order models. The correlation co-
efficients (R 2 ) obtained from the pseudo-second-order model analysis 
were found to be significantly close to unity for both biomasses, and the 
calculated equilibrium adsorption capacities (q e,cal ) were very similar to 
the experimentally determined values (q e,exp ).

These results indicate that adsorption of the BV14 by both biomasses 
is best described by the pseudo-second-order kinetic model. This model 
is generally applied to adsorption processes that occur between low-
molecular-weight solutes at low concentrations interacting with fine 
adsorbent particles (Bouchelkia et al., 2023a).

It assumes that chemisorption is the rate-limiting step of adsorption, 
involving valence forces through electron sharing or exchange between 
the adsorbate and the adsorbent (Jasri et al., 2023).

3.8. Isotherm of adsorption

Based on the lowest values of the error functions (MSE and RMSE) 
and the highest correlation coefficients (R 2 ), the adsorption data for 
both SR and SDS-SR biomasses were best described by the Hill and Sips 
isotherm models (Table 1).

The models ranked in the following order of fit quality: Hill = Sips > 

Redlich–Peterson > Toth > Jovanovic (Multilayer) > Jovanovic 
(Monolayer) > Langmuir > Freundlich. This hierarchy provides 
important information about BV14 adsorption, which confirms surface 
heterogeneity effects with cooperative binding and the potential 
development of multiple layers.

The high performance of Hill model, the absorption at one site re-
inforces similar absorption at adjacent sites (J. Li et al., 2024), while Sips 
model suggests that adsorption occurs through heterogeneous binding 
and attains saturation at high concentrations (Obayomi et al., 2023). 

The relatively good fit of Redlich-Peterson (Ismail et al., 2025) and 
Toth models (Mabuza and Mahlobo, 2025) confirms the occurrence of 
non-ideal adsorption, while Toth model is particularly well suited to 
describe deviations from linearity at high solute-ion concentrations. 

The better performance of Jovanovic (Nandiyanto et al., 2024) 
multilayer model compared to its monolayer suggests the possible for-
mation of multiple adsorption layers that classical models cannot 
explain.

In contrast, the weaker fits of both Langmuir and Freundlich models 
imply that the hypotheses about surface homogeneity and purely 
empirical monolayer adsorption are unsuitable for this system (Sahnoun 
et al., 2024).

Collectively, these results suggest a complex adsorption mechanism 

involving heterogeneous binding sites, cooperative adsorption behavior, 
and potential multilayer development (Hamri et al., 2024).

Table 2
Quantum chemical descriptors (HOMO–LUMO, μ, η, S, ω, N) and computed 
adsorption energies.

Section Molecule / 
System

Parameter Value

Quantum
Chemical
Descriptors

BV14 E T (a.u.)
E HOMO (eV) 
E LUMO (eV)
μ (Debye)
μ (eV)
η (eV)
S (eV)
ω (eV)
N (eV)

− 938.344
− 5.4879
− 2.8895
12.8722
− 4.1887
2.5984
0.3848
3.376
1.744

SDS E T (a.u.)
E HOMO (eV) 
E LUMO (eV)
μ (Debye)
μ (eV)
η (eV)
S (eV)
ω (eV)
N (eV)

− 1171.695
− 7.4622
0.2076
36.1028
− 3.6272
7.6698
0.1303
0.857
− 0.230

LTA E T (a.u.)
E HOMO (eV) 
E LUMO (eV)
μ (Debye)
μ (eV)
η (eV)
S (eV)
ω (eV)
N (eV)

− 2146.440
− 4.8363
− 0.1502
22.0802
− 2.493
4.6861
0.2134
0.663
2.3957

Adsorption
Energies

BV14 – LTA 
(SR)

E ads (eV) 
Charge 
transfer (e − ) 

− 1.42
0.08

Adsorption 
type

Hydrogen bonding + 

electrostatic attraction
BV14 – LTA
+ SDS 
(SDS-SR)

E ads (eV) 
Charge 
transfer (e − ) 

− 2.87
0.21

Adsorption 
type

Strong electrostatic 
binding, π–π, hydrophobic 
stabilization
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3.9. Thermodynamics of adsorption

To conduct a more comprehensive comparative study of the 
adsorption capacities of the two biomasses, C b = 4 g/L of SR and C b = 2 
g/L of SDS-SR were brought into contact with V = 50 mL of dye solution 
at an initial concentration of C i = 20 mg/L. The experiments were car-
ried out at the optimum contact time of 60 min and an initial pH of pH i

= 5, under various temperatures (297 K, 302 K, 327 K), as illustrated in 
Fig. 3.F.

It is observed that adsorption of BV14 decreases as the temperature 
rises, which indicate that higher temperatures significantly reduce the 
adsorption capacity of both SR and SDS-SR, it can increase kinetic en-
ergy of BV14 molecules, causing adsorbates to desorb from adsorbent 
surface (Ebelegi et al., 2020). It can also provide enough potential

Fig. 4. A) HOMO–LUMO orbital distribution and B) molecular electrostatic potential (MEP) maps of a) BV14, b) SDS, and c) LTA, illustrating the electronic structure 
and electrostatic complementarity between the cationic regions of the dye and the anionic sulfate/phosphate groups of the surface models.
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energy which results in weakening bounds of BV14 molecules from the 
biomass surface (Shefer et al., 2022). It can also change the biomass 
surface properties, reducing its affinity and porosity for the dye (Supriya 
et al., 2022).

KS
0 is the dimensionless thermodynamic Sips constant that describes

the adsorption process. K s is derived from the isotherm Sips constant (5), 
K s in (L/mg) was converted to a molar basis and normalizing it using a 
standard state concentration of C 0 = 1 mol/L according to the following 
equation (Benazouz et al., 2025):

KS0 = Ks( 
L
mg

).1000( 
mg
g
).MBV14(

g
moL

).C0( 
moL 
L 

) (5)

M BV14 = 63.546 g/mol, is the molar mass of BV14, and the 1000 factor is 
used to convert milligrams to grams.

The enthalpy changes ΔH, and the entropy change ΔS, were deter-
mined from the slope and intercept of the plot of Ln (K S ◦ ) versus 1/T 
(Fig. 3.G) and presented in Table 1.

Thermodynamic analysis of BV14 adsorption on SR and SDS-SR 
biomasses shows that the process occurs spontaneously at lower tem-
peratures through negative values of the Gibbs free energy change

(ΔG ◦ ). However, the increasing values of ΔG ◦ as temperature rises, 
suggest that the adsorption spontaneity decrease where higher tem-
peratures can hinder adsorption due to increased molecular motion. 
Both biomasses exhibited negative enthalpy changes during adsorption 
(ΔH ◦ ) which demonstrated the exothermic nature of dye removal while 
SDS-SR showed greater exothermic behavior (− 103.983 kJ/mol) than 
SR (− 96.208 kJ/mol) because of its multiple enhanced dye–adsorbent 
interaction, such as electrostatic attraction, ion exchange or even strong 
hydrogen bonding.Although the process is largely driven by physical 
adsorption mechanisms, the ΔH ◦ value exceeding − 40 kJ/mol indicates 
possible contributions from stronger interactions such as ion-exchange 
or partial chemisorption contribution (Calisto et al., 2019). Addition-
ally, the negative entropy change (ΔS ◦ ) values of both systems reveal a 
reduction of solid–liquid interface randomness, yet SDS-SR again ex-
hibits a more pronounced disorder decrease (− 260.869 J/mol/k). The 
results of BV14 adsorption onto both biomasses primarily occurs 
through spontaneous and exothermic mechanisms that reduce entropy 
while SDS modification enhances adsorption performance, increasing 
affinity, spontaneity, and heat release (Hamri et al., 2025).

Table 3
Comparative interpretation of experimental adsorption trends in relation to dft results.

Observation Experimental Result DFT Interpretation

Higher q max for SDS-SR 97 mg/g vs 51 mg/g Larger
More negative ΔH ◦ for SDS-SR − 103.98 vs − 96.21 kJ/mol Stronger binding & charge transfer
Faster equilibrium contact time 30–60 min Lower HOMO–LUMO gap → higher reactivity
Hill/Sips isotherm best fit Cooperative + heterogeneous adsorption Multiple interaction sites confirmed
Pseudo-second-order kinetics Chemisorption-influenced process Charge redistribution & H-bonding visible in Mulliken and geometry

Table 4
Statistical performance indicators (R, R 2 , and RMSE) for the tested models applied to SR and SDS-SR biomasses, and optimization results obtained using genetic 
algorithm (GA) and particle swarm optimization (PSO) coupled with the ANN model.

Model Parameter SR SDS-SR

ANN R 2 (Train)
R 2 (Test)
R 2 (All) 
RMSE (Train) 
RMSE (Test) 
RMSE (All) 

1.0000
0.9951
0.9977
0.0051
3.0856
1.0146

0.9995
0.9960
0.9985
0.8355
4.3492
1.5032

Linear Regression R 2 (Train)
R 2 (Test)
R 2 (All) 
RMSE (Train) 
RMSE (Test) 
RMSE (All) 

0.9744
0.9747
0.9745
3.1548
1.4029
3.0149

0.9867
0.9860
0.9869
4.6141
1.1838
4.4255

Decision Tree R 2 (Train)
R 2 (Test)
R 2 (All) 
RMSE (Train) 
RMSE (Test) 
RMSE (All) 

0.9651
0.9591
0.9627
3.2767
5.8950
3.6514

0.9798
0.9360
0.9790
5.6495
5.1058
5.6050

Random Forest R 2 (Train)
R 2 (Test)
R 2 (All) 
RMSE (Train) 
RMSE (Test) 
RMSE (All)

0.9507
0.9760
0.9513
7.4208
3.2109
7.0873

0.9447
0.5113
0.9722
15.0586
4.3187
14.4542

ANN-GA Optimization GA Optimal Conditions X 1 = 60.00,
X 2 = 1.31,
X 3 = 240.10,
X 4 = 5.08,
X 5 = 20.85

X 1 = 60.00,
X 2 = 1.91,
X 3 = 239.02,
X 4 = 5.09,
X 5 = 23.98

GA Max Adsorption (mg/g) 56.09 99.30
ANN-PSO Optimization PSO Optimal Conditions X 1 = 60.00,

X 2 = 1.28,
X 3 = 240.00,
X 4 = 5.10,
X 5 = 20.00

X 1 = 60.00,
X 2 = 1.90,
X 3 = 239.00, 
X 4 = 5.10,
X 5 = 24.00 

PSO Max Adsorption (mg/g) 56.08 99.56
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3.10. Desorption study

Desorption studies focus mainly on evaluating adsorbent reuse and 
issues of sludge disposal. The ability of an adsorbent to maintain its 
performance over several adsorption–desorption cycles is essential for 
its practical and economical use. Since wastewater treatment is costly, 
adsorbent regeneration is essential for economic viability. Limited 
reusability or significant efficiency loss increases operational costs and 
may contribute to secondary environmental contamination (Sandollah 
et al., 2020).

The removal efficiency of BV14 dye by both SR and SDS-SR pro-
gressively decreased from 97.29 to 56.15% and from 98.3 to 62.34% 

respectively over four adsorption–desorption cycles (Fig. 3.H). The 
slight decrease in adsorption efficiency observed after successive 
regeneration cycles, can be attributed to several physicochemical fac-
tors. First, the repeated exposure to the stripping agent and agitation can 
induce minor surface modifications with a slight effect on the accessi-
bility and distribution of active sites (Goldberg et al., 2007). Although 
the overall structure remains stable, minor mass loss during washing 
steps may contribute to the gradual decline in performance.

Second, partial pore blockage caused by incomplete desorption of 
strongly bound BV14 molecules may further reduce the number of the 
available active sites in the succeeding cycles. Residual dye species 
retained within microporous or heterogeneous regions can progressively 
limit adsorption efficiency. In addition, the ion-exchange mechanism 

involved in the adsorption of BV14 may not be fully reversible. The
negatively charged sulfate (–SO 4− ) groups introduced by SDS are
involved in electrostatic attraction and ion exchange with cationic BV14 
molecules and repeated cycles may result in a gradual reduction in 
accessibility of these exchangeable sites. Competitive replacement by 
protons or other ions from the stripping solution may not completely 
restore the original surface configuration (Zhang et al., 2024).

Third, minor surfactant leaching from the SDS modified biomass may 
be experienced during regeneration process. Since the enhanced 
adsorption performance of SDS-SR is contributed by the existence of 
sulfate-rich functional groups introduced by SDS, even limited surfac-
tant loss may reduce electrostatic attraction and hydrophobic in-
teractions between the biosorbent and BV14 molecules (Guo et al., 
2024).

Despite this moderate decline, the biosorbent maintains high 
removal efficiency over multiple cycles, demonstrating strong stability 
and regeneration potential. From an economic perspective, its sustained 
performance reduces material replacement cost and supports cost-
effective large-scale wastewater treatment.

3.11. Density functional theory (DFT) results

The global descriptors (Table 2) indicate that BV14 is electronically 
soft (ΔE = 2.59 eV, S = 0.385) and a strong electrophile (ω = 3.38 eV), 
whereas LTA and SDS fragments are relatively harder (ΔE ≈ 4.69 and 
7.67 eV, respectively). The chemical potential ordering LTA (− 2.49 eV)
> SDS (− 3.63 eV) > BV14 (− 4.19 eV) gives a general tendency of 
electron flow towards BV14, and this is actually realized by an increase 
of Mulliken charge redistribution upon the adsorption. SDS in addition 
exhibits a very large dipole moment and as demonstrated by the Parr 
indices highly nucleophilic sulfate oxygens; this combination of effects is 
responsible for the larger electron transfer (≈ 0.21 e − ), and the much 
more negative adsorption energy for BV14 on SDS-LTA (− 2.87 eV) 
compared to BV14 on unmodified LTA (− 1.42 eV). In short, BV14 has a 
small gap and high electrophilicity, which makes the interactions 
favorable by charge transfer, and SDS increases electrostatic and 
donor–acceptor components of binding, which gives a consistent 
explanation of the enhanced experimental q max and more exothermic 
adsorption observed for SDS-SR at the quantum level.

The HOMO orbital is mainly delocalized over the aromatic rings and 
amine groups of BV14, while the LUMO is localized on central

conjugated carbons, which confirmed the participation of π electrons 
and nitrogen atoms in surface binding. This spatial distributions of 
HOMO and LUMO orbitals (Fig. 4.A) could demonstrate preferable 
electronic overlap with SDS than lipoteichoic acid sites.

Blue regions are the electropositive domains and red regions are the 
most electronegative. The strong electronegative zones on the sulfate 
headgroup of SDS and the phosphate/oxygen groups of LTA are poten-
tial interaction sites with the cationic moieties of BV14. As can be seen in 
the MEP maps (Fig. 4.B) protonated amine groups of BV14 are associ-
ated with the most electropositive regions which preferentially interact 
with highly nucleophilic sulfate oxygens of SDS and phosphate heads of 
LTA, validating the electrostatic nature of binding.

The Parr function analysis reveals a striking difference in local 
reactivity of the raw LTA surface and the SDS modified system (Table 
S3). In the native LTA model, the most nucleophilic positions are the 
phosphate and carboxylate oxygens (P – ~ 0.40–0.45), which is why a 
moderate adsorption energy is calculated for BV14 on the unmodified 
biomass (=-1.42 eV). After the inclusion of SDS, however, the sulfate 
oxygen atoms display much higher nucleophilic indices (P – up to 1.03), 
indicating a much stronger electron-donor capacity towards the cationic 
BV14 dye. This local nucleophilicity increase is directly proportional to 
the increase in Mulliken charge transfer (0.21 e- vs 0.08 e-) and the 
almost two times increase in adsorption energy (− 2.87 vs − 1.42 eV). 

These results show that SDS cannot simply increase the surface 
charge density, but introduces new high reactivity binding sites which 
support stronger electrostatic and charge transfer interactions. This 
quantum-level evidence is consistent with the experimentally deter-
mined increase in adsorption capacity (from 97 to 51 mg/g), increase in 
exothermicity, and increase in sorption kinetics for SDS-SR.

The calculated adsorption energies (Table 2) show that the most 
negative E ads values are found for BV14 with SDS-SR, followed by BV14 
with SR, indicating more (partially chemisorptive) binding in these 
cases.

Altogether, global and local electronic descriptors, MEP visualization 
and adsorption energy information furnish a molecular-level rational 
explanation of the experimentally observed preferential adsorption 
sequence of BV14 toward SDS-SR than BV14 toward SR biomass.

DFT analysis confirms that BV14 adsorption on SDS modified 
biomass is thermodynamically more favorable, electronically stronger 
and structurally more stabilized than on raw SR biomass. The higher 
adsorption energy, higher charge transfer and multi-interaction binding 
mode give a molecular level explanation for the improved adsorption 
capacity, lower equilibrium time, and more exothermic thermodynamic 
behavior, observed experimentally.

3.11.1. DFT calculations with experimental interpretation
The computational results are fully consistent with the adsorption 

trends obtained experimentally (Table 2):
These results show that the SDS impregnation improves the dye af-

finity by increasing the surface charge density and by introducing 
additional hydrophobic and π–π interactions, which explain the exper-
imentally determined 2X increase in biosorption capacity (Table 3).

3.12. Machine learning modeling and performance analysis

The prediction accuracy of four machine-learning methods (Artificial 
Neural Network, Linear Regression, Decision Tree and Random Forest) 
for the adsorption capacity of SR and SDS-SR biomasses for Fuchsin dye 
was reviewed (Benazouz et al., 2023). In order to measure performance, 
the model used the correlation coefficient (R), the coefficient of deter-
mination (R 2 ) and the Root Mean Squared Error (RMSE) for both the 
training and testing data as well as all the data sets. All the results are 
summarized in Table 4.

ANN, compared to the other machine learning methods, provided the 
most reliable predictions for both SR and SDS-SR biomass, with R and R 2 

approaching 1 and very low RMSE (1.0146 mg/g for SR, 1.5032 mg/g
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for SDS-SR). These results prove that the ANN is capable of learning and 
generalizing complex, nonlinear adsorption patterns, which is most 
likely because of its multi-layer structure and the way it handles 
parameter interactions (Madhuranthakam et al., 2024).

Even though Linear Regression successfully predicted the SR and 
SDS-SR data (R_all = 0.9745, R 2 _all = 0.9496 and RMSE_all = 3.0149 
mg/g for SR), its reliability decreased in parts of the results displaying 
non-linear adsorption behavior (mainly at stronger initial dye concen-
trations or longer contact times), highlighting its limited prediction 
ability for complex and non-linear systems.

Results revealed that both methods, Random Forest and Decision 
Tree, displayed contracting performances. The decision tree showed a 
moderate ability to capture non-linear adsorption patterns. It provided 
strong results for SR biomass (R_all = 0.9627, R 2 _all = 0.9268, RMSE_all
= 3.6514 mg/g) and modest outcomes for SDS-SR biomass (R = 0.9790, 
R 2 _all = 0.9584, RMSE_all = 5.6050 mg/g).

On the other hand, the Random Forest model did not perform well 
when predicting both biomasses. For SR, even though an R_all of 0.9513 
and R 2 _all of 0.9049 were reached, yet the model was yielding to higher 
RMSE_all = 7.0873 mg/g. For SDS-SR, the model produced the poorest 
results among all, with RMSE_all = 14.4542 mg/g. These results suggest 
that Random Forest failed to capture the complex interactions intro-
duced by SDS modification and may have suffered from instability in 
feature learning.

Overall, ANN provided the best results, followed by Linear Regres-
sion, Decision Tree and then Random Forest. The results of the ANN 
model were further validated by the graphical analysis shown in Figs. S2 
A, B and C.

Fig. S2.A compared experimental data against the ANN predicted 
values of the SR and SDS-SR adsorption capacities, highlighting an 
excellent agreement and a minimal prediction bias. This visible evidence 
supports the considerable R and R 2 values obtained previously in 
Table 3, confirming the accuracy of the ANN model in explaining and 
capturing complex adsorption patterns.

In figure S2.B the experimental data are successfully aligned with the 
ANN predicted values for both SR and SDS-SR biomasses. This confirms 
previous findings regarding the ability of the ANN model to accurately 
predict results and its capability to effectively represent and model the 
current adsorption system.

Fig. S2.C, illustrates the residuals for all sample and how the actual 
data values differ from their ANN predictions. Residuals are centered 
closely around zero, show no familiar pattern, indicating that the model 
errors are just random, and cannot be biased. The narrow difference 
between residuals also points to the low RMSE found for both biomasses 
shown in Table 3.

The error histogram (Fig. S2.D) explains the frequency distribution 
of prediction errors. It has been observed that most errors fall within a 
narrow range close to zero; this suggests the ANN model is very accurate. 
The distribution is symmetrical and bell-shaped, which means that the 
variations in ANN predictions are quite small.

3.13. Optimization of adsorption capacity using genetic algorithm and 
particle swarm optimization

In order to enhance the adsorption capacity of both SR and SDS-SR 
biomasses advanced optimization methods were applied, Genetic Al-
gorithm (GA) and Particle Swarm Optimization (PSO), with a surrogate 
model based on an artificial neural network (ANN). In the beginning, the 
range of each input (contact time, adsorbent concentration, initial dye 
concentration, pH, and temperature) were defined for each adsorbent. 

Referring to table 4, both GA and PSO provided the optimal pa-
rameters that resulted in the highest adsorption capacities. For SR, the 
results showed that both PSO and GA gave almost the same result, with 
adsorption of 56.09 mg/g for GA compared to 56.08 mg/g for PSO. 
When it comes to SDS-SR, the algorithms performed almost the same, as 
PSO predicted 99.56 mg/g and GA 99.36 mg/g. These findings agree

with experiments and confirm the superior adsorption potential of SDS-
treated biomass compared to the untreated SR biomass. In addition, 
these results highlight the benefits of integrating machine learning 
within optimization for predicting performance. In Summary, PSO and 
Genetic Algorithm shows almost similar performance, offering higher 
adsorption capacities for both SR and SDS-SR biomasses. Furthermore, 
the study proves that combining surrogate models with nature-inspired 
optimization is useful for guiding which tests to run, improving their 
efficiency, and support data-driven process development.

4. Conclusion

This study points out that the biomass of Streptomyces rimosus (SR) 
and its SDS-impregnated form (SDS-SR) have a promising potential as an 
effective, sustainable biosorbents for the removal of Fuchsin (BV14) 
from aqueous solutions. By reusing biomass generated by pharmaceu-
tical companies, this solution handles waste and supports the beliefs of 
circular economy and green chemistry at the same time.

The surfactant treatment of biomass increases the material’s 
adsorption performance. Compared to raw SR, the SDS-SR, was able to 
adsorb more than 98% of the dye using only half the absorbent dose, 
proving it has better surface and increased dye adsorbing ability. This 
improvement is attributed to the sulfate groups negatively charged 
attached to the biomass surface by SDS, which promoted both electro-
static and surface heterogeneity.

The adsorption mechanism meets the requirements of the pseudo-
second-order model, which indicates that chemisorption process is the 
rate-determining step. The Hill and Sips isotherms provided the optimal 
description of equilibrium data, which confirms surface heterogeneity 
effects with cooperative adsorption binding and the potential develop-
ment of multilayers.

Thermodynamic analysis indicated that the adsorption process at 
low temperature was spontaneous (ΔG ◦ < 0) and exothermic (ΔH ◦ < 0) 
for both biomasses with a slight decrease in spontaneity at higher tem-
peratures. It is notable that SDS-SR exhibited more negative enthalpy 
ΔH ◦ (− 103.98 KJ/moL) and greater entropy decrease (ΔS ◦ ) which 
suggests that the dye-adsorbent interactions of SDS-SR are stronger than 
those of raw SR. These findings prove that the process is dominated by 
physisorption and reinforced by surface modification.

Reusing the biomass of Streptomyces rimosus over several cycles, with 
or without SDS treatment, proves its potential as a cost effective and 
sustainable adsorbent for wastewater treatment, despite a gradual 
decrease in efficiency due to the effects of regeneration.

The results of the DFT studies support and rationalize the experi-
mental results by confirming that SDS modification doubles the 
adsorption energy of BV14, providing a mechanistic explanation for the 
greater capacity, faster equilibrium and more exothermic behavior of 
the SDS-SR biosorbent.

On the whole, this work confirms that reusing microbial waste 
biomass to remove dyes from wastewater is an inexpensive approach, 
and highlights the advantages and potential benefits of the SDS 
impregnation as a powerful strategy for improving the adsorption ca-
pacity, efficiency, and thermodynamic favorability. These findings 
prove that this system deserves consideration for future environmentally 
safe and practical wastewater treatments.

Additionally, the integration of artificial intelligence in biosorption 
research to build reliable models and optimize the adsorption perfor-
mance. Among the ML models tested, the artificial neural network 
model predicted better the adsorption performance. Coupled with GA 
and PSO, the model enabled precise identification of optimal conditions, 
predicting even higher adsorption capacities than those observed 
experimentally. These results highlight the power of hybrid biosorption-
AI approaches in the design of an efficient and a sustainable wastewater 
treatment system, offering a model for future smart environmental 
technologies.
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