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ABSTRACT 

Sustainable valorization of poultry waste offers an attractive 
strategy for mitigating heavy metal contamination in water. 
This study integrated experimental, computational, and 
machine learning investigation of Pb2+ adsorption onto 
ethanol-pretreated chicken feather biomass (PCFB). Batch 
adsorption was optimized using central composite design, 
while adsorption mechanisms were elucidated through FTIR, 
SEM, equilibrium and kinetic modeling, density functional 
theory, and predictive modeling using response surface 
methodology (RSM), linear regression (LRM), and artificial 
neural networks (ANN). FTIR and SEM analyses confirmed 
the participation of hydroxyl, amino, and sulfur-containing 
functional groups and pronounced surface morphological 
changes following Pb2+ adsorption. The Freundlich isotherm 
provided the best description of adsorption equilibrium (R² = 
0.9376), indicating multilayer adsorption on a heterogeneous 
surface, whereas pseudo second order kinetic (R2 = 0.9999) 
demonstrated that chemisorption governed the adsorption 
rate. Regeneration studies showed excellent reusability, with 
EDTA retaining >77% desorption efficiency after five 
adsorption-desorption cycles. DFT calculations agree with 
the experimental observation by exhibiting energetically 
favorable Pb²⁺ coordination with keratin functional groups 
through significant charge redistribution and electronic 
structure modification. Among the predictive models, ANN 
exhibited superior performance (R² = 0.9473; RMSE = 
0.9641), substantially outperforming RSM and LRM, 
confirming the highly nonlinear nature of the adsorption 
system. The combined experimental computational 
framework establishes PCFB as a regenerable, low cost 
biosorbent and demonstrates that coupling quantum chemical 
analysis with machine learning provides a robust strategy for 
the rational design and optimization of sustainable 
biosorption systems. 

 

Keywords: Lead adsorption, pretreated chicken feather biomass, isotherm modeling, kinetic modeling, 

chemisorption, and physisorption.  
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1.0 Introduction. 

The drive for environmental sustainability has emerged as the focal point of global action. Toxic metals (arsenic 

(As), cadmium (Cd), lead (Pb), mercury (Hg), nickel (Ni), and thallium (Th)) contamination remains one of the 

most pressing environmental challenges, primarily because they are non-biodegradable, persistent in nature, and 

ability to aggregate in environmental matrices, causing significant risk to ecosystem integrity and public health. 

Among these toxic metals, Pb is considered because of its widespread use, non-biodegradability, 

bioaccumulation, and severe health impacts [1]. Rapid industrialization and anthropogenic activities have 

predominantly contributed to the increased concentration of lead in the environment. The WHO reported 

permissible limits (drinking water: 10 ug/L, ambient air: 0.5 ug/m³, and soil: 20 ug/L) of lead metals in the 

environmental matrix [2]. Exceeding these thresholds poses a direct threat both to human health and ecological 

stability. Several pieces of literature have reported the health effects of lead exposure; for instance, [3], in their 

study, reported that lead injection above the permissible limit can cross the placenta and impair the development 

of the fetus due to its interference with calcium metabolism in pregnant women. Similarly, [4] reported that in 

2019, lead exposure accounted for 5.5 million deaths from cardiovascular disease and an annual loss of 765 

million IQ points in children globally. [1] reported that lead exposure to children can cause permanent 

neurodevelopmental consequences in some cases, even at low blood levels. Increased lead concentration in the 

ecosystem is exacerbated by its mobility and bioaccumulation ability. In response, several techniques (adsorption 

[5], ion exchange [6], precipitation [7], phytoremediation [8], and reverse osmosis [9]) have been reported for 

lead recovery from the environment. Among these mentioned techniques, adsorption has been reported to be the 

most cost-effective and eco-friendly approach. 

Adsorption is a surface phenomenon governed by weak van der Waals forces between the adsorbate-adsorbent 

(physisorption) and/or chemical bond formation between the adsorbate and adsorbent (chemisorption) as they 

interact [10]. This technique has been employed in various applications wherever surface interactions are used 

to separate, purify, and protect, such as wastewater treatment [11], air pollution control [12], oil spill remediation 
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[13], and drug delivery [14]. The effectiveness, fast process, low energy requirement, versatility, eco-

friendliness, reversibility, and regeneration make this approach one of the most widely employed separation and 

purification approaches [15]. Nevertheless, it has its limitations. Conventional adsorbents (e.g., activated carbon, 

MOFs, and zeolites) often have limitations such as high operational cost, regeneration, and/or secondary 

pollution risk [16]. These limitations have shifted attention to the development of cheap, sustainable, and 

environmentally benign adsorbents with high effectiveness. In context, valorization of agricultural and animal 

derived waste as low-cost adsorbents has gained significant attention. 

Poultry waste (e.g., eggshells, feathers, etc.) has been reported to have high adsorption potential. These wastes 

are often valorized into activated carbon, biochar, fertilizer, animal feed additives, and adsorbents. Chicken 

feathers, as presented in Fig. 1, offer a sustainable, functional, and efficient adsorbent due to their natural keratin 

chemistry, modifiable surface properties, and wide applicability. Several agricultural/animal wastes have been 

reported for adsorption studies. For instance, Sen et al. [17], in their study, reviewed the application of 

agricultural solid wastes for heavy metal ion removal from water and wastewater. The study opined that various 

solid waste showed great potential to remove metal ions from wastewater under varying conditions. Similarly, 

Batubara [18], in their study, utilized activated carbon derived from treated sheep remnants and barley husks to 

remove organic contaminants from aqueous media. The result confirms the merit of using natural waste from 

plants and animals for water treatment. This current study employed activated carbon derived from chicken 

feathers for the adsorption of Pb²⁺ ions from aqueous solutions. 
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Figure 1: Pretreated Chicken Feather Biomass 

The practical application of any adsorbent requires deep insight into the process optimization, which can be 

achieved through adsorption isotherm and kinetic modeling [19]. An adsorption isotherm provides valuable 

insight into the mechanism of the adsorption process, investigating whether the adsorption process occurs on a 

monolayer via chemisorption or multilayer via physisorption or both, revealing the adsorbate-adsorbent affinity. 

Such equilibrium data are fundamental for understanding the adsorption system/process and identifying the best 

possible condition to achieve the maximum adsorption performance. Conversely, adsorption kinetics are 

employed to evaluate the rate of the adsorption process. This data is important as the model directly elucidates 

the rate-limiting step, which guides the design of adsorbents with improved uptake rates [20]. Ultimately, while 

isotherm study provides insight into removal efficiency, kinetics provides information on the rate and pathway 
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by which adsorption occurs. Aggregated adsorption isotherms and kinetics provide complementary information 

required for the design, optimization, and scaling of adsorption processes. The present study employed 

Freundlich, Flory-Huggins, Jovanovic, Langmuir, and Temkin isotherms to evaluate the adsorption mechanism, 

while Elovich, pseudo first order, Pseudo second order, and intraparticle diffusion models were employed to 

investigate the adsorption kinetics. Thus, the combined application of isotherm and kinetic models is necessary 

for establishing the best operational strategies for practical environmental application. 

2.0 Material and Methods 

2.1 Sample collection and preparation. 

All chemicals used were of Analar grade. The stock solution of Pb²⁺ ion was prepared in 1 g/L concentration 

using PbCl2 and diluted to the required concentration. 0.1M HNO₃ and 0.1M NaOH solutions were used to adjust 

the pH of the solution mixture. The chicken feather was collected from a local butchery at Swali Market in 

Bayelsa, Nigeria. The sample was then washed with water and rewashed with deionized water to remove 

impurities, then oven-dried at 80°C for 72 hrs until constant weight, as described by Heidarinejad et al. [21]. The 

dried sample was pulverized using an agate mortar and soaked in ethanol for 24 hrs, to expose the keratin 

functional groups and remove lipids, grease, and oily contaminants, then washed with deionized water and oven-

dried for 48 hrs to constant weight prior to analysis. 

2.2 Characterization 

FTIR analysis was carried out using a PerkinElmer Spectrum Two FTIR spectrometer within a wavenumber 

range of 4000-400 cm-1 to characterize the surface functional group of native and Pb2+ ion loaded chicken feather 

biomass as described by Zubair et al. [22]. The surface morphology analysis was investigated using a JEOL 

JSM-6510LV scanning electron microscope operated under appropriate accelerating voltage at a magnification 

of x2000 to evaluate surface morphology as described by Alebady et al. [23]. 
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2.3 Design of experiment 

A central composite design via response surface methodology on Minitab software version 21 was employed to 

design and optimize the adsorption process by varying the process parameters (dose, concentration, pH, and 

time) as presented in Table 1 [24]. Experimental runs (30) were generated by the model, which was adopted for 

the batch adsorption study. 

Table 1: Experimental Factor Level Used in Factorial Design 

Independent variable Factor Coded levels 

  -1 +1 

Adsorbent dose (g) A 0.2 1.0 

Concentration (mg/L) B 20             60 

pH C 2 10 

Contact time (min) D 10              120 

2.4 Batch Adsorption Study 

In this investigation, 30 batch adsorption experiments were conducted as generated by CCD to study the effect 

of process parameters on percentage removal of Pb2+ ion as described by Spaolonzi et al. [25] 

The metal uptake capacity (qe) and adsorption efficiency (A%) were ascertained using equations. 1 and 2, 

respectively. 

qe = 
𝑣(஼௜−஼௙)௪  ------------------------------------- Eqn. 1 

Where; 

Qe = Metal uptake capacity (mg g⁻¹) 
Ci = Initial metal ion concentration (mgL⁻¹) 
Cf = Final metal ion concentration (mgL⁻¹) 
w = weight of adsorbent (g) 

A% = 
࢕࡯ࢋࢉ−૙࡯  × 100 -------------------------------- Eqn. 2 

Where; 

%A = Adsorption efficiency 

Co = Initial metal ion concentration (mgL⁻¹) 
Ce = equilibrium metal ion concentration (mgL⁻¹) 
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2.5 Desorption and Regeneration Study 

The desorption experiment was conducted to evaluate the regeneration potential of Pb2+ ion loaded chicken 

feather biomass [26]. Exactly 2.00 g of the metal-loaded adsorbent was transferred into a conical flask containing 

0.1 M of 50 mL H2SO4 and EDTA solution, respectively. The reaction mixture was continually stirred at 150 

rpm for 1 hr at room temperature using a Corning PC-353 magnetic stirrer. After the stipulated contact time, the 

biomass was separated via filtration using Whatman filter paper (2.5 µm), and the concentration of desorbed 

Pb2+ ion in the filtrate was quantified using Atomic Adsorption Spectrometry (AAS). The desorption efficiency 

was calculated after 5 regeneration cycles. 

2.6 Adsorption Isotherm  

The adsorption capacity of the pretreated chicken feather biomass was elucidated through equilibrium modeling 

studies. The potential of Flory-Huggins, Freundlich, Langmuir, Jovanovic, and Temkin isotherms was employed 

to identify which isotherm best describes the interaction between pretreated chicken feather biomass and Pb²⁺ 

ion. The Freundlich isotherm assumes multilayer adsorption onto a heterogeneous surface [27]. The model is 

linearly expressed in equation 3; ݍ݃݋ܮ௘ = ௙+ (1௡)ܭ݃݋ܮ  ௘--------------------------------------------------- Eqn. 3ܥ݃݋ܮ

Where KF represents Freundlich adsorption capacity (L/mg) and n represents adsorption intensity. The plot of 

log qe against log Ce
 produces a straight line with slope 1/n and intercept KF.  

The Flory-Huggins isotherm assumes a spontaneous process and the possibility of surface coverage by the 

adsorbate [28]. The model is linearly expressed in equation 4. 

Log 
௾஼೚ = ிீܭ ݃݋ܮ + 1) ݃݋ܮ݊ −  Eqn. 4 ------------------------------------------- (ߐ

Where ܭிீ  represents the Flory-Huggins equilibrium constant (L/mg), 1) =ߐ - 
௘ܥ ⁄௢ܥ ) represents fractional 

coverage, and n represents the number of sites occupied by the adsorbed molecules. The plot of Log 
௾஼೚ against 1) ݃݋ܮ − ிீܭ is applied to extrapolate the value for slope n and intercept (ߐ . 

The isotherm was further applied to calculate the Gibbs free energy as expressed in equation 5. 
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∆G = −ܴܶܭ݊ܫிீ  ------------------------------------ Eqn. 5 

Where ∆G represent the Gibbs free energy of adsorption, T represent the temperature (K), and R represent the 

universal gas constant. 

The Jovanovic isotherm, like the Langmuir isotherm, assumes monolayer adsorption on a limited number of 

adsorption sites [29]. However, unlike the Langmuir isotherm, Jovanovic introduces an exponential term to 

account for deviations caused by surface heterogeneity and also assumes that adsorption sites have different 

binding energies. The linear form of the Jovanovic isotherm is expressed as equation. 6. 

Inݍ௘ = ௠௔௫ݍ݊ܫ  ௘------------------------------------- Eqn. 6ܥ௃ܭ −

Where, ܭ௃ represent the Jovanovic isotherm constant and qmax represent the maximum Pb²⁺ ion absorbed. The 

plot of Inݍ௘ against ܥ௘, from which slope qmax and intercept KJ are extrapolated.  

The Langmuir isotherm assumes monolayer adsorption on a uniform surface with no adsorbate-adsorbent 

interaction [29]. The model is linearly expressed as equation 7. ஼೐௤೐ = 1௄ಽொ೚ ௘ܥ + 1ொ0  ------------------------------------------ Eqn. 7 

Where qe represent the Pb²⁺ ion adsorbed at equilibrium (mg/g), Ce represents the equilibrium concentration of 

the Pb²⁺ ion (mg/L), KL represent the Langmuir constant (L/mg), and Qo represents the maximum adsorbed Pb2+ 

ion per unit mass of PCFB. The plot of Ce/Qe against Ce produces a straight line from which Q0 and KL can be 

extrapolated from the slope and intercept, respectively. The isotherm further predicts the adsorbate-adsorbent 

affinity as expressed in the equation. 8. 

RL = 
11+ ௄ಽ஼೚ --------------------------------------------------- Eqn. 8 

Where RL represent the separation factor and Co represent the initial Pb2+ ion concentration. A favourable 

adsorption is record when the value of RL is between 0 and 1 i.e RL>1 represent unfavourable adsorption. 

However, RL = 1 suggest linear adsorption and RL = 0 suggest irreversible adsorption. 

The Temkin isotherm assumes the adsorption heat decreases linearly with coverage as the adsorbate and 

adsorbent interact (Rajahmundry et al., 2021.). Linearly expressed as equation. 9. 
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=௘ݍ
ோ்௕೅ InAT + 

ோ்௕೅ InCe ----------------------------------------- Eqn. 9 

Where bT represents the Temkin constant (J/mol) and AT represent binding energy (L/g). The plot of qe against 

InCe gives a straight line from which slope bT and intercept AT are extrapolated. 

2.7 Adsorption Kinetic study 

The adsorption kinetics describe the rate at which adsorbate molecules are transferred to the surface of the 

adsorbent from the media. Provides information into how fast equilibrium is attained and the mechanism that 

controls the adsorption process, i.e., chemical bonding, diffusion, or surface interaction. 

The Elovich model assumes no interaction between adsorbed molecules, and they bind on a heterogeneous 

adsorption surface involving chemical interaction between the adsorbent and adsorbate rather than simple 

physisorption [31]. The Elovich model is expressed in the equation. 10. ݍ௧ = 1ఉ (ߚߙ)݊ܫ + 1ఉ  Eqn. 10 ------------------------------------- (ݐ)݊ܫ

Where qt is the amount adsorbed at time t (mg/g), ߙ initial adsorption rate (mg/g·min⁻¹), and ߚ 

desorption/activation constant (g/mg). The plot of ݍ௧ against In(t) produces slope 
1ఉ and intercept 

1ఉ In(αβ). 

The intraparticle diffusion model assumes a diffusion-controlled adsorption process. The model implies that if 

the amount adsorbed qt is directly proportional to t0.5, diffusion is the rate-limiting step [32]. The linear form is 

expressed in equation. 11. 

qt = ܭூ஽0.5ݐ +  Eqn. 11 ----------------------------------------------- ܥ

Where qt represents adsorption capacity at time t (mg/g), KID represents intraparticle diffusion rate constant 

(mg/g.min0.5) and C represents the intercept related to boundary layer thickness.  

The Pseudo First Order (PFO) kinetic model assumes physisorption on a monolayer surface where each adsorbed 

species acts independently and does not affect adsorption of others [32]. The linear form of PFO is expressed in 

equation. 12. ݈ݍ)݃݋௘ − (௧ݍ = ௘ݍ ݃݋݈ − ௞12.303  Eqn. 12------------------------------ݐ
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Where qe and qt represent adsorption capacity at equilibrium and time t (mg/g), while K1 represents pseudo first 

order rate constant k1 (min-1). The plot of ݈ݍ)݃݋௘ −  ௧)q against t produces a straight line with slope k1 andݍ

intercept log qe. 

The Pseudo Second Order (PSO) kinetic model assumes a homogeneous adsorption site governed by surface 

adsorption via chemisorption [33]. The linear form of the model is presented in equation. 13. ௧௤೟ = 
1௞2௤೐2 + 

௧௤೐-------------------------------------------- Eqn. 13 

Where, K2 represents the pseudo second order rate constant (g.mg-1). The plot of 
௧௤೟ against t produces a straight 

line with slope 
1௤೐ and intercept

1௞2௤೐2. 

2.8 Computational Study 

2.8.1 Response Surface Methodology  

Response surface methodology (RSM) was employed for statistical valuation of the adsorption experiment data. 

A design expert on Minitab version 21 software was employed to optimize the process parameter as presented 

in Table 1 [34]. Regression analysis on Minitab version 21 software was employed to evaluate the interaction 

between process parameters (A- Dose, B-Conc., C-pH, & D-Time) and response (% removal) using the second-

degree polynomial as seen in equation. 14. ܻ = ܾ௢  + ∑ ܾ௜ݔ௜  ௡௜=1 + ( ∑ ܾ௜௜ݔ௜  ௡௜=1 ) 2 + ∑ ∑ ܾ௜௝ݔ௜ݔ௝ ௡௝=௜+1௡−1௜=1 +  ∈ ----------- Egn. 14 

Where Y is the predicted response, ݔ௜  and ݔ௝  are the input variables, bo = constant coefficient, bi = linear 

coefficient, bij = interaction coefficient, bii = quadratic coefficient, and ∈ =random error. The Coefficient of 

Determination (R²) was used to evaluate the quality of the model as described by Kothakota et al. [35]. The 

Fisher variation ratio (F-value) was employed to explain the adequacy and significance of the predicted model 

[36].  

2.8.2 Linear Regression (LR) Analysis  

Using the MATLAB (R2024b version) Regression Learner App, several linear regression algorithms with 

various hyperparameter configurations were methodically generated, trained, and assessed in order to determine 
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which model had the most predictive power [37]. A thorough comparison of linear regression methods under 

optimal parameter values was made possible by the modeling framework, guaranteeing an impartial evaluation 

of their predictive efficacy. To increase robustness throughout the validation dataset, reduce prediction errors, 

and improve model generalization, hyperparameter modification was carried out. The coefficient of 

determination (R²), root mean square error (RMSE), mean squared error (MSE), and mean absolute error (MAE) 

were used to quantitatively evaluate the model's performance. A thorough assessment of the model's predicted 

accuracy and error characteristics was made possible by these complementary performance indicators. For the 

adsorption system under study, the best regression model was chosen based on its capacity to maximize the 

explained variance while concurrently decreasing prediction errors, exhibiting higher predictive reliability and 

generalization performance. 

2.8.3 Artificial Neural Network Analysis 

The Artificial Neural Networks (ANNs), a complex mathematical modeling techniques inspired by biological 

neuron activity, were used to forecast the Pb2+ removal efficiency of PCFB. The prediction model employed in 

this study was developed using MATLAB's Neural Network Toolbox (version R2024b). A feedforward neural 

network was implemented with a hidden layer and trained using the Levenberg-Marquardt algorithm as described 

by Elebo [24] with slight modification. The dataset was divided into 70% training, 15% validation, and 15% 

testing subsets. The network was trained with four experimental input variables: pH, initial Pb2+ concentration, 

adsorbent dosage, and contact time, with the Pb2+ adsorption efficiency as the output parameter. A change in the 

number of hidden layers was seen to influence the ANN model’s performance. Too many neurons in the hidden 

layer could affect the model’s ability to learn, consequently resulting in overfitting, while too few neurons may 

result in poor pattern recognition, consequently producing underfitting. Three statistical performance indicators, 

coefficient of determination (R²), root mean square error (RMSE), and mean square error (MSE), were employed 

to evaluate the predictive performance, accuracy, and reliability of the developed models. Therefore, the model 

with the high R² value closest to unity (1) and lowest MSE and RMSE was selected as the ideal developed model. 

These ANN parameter validations are presented in Table 2. 
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2.8.4 Density Functional Theory (DFT) 

Density Functional Theory (DFT) calculations using Spartan 14 (version 1.14 software) were employed to 

elucidate the adsorption mechanism of Pb2+ ion onto keratin representative functional groups present in 

pretreated chicken feather biomass. The computational study was aimed at elucidating the electronic interactions, 

adsorption behavior, active binding sites, and charge transfer characteristics involved in the biosorption process.  

The representative keratin structure was modeled using representative amino acid residues and functional groups 

commonly identified in feather keratin, including amino (-NH₂), carboxyl (-COOH), hydroxyl (-OH), and amide 

(CONH) groups. These groups were selected based on experimental characterization obtained from FTIR 

analysis. The interaction strength between Pb2+ ions and the representative keratin functional groups was 

evaluated using adsorption energy calculation as seen in the equation. 15. [38] ܧads = Ecomplex – (ܧkeratin + ܧ௉௕2+) ---------------------------------------- Eqn. 15. 

Where Eads represents the adsorption energy, Ecomplex is the electronic energy of the keratin-Pb2+ complex, Ekeratin 

is the electronic energy of the isolated keratin model, and EPb2+ is the electronic energy of the isolated Pb2+ ion. 

The magnitude suggests the spontaneity and energy favorability of the adsorption process. It also reveals the 

kind of adsorption involved, either physisorption if the adsorption energies are in the range of -5 and -40 kJ mol⁻¹ 

or chemisorption if the energy is below -40 kJ mol⁻¹. 

The Frontier Molecular Orbital analysis was investigated to determine the electronic properties governing 

adsorption. The HUMO-LUMO energy gap was calculated before and after adsorption, as seen in equation 16. 

ΔE = ܧ௅௎ெை - ܧுைெை ------------------------ Eqn. 16 

The energy gap reveals the electronic stability and reactivity of the molecule. A higher energy gap after 

adsorption suggests an enhanced electronic stability after adsorption of Pb2+ ions by the keratin molecule and 

vice versa [39]. The charge transfer between keratin active sites and Pb2+ ions was evaluated to establish the 

chemisorption nature of the adsorption process. Adsorption configuration and bond interactions between Pb2+ 

ions and representative keratin functional groups were carefully elucidated and interpreted using Spartan 

14V1.14. 
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Table 2: ANN Model Evaluation Parameters 

Performance Parameter Equation Equation Reference 

Mean Squared Error (MSE) MSE = 
1௡  ∑ ௜ݕ) − ŷ௜௡௜−1 )2 17 [24] 

Root Mean Squared Error (RMSE) 
RMSE = √1௡  ∑ ௜ݕ) − ŷ௜௡௜−1 )2 

18  [24] 

Mean Absolute Error (MAE) MAE = 
1௡  ∑ ǀݕ௜ − ŷ௜௡௜−1 ǀ 19 [24] 

Coefficient of Determination (R²) R2 = 
∑ (௬೔−ŷ೔೙೔=1 )2∑ (௬೔−ӯ೙೔=1 )2  20 [40] 

Correlation Coefficient (R) R = 
∑ (௬೔−ŷ)(ŷ೔−ŷ)೙೔−1√∑ (௬೔−ӯ)2೙೔−1  ∑ (௬೔−ӯ௠)2೙೔−1  21 [40] 

  

Where; yi is the experimental (actual) value, ŷi is the ANN predicted value, ӯ is the mean of the experimental 

values, ӯ݉ is the mean of the predicted value, and n is the number of observations.  

3.0 RESULT AND DISCUSSION 

3.1 Characterization 

3.1.1 SEM Analysis 

The surface morphology of the native pretreated chicken feather biomass (PCFB) and the Pb2+ loaded chicken 

feather was investigated using scanning electron microscopy at x2000 magnification. The micrograph revealed 

distinct morphological modification following Pb2+ adsorption, providing direct evidence of the participation of 

the PCFB surface in the adsorption process. The SEM micrograph of native PCFB (Figure 2a) exhibited a 

characteristic fibrous keratinous structure with elongated, aligned, and interconnected fibrils, consistent with the 

morphological characteristics of keratin rich biomaterials [41]. Numerous interfibrillar spaces, microvoids, and 

surface cavities were observed, indicating a highly heterogeneous surface with abundant accessible adsorption 

sites. Such structural heterogeneity is advantageous for adsorption because it increases the availability of surface 

area, enhances intraparticle diffusion, and promotes effective interaction between Pb2+ ions and the functional 

groups embedded within the keratin matrix [39]. The well-defined fibrillar network further demonstrates that 



14 

 

ethanol pretreatment preserved the structural integrity of keratin while exposing additional adsorption sites 

through partial removal of surface impurities and non-keratinous materials.  

Following the adsorption of Pb2+, the SEM micrograph (Figure 2b) showed pronounced morphological 

alteration. The fibrilla surface became substantially denser and more compact, with numerous granular and 

cluster deposits distributed along the fiber surface and within the interfibrillar regions. In addition, partial 

blockage of the pore and the reduction in visible surface roughness were observed after adsorption. The observed 

morphological transformation is evidence of Pb2+ adsorption on the keratin surface; however, the immobilization 

of the Pb2+ was not merely electrostatic interaction but also occurred through surface complexation between the 

Pb2+ ion and functional groups present in the keratin matrix, such as amino (-NH), carboxyl (-COOH), hydroxyl 

(-OH), and sulfur containing groups. The increase in surface compactness may be attributed to the formation of 

metal-keratin complexes, which altered the original morphology of the feather fibers.  

The present findings are consistent with previous studies on keratin rich biomass. For instance, Zhang et al. [42] 

reported that feather derived keratin exhibited a rough and porous fibrillar structure before adsorption, which 

became smoother and densely occupied with particle deposits after Cd2+ uptake, confirming successful surface 

complexation. Similarly, Zhu et al. [43] demonstrated that protein-based biomass developed a compact surface 

with reduced pore visibility after adsorption of trace metals, indicating extensive occupation of active binding 

sites and strong chemisorptive interactions. Comparable morphological transformation has also been reported 

by Khan et al. [44] for chemically modified feather keratin, where the disappearance of open fibrillar channels 

and the appearance of granular deposits were associated with efficient Pb2+ adsorption through amino, carboxyl, 

and sulfur containing functional groups.  
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Figure 2: SEM Micrograph of Native (a) and Heavy Metal Loaded (b) chicken feather 

3.1.2 Fourier Transformed Infrared (FTIR) Spectroscopy analysis 

FTIR was employed to investigate the changes in functional groups of chicken feathers following heavy Pb2+ 

ion adsorption. The spectra of PCFB and Pb2+ ion loaded chicken feather are presented in Figure 3a and 3b, 

respectively. The FTIR spectrum of PCFB exhibited characteristic absorption bands of keratin, a fibrous structure 

protein abundant in feathers. A broad band at 3388 cm-1 was assigned to the O-H stretching vibration of hydroxyl. 

The weak band at 2925 cm-1 correspond to the O-H stretching vibration of alcohol groups. The appearance of a 

peak at 2176 cm-1 corresponding to S-C=N stretching of the thiocyanate group. The sharp peaks at 1640 cm-1 

corresponding to N-H bending suggest the amine group. The weak peak at 1393 cm⁻¹ corresponds to O-H bending 

of the alcohol group. The peak at 1104 cm-1 correspond to C-N stretching of the amine group. The peaks at 866 

and 744 cm-1 correspond to C-Cl stretching of alkyl halides. 

Upon adsorption of Pb2+ ions (Figure 2b), O-H stretching exhibits a significant shift from 3388 cm⁻¹ to 3275 cm-

1 after Pb2+ adsorption as seen in Table 3, which suggests a formation of surface complexation between Pb2+ ions 

and hydroxyl/carboxylic functionalities. The shift towards a higher wavenumber suggests changes in the 

hydrogen bonding environment during adsorption. The shift of a medium peak from 2925 to 2928 cm-1 

corresponding to O-H stretching further strengthens the participation of the hydroxyl group in immobilization of 

the Pb2+ ion on the keratin surface. The appearance of a medium peak at 2928 cm-1 corresponding to S-C=N of 
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the thiocyanate group suggests the contribution of the thiocyanate group in Pb2+ ion immobilization. In addition, 

a shift in N-H bending from 1640 cm-1 to 1634 cm-1 after Pb2+ ion adsorption suggests coordination interaction 

between Pb2+ ions and the nitrogen atom of the amine group, resulting in weakening of the bond environment. 

The appearance of a peak at 1512 cm⁻¹, corresponding to NO₂ stretching after Pb2+ ion adsorption, suggests 

coordination interaction between Pb2+ ions and oxygen atoms of the nitro group, resulting in weakening of the 

bond environment and possible formation of Pb-O complexes. The appearance of weak peaks at 1242 cm-1 and 

a shift from 1104 to 1071 cm⁻¹ suggest C-N related vibration modes and possibly amide III associated functional 

groups within the keratin matrix, suggesting the participation of nitrogen- and oxygen-containing functional 

groups in the adsorption process through coordination interaction with Pb2+ ions. The appearance of a medium 

peak at 530 cm-1 corresponding to the metal-oxygen group indicates the formation of metal oxide after Pb2+ ion 

adsorption. 

The present study is consistent with previous studies on proteins and keratin based biosorbents. For instance, 

Zahara et al. [45] reported that the main active sites that allow feather keratin to immobilize heavy metals through 

complexation, electrostatic attraction, and ion exchange include thiol (-SH), disulfide (-S-S-), amino (-NH₂), 

amide, and carboxyl (-COOH) groups. Similarly, Akhtar et al. [46] observed notable changes in the O-H, N-H, 

and amide bands following Pb²⁺ adsorption onto keratin-derived biochar and opined that Pb²⁺ complexation is 

governed by functional groups comprising oxygen and nitrogen.  

The more observed spectral shifts in the current work, especially in the hydroxyl and amide regions as seen in 

Table 3, along with the emergence of the Pb-O vibration, indicate stronger surface complexation and more 

efficient use of keratin functional groups after ethanol pretreatment, which explains the remarkably high Pb²⁺ 

removal efficiencies attained during the batch adsorption experiments. 
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Figure 3a: FTIR of Ethanol Pretreat Chicken Feather 
Biomass 

Figure 3b: FTIR of Pb2+ loaded Chicken Feather 
Biomass 

 

Table 3: Assignment of IR bands of Functional Groups in Pretreated and Pb2+ Loaded Chicken Feather 

Biomass respectively. 

Frequency PCFB (cm-1) Pb2+ Loade 

PCFB (cm-1) 

Assignment Class of 

compounds 

3200 – 3550 3388 3275 O-H stretching Alcohol 
2700 – 3200 2925 2928 O-H stretching Alcohol 
2190 - 2260 - 2176 S-C=N stretching Thiocyanate 
1580 – 1650 
1626 - 1662 

1640 1634 N-H bending 
C=C Stretching 

Amine 
Alkene 

 - 1526 N-O stretching Nitro compound 
1380 - 1410 1393  O-H bending Alcohol 
1200 - 1275 - 1242 C-N Stretching Amine 
1020 - 1250 1104 1071 C-N stretching Amine 
885 - 895 866 - C-Cl stretching Alkyl halide 
665 - 730 744 - C-Cl stretching Alkyl halide 
400 - 600 - 530 Metal oxygen 

(inorganic) 
 

 

3.2 Batch Adsorption Study 

The batch adsorption trials showed that ethanol-pretreated chicken feather biomass had a remarkable Pb²⁺ 

removal efficiency, as the adsorption efficiencies range from 81.54 to 99.46% throughout the experimental 

region as seen in Table 4. Adsorbent dosage had a major impact on adsorption efficiency; removal increased 
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from 95.21% at 0.2 g to a high of 99.46% at 0.8 g before falling to 97.57% at 1.0 g. This suggests that too much 

biomass loading promotes particle aggregation and decreases the efficient use of active sites. The removal 

efficiency decreased from 98.86 to 92.22% when the initial Pb²⁺ concentration was increased from 20 to 100 mg 

L⁻¹. This was due to the gradual saturation of the available adsorption sites at higher metal loadings. The pH of 

the solution had a significant impact on adsorption; the maximum removal (96.85%) was recorded at pH 9, while 

adsorption efficiency decreased significantly to 81.54% at pH 11, most likely as a result of Pb²⁺ hydrolysis and 

the creation of hydroxyl complexes that hinder adsorption. Rapid Pb2+ absorption occurred within the first 45 

minutes (98.53%), after which adsorption approached equilibrium and remained nearly constant up to 120 

minutes (98.35%), showing quick adsorption kinetics. Contact time had a relatively smaller impact. The 

combination of high Pb²⁺ concentration (100 mg L⁻¹), acidic pH (2), adsorbent dosage (0.6 g), and short contact 

time (10 min) resulted in the lowest removal efficiency (82.50%), indicating the synergistic influence of the 

process variables. The consistently high removal efficiencies (>90% in the majority of experimental runs) show 

that keratin functional groups have a strong affinity for Pb²⁺ and reveal a nonlinear interaction among adsorption 

variables. These findings support the use of sophisticated predictive models, such as response surface 

methodology and artificial neural networks, to accurately describe the adsorption process. 

3.3 Desorption and Regeneration Study 

The desorption and regeneration performance of Pb2+ loaded pretreated chicken feather biomass was evaluated 

over five consecutive adsorption-desorption cycles using 0.5 M HCl and 0.5 M EDTA as eluents [47]. As 

presented in Table 5, the biosorbent exhibited excellent reusability, maintaining consistently high Pb2+ ion 

removal efficiency throughout regeneration cycles. EDTA superior desorption efficiencies ranging from 77.80 - 

81.23 %, whereas HCl yielded comparatively lower values between 64.38 – 64.62 %. The highest desorption 

efficiency for EDTA was recorded in the first cycle (80.17%), while the lowest value (78.70%) occurred in the 

third cycle exhibiting only a marginal decline in regeneration performance after repeated use.  In contrast, HCl 

exhibited relatively stable but consistently lower desorption efficiency, suggesting that its regeneration capacity 

was limited by the strength of the Pb2+ biosorbent interactions. 
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The superior regeneration performance of EDTA can be attribute to its strong chelating affinity towards Pb2+ 

ions. EDTA forms highly stable and soluble Pb-EDTA complexes, thereby effectively disrupting the 

coordination bond between Pb2+ ions and the active sites of the keratin surface. This observation suggests that a 

substantial portion of Pb2+ ion adsorption on PCFB predominantly occurred through reversible surface 

complexation and coordination interaction rather than irreversible chemisorption alone. In contrast, HCl 

regenerated the biosorbent predominantly through proton exchange mechanism, where excess H+ ions displaced 

the adsorbed Pb2+ ions form the active binding sites. Although effective, however, protonation may not 

completely disrupt stronger metal-ligand coordination interactions, explaining the comparatively lower 

desorption efficiency obtained with HCl. Similar regeneration behavior has been reported in previous studies for 

keratin and lignocellulosic based biosorbent, where EDTA consistently outperformed mineral acids because of 

its greater ability to complex and mobilize strongly adsorbed heavy metals ions [44]; [48].  

The slight reduction in desorption efficiency observed after repeated regeneration cycles, particularly with HCl, 

may be attributed to incomplete desorption of Pb2+ ions, gradual blockage of adsorption sites, minor structural 

alterations of the keratin matrix, or leaching of surface active functional groups during repeated acidic treatment. 

Nevertheless, the relatively small decrease in regeneration efficiency demonstrates that the structural integrity 

and adsorption functionality of PCFB were largely preserved throughout the regeneration process. The ability to 

retain more than 77% desorption efficiency with EDTA after five consecutive cycles confirms the chemical 

stability of the biosorbent and highlights its potential for repeated application in wastewater treatment. The 

effectiveness of EDTA in removing adsorbed Pb2+ indicates that metal uptake was primarily governed by surface 

complexation involving carboxyl, amino, hydroxyl, and sulfur containing functional groups within the keratin 

moieties.  

Comparable observation was reported by Saini et al. [49], who opined that EDTA regenerated keratin-based 

biosorbent more effectively than HNO3 due to formation of stable metal-chelate complexes. Similarly, Chen et 

al. [50] opined that agricultural waste derived biosorbent retained over 75% of their initial adsorption capacity 

after multiple EDTA regeneration cycles, confirming that reversible coordination interaction dominate 
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Pb2+adsorption and facilitate efficient desorption. The regeneration efficiency obtained in the present study are 

consistent with these reports and further demonstrate that PCFB possesses excellent operational stability, high 

reusability, and considerable economic potential for sustainable Pb2+ remediation from contaminated systems. 
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Table 4: CCD Matrix Experimental Design for Pb (II) Removal using PCFB 

                                                                           

Runs Dose Conc. pH Time Adsorption 

Efficiency 

(%) 

RSM (%) LRM 

(%) 

ANN (%) 

1 0.2 60 7 60 95.212 92.963 93.81 94.79 
2 0.4 60 7 60 95.525 93.337 94.07 94.96 
3 0.6 60 7 60 96.217 93.711 94.33 95.78 
4 0.8 60 7 60 99.458 94.085 94.59 98.96 
5 1 60 7 60 97.565 94.459 94.85 97.42 
6 0.8 20 7 60 98.860 95.137 96.27 98.71 
7 0.8 40 7 60 96.475 94.611 95.43 95.79 
8 0.8 60 7 60 92.382 94.085 94.59 91.69 
9 0.8 80 7 60 95.315 93.559 93.75 94.49 
10 0.8 100 7 60 92.221 93.033 92.90 92.13 
11 0.8 20 2 60 96.150 93.692 93.44 96.21 
12 0.8 20 3 60 92.790 93.981 94.01 90.23 
13 0.8 20 5 60 88.630 94.559 95.14 87.16 
14 0.8 20 7 60 93.990 95.137 96.27 93.78 
15 0.8 20 9 60 96.850 95.715 97.40 94.78 
16 0.8 20 11 60 81.540 96.293 98.54 80.98 
17 0.8 20 9 10 95.745 93.420 95.05 95.71 
18 0.8 20 9 20 93.810 93.879 95.52 91.97 
19 0.8 20 9 30 96.320 94.338 95.99 95.79 
20 0.8 20 9 45 98.525 95.027 96.70 97.79 
21 0.8 20 9 60 96.580 95.715 97.40 94.91 
22 0.8 20 9 120 98.345 98.469 98.23 97.93 
23 0.6 100 2 10 82.500 88.919 87.46 82.41 
24 0.2 40 2 120 93.750 94.798 94.64 91.98 
25 1 80 5 120 95.246 96.109 95.71 95.14 
26 0.4 100 5 10 90.331 89.412 88.90 90.19 
27 0.6 80 3 30 90.455 90.652 89.81 89.79 
28 0.2 40 3 20 89.882 90.497 90.50 89.25 
29 0.4 100 11 20 90.620 91.605 92.76 89.78 
30 1 80 11 45 94.122 94.401 95.56 93.98 
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Table 5: Pb2+ Desorption by PCFB 

Cycles Amount 

before 

biosorption 

(mgL-1) 

Amount 

after 

biosorptio

n (mgL-1) 

Biosorptio

n 

(%) 

Amount 

Desorbed 

by 0.5 M 

HCl 

Amount 

Desorbed 

by 0.5 M 

EDTA 

% 

Desorbed 

by 0.5 M 

HCl 

% Desorbed 

by 0.5 M 

EDTA 

1 60 1.11 98.15 37.98 47.21 64.49 80.17 

2 60 1.09 98.18 38.02 47.85 64.54 79.82 

3 60 1.12 98.13 38.05 46.34 64.62 78.70 

4 60 1.08 98.20 37.93 45.84 64.38 79.49 

5 60 1.16 98.07 38.03 46.43 64.63 78.91 

 

3.4 Computational Analysis 

3.4.1 Response Surface Methodology Analysis 

Central composite design (CCD) via response surface methodology was employed to evaluate the effect of 

process initial Pb2+ concentration (A), solution pH (B), adsorbent dosage (C), and contact time (D) on Pb2+ 

removal by PCFB as presented in Table 4. The relationship between operational variables and Pb2+ ion adsorption 

efficiency by PCFB was examined using multiple linear regression model’s (LRM) equation as seen in equation 

22. The regression coefficients as seen table 6, revealed that dosage, pH, and contact time positively influenced 

Pb²⁺ removal with coefficient values of 1.87, 0.289, and 0.049 respectively, while initial Pb2+ concentration 

exerted a slight negative influence (-0.0263). This trend is consistent with the establish adsorption behavior of 

biosorbent, where increasing adsorbent dosage provides additional active binding sites, higher pH enhances 

metal ion complexation through deprotonation of functional groups, and longer contact time facilitates 

equilibrium attainment, while elevated initial metal concentration promotes competition for the finite number of 

adsorption sites [51]. 
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Despite the expected coefficient trends, none of the predictor variables were statistically significant (P > 0.05) 

as seen in their p-values of 0.613, 0.350, 0.102, and 0.324 for dose, pH, contact time, and concentration 

respectively. This indicates that within the examined experimental domain, these variables’ individual linear 

contributions were insufficient to explain Pb2+ removal. The absence of correlation between independent variable 

was corroborated by the low variance inflation factor (VIF = 1.08 – 1.22), indicating that the estimated regression 

coefficients were stable and unbiased. A VIF of 1 indicates no correlation between independent variables, while 

a VIF above 5 to 10 indicates multicollinearity the compromise model reliability [52]. 

The overall predictive performance of the linear model was poor, with a coefficient of determination (R2) of 

22.62% and an adjusted R2 of 10.24% as seen in Table 7, demonstrating that the fitted linear equation only 

partially explained the variation in Pb2+ removal efficiency. More significantly, the 10-fold cross-validation R² 

and predicted R² were both 0.00%, indicating weak predictive power and low generalization to unseen 

experimental data. Although contact time exhibited the largest regression coefficient among the investigated 

variables, the overall regression model was statistically insignificant (F = 1.83, P = 0.155) as seen in table 8, 

indicating that the linear relationship between the selected process variables and adsorption efficiency was 

inadequate.  

Similar observation has been reported by Bayou et al. (2022), who opined that conceptional linear regression 

explained less than 30% of the variability in heavy metal adsorption by agricultural biosorbent because 

adsorption was governed by nonlinear interactions between physiochemical variables. Similarly, Mondal, [53], 

demonstrated that linear statistical models poorly describe Cd2+ adsorption onto keratin-rich biosorbents, 

whereas nonlinear machine learning algorithm substantially improved prediction accuracy.  

The Durbin-Watson statistic of 1.86 together with the non-significant lack-of-fit test (P = 0.454) demonstrated 

that the regression residuals were randomly distributed and that the principal assumptions of linear regression 

satisfied. However, the existence of one significant observation with a high standardized residual (−3.93) (Table 

9) suggest that the dataset contains localized nonlinear behavior which could not be adequately represented by 
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the first order regression equation. Since the regression assumption remains valid, the poor predictive 

performance of the model cannot be attributed to statistical violations but rather the inability of a linear model 

to capture the complex adsorption mechanism governing Pb2+ uptake. 

Holistically, these results show that a straightforward linear connection is insufficient to explain Pb²⁺ adsorption 

onto prepared chicken feathers. Instead, the adsorption process may be controlled by intricate nonlinear 

interactions including surface heterogeneity, diffusion, and metal-binding mechanisms typical of keratin-based 

biosorbents, according to the LRM model's poor explanatory and predictive ability. Similar findings have been 

reported by Elamraoui, [54], who observed that adsorption by keratinous and lignocellulosic biosorbents is 

inherently nonlinear because multiple adsorption mechanisms occur simultaneously. Therefore, it is anticipated 

that sophisticated nonlinear techniques such artificial neural networks (ANN) or adaptive neuro-fuzzy inference 

systems (ANFIS) may offer better predictive performance and a more accurate description of the adsorption 

process. 

The pareto analysis (Figure 4), identified contact time as the most influential process variable affecting Pb²⁺ 

adsorption onto PCFB, followed by Pb²⁺ concentration, solution pH, and adsorbent dosage. However, no single 

process variable had a statistically significant linear effect on adsorption efficiency (P > 0.05), as none of the 

standardized effects surpassed the significance threshold (2.060). The predominance of contact time emphasizes 

the significance of adsorption kinetics and mass transfer in facilitating Pb²⁺ diffusion and interaction with the 

keratin functional groups before attainment of equilibrium. These findings are consistent with report by Zhang 

et al. [42] who identified contact time as the dominant factor controlling heavy metals adsorption by protein 

based biosorbent despite the absence of statistically significant first order effects. The inability of the pareto 

analysis to identify dominant linear effects further support the conclusion that Pb2+ uptake results from the 

combination of several interacting physiochemical mechanism rather than a single controlling variable. 
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Residual diagnostics (Figure 5), demonstrated that the assumptions of multiple linear regression were generally 

satisfied. The residuals exhibited approximate normality, randomly dispersion around zero, and exhibited 

constant variance with no evidence of autocorrelation, as confirmed by the Durbin-Watson statistic of 1.86. 

Although one statistically significant outlier was identified, the isolated occurrence is more likely attributed to 

experimental variability or localized nonlinear adsorption behavior, than a systematic model inadequacy. A 

comparative residual patterns have been reported in recent adsorption modelling studies where regression 

assumptions were satisfied despite poor predictive accuracy, emphasizing that statistical validity alone does not 

guarantee model suitably for highly nonlinear adsorption system [36]. Collectively, the Pareto and residual 

analyses shows that the regression model's poor predictive performance results from its inability to fully capture 

the intricate and nonlinear adsorption mechanisms controlling Pb2+ sequestration by the keratin-based biosorbent 

rather than from statistical assumptions being broken. These findings provide strong justification to employ a 

more sophisticated nonlinear modeling techniques, such as artificial neural networks (ANN) and adaptive neuro-

fuzzy inference systems (ANFIS) which are better suited for describing complex adsorption systems 

characterized by strong variable interactions and nonlinear response surfaces. 

Table 6: Regression Coefficients 

Term Coef SE Coef T-Value P-Value VIF 

Constant 89.39 3.65 24.47 0.000  

Dose 1.87 3.64 0.51 0.613 1.22 

Conc. -0.0263 0.0262 -1.01 0.324 1.09 

pH 0.289 0.303 0.95 0.350 1.17 

Time 0.0459 0.0270 1.70 0.102 1.08 

 

Regression Equation (%): 89.39 + 1.87 Dose - 0.0263 Conc. + 0.289 pH + 0.0459 Time ------------ Eqn 22 

 

Table 7: Model Summary 

S R-sq R-sq(adj) R-sq(pred) 10-fold S 10-fold R-sq 

4.04567 22.62% 10.24% 0.00% 4.35560 0.00% 
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Table 8: Analysis of Variance 

Source DF Adj SS Adj MS F-Value P-Value 

Regression 4 119.64 29.91 1.83 0.155 
Dose 1 4.30 4.30 0.26 0.613 
Conc. 1 16.57 16.57 1.01 0.324 

pH 1 14.85 14.85 0.91 0.350 
Time 1 47.17 47.17 2.88 0.102 
Error 25 409.19 16.37   

Lack-of-Fit 22 372.25 16.92 1.37 0.454 
Pure Error 3 36.93 12.31   

Total 29 528.83    
Durbin-Watson 

Statistic 
1.86 

 

Table 9: Fits and Diagnostics for Unusual Observations 

Obs Response (%) Fit Resid Std Resid  

16 81.54 96.29 -14.75 -3.93 R 

 

 

Figure 4: Parato Chart Analysis of the Mean effect 
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Figure 5: Residual Analysis and Model Adequacy Diagnostics 

 

3.4.2 Linear Regression Analysis 

The candidate linear regression models (LRM) exhibited substantial variation in predictive performance, with 

Model 16.3 identified as the optimal model used base on external validation as seen in Table 10. This model 

produced the lowest RMSE of 4.26, MSE of 18.11, and MAE of 2.85, together with the highest validation R2 

value of 0.05 among the evaluated models as seen in Figure 6. Despite outperforming the remaining linear 

models, the coefficient of determination indicates that only 5% of the variability in Pb2+ adsorption efficiency 

was explained by the predictor variables, demonstrating weak explanatory and predictive capability. In contrast, 

the remaining models yielded negative validation R2 values (-24.98 to -0.17), indicating prediction errors greater 

than those obtained using the mean response as a predictor, which is a recognized indicator of poor model 

generalization and inadequate predictive performance. 

The validation predicted versus actual response plot as seen in Figure 7, corroborates these statistical findings. 

Although several observations are distributed close to the line of perfect prediction, the noticeable dispersion 
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around the 1:1 reference line indicates considerable discrepancies between predicted and experimental Pb2+ 

adsorption efficiencies. The presence of both overestimation and underestimation without an obvious directional 

trend suggest that the residuals are randomly distributed, implying the absence of systematic prediction bias. 

However, the magnitude of the deviation confirms that the model captures only the overall trend of the adsorption 

process while failing to explain a substantial proportion of the experimental variability. 

Similarly, the response plot (Figure 8) shows that the predicted response generally follows the experimental 

trend, with relatively small residuals for most validation samples. Nevertheless, several observations exhibit 

comparatively large residuals, particularly at lower adsorption efficiencies, underscoring localized prediction 

errors and reduced model reliability under specific operating conditions. These observations are consistent with 

the low validation R2 of 0.05, confirming that the linear regression model is unable to adequately describe the 

complex response surface governing Pb2+ adsorption. 

The limited performance of the linear regression model is consistent with previous adsorption studies, which 

demonstrated that adsorption systems are inherently nonlinear because of simultaneous interactions among 

process variables and the heterogeneous nature of adsorption sites. Consequently, nonlinear modelling 

approaches generally provide more accurate predictions than conventional linear regression. For instance, Vitek 

and Mancini. [55] reported nonlinear regression produced more reliable adsorption parameter estimation than 

linearized models by avoiding the distortions introduced during linear transformation of adsorption date. 

Similarly, comparative investigation of metal ion biosorption onto calcium alginate and dye adsorption onto rice 

husk concluded that nonlinear regression consistently outperformed linear methods in describing adsorption 

behavior and estimating model parameters with greater accuracy [56]. 

The Model 16.3 represent the best performing linear regression under the studied conditions and it provides an 

appropriate linear baseline for comparison. However, its low explanatory power and persistent prediction errors 

demonstrate that first order linear regression in inadequate for modelling Pb2+ adsorption onto ethanol pretreated 

chicken feather biomass. These findings indicates that the adsorption process is governed by nonlinear 
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interactions among adsorbent dosage, solution pH, initial metal concentration, and contact time, thereby 

providing strong justification for the application of nonlinear machine learning models, to achieve more accurate 

and robust prediction of biosorption performance.  

Table 10: Performance Evaluation of Linear Regression Models 

Model 

Numbe

r 

Model Type Status RMSE 

(Validation) 

MSE 

(Validation) 

R-Squared 

(Validation

) 

MAE 

(Validation

) 

7 Linear Regression Trained 22.31 497.52 -24.98 12.00 
16.1 Linear Regression Trained 4.74 22.48 -0.17 3.28 
16.2 Linear Regression Trained 10.73 115.19 -5.02 6.38 
16.3 Linear Regression Trained 4.26 18.11 0.05 2.85 
16.4 Stepwise Linear 

Regression 
Trained 5.26 27.66 -0.44 3.93 

 

 

Figure 6: Comparison Validation of RMSE for Potential Linear Regression Models 
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Figure 7: Validation plot of Develop LRM 

 

 

Figure 8: Model Prediction Accuracy Assessment 
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3.4.3 Artificial Neural Network (ANN) Analysis 

An artificial neural network (ANN) with a 4:8:1 architecture was constructed to predict the adsorption of Pb2+ 

ions onto PCFB as seen in figure 9. A satisfactory prediction with little error was indicated by the RMSE value 

of 1.27 and the R2 value of 0.94. However, investigations of neural networks with hidden layers ranging from 1 

to 25 neurons have been reported in the literature [57]. As a result, the number of hidden neurons has a substantial 

impact on the neural network's performance, as shown in table 11. While fewer neurons overwhelm the network's 

capacity for learning and prediction, a model with many hidden neurons is very flexible and may lead to 

overfitting of the dataset. The number of optimal neurons was thus determined by model optimization, which 

involved evaluating the trained network's performance against different hidden layer neurons.  

The table 12 displays the developed ANN model's training procedure. The network completed 14 training epochs 

in about 3 seconds, and during which the performance mean squared error decreased from 136 to 0.761, 

demonstrating the model converged rapidly and with high predicted accuracy. Additionally, the gradient 

decreased from 369 to 1.09 × 10-5, indicating that the optimization algorithm approached a stable minimum. 

During training, the Lavenberg Marquardt damping parameter (u) dropped from 1.0×10-3 to 1.0×10-5, indicating 

effective optimization. In order to avoid overfitting and improve the model's generalization performance, the 

early stopping criterion was satisfied when the training terminated after six (6) consecutive validation checks 

without improvement. 

The ANN validation performance and adaptability are presented in Figure 10. The dotted lines represent the line 

of best fit, while the colors blue, green, and red, respectively, represent the different RMSE values related to the 

ANN training, validation, and test. The RMSE measures the average difference between the experimental values 

and the ANN predicted value in relation to the regression line. Stronger agreement between the ANN predictions 

and the experimental observations is indicated by a smaller RMSE, which indicates that the predicted data lie 

closer to the line of best fit [58].  

Figure 11 shows the developed ANN model used to predict Pb2+ ions adsorption onto PCFB. The satisfactory 

model adopted for this study was the model whose uniformity between the experimental data and predicted 
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values had close agreement, which yielded the highest R2 value closest to unity. The Pb2+ adsorption 

experimental R2 values in the current study showed that the output layer was closely predicted by the model, 

since the model produced the highest R2 value (0.94) that was nearest to unity and its uniformity between the 

experimental data and predicted values showed close agreement, therefore leading to a better and more 

significant model as shown in Table 4. 

Consistent with the current study, ANN as a powerful prediction tool has been reported in previous study. For 

instance, Mansouri et al. [59] opined that an ANN model with a mean squared error (MSE) of 0.0015 and an R2 

of 0.9951 satisfactorily predicted adsorptive desulfurization using zeolites. Similarly, Tariq et al. [60], opined 

that ANN modeling with iterative optimization produced extremely accurate predictions that closely matched 

experimental findings when forecasting the adsorption capacity of 3-nitrophenol utilizing carbonaceous material 

derived from biomass waste. The work highlights the significance of various correlation methods for thorough 

insights into competitive adsorption dynamics while demonstrating the effectiveness of deep learning in 

optimizing adsorption operations. After being refined across 228 epochs, the 5-14-1 learning architecture showed 

excellent performance with high R2 values and mean squared error (MSE) values of 4.07, 18.406, and 6.2122 

for training, testing, and total datasets, respectively. 

 
Figure 9: Proposed Architecture for predicting Pb+2 Adsorption onto PCFB 
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Table 11: Comparative Evaluation of Different ANN Network Architecture’s Performance 

 

Topology MSE RSME R2 

4:8:1 1.618 1.27 0.94 
4:10:1 1.669 1.29 0.91 
4:12:1 2.060 1.43 0.92 
4:16:1 2.094 1.45 0.92 
4:20:1 2.273 1.51 0.90 

 
 

Table 12: ANN Training Process 

 
Unit Initial Value Stopped Value Target Value 

Epoch 0 14 1000 
Elapsed - 00:00:03 - 

Performance 136 0.761 0 
Gradient 369 1.09×10-5 1×10-7 

Mu 0.001 1×10-5 1×1010 
Validation Checks 0 6 6 

 
 
 

 

Figure 10: ANN Training and Validation Performance 
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Figure 11: Developed ANN Model 

3.4.4 Comparative Evaluation of ANN, LRM and RSM Developed models 

The predictive performance of the developed artificial neural network (ANN), linear regression model (LRM), 

and response surface methodology (RSM) models was evaluated using the coefficient of determination (R2), 

mean squared error (MSE), and root mean squared error (RMSE) derived from the experimental and predicted 

Pb2+ removal efficiencies as presented in Table 13. Among the three models, the ANN exhibited the highest 

predictive accuracy, achieving an R2 of 0.9473, with the lowest prediction errors MSE of 0.9295, and an RMSE 

of 0.9641. The high R2 coupled with the minimal prediction errors demonstrates the excellent capability of the 

ANN to captured the complex nonlinear interactions between the process factors governing Pb²⁺ adsorption 

process. This superior performance reflects the adaptive learning ability of ANN, which are capable of modeling 
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intricate input-output relationship without assuming a predefined mathematical form. Conversely, RSM model 

showed considerably poorer predictive performance with R2 value of 0.2262, MSE of 13.64 and, RMSE of 3.69, 

indicating that the second-order polynomial equation generated from the central composite design was unable to 

sufficiently describe the experimental response over the examined experimental conditions. Similarly, the linear 

regression model (LRM) yielded the poorest predictive performance, with the lowest R2 (0.1630) and the highest 

prediction errors (MSE = 14.7549 and RMSE = 3.8412), demonstrating that the simple linear relationship cannot 

adequately describe the complexity of the adsorption mechanism.  

Pb²⁺ adsorption onto ethanol-pretreated chicken feather biomass is driven by complex nonlinear connections that 

are better represented using machine learning approaches than traditional statistical regression techniques, as 

demonstrated by the ANN's notable advantage over both RSM and LRM. Although the ANN offered excellent 

predictive capability, the comparatively low R2 values for the RSM and LRM indicate that complex nonlinear 

interactions among the operating variables dominate the adsorption process, making traditional regression-based 

models less appropriate for accurate prediction 

These findings are consistent with previous study by Hafeez et al. [61] who reported superior predictive 

capabilities of ANN over conventional regression models for adsorption systems. They opined that ANN 

predicted Pb2+ adsorption onto magnetic monotmorillonite/CoFe2O4 composite more accurately than RSM, 

achieving an R2 of 0.998 with lower RMSE values, and concluded that ANN was a more reliable optimization 

tool for complex adsorption processes. Similarly, Igberase [62], demonstrated that ANN consistently 

outperformed RSM in modelling the simultaneous adsorption of Pb2+ and Ni2+ onto modified chitosan beads, 

reporting excellent prediction accuracies with R2 values up to 1.00 during training, and significant lower 

prediction errors, which they attributed to the ability of ANN to effectively learn nonlinear adsorption behavior.  

These recent findings reinforce the growing consensus that machine learning models, particularly ANN, provide 

more accurate, reliable, and generalizable prediction of adsorption performance than conventional RSM and 
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LRM, making them highly suitable for the design, optimization, and scale-up of biosorption processes involving 

heterogeneous biomaterials such as ethanol pretreated chicken feather biomass. 

Table 13: Comparative Performance Evaluation of the Developed Predictive Models 

 

Model R² MSE RMSE 

RSM 0.22 13.63 3.69 

LRM 0.16 14.75 3.84 

ANN 0.94 0.93 0.96 

 
 
3.4.5 Density Function Theory (DFT) Analysis 

 

 

Figure 12: Optimized Keratin Representative Structure 
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(a) 

 

                      (b) 

 

Figure 13: Millikan charge of Keratin (a) and Mulliken Charge of Pb2+-Keratin complex (b) 

 

(a) 

 

(b) 

 

Figure 14: The Frontier Molecular Orbital for HOMO (a) and LUMO (b) 
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The representative keratin model used in this study was constructed using Spartan 14 V1.14 software (Figure 

12), from four amino acid residue namely cysteine, glycine, alanine, and serine because they constitute the major 

components of feather β-keratin and collectively replicate its essential structural and electronic characteristics 

[3]. Cysteine contributes thiol (-SH) functional groups that serve as precursors to the disulfide cross-links that 

give keratin its mechanical stability and structural integrity, as well as sulfur donor sites with a great affinity for 

heavy metal ions. Glycine and alanine preserve the characteristic β sheet framework of feather keratin owing to 

their high abundance within the protein structure, whereas serine introduces polar hydroxyl (-OH) groups that 

participate in hydrogen bonding and influence the electron density around potential adsorption sites. 

Collectively, these amino acid residues provide the main sulfur-, oxygen-, and nitrogen-containing functional 

groups that dominate metal ion coordination, thereby offering a chemically representative and computationally 

efficient molecular model for elucidating the adsorption mechanism of Pb²⁺ at the molecular level.  

Prior to chemical quantum calculations, the keratin model was initially subjected to geometry optimization and 

molecular mechanics energy minimization in order to obtain eliminate steric strain and obtain the ground state 

structure corresponding to the lowest energy molecular configuration. A conformational search was then used to 

identify the global minimum energy conformer, which serve as the input structure for quantum chemical 

calculations. Density functional theory (DFT) geometry optimization at the B3LYP/6-31G* level was then used 

to precisely identify the electronic structure and energy profile of the optimized keratin model. The Pb²⁺-keratin 

complex was treated to the same computational methods in order to preserve methodological consistency and 

enable a direct comparison of the energetic properties before and after metal coordination.  

The calculated DFT descriptors (Table 14) demonstrate that Pb²⁺ adsorption significantly alters the electronic 

structure and stability of the keratin model. The calculated adsorption energy of −470.65 kJ mol⁻¹, indicates that 

complex formation is highly thermodynamically favorable and reflect strong chemical interactions between Pb2+ 

and the active adsorption sites of keratin. Such a large negative adsorption energy is consistent with 

chemisorption involving coordinate bond formation rather than weak physiosorption. The LUMO – HOMO 

energy gap decreased from 9.36 eV for pure keratin to 7.70 eV after adsorption corresponding to 17.7% 



39 

 

reduction. A narrower energy gap generally signifies increase molecular reactivity and enhanced charge transfer 

between the adsorbent and adsorbate, indicating that coordination of Pb2+ facilitates electron delocalization 

within the keratin framework [38]. 

Similarly, both the HOMO (Figure 14a) and LUMO (Figure 14b) energies shifted to lower levels after Pb²⁺ 

adsorption, suggesting stabilization of the electronic structure after complex formation. The reduction in 

HOMO's energy indicates that, the occupied orbitals became more stable, following electron density 

redistribution, thereby reducing the electron donating tendency of the isolated keratin molecule. When a complex 

is formed, the electronic structure is reorganized, as indicated by the stabilization of the LUMO. These electronic 

changes, together with the highly negative adsorption energy and formation of Pb-donor atom bonds, provides 

strong evidence far stable coordination between Pb2+ and the functional groups present in PCFB. 

The dipole moment increased from 3.32 Debye to 4.06 Debye after Pb2+ adsorption, indicating a significant 

redistribution of electron density upon complex formation. The increased molecular polarity indicates strong 

electrostatic interactions between Pb2+ and the donor atoms of keratin, particularly sulfur, nitrogen and oxygen 

atoms. An increase in dipole moment after adsorption is usually associated with enhanced charge separation and 

stronger metal-ligand interactions, supporting the occurrence of a chemisorption mechanism dominated by 

electron sharing between the adsorbent and the metal ion [63]. 

Collectively, the DFT descriptors consistently demonstrate that Pb2+ adsorption induces significant electronic 

rearrangement within the keratin framework. He highly favorable adsorption energy, reduction in the HOMO-

LUMO energy gap, stabilization of frontier molecular orbitals, and increased dipole indicates that adsorption 

proceeds predominantly through charge transfer interaction involving sulfur, nitrogen and oxygen containing 

functional moieties. These findings further reaffirm the formation of a stable Pb2+-keratin coordination complex 

and the chemisorption mechanism inferred from the experimental adsorption and kinetic studies.  

The present findings are consistent with recent computational investigation of heavy metal adsorption on 

keratinous ad protein based biomaterials. For instance, Fernandez et al. [64], reported that DFT calculations for 
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Pb2+ adsorption on amino acid rich biopolymeric adsorbent exhibited highly negative adsorption energies 

accompanied by reduced HOMO-LUMO energy gaps, indicating enhanced electronic interaction and 

spontaneous chemisorption through oxygen and nitrogen containing functional groups.  Similarly, Costa et al. 

[65], opined that coordination of Pb2+ with sulfur and oxygen rich biomolecular ligands resulted in stabilization 

of frontier molecular orbitals, increased dipole moments, and significant charge redistribution, confirming that 

electron transfer is the principal driving force for stable Pb2+ complex formation. El Messaoudi et al. [66] also 

reported similar observation, he observed that DFT descriptors, including negative adsorption energies, reduced 

energy gaps, and increased molecular polarity, provided convincing evidence of strong chemisorption 

interactions between heavy metal ions and protein derived biosorbents. Collectively, these studies support the 

present results and reinforce the suitability of DFT as a reliable tool for elucidating the molecular mechanism 

governing Pb2+ adsorption on keratin based biosorbents 

Table 14: DFT computation Descriptors of Keratin and Pb2+-Keratin complex 

Descriptors Keratin Pb Pb2+-Keratin complex 

Electronic Energy -880.38 kJ/mol 2108.65 kJ/mol 772.92 kJ/mol 

E-HUMO -9.63 ev -23.31 ev -15.66 ev 

E-LUMO -0.27 ev -12.40 ev -7.96 ev 

Dipole moment 3.32 debye 0.00 4.06 debye 

Energy of Adsorption (Eads) −470.65 kJ mol⁻¹ 

Energy Gap (ΔE) 9.36 ev 10.91 ev 7.7 ev 

The Mulliken charge analysis showed that Pb2+ adsorption induced significant electron density redistribution 

within the representative keratin model (Figure 13a and 13b), demonstrating charge transfer between the metal 

ion and the adsorbent (Table 15). The largest reduction in negative charge occurred at O5 (Δ = +0.102 e), N3 (Δ 

= +0.092 e), N4 (Δ = +0.079 e), and O3 (Δ = +0.064 e) identifying these heteroatoms as the principal electron-

donating centers involved in Pb²⁺ coordination. Conversely, sulfur (Δ = +0.009 e) and the remaining nitrogen 
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atoms exhibited only minor charge redistribution, suggesting secondary contributions to the adsorption process. 

Intreastingly, O1 became more negatively charged (Δ = −0.106 e), indicating that this atom participated primarily 

in intramolecular electronic polarization rather than direct Pb2+ coordination. Such redistribution of electron 

density is consistent with adsorption induced orbital interaction and confirms that complex formation is 

accompanied by extensive electronic rearrangement within the keratin framework [50]. 

These findings suggest that Pb2+ adsorption is controlled by multidentate coordination involving several oxygen 

and nitrogen donor sites, thereby which stabilizing the adsorbed complex through the observed electronic 

redistribution. This observation is consistent with the Hard and Soft Acids and Bases (HSAB) theory, which 

predict that Pb2+, a borderline-soft Lewis acid, preferentially interact with electron rich oxygen and nitrogen 

donor site present in protein based adsorbents. The Mulliken charge analysis supports the suggested adsorption 

mechanism by offering quantum chemical evidence that Pb²⁺ adsorption happens through multidentate 

coordination accompanied by significant electronic restructuring of the keratin framework. Consistent with the 

present study Ayad et al. [67], reported DFT investigation where Mulliken charge redistribution was identified 

as direct evidence of electron transfer during adsorption, oxygen containing functional groups were identified to 

serve as the predominant active sites because of their high electron density and strong coordination ability. 

Similarly, Qi and Guan [68], demonstrated that adsorption induced charge redistribution significantly modifies 

the electron environment surrounding adsorption centers, thereby enhancing complex stability and adsorption 

strength. 

Furthermore, the optimized bond distance (Table 16) provides additional structural evidence supporting the 

proposed adsorption mechanism. The calculated Pb–O bond lengths range (2.407 to 2.732 Å), is consistent with 

stable Pb–O coordination reported for lead-organic complexes. Furthermore, the relatively short Pb–N bond 

distances of N4 (2.405 Å) and N2 (2.571 Å), confirms that these amide nitrogen atoms form a direct coordination 

with Pb²⁺. Conversely, the longer Pb–S distance of 5.907 Å and the Pb–N1/Pb–N3 distances of approximately 

4.19 Å significantly exceeded the lengths of coordination bonds, demonstrating that these atoms contributed 

minimally, if at all to direct Pb2+ coordination. Collectively, these findings support the Mulliken population 
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analysis, confirming that oxygen atoms are the primary coordination centers while nitrogen atoms provide 

additional stabilization through auxiliary coordination. The agreement between the electronic and geometric 

descriptors demonstrates that adsorption is predominantly governed by simultaneous charge transfer and 

structural rearrangement, resulting in the formation of a thermodynamically stable adsorption complex.  

This present study is consistent with previous report by Ganguly et al. [69] who reported DFT studies where 

variation in Mulliken atomic charges together with optimized metal ligand bond length were used to identify 

adsorption active sites and explain the enhanced stability of metal complexes following adsorption. These 

consistencies further validate the proposed adsorption mechanism and reinforce the reliability of the present DFT 

calculations.  

Table 15: Milliken Charge before and After adsorption of Pb2+ 

 

Element Before 

Adsorption 

After Adsorption Difference 

S -0.228 -0.219 +0.009 

N1 -0.488 -0.471 +0.017 

N2 -0.453 -0.443 +0.01 

N3 -0.498 -0.406 +0.092 

N4 -0.500 -0.421 +0.079 

O1 -0.437 -0.543 -0.106 

O2 -0.553 -0.524 +0.029 

O3 -0.556 -0.492 +0.064 

O4 -0.532 -0.533 -0.001 

O5 -0.561 -0.459 +0.102 

 

Table 16: Bond Distance 

Element Bond Distance (Ǻ) 
Pb-S 5.907 
Pb-N1 4.189 
Pb-N2 2.571 
Pb-N3 4.189 
Pb-N4 2.405 
Pb-O1 2.407 
Pb-O2 2.732 
Pb-O3 2.507 
Pb-O4 2.407 
Pb-O5 2.694 



43 

 

 
 
3.5 Adsorption Isotherm 

The image in Fig. 15 represents the Freundlich isotherm for Pb2+ ion sorption. The correlation parameters are 

presented in Table 17. The correlation coefficient (R2) = 0.9376 shows the Freundlich isotherm explains the 

experimental data. This suggests the adsorption of Pb2+ ion ions by PCFB occurred on a multilayer heterogeneous 

surface. Which strongly suggest PCFB possess a non-uniform active site. The heterogeneity factor (n) = 

2.353495 suggest a favorable adsorption process since 1<n>10 [49]; [16]. This result implies that the surface 

binding sites have moderate heterogeneity and increasing Pb2+ ion concentration leads to saturation effect and 

energy distribution across site since 1/n < 1. The Freundlich isotherm constant (KF) = 0.8993 (mg/g)(ܮ/݉݃)0.5 

suggest a relatively moderate absorbate-adsorbent affinity [27].  

 

Figure 15: Freundlich Isotherm of Pb2+ ion Sorption onto pretreated Chicken Feather biomass 

The Flory-Huggins isotherm for Pb2+ ion sorption is illustrated in Fig. 16 while the isotherm parameters are 

presented in Table 17. The data revealed R2 = 0.8505, KFH = 656.15 (Lmg-1) n = 0.7752 and G = -16kJmol-1
 as 

presented. This result suggests that 85% of the variation in the experimental data can be explained by this model. 

The values of the equilibrium parameter (KFG) and degree of surface coverage (n), indicates high absorbate-

absorbent affinity while the adsorption process followed a heterogeneous multilayer mechanism with an 

adsorbate molecule occupying less than one site [33]. This implies favorable adsorption with high surface 
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coverage. The Gibbs free energy value confirms the process was spontaneous which also falls within the range 

typical (-20 – 0 kJ/mol) for physisorption process [70]. 

 
Figure 16: Flory-Huggins Isotherm of Pb (II) ions Sorption onto pretreated Chicken Feather biomass

 

The Jovanovic isotherm for Pb2+ ion sorption is illustrated in Figure 17, while the isotherm parameters are 

presented in Table 17. The result revealed that the R2 = 0.7979, KJ = 0.1855 and Qmax = 1.5600 mgg-1. This 

suggest that statistically 79.79% variation in the experimental data can be explained by this isotherm i.e the data 

showed a good fit. The value for KJ suggests a positive correlation between adsorbate concentration and amount 

adsorbed at equilibrium, which implies the adsorption is favourable what a maximum adsorption capacity of 

1.56 mg/g (reflecting saturation capacity of the adsorbent at equilibrium) [29].   

 
Figure 17: Jovanovic Isotherm for Pb2+ ion sorption onto Pretreated Chicken Feather Biomass 
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The image in Figure 18, illustrates the Langmuir isotherm for Pb2+ ion sorption onto PCFB, while the isotherm 

parameters are presented in Table 17. The result revealed that R2 = 0.841, KL = 0.5248 mg/L, Qo = 0.087mg/g 

and RL = 2.58131. This result suggests that Langmuir isotherm can account for 84.1% variation in the 

experimental data [71]; [72]. Nonetheless, the value of the Langmuir constant (KL) suggests a moderate 

adsorbate-adsorbent affinity as seen in the relatively low maximum monolayer adsorption capacity (Qo) 

(0.087mg/g) and unfavorable adsorption process as seen in the separation factor RL > 1.  

 

 

Figure 18: Langmuir Isotherm of Pb (II) ions Sorption onto Pretreated Chicken Feather Biomass 

The image in Figure 19 illustrates the Temkin isotherm for Pb2+ ion sorption, with the isotherm parameters 

presented in Table 17. The result revealed R2 = 0.8257, AT = 9.40367 L/g and bT = 48.812 J/mol. This result 

suggests that Temkin model account for 82.57% variation in the experimental data. The values for Temkin 

binding constant (AT) and heat of adsorption (bT) suggest a favorable adsorption process with strong absorbate-

adsorbent affinity and repulsive interaction between the adsorbed molecules [72]. The heat of adsorption 

decreases with increasing surface coverage.  
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Figure 19: Temkin Isotherm of Pb 2+ ions Sorption onto Pretreated Chicken Feather Biomass 

Table 17: Correlation parameters of Langmuir, Freundlich, Temkins, Flory-Huggins and Jovanovic 

Isotherms for selected Heavy Metal ions adsorption onto Pretreated Chicken Feather Biomass 

Models Descriptors Values 

Freundlich Isotherm R² 0.9376 

 n1 2.353495 

 KF 0.8993 (mg/g)(ܮ/݉݃)0.5 

Flory-Huggins Isotherm R2 0.8505 

 KFH 656.15 L/mg-1 

 n2 0.7752  

 ∆G -16 kJ/mol 

Jovanovic Isotherm R2 0.7979 

 KJ 0.1855 L/mg 

 Qmax 1.5600 mg/g 

Langmuir Isotherm R² 0.841 

 KL 0.5248 L/mg 

 Qo 0.087 mg/g 

 RL 2.58131 

Temkin Isotherm R² 0.8257 

 AT 9.40367 L/g 

 bT 4812.812 J/mol 

 

In this present study, Freundlich isotherm (R2 = 0.9376) best describe the adsorption of Pb2+ ion onto PCFB, 

indicating that the adsorption occurred predominantly on a heterogeneous surface through multilayer adsorption 

with non-uniform distribution of active sites. The Freundlich constant (n = 2.35, KF= 0.8993) further demonstrate 

favourable adsorption, moderate surface heterogeneity, and appreciable adsorbate-adsorbent affinity. The value 

Pb

y = 0.4716x + 1.0569

R² = 0.8257

0

0.5

1

1.5

2

2.5

-2 -1.5 -1 -0.5 0 0.5 1 1.5 2 2.5

q
e

ln Ce



47 

 

of n>1 suggests that the adsorption process was energetically favourable over the concentration range 

investigated. These observations are consistent with heterogeneous chemical composition of keratin, which 

possess amino, carboxyl, hydroxyl and sulfur moieties capable of providing adsorption sites with different 

binding energies [73].  

The Flory-Huggins isotherm (R2= 0.8505) further supports heterogeneous multilayer adsorption with high 

surface coverage, favourable adsorbate-adsorbent affinity. The negative Gibbs free energy (∆G = -16kJ/mol) 

confirms that Pb2+ adsorption is thermodynamically spontaneous. The magnitude of ∆G also suggest that 

physisorption also contributed substantially to the overall Pb2+ coordination process. However, when considered 

alongside DFT results, which exhibited direct Pb-O and Pb-N coordination, the adsorption mechanism is more 

appropriately described as mixed physisorption-chemisorption, whereby electrostatic attraction and van der 

Waals forces facilitates the initial uptake of Pb2+, followed by localized coordination with oxygen and nitrogen 

containing functional groups [22]. The Jovanovic isotherm (R2= 0.7979) predicted a maximum adsorption 

capacity of 1.56 mg/g, indicating that though adsorption was favourable, the equilibrium adsorption capacity 

remained relatively low under the investigated conditions. This comparatively lower fit suggests that 

assumptions of an ideal homogeneous surface with negligible lateral interactions are less suitable for describing 

Pb2+ adsorption onto PCFB. 

Similarly, the Langmuir isotherm (R2 = 0.841) explained only 84.1% of the experimental variation, while the 

low monolayer adsorption capacity (Qo= 0.087 mg/g) and RL >1 suggested monolayer adsorption was 

unfavourable within the studied experimented conditions. This deviation from Langmuir assumption further 

confirms the heterogeneous nature of the keratin surface [74]. 

Although the Temkin isotherm (R2 = 0.8257) exhibited a poorer fit than the Freundlich isotherm model, it 

nevertheless indicated favourable Pb2+ adsorption with relatively strong affinity between Pb2+ ion and PCFB. 

The Temkin parameters further suggest that the heat of adsorption decreases progressively with increasing 

surface coverage due to interactions between the adsorbed species, indicating that the adsorption energies 
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declines as the adsorption site becomes occupied [75]. This observation complements the Freundlich isotherm, 

which provides the best fit to the experimental data, further confirming that adsorption occurred on a 

heterogenous biosorbent with active sites of varying adsorption energies. 

Consistent with the present study, Zahara et al. [45] reported Freundlich dominated adsorption mechanism of 

keratin based biosorbent and other proteinaceous adsorbents, where surface heterogeneity arising from diverse 

functional groups facilitated multilayer adsorption of heavy metals rather than ideal monolayer adsorption. 

The isotherm evaluation of the present study demonstrates that Pb2+ adsorption onto PCFB is predominantly 

heterogenous and multilayer in nature, with the Freundlich model proving the most satisfactory description of 

the equilibrium data. The combined evidence from the Freundlich, Flory-Huggins, Temkin, and DFT analysis 

indicates that adsorption proceeds through a mixed mechanism involving both physisorption and chemisorption.  

3.3 Kinetic study 

The graphical illustration in Figure 20, depicts the Pseudo first order (PFO) kinetic for Pb2+ ion sorption onto 

PCFB, while the kinetic parameters are presented in Table 18. The result revealed R2 = 0.8929, Qe = 0.028893 

mg/g and K1 = 0.026945 min-1. The result from the R2 value showed that the experimental data moderately fitted 

PFO kinetic i.e PFO partially describe the adsorption kinetics. The values for Qe and K1 shows a low adsorption 

capacity (0.028893mg/g) at a very slow rate (0.026945 min-1), which suggest limited surface area or porosity on 

the PCFB and/or competition with other ions or insufficient active site for Pb2+ ion sorption (Nasser Mohamed 

et al., 2024).  
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Figure 20: Pseudo First Order of Pb2+ ion Sorption onto Pretreated Chicken Feather Biomass 

 

The Graphical illustration in Figure 21, represents the Pseudo second order (PSO) kinetics for Pb2+ ion sorption 

onto PCFB while the kinetic parameters are presented in Table 18. The result showed the R2 = 0.9999, Qe = 

0.493852 mg/g and K2 =2.944714 g/mg.min. The R2 value indicates an excellent correlation with the PSO 

kinetics model. The Qe and K2 values indicates a maximum adsorption capacity (0.493852 mg/g) at a rate 

constant (2.944714 min-1). This implies the adsorption of Pb2+ ion by PCFB is fast efficient and chemisorption 

driven [76]. 
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Figure 21: Pseudo Second Order of Pb2+ ion ions Sorption onto Pretreated Chicken Feather Biomass 

The graphical illustration in Figure 22, illustrates the Elovich model for Pb2+ ion sorption onto PCFB while the 

kinetic parameters are presented in Table 18. The result showed R2 = 0.4852, Elovich adsorption rate (α)= 4.93 

mg.g-1.min-1 and desorption constant (β)= 0.014461 g.mg-1. The R2 value indicate a poor correlation with Elovich 

model. The result also shows a moderately high initial adsorption rate and very low desorption constant which 

suggest stronger Pb2+ ion binding to PCFB surface (Benjelloun et al., 2021). Nevertheless, this descriptor may 

not be reliable because of the very poor data correlation (R2= 0.4852) with the Temkin model [19].  

 

Figure 22: Elovich Model for Pb2+ ions Sorption onto PCFB 
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The graphical illustration in Figure 23, represents the Weber-Morris intraparticle diffusion model, the kinetic 

descriptors are presented in Table 18. The result showed that a correlation coefficient (R2) = 0.4956, Intraparticle 

diffusion constant KID = 0.0017 mg/g.min0.5 and Intercept C = 0.4684. The R2 value data shows a very poor 

correlation with intraparticle diffusion model. The Intraparticle diffusion constant and intercept suggest a very 

slow diffusion rate and a minor boundary layer effect i.e intraparticle diffusion is a predominant mechanism 

controlling the adsorption process [77]. Nonetheless, the poor data correlation of this model suggests the 

descriptor generated may not be reliable for mechanistic interpretation.  

 
Figure 23: Intraparticle diffusion model for Pb2+ ion sorption onto Pretreated Chicken Feather biomass 

 

Table 18: Rate Constants and Correlation Coefficient Values of Pseudo First Order, Pseudo Second 

Order, Elovich and Intraparticle diffusion Model for Pb ions Adsorption onto Pretreated Chicken Feather 

Biomass 
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Pseudo First Order R² 0.8929 

 Qe 0.028893 mg/g 

 K1 0.026945 min-1 

Pseudo Second Order R² 0.9999 
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 K2 2.944714 g/mg.min 
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 β 0.014461 mg/g 
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Intraparticle diffusion Model R² 0.4956 

 KID 0.0017 mg/g.min0.5 

 C 0.4684 

 

The kinetic evaluation of the present study demonstrated that Pb2+ adsorption on PCFB was best described by 

the pseude second order (PSO) model (R2 = 0.9999), with a high rate constant (k2 = 2.94 g/mg/min) and an 

equilibrium adsorption capacity (0.494 mg/g), indicating rapid adsorption governed predominantly by 

chemisorption through interaction between Pb2+ ions and the active functional groups of the keratin matrix. 

Conversely, the pseudo first order model exhibited a lower correlation (R2 = 0.893) and substantially 

underestimated the adsorption capacity (qe =0.029 mg/g), demonstrating that physisorption was not the dominant 

mechanism. The poor fit obtained for Elovich (R2 = 0.485) and Weber-Morris intraparticle diffusion (R2 = 0.496) 

models further demonstrated that neither heterogeneous surface chemisorption nor intraparticle diffusion alone 

controlled the adsorption rate, suggesting that surface chemical interactions constituted the primary rate limiting 

step. These findings are consistent with previous studies on keratin rich and other bio derived adsorbent, which 

similarly identified PSO kinetics as the most appropriate model for describing the adsorption of metal ion, 

reflecting the dominant role of chemisorption mediated by amino, carboxyl, hydroxyl, and sulfur containing 

functional groups, while intraparticle diffusion contributed only as a secondary transport process ([20]; [78].  

Similarly, Shubha et al. [79], reported that Pb2+ adsorption onto functionalized bio-based adsorbent followed 

PSO kinetics, indicating that chemical interaction dominated the adsorption process. Likewise, Banasaz and 

Ferraro [80] observed that keratin derived biosorbent exhibited excellent conformity with the PSO model owing 

to the strong affinity of sulfur and nitrogen containing functional groups for Pb2+ ions. In the same vein, 

demonstrated that poultry feather based biosorbent removed Pb2+ predominantly through chemisorption, with 

PSO providing the highest predictive accuracy, while intraparticle diffusion acted only as a secondary transport 

mechanism. 

The kinetic findings demonstrated that chemisorption was the dominant rate limiting mechanism governing Pb2+ 

adsorption onto PCFB.  
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4.0 Conclusion 

This study demonstrated that ethanol pretreated chicken feather biomass is an efficient sustainable and 

regenerable biosorbent for Pb2+ removal from aqueous media. Experimental characterization confirmed that 

ethanol pretreatment enhanced the accessibility of keratin derived hydroxyl, amino, and sulfur containing 

functional groups, which served as the principal binding sites for Pb2+ ions. Equilibrium studies established that 

adsorption occurred predominantly on a heterogenous surface following the Freundlich isotherm, whereas 

pseudo second order kinetic identified chemisorption as the dominant rate controlling mechanism. The 

satisfactory regeneration performance obtained with EDTA further demonstrates that operational stability and 

reusability of the biosorbent, supporting its practical applicability. 

Beyond conventional adsorption studies, the integration of DFT calculations with machine learning provided 

molecular and process level insight into the adsorption mechanism. Quantum chemical analysis validated the 

experimentally proposed coordination interactions through favourable electronic stabilization and charge 

transfer between Pb2+ ions and keratin functional groups. Simultaneously, comparative modelling demonstrated 

that ANN substantially outperformed RSM and linear regression, confirming that Pb2+ adsorption is governed 

by complex nonlinear interactions that cannot be adequately represented by conventional statistical models. 

Holistically, the findings establish an integrated experimental computational workflow for understanding and 

predicting heavy metal biosorption. This approach not only advances the mechanistic understanding of keratin 

based biosorbent but also provides a rational framework for the design, optimization and scale up of sustainable 

adsorption technologies for wastewater remediation.  
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