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Glyphosate contamination of water resources from agricultural activities presents a 

significant environmental challenge, particularly in Nigeria where the herbicide is 

widely used. This study evaluated a shea nut shell (Vitellaria paradoxa)-derived 

bioadsorbent for glyphosate removal from aqueous solution and assessed the principal 

adsorption variables using response surface methodology based on a Box-Behnken 

design. The bioadsorbent was prepared by alkaline (NaOH) treatment followed by 

carbonization at 400 °C for 2 h and characterized using FTIR, SEM-EDS, PXRD, and 

XRF. Characterization revealed lignocellulosic functional groups (C-H, C=C, C-O-C, 

C-O), a rough and porous surface morphology, semi-crystalline cellulose with a 

crystallite size of 15.69 nm, and inorganic constituents including potassium, calcium, 

and iron. The point of zero charge (PZC) was 6.8. Batch adsorption experiments were 

conducted using a 46-run Box-Behnken design investigating pH (2–10), contact time 

(10–180 min), adsorbent dosage (0.10–2.00 g/100 mL), initial glyphosate concentration 

(10–100 mg/L), and temperature (25–45 °C). Experimental glyphosate removal ranged 

from 0% to 100%, with complete removal observed in two runs, while the highest 

experimental adsorption capacity was 62.14 mg/g. The quadratic response surface model 

explained 52.92% of variation (R² = 0.5292) but exhibited limited predictive capability 

(adjusted R² = 0.1526; predicted R² = −0.8186), and the overall model was not 

statistically significant (F = 1.405, p = 0.2085). Initial glyphosate concentration was the 

only statistically significant linear factor (F = 6.106, p = 0.0206), with a significant 

quadratic effect (F = 7.187, p = 0.0128). The contact time × adsorbent dosage interaction 

approached significance (p = 0.0544). These findings demonstrate the potential of shea 

nut shell as a low-cost bioadsorbent for glyphosate removal; however, the conditions of 

maximum removal are reported as best-performing conditions within the experimental 

region rather than statistically validated optimum conditions, and independent validation 

is required. 
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INTRODUCTION 

Water pollution from agricultural activities is a major 

environmental concern because pesticides applied to 

farmland can enter surface water and groundwater through 

runoff, erosion, and leaching. Among these pesticides, 

glyphosate is widely used for weed control due to its broad-

spectrum herbicidal activity, and its extensive application has 

raised concerns about its occurrence in soil and aquatic 

environments (Ighalo et al., 2021; Kimbi Yaah et al., 2024). 

Glyphosate, chemically known as N-(phosphonomethyl) 

glycine, is a systemic and non-selective herbicide that inhibits 

5-enolpyruvylshikimate-3-phosphate synthase (EPSPS), an 

enzyme involved in the shikimate pathway of susceptible 

plants. Glyphosate is highly polar and water-soluble and 

contains phosphonate, carboxyl, and amino functional groups. 

These ionizable groups influence its behaviour in aqueous 

environments and enable interactions with suitable adsorbent 

surfaces (Sen, 2021; Ighalo et al., 2021). 

The use and occurrence of glyphosate are relevant to Nigeria, 

where herbicides are increasingly used for agricultural weed 

management. Glyphosate has been reported among 

commonly used herbicides by farmers in Southwestern 

Nigeria, while residues have also been detected in surface 

water and groundwater associated with agricultural activities 

(Ayoola et al., 2023; Olaniyi et al., 2025). Specifically, 

glyphosate was reported to be used by 81.9% of farmers 

surveyed across Ogun, Ondo, and Oyo States (Olaniyi et al., 

2025), and concentrations reaching 29.40 ± 0.83 mg/L were 

detected in wet-season surface water in Oyo State (Ayoola et 

al., 2023). Its occurrence in water therefore creates a need for 

effective and affordable treatment methods. 

Different methods are available for removing glyphosate from 

water, including membrane separation, advanced oxidation, 

biological treatment, electrochemical processes, and 

adsorption (Kimbi Yaah et al., 2024). Among these methods, 

adsorption is attractive because of its relatively simple 

operation and potential application using low-cost adsorbent 

materials. Agricultural wastes have received attention as 

potential bioadsorbents because they are renewable, 

inexpensive, and predominantly lignocellulosic. Their 

cellulose, hemicellulose, and lignin structures contain 

functional groups that may interact with contaminants in 

aqueous systems. Converting these wastes into adsorbents 

also provides an opportunity for agricultural-waste 

valorization (Liu et al., 2022). Several studies have 

demonstrated the effectiveness of agricultural waste-derived 

adsorbents for glyphosate removal, including biochars from 

rice husk, coffee husk, and woody biomass (Herath et al., 

2016; Mayakaduwa et al., 2016; Lam et al., 2023), as well as 

clay-biochar composites (Rallet et al., 2022). However, the 
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performance of these materials varies considerably depending 

on feedstock, preparation conditions, and solution chemistry, 

underscoring the need for continued evaluation of locally 

available feedstocks. 

Shea nut shell is an agricultural residue generated during the 

processing of shea nuts. As a lignocellulosic material, it has 

potential for conversion into a bioadsorbent. The use of shea 

nut shell for water treatment could therefore provide a low-

cost adsorbent while creating a beneficial use for an 

agricultural residue (Duwiejuah et al., 2018). However, 

despite the potential of agricultural wastes as adsorbents, 

information on the specific use of shea nut shell for 

glyphosate removal from aqueous solution remains limited. In 

particular, there is a need to establish its adsorption 

performance and determine the influence of important 

operational variables. Response Surface Methodology (RSM) 

provides a statistical approach for evaluating the individual 

and combined effects of process variables and determining 

optimum operating conditions. The Box-Behnken design can 

be applied to investigate selected adsorption variables 

efficiently and develop a predictive model for glyphosate 

removal. Therefore, this study evaluates shea nut shell-

derived bioadsorbent for the removal of glyphosate from 

aqueous solution through adsorbent characterization, 

adsorption studies, and response surface modelling using 

RSM based on the Box-Behnken experimental design 

Aim: This study aims to evaluate shea nut shell-derived 

bioadsorbent for glyphosate removal from aqueous solution 

and  assess the principal adsorption variable  using response 

surface methodology based on a Box–Behnken design. 

 

MATERIALS AND METHODS 

Materials 

Shea nut shells were collected, washed, dried, and ground. All 

chemicals and reagents used were of analytical grade. Sodium 

hydroxide (NaOH) and hydrochloric acid (HCl) were used for 

pH adjustment and adsorbent preparation. Distilled water was 

used throughout. 

 

Preparation of Shea Nut Shell Bioadsorbent 

Shea nut shells were pretreated by soaking in 0.1 M NaOH for 

24 hours, washed until neutral, dried at 105 °C for 24 h, and 

carbonized in a muffle furnace at 400 °C for 2 h under limited-

air conditions. The carbonized material was cooled to room 

temperature, ground, and sieved to a particle size of < 250 µm. 

This alkaline treatment enhances surface porosity and 

removes lignin or hemicellulose (Igbemi et al., 2021). 

 

Characterization of Bioadsorbent 

The prepared bioadsorbent was characterized using Fourier-

transform infrared spectroscopy (FTIR), scanning electron 

microscopy coupled with energy-dispersive X-ray 

spectroscopy (SEM-EDS), powder X-ray diffraction (PXRD), 

and X-ray fluorescence (XRF). The point of zero charge 

(PZC) was determined by the salt addition method: 0.1 g of 

bioadsorbent was added to 50 mL of 0.1 M NaCl solutions 

adjusted to initial pH values between 2 and 12, shaken for 24 

h, and the final pH was measured; the PZC was taken as the 

pH at which ΔpH = 0 

FTIR: Functional groups were identified by recording spectra 

over a suitable wavenumber range. 

SEM-EDS: Surface morphology and elemental composition 

were examined at different magnifications. 

PXRD: Powder X-ray diffraction analysis was used to 

investigate the structural characteristics of the prepared shea 

nut shell bioadsorbents. 

Approximately 10 mg of each dried sample was finely ground 

and evenly distributed on the XRD sample holder. The 

diffraction patterns were recorded using Cu Kα radiation with 

a wavelength (λ) of 1.5406 Å over a 2θ range of 5–50°. 

The resulting diffractograms were examined for broad and 

sharp diffraction features associated with the amorphous and 

crystalline components of the prepared materials. The 

positions and relative intensities of the major diffraction peaks 

were compared to assess structural differences among the 

prepared adsorbents. 

The relationship between the X-ray wavelength, diffraction 

angle and interplanar spacing was described using Bragg's 

law: 

nλ = 2d sin θ 

Where: 

n = order of diffraction 

λ = wavelength of the incident X-ray radiation 

d = interplanar spacing 

θ = Bragg diffraction angle 

For first-order diffraction, where n = 1, the interplanar spacing 

was calculated as:d = λ / (2 sin θ) 

Where crystalline-phase identification was undertaken, the 

observed diffraction peaks were compared with appropriate 

reference patterns in the International Centre for Diffraction 

Data Powder Diffraction File (ICDD-PDF) database. 

Where crystallite-size determination was applicable, the 

average crystallite size was calculated using the Scherrer 

equation: 

D = Kλ / (β cos θ) 

Where: 

D = average crystallite size (nm) 

K = Scherrer shape factor, approximately 0.9 

λ = wavelength of Cu Kα radiation (0.15406 nm) 

β = full width at half maximum (FWHM) of the selected 

diffraction peak in radians 

θ = Bragg angle of the selected diffraction peak 

The Scherrer calculation was applicable only to sufficiently 

defined crystalline diffraction peaks for which the required 

peak-width information was available. 

The exact scan step size and counting time should be reported 

from the original XRD instrument output or analytical report. 

XRF: Inorganic elemental composition was determined. 

 

Preparation of Glyphosate Solutions 

Synthetic aqueous solutions of glyphosate were prepared in 

the laboratory at concentrations specified by the experimental 

design. 

 

Batch Adsorption Experiments 

Batch adsorption experiments were performed in 250 mL 

conical flasks containing 100 mL of glyphosate solution of the 

required initial concentration. The required amount of 

bioadsorbent (0.10–2.00 g/100 mL) was added, and the pH 

was adjusted to the desired value (2–10) using 0.1 M HCl or 

0.1 M NaOH. The flasks were sealed and agitated in a 

thermostatic shaker at 150 rpm for the specified contact time 

(10–180 min) and temperature (25–45 °C) according to the 

Box-Behnken experimental matrix. After adsorption, the 

adsorbent was separated by filtration through a 0.45 µm 

membrane filter, and the residual glyphosate concentration 

was determined using UV-Visible spectrophotometry at 296 

nm. All experiments were performed in triplicate, and the 

mean values were used for analysis. The limit of detection 

(LOD) of the spectrophotometric method, calculated as 3.3 × 

(standard deviation of the blank)/(slope of the calibration 

curve), was 0.28 mg/L. 
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Box–Behnken Response Surface Methodology Design 

A Box–Behnken design (BBD) consisting of 46 experimental 

runs was employed to investigate five independent variables: 

pH (2–10), contact time (10–180 min), adsorbent dosage 

(0.10–2.00 g/100 mL), initial glyphosate concentration (10–

100 mg/L), and temperature (25–45 °C). The design included 

six centre-point runs to assess experimental reproducibility 

and estimate pure error. 

 

Calculation of Adsorption Responses 

The initial glyphosate concentration (C₀) and equilibrium or 

residual concentration (Cₑ) were used to calculate the 

percentage removal and equilibrium adsorption capacity. 

Percentage Glyphosate Removal 

Removal (%) = [(C₀ − Cₑ)/C₀] × 100 

Where: C₀ = initial glyphosate concentration (mg/L); Cₑ = 

residual or equilibrium glyphosate concentration (mg/L). 

Equilibrium Adsorption Capacity 

qₑ = [(C₀ − Cₑ)V]/m 

Where: qₑ = equilibrium adsorption capacity (mg/g); C₀ = 

initial glyphosate concentration (mg/L); Cₑ = equilibrium 

glyphosate concentration (mg/L); V = volume of glyphosate 

solution (L); m = mass of adsorbent used (g). 

Since 100 mL of glyphosate solution was used in each 

experiment: V = 100 mL = 0.100 L. Therefore: 

qₑ = [(C₀ − Cₑ) × 0.100]/m 

The percentage removal and adsorption capacity obtained 

from the experimental runs were used as response variables 

for evaluating the effects of the operational parameters and for 

subsequent statistical modelling using RSM. 

 

Statistical Analysis 

Experimental data were analyzed using Design-Expert 

software. Analysis of variance (ANOVA) was used to 

evaluate the significance of model terms. Model adequacy 

was assessed using R², adjusted R², predicted R², lack-of-fit 

tests, and diagnostic plots. 

 

RESULTS AND DISCUSSION 

Characterization of Shea Nut Shell Bioadsorbent 

FTIR Analysis 

The FTIR spectrum of the shea nut shell (Vitellaria paradoxa) 

bioadsorbent revealed characteristic absorption bands 

corresponding to the major lignocellulosic constituents of the 

biomass (Figure 1). The peaks observed at 2922.2 and 2847.7 

cm⁻¹ were assigned to asymmetric and symmetric stretching 

vibrations of aliphatic C-H groups, indicating the presence of 

cellulose, hemicellulose, and lignin. The absorption band at 

1565.5 cm⁻¹ was attributed to C=C aromatic ring stretching of 

lignin, while the bands at 1371.7 and 1155.4 cm⁻¹ were 

assigned to C-O-C and C-O stretching vibrations, 

respectively, characteristic of polysaccharides. The broad 

band around 2340.8 cm⁻¹ was attributed to O-H stretching of 

adsorbed water or phenolic groups. The presence of these 

oxygen-containing functional groups is expected to facilitate 

glyphosate adsorption through hydrogen bonding and 

electrostatic interactions.

 

 
Figure 1: FTIR Analysis of Sheanut Shell Bio-Adsorbent 

 

Scanning Electron Microscopy (SEM) 

Scanning electron microscopy (SEM) was used to examine 

the surface morphology of the shea nut shell (Vitellaria 

paradoxa) bio-adsorbent at magnifications of 500×, 1000×, 

and 2000×. The micrographs revealed irregularly shaped 

particles with rough and heterogeneous surfaces containing 

cracks, grooves, and fractured edges. At higher 

magnifications, the biomass exhibited a fibrous 

lignocellulosic structure with interconnected pores, 

longitudinal channels, and numerous surface cavities. These 

morphological features are characteristic of plant-derived 

adsorbents and provide a large effective surface area together 

with multiple active sites for adsorption. The interconnected 

pore network facilitates the diffusion of adsorbate molecules 

into the adsorbent matrix, thereby enhancing adsorption 

efficiency. Bright particulate deposits observed on the surface 

are attributed to inorganic mineral constituents or residual ash 

and may further contribute to surface heterogeneity. The SEM 

observations confirm that the prepared sheanut shell bio-

adsorbent possesses a porous and structurally stable 

morphology suitable for the adsorption of glyphosate from 

aqueous solutions.
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Figure 2: SEM Analysis of Sheanut Shell bio-Adsorbent 

 

Scanning Electron Microscopy (SEM) -Energy-dispersive 

X-ray Analysis of Sheanut Shell Bio-Adsorbent 

The SEM and EDS analyses collectively demonstrate that the 

prepared shea nut shell (Vitellaria paradoxa) bio-adsorbent 

possesses both favourable morphological and chemical 

characteristics required for efficient adsorption. SEM analysis 

revealed a rough, heterogeneous, and porous surface 

containing irregular particles, cracks, grooves, fissures, and 

inter-particle voids that increase the available surface area and 

facilitate the diffusion of glyphosate molecules into the 

adsorbent. EDS analysis confirmed that the adsorbent is 

predominantly composed of carbon and oxygen, together with 

trace mineral elements including magnesium, aluminium, 

phosphorus, potassium, calcium, titanium, vanadium, 

manganese, and iron. The abundance of oxygen-containing 

functional groups and naturally occurring mineral 

constituents provides multiple active sites for adsorption 

through hydrogen bonding, electrostatic attraction, ion 

exchange, surface complexation, and physical adsorption. 

Therefore, the combined SEM and EDS results demonstrate 

that the sheanut shell bio-adsorbent possesses a porous 

morphology and chemically active surface suitable for the 

effective removal of glyphosate and other contaminants from 

aqueous media.

 

 
 

 
Figure 3: Scanning Electron Microscopy (SEM) -

Energy-Dispersive X-ray Analysis of Sheanut Shell 

Bio-Adsorbent 
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X-ray Diffraction (XRD) Analysis of Sheanut Shell 

(Vitellaria Paradoxa) Bio-Adsorbent 

The XRD analysis of the sheanut shell (Vitellaria paradoxa) 

bio-adsorbent revealed a dominant diffraction peak at 2θ = 

24.6939° with a relative intensity of 100% and a d-spacing of 

3.60238 Å.This peak is attributed to the semi-crystalline 

cellulose fraction present within the lignocellulosic structure 

of the biomass. The relatively low peak height (69.19 counts) 

and broad peak width (FWHM = 0.5184°) indicate a low 

degree of crystallinity and the predominance of an amorphous 

phase. The broadening of the diffraction peak suggests 

structural disorder within the cellulose matrix and limited 

crystal growth. The calculated crystallite size of 15.69 nm 

further confirms the presence of nanoscale crystalline 

domains dispersed within an amorphous lignin–hemicellulose 

matrix. Such a small crystallite size is characteristic of 

agricultural biomass and indicates a large proportion of 

surface atoms and grain boundaries. These features enhance 

the accessibility of adsorption sites and promote interaction 

between the adsorbent and pollutant molecules. The XRD 

peak parameters and crystallite size data demonstrate that the 

sheanut shell bio-adsorbent possesses a predominantly 

amorphous lignocellulosic structure with minor semi-

crystalline cellulose regions. The low crystallinity, broad 

diffraction peak, and nanoscale crystallite size are favourable 

characteristics for adsorption because they provide increased 

surface heterogeneity, greater accessibility of functional 

groups, and improved adsorption capacity for contaminants 

such as glyphosate.

 

 
Figure 4: X-Ray Diffraction (XRD) Analysis of Sheanut Shell Bio-Adsorbent 

 

Table 1: XRD Characteristics of Sheanut Shell Bio-Adsorbent 

Peak No. 2θ (°) I (cts) Rel. Int. (%) FWHM (°) β (rad) d (Å) D (nm) Phase 

1 24.6939 69.19 100.00 0.5184 0.00905 3.60238 15.69 Semi-crystalline 

cellulose 

Key: 2θ = Diffraction Angle; θ = Bragg Angle; I = Peak Intensity; Rel. Int. = Relative Intensity; FWHM = Full Width at Half 

Maximum; β = FWHM in Radians; d = Interplanar Spacing; D = Crystallite Size; K = Scherrer Shape Factor; λ = X-Ray 

Wavelength; cts = Counts; Å = Ångström; nm = Nanometre. 

 

X-ray Fluorescence (XRF) of Sheanut Shell Bio-adsorbent 

The XRF spectrum of the sheanut shell (Vitellaria paradoxa) 

bio-adsorbent revealed the presence of several inorganic 

elements, indicating that the biomass contains naturally 

occurring mineral constituents. The detected elements include 

carbon (C), potassium (K), calcium (Ca), barium (Ba), cerium 

(Ce), iron (Fe), nickel (Ni), copper (Cu), zinc (Zn), and 

strontium (Sr). Among the detected elements, strontium (Sr) 

exhibited the most intense characteristic peak, indicating that 

it is the predominant detectable inorganic element in the 

sample. Moderate peaks corresponding to potassium (K) and 

calcium (Ca) were also observed, suggesting that these 

elements are naturally present in appreciable amounts within 

the sheanut shell. The occurrence of potassium and calcium is 

consistent with their roles as essential plant nutrients and 

common constituents of lignocellulosic biomass. Trace 

amounts of iron (Fe), nickel (Ni), copper (Cu), zinc (Zn), 

barium (Ba), and cerium (Ce) were also detected. These 

elements may originate from natural mineral uptake during 

plant growth, soil-derived impurities, or residual inorganic 

ash remaining after sample preparation. Although present in 

relatively low concentrations, these mineral constituents can 

influence the surface chemistry of the bio-adsorbent and may 

contribute to adsorption through ion exchange, electrostatic 

interactions, or surface complexation. The  XRF results 

demonstrate that the sheanut shell bio-adsorbent contains a 

diverse range of naturally occurring inorganic elements. The 

presence of alkali and alkaline earth metals, particularly 

potassium and calcium, together with trace transition metals, 

may enhance the adsorption properties of the bio-adsorbent 

by providing additional active sites for interaction with 

glyphosate and other contaminants.

 

 
Figure 5: X-ray Fluorescence (XRF) of Sheanut Shell Bio-adsorbent 
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Point of Zero Charge (PZC) 

The point of zero charge of the shea nut shell bioadsorbent 

was determined to be pH 6.8 (Figure 5). At solution pH values 

below the PZC, the adsorbent surface carries a net positive 

charge, whereas above the PZC the surface is net negatively 

charged. Since glyphosate exists predominantly as a 

monoanion (pKa₁ = 2.0, pKa₂ = 2.6) and dianion (pKa₃ = 5.6) 

over the pH range studied, electrostatic attraction between the 

negatively charged glyphosate species and the positively 

charged adsorbent surface is expected to be favourable at pH 

< 6.8, while repulsion may occur at pH > 6.8. This behaviour 

is consistent with the general trend of decreasing removal 

with increasing pH observed in the present study. 

 

Adsorption Study and Optimization of Glyphosate 

Removal 

Calibration Curve of Glyphosate34 

Figure 6. presents the calibration curve of glyphosate obtained 

by plotting the absorbance of standard solutions (20–100 

mg/L) against their corresponding concentrations at 296 nm. 

The calibration curve exhibited an excellent linear 

relationship, described by the regression equation A = 

0.0119C + 0.0061, with a coefficient of determination (R² = 

1.000), indicating perfect linearity within the concentration 

range studied. The positive slope demonstrates that 

absorbance increased proportionally with increasing 

glyphosate concentration, while the small intercept indicates 

negligible background interference from the blank solution. 

The excellent linearity confirms the reliability and accuracy 

of the UV–Visible spectrophotometric method for glyphosate 

quantification. The calibration equation was subsequently 

used to determine the equilibrium concentration (Ce) of 

glyphosate remaining after adsorption, from which the 

adsorption capacity (Qe) and percentage removal (%) were 

calculated for all experimental runs. 

 

 

 

 
Figure 6: Calibration Curve of Glyphosate 

 

Experimental Design Matrix and Experimental Responses 

for Glyphosate Adsorption 

Table presents the Box–Behnken experimental design matrix 

and the corresponding adsorption responses obtained for 

glyphosate removal using the shea nut shell-derived 

adsorbent. The design comprised 46 experimental runs, in 

which five independent variables pH (2–10), contact time 

(10–180 min), adsorbent dosage (0.10–2.00 g/100 mL), initial 

glyphosate concentration (10–100 mg/L), and temperature 

(25–45 °C) were systematically varied to evaluate their effects 

on the adsorption process. The experimental responses 

measured for each run included the equilibrium concentration 

(Ce, mg/L), adsorption capacity (Qe, mg/g), and percentage 

removal (%). The results showed considerable variation 

among the experimental runs, with Ce ranging from 0.00 to 

100.00 mg/L, Qe ranging from 0.00 to 62.14 mg/g, and 

glyphosate removal efficiency ranging from 0.00 to 100.00%, 

demonstrating the significant influence of the operating 

variables on adsorption performance. These experimental 

data served as the basis for developing the response surface 

models, evaluating the significance of the process variables 

and their interactions, and determining the optimum operating 

conditions for maximum glyphosate removal.

 

Table 2: Experimental Design Matrix and Experimental Responses for Glyphosate Adsorption 

Std Run pH 
Contact 

Time (min) 

Adsorbent Dosage 

(g/100 mL) 

Initial 

Conc. 

(mg/L) 

Temp 

(°C) 

Ce 

(mg/L) 

Qe 

(mg/g) 

Removal 

(%) 

1 1 2 10 1.05 55 35 18.59 3.47 66.20 

2 2 10 10 1.05 55 35 32.53 2.14 40.85 

3 3 2 180 1.05 55 35 0.00 5.24 100.00 

4 4 10 180 1.05 55 35 34.08 1.99 38.04 

5 5 6 95 0.10 10 35 9.95 0.50 0.50 

6 6 6 95 2.00 10 35 1.00 4.50 90.00 

7 7 6 95 0.10 100 35 37.86 62.14 62.14 

8 8 6 95 2.00 100 35 37.06 3.15 62.94 

9 9 6 10 1.05 55 25 41.41 1.29 24.71 

10 10 6 180 1.05 55 25 11.05 4.19 79.91 

11 11 6 10 1.05 55 45 29.48 2.43 46.40 

12 12 6 180 1.05 55 45 25.30 2.83 54.00 

13 13 2 95 0.10 55 35 24.26 30.74 55.89 
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Std Run pH 
Contact 

Time (min) 

Adsorbent Dosage 

(g/100 mL) 

Initial 

Conc. 

(mg/L) 

Temp 

(°C) 

Ce 

(mg/L) 

Qe 

(mg/g) 

Removal 

(%) 

14 14 10 95 0.10 55 35 25.81 29.19 53.07 

15 15 2 95 2.00 55 35 48.70 0.32 11.45 

16 16 10 95 2.00 55 35 53.85 0.06 2.09 

17 17 6 95 1.05 10 25 9.80 0.19 2.00 

18 18 6 95 1.05 100 25 56.45 4.15 43.55 

19 19 6 95 1.05 10 45 9.60 0.38 4.00 

20 20 6 95 1.05 100 45 21.71 7.46 78.29 

21 21 6 10 0.10 55 35 28.30 26.70 48.55 

22 22 6 180 0.10 55 35 51.10 3.90 7.09 

23 23 6 10 2.00 55 35 50.61 0.22 7.98 

24 24 6 180 2.00 55 35 3.95 2.55 92.82 

25 25 6 180 1.05 10 35 9.30 0.67 7.03 

26 26 10 95 1.05 10 35 9.70 0.29 3.00 

27 27 2 95 1.05 100 35 90.16 0.94 9.84 

28 28 10 95 1.05 100 35 100.00 0.00 0.00 

29 29 6 95 0.10 55 25 5.75 49.25 89.55 

30 30 6 95 2.00 55 25 4.63 2.52 91.58 

31 31 6 95 0.10 55 45 51.63 3.37 6.13 

32 32 6 95 2.00 55 45 4.49 2.53 91.84 

33 33 2 95 1.05 55 25 25.88 2.77 52.95 

34 34 10 95 1.05 55 25 1.27 5.12 97.69 

35 35 2 95 1.05 55 45 13.89 3.92 74.75 

36 36 10 95 1.05 55 45 17.06 3.61 68.98 

37 37 6 10 1.05 10 35 9.87 0.12 1.26 

38 38 6 180 1.05 10 35 9.30 0.67 7.03 

39 39 6 10 1.05 100 35 15.57 8.04 84.43 

40 40 6 180 1.05 100 35 17.13 7.89 82.87 

41 41 6 95 1.05 55 35 24.62 2.89 55.24 

42 42 6 95 1.05 55 35 15.87 3.73 71.15 

43 43 6 95 1.05 55 35 18.36 3.49 66.62 

44 44 6 95 1.05 55 35 0.00 5.24 100.00 

45 45 6 95 1.05 55 35 23.88 2.96 56.58 

46 46 6 95 1.05 55 35 16.70 3.65 69.64 

 

Description of Model Selection and ANOVA for the 

Quadratic Model 

The model selection and adequacy statistics identified the 

quadratic model as the most appropriate response surface 

model for describing glyphosate removal because it was the 

highest-order polynomial that was not aliased. Although the 

sequential model sum of squares showed that the quadratic 

model was not statistically significant (p = 0.1354), it was 

recommended by Design-Expert for further analysis. The 

model summary statistics indicated that the quadratic model 

explained 52.92% of the variation in glyphosate removal (R² 

= 0.5292). However, the relatively low adjusted R² (0.1526) 

and negative predicted R² (−0.8186) suggest that the model 

has limited predictive capability beyond the experimental 

data. The lack-of-fit test produced an F-value of 4.417 with a 

p-value of 0.0533, indicating that the lack of fit was not 

statistically significant relative to the pure error, and therefore 

the model adequately represented the experimental data 

within the investigated design space. 

The analysis of variance (ANOVA) further evaluated the 

effects of the process variables on glyphosate removal. The 

overall quadratic model produced an F-value of 1.405 and a 

p-value of 0.2085, indicating that the model was not 

statistically significant relative to the experimental noise. 

Among the linear factors, only the initial glyphosate 

concentration (Factor D) had a statistically significant effect 

on glyphosate removal (F = 6.106, p = 0.0206), whereas pH 

(A), contact time (B), adsorbent dosage (C), and temperature 

(E) did not significantly influence the response (p > 0.05). 

None of the two-factor interaction terms were statistically 

significant, although the interaction between contact time and 

adsorbent dosage (BC) approached significance (F = 4.074, p 

= 0.0544), suggesting a possible combined influence on the 

adsorption process. Among the quadratic terms, only the 

quadratic effect of initial glyphosate concentration (D²) was 

significant (F = 7.187, p = 0.0128), indicating that glyphosate 

removal exhibited a significant curvature with respect to the 

initial concentration. The remaining quadratic terms (A², B², 

C², and E²) were not statistically significant. 

Overall, these findings indicate that initial glyphosate 

concentration was the most influential factor governing 

glyphosate removal, while the effects of pH, contact time, 

adsorbent dosage, temperature, and their interactions were 

comparatively less pronounced within the experimental 

region. The non-significant overall model and the negative 

predicted R² are important limitations that constrain the use of 

the model for predictive optimization; consequently, the 

model is used here primarily for interpreting response-surface 

behaviour and for identifying best-performing conditions 

rather than for statistically validated optimization. 
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Table 3: Model Selection and Adequacy Statistics for Percentage Removal (%) 

Model 
Sequential 

F-value 

Sequential 

p-value 

Lack-

of-Fit F-

value 

Lack-of-

Fit p-

value 

Std.Dev. R² 
Adjusted 

R² 

Predicted 

R² 
PRESS Decision 

Linear 1.630 0.1742 4.563 0.0481 32.854 0.1693 0.0655 -0.1164 58,023.

713 

Not 

Selected 

2FI 0.852 0.5855 4.931 0.0417 33.481 0.3530 0.0294 -0.6506 85,785.

973 

Not 

Selected 

Quadr

atic 

1.872 0.1354 4.417 0.0533 31.285 0.5292 0.1526 -0.8186 94,522.

242 

Suggested/

Selected 

Cubic 0.903 0.5840 6.927 0.0267 32.235 0.8001 0.1004 -10.2172 583,00

3.410 

Aliased 

 

Table 4: ANOVA for Quadratic Model of Removal 

Source Sum of Squares df Mean Square F-value p-value 
 

Model 27504.67 20 1375.23 1.41 0.2085 not significant 

A-PH 345.87 1 345.87 0.3534 0.5576 
 

B-TIME 1249.27 1 1249.27 1.28 0.2693 
 

C-DOSAGE 1020.48 1 1020.48 1.04 0.3170 
 

D-INITIAL CONCENTRATION 5976.84 1 5976.84 6.11 0.0206 
 

E-TEMPERATURE 207.00 1 207.00 0.2115 0.6496 
 

AB 335.07 1 335.07 0.3423 0.5637 
 

AC 10.69 1 10.69 0.0109 0.9176 
 

AD 8.44 1 8.44 0.0086 0.9268 
 

AE 637.82 1 637.82 0.6516 0.4271 
 

BC 3987.92 1 3987.92 4.07 0.0544 
 

BD 13.43 1 13.43 0.0137 0.9077 
 

BE 566.44 1 566.44 0.5787 0.4539 
 

CD 1966.92 1 1966.92 2.01 0.1687 
 

CE 1750.59 1 1750.59 1.79 0.1931 
 

DE 267.98 1 267.98 0.2738 0.6054 
 

A² 2370.00 1 2370.00 2.42 0.1323 
 

B² 575.43 1 575.43 0.5879 0.4504 
 

C² 680.46 1 680.46 0.6952 0.4123 
 

D² 7034.94 1 7034.94 7.19 0.0128 
 

E² 43.37 1 43.37 0.0443 0.8350 
 

Residual 24469.43 25 978.78 
   

Lack of Fit 23158.70 20 1157.93 4.42 0.0533 not significant 

Pure Error 1310.73 5 262.15 
   

Core Total 51974.10 45 
    

 

Final Quadratic Regression Equation for Glyphosate 

Removal (%) 

The quadratic regression equation describes the relationship 

between pH (A), contact time (B), adsorbent dosage (C), 

initial glyphosate concentration (D), temperature (E) and the 

percentage removal of glyphosate. In the linear terms, pH and 

temperature have negative coefficients (−4.6494 and −3.5969, 

respectively), indicating that increasing these factors 

individually tends to decrease glyphosate removal within the 

experimental region. In contrast, contact time, adsorbent 

dosage and initial glyphosate concentration have positive 

coefficients (+8.8363, +7.9863 and +19.3275, respectively), 

indicating positive linear effects on removal. Among the 

interaction terms, the time × dosage interaction (BC) has the 

largest positive coefficient (+31.5750), suggesting that the 

combined effect of contact time and adsorbent dosage can 

enhance removal. Conversely, the dosage × initial 

concentration interaction (CD) has a relatively large negative 

coefficient (−22.1750), indicating an antagonistic combined 

effect. The negative quadratic coefficients for pH, contact 

time, dosage and especially initial concentration (D² = 

−28.3917) indicate curvature in their relationships with 

glyphosate removal, with the strongest curvature associated 

with initial concentration. The positive coefficient for 

temperature squared (E² = +2.2292) indicates a comparatively 

weak upward curvature. Overall, the equation indicates that 

initial glyphosate concentration has the strongest linear and 

quadratic influence among the individual factors, which is 

consistent with the ANOVA results showing that D and D² 

were significant model terms. 

Removal (%) = 69.8717 - 4.6494A + 8.8363B + 7.9863C + 

19.3275D - 3.5969E - 9.1525AB - 1.6350AC - 1.4525AD - 

12.6275AE + 31.5750BC - 1.8325BD - 11.9000BE - 

22.1750CD + 20.9200CE + 8.1850DE - 16.4792A² - 

8.1200B² - 8.8300C² - 28.3917D² + 2.2292E²     

 

Diagnostic Evaluation of the Quadratic Response Surface 

Model 

The diagnostic plots were examined to evaluate the statistical 

adequacy of the quadratic response surface model developed 

for the removal of glyphosate using the sheanut shell bio-

adsorbent and to assess the underlying assumptions of the 

regression analysis. The normal probability plot of residuals 

showed that the majority of the experimental observations 

followed the theoretical reference line reasonably closely, 

particularly within the central region of the distribution, 
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indicating that the residuals were approximately normally 

distributed. Some departures from the reference line were 

observed at both the lower and upper tails, suggesting minor 

deviations from normality and the presence of some 

observations with relatively larger standardized residuals; 

however, the overall distribution did not exhibit a pronounced 

systematic departure that would indicate severe non-

normality. 

 

 
Figure 7: Normal Probability Plot of Residuals 

 

The residuals versus predicted values plot showed that the 

residuals were distributed on both sides of the zero-reference 

region over the range of predicted glyphosate removal values, 

with no clearly defined curvature, progressive trend, or 

pronounced funnel-shaped distribution. This pattern provides 

reasonable evidence that the model did not exhibit a strong 

systematic bias in its predictions and that substantial 

heteroscedasticity was not visually apparent, although the 

relatively wide dispersion of some residuals indicates that a 

considerable proportion of experimental variability remained 

unexplained by the fitted model.

 

 
Figure 8: Residuals Versus Predicted Values 

 

The residuals versus experimental run plot further showed 

that the residuals were distributed across the sequence of 

experimental runs without a consistent increasing, decreasing, 

or cyclic pattern. The absence of a discernible run-order trend 

suggests that there was no obvious systematic drift in the 

experimental error with run sequence and provides reasonable 

support for the assumption that the residuals were not strongly 

dependent on experimental order. Nevertheless, individual 

runs with comparatively large positive or negative residuals 

indicate that certain experimental conditions produced 
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responses that differed substantially from those predicted by 

the model and should be interpreted as sources of unexplained 

variation rather than automatically regarded as experimental 

errors.  

 

 
Figure 9: Residuals Versus Experimental Run 

 

The predicted versus actual values plot demonstrated a 

general positive association between the experimentally 

measured and model-predicted glyphosate removal 

percentages, indicating that the fitted quadratic model 

captured part of the variation in the response across the 

experimental domain. However, the observations were not 

tightly concentrated around the ideal prediction line, with 

appreciable deviations occurring for several experimental 

runs, demonstrating limited agreement between predicted and 

observed values for some combinations of pH, contact time, 

adsorbent dosage, initial glyphosate concentration, and 

temperature. This observation is consistent with the model 

summary statistics, particularly the R² value of 0.5292, which 

indicates that approximately 52.92% of the observed 

variability in glyphosate removal was accounted for by the 

quadratic model, while the relatively low adjusted R² of 

0.1526 indicates that the explanatory performance of the 

model was substantially reduced after adjustment for the 

number of fitted terms. More importantly, the predicted R² of 

−0.8186 indicates poor predictive capability of the fitted 

model for predicting responses through the model's 

prediction-error framework. Thus, although the diagnostic 

plots do not reveal a severe or obvious violation of the 

principal residual assumptions, they also do not support 

describing the model as having strong predictive accuracy.

 
Figure 10: Predicted Versus Actual Values 

 

The diagnostic assessment therefore indicates that the 

quadratic model provides a reasonable statistical description 

of certain response patterns within the investigated 

experimental region, but substantial unexplained variability 

remains. This interpretation should be considered alongside 

the non-significant overall quadratic model (F = 1.405, p = 

0.2085) and the significant effects of initial glyphosate 

concentration (D; p = 0.0206) and its quadratic term (D²; p = 

0.0128). Consequently, the diagnostic results support cautious 

use of the quadratic model for interpretation of the response-

surface behavior and visualization of factor effects, while its 

relatively weak predictive statistics indicate that optimization 

results should subsequently be subjected to experimental 

validation before being considered reliable for practical 

application. 
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3D Response Surface Analysis of Glyphosate Removal 

The four three-dimensional response surface plots 

collectively illustrate the effects of pH, contact time, 

adsorbent dosage, initial glyphosate concentration, and 

temperature on glyphosate removal efficiency within the 

experimental design space. The surfaces demonstrate that 

glyphosate removal varied considerably with changes in the 

operating conditions, with the response exhibiting curved and 

non-linear patterns across several factor combinations. The 

pH × dosage surface showed variation in removal across the 

investigated pH and dosage levels, although their interaction 

was not statistically significant (p = 0.9176). Similarly, the 

time × dosage surface demonstrated a more pronounced 

change in the response, and this interaction approached 

statistical significance (F = 4.074, p = 0.0544), suggesting that 

the influence of adsorbent dosage may vary with contact time, 

although the interaction did not reach the conventional 5% 

significance level. The time × temperature surface showed 

changes in predicted removal across the investigated 

conditions, but their interaction was not statistically 

significant (p = 0.4539). The initial concentration × dosage 

surface showed substantial variation in removal, reflecting the 

important contribution of initial glyphosate concentration to 

the adsorption response; however, their specific interaction 

was also not statistically significant (p = 0.1687). Overall, the 

response surfaces demonstrate that the adsorption process is 

influenced by the simultaneous variation of the experimental 

factors, with initial glyphosate concentration representing the 

most statistically important linear factor (p = 0.0206) and its 

quadratic term also significant (p = 0.0128). Therefore, the 3D 

surfaces provide useful graphical visualization of the response 

behavior and help identify regions of relatively higher and 

lower predicted glyphosate removal, while the statistical 

significance of individual effects and interactions should be 

interpreted primarily from the ANOVA results.

 

 
Figure 11: 3D Plot for the Statistical Analysis 

 

Combined Interpretation of the Four Contour Plots 

The contour plots collectively illustrate the combined effects 

of pH, contact time, adsorbent dosage, temperature, and initial 

glyphosate concentration on glyphosate removal efficiency. 

The pH × dosage plot shows that the predicted removal was 

generally higher around the intermediate pH region and 

intermediate-to-high adsorbent dosage, although the 

corresponding interaction was not statistically significant 

(AC, p = 0.9176). The contact time × dosage plot indicates an 

overall tendency for removal to increase toward longer 

contact times and higher adsorbent dosage, with the highest 

predicted response occurring in the upper region of the design 

space; notably, this interaction approached statistical 

significance (BC, p = 0.0544). The contact time × temperature 

contour indicates that higher removal was generally predicted 

at longer contact times, particularly around the lower-to-

moderate temperature range, whereas the time × temperature 

interaction was not statistically significant (BE, p = 0.4539). 

Among the four plots, the initial concentration × dosage 

response showed the clearest gradient, with removal 

increasing substantially as the initial glyphosate concentration 

increased, particularly toward approximately 60–100 mg/L. 

This observation agrees with the ANOVA, which identified 

initial glyphosate concentration (D) as a significant linear 

factor (p = 0.0206) and its quadratic term (D²) as significant 

(p = 0.0128). Overall, the contour plots demonstrate that the 

response varied across the experimental design space, with 

initial glyphosate concentration emerging as the most 

influential factor, while the contact time–dosage combination 

showed a potentially meaningful trend. Nevertheless, because 
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the overall quadratic model was not statistically significant (p 

= 0.2085), the contour plots should be interpreted primarily as 

visual representations of predicted response patterns rather 

than definitive evidence of statistically significant 

interactions.

 

 
Figure 11: Contour Plots 

 

Discussion of Adsorption Mechanisms and Comparison 

with Literature 

The adsorption of glyphosate onto the shea nut shell 

bioadsorbent is expected to proceed through multiple 

mechanisms, consistent with the heterogeneous, oxygen-rich, 

and mineral-containing surface revealed by characterization. 

FTIR analysis confirmed the presence of C-H, C=C, C-O-C, 

and C-O functional groups, while EDS and XRF identified 

oxygen and mineral constituents (K, Ca, Fe, and others). 

These features provide several possible glyphosate–surface 

interactions: (i) hydrogen bonding between the phosphonate 

and carboxyl groups of glyphosate and surface 

hydroxyl/carboxyl groups; (ii) electrostatic attraction between 

the negatively charged glyphosate anion and positively 

charged surface sites at pH < PZC (6.8); (iii) ligand exchange 

and surface complexation involving mineral oxides (e.g., Fe, 

Al); and (iv) ion exchange with surface-associated cations 

(K⁺, Ca²⁺). The decrease in removal with increasing pH 

observed in the present study is consistent with the PZC of 6.8 

and the speciation of glyphosate, which becomes increasingly 

negatively charged as pH rises above its pKa values (2.0, 2.6, 

and 5.6), leading to electrostatic repulsion at alkaline pH. 

The maximum experimental adsorption capacity of 62.14 

mg/g obtained in this study is comparable to or higher than 

several agricultural waste-derived adsorbents reported in the 

literature. For example, Mayakaduwa et al. (2016) reported 

glyphosate adsorption capacities of approximately 30–45 

mg/g for woody biochars, while Herath et al. (2016) reported 

capacities in the range of 20–40 mg/g for rice husk biochar. 

Lam et al. (2023) reported glyphosate removal by Fe₃O₄-

loaded coffee husk biochar with capacities up to 

approximately 50 mg/g. The relatively high capacity observed 

here may be attributed to the alkaline pretreatment, which 

removes lignin and hemicellulose and exposes cellulose 

hydroxyl groups, as well as to the naturally occurring mineral 

content (K, Ca, Fe) that can participate in surface 

complexation. Nevertheless, direct comparison is 

complicated by differences in feedstock, pyrolysis conditions, 

solution chemistry, and the range of initial concentrations 

tested, and the present results should therefore be regarded as 

indicative of the potential of shea nut shell rather than as a 

definitive performance benchmark. 

The significant effect of initial glyphosate concentration (p = 

0.0206) and its quadratic term (p = 0.0128) indicates that the 

driving force for adsorption increases with concentration, as 

expected from mass-transfer considerations, but that the 

response exhibits curvature consistent with saturation of 

available binding sites at higher concentrations. The 

approaching-significant time × dosage interaction (p = 

0.0544) suggests that higher dosage shortens the time required 

to approach equilibrium, which is consistent with increased 

availability of active sites. The weak and non-significant 

effects of pH, temperature, and other interactions within the 

experimental region may reflect the narrow range of 

conditions and the dominant influence of concentration, as 

well as the heterogeneity of the adsorbent surface, which may 

buffer the effects of individual variables. These 

interpretations should be treated cautiously given the non-

significant overall model and limited predictive statistics. 

 

CONCLUSION 

This study successfully prepared and characterized a shea nut 

shell (Vitellaria paradoxa)-derived bioadsorbent and 

evaluated its potential for glyphosate removal from aqueous 

solution using Response Surface Methodology based on a 

Box–Behnken design. Characterization confirmed a porous, 
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heterogeneous lignocellulosic structure with oxygen-

containing functional groups, semi-crystalline cellulose 

(crystallite size 15.69 nm), and mineral constituents. Batch 

adsorption experiments yielded glyphosate removal ranging 

from 0% to 100%, with complete removal observed in two 

runs and a maximum experimental adsorption capacity of 

62.14 mg/g. The quadratic response surface model explained 

52.92% of variation (R² = 0.5292) but exhibited limited 

predictive capability (adjusted R² = 0.1526; predicted R² = 

−0.8186), and the overall model was not statistically 

significant (F = 1.405, p = 0.2085). Initial glyphosate 

concentration was the only significant linear factor (p = 

0.0206), with a significant quadratic effect (p = 0.0128), while 

the contact time × adsorbent dosage interaction approached 

significance (p = 0.0544). These findings demonstrate that 

shea nut shell possesses potential as a low-cost bioadsorbent 

for glyphosate removal; however, the conditions associated 

with maximum removal should be regarded as best-

performing conditions within the experimental region rather 

than statistically validated optimum conditions. The study 

was limited to synthetic aqueous solutions under controlled 

laboratory conditions, and independent validation 

experiments were not conducted. Future work should 

therefore include equilibrium isotherm and kinetic modelling, 

thermodynamic parameter determination, validation using 

real contaminated water matrices, regeneration and reuse 

testing, competing-ion studies, BET surface area analysis, 

post-adsorption characterization, and techno-economic 

assessment before field-scale application. 
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