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INTRODUCTION 
 
Chemical speciation of chromium has a significant impact on the 
element’s environmental risk. Because it is easily transported, 
hexavalent chromium is frequently found in a variety of 
environmental settings in aqueous systems as chromate or 
dichromate oxyanions. On the other hand, the less soluble 
trivalent chromium may bind firmly to the surfaces of minerals 
and organic materials or precipitate. This distinction causes a lot 
of remediation techniques to either try direct removal of 
hexavalent chromium or decrease it to its trivalent form, which is 
then immobilized or separated. Because they may combine 
surface binding, electrostatic interaction, ion exchange, 
complexation, and in some cases Cr(VI) reduction, biological 
and biosorptive approaches become attractive [1,2]. Chromium 
contamination of environments continue to be a serious problem 
because chromium occurs either as Cr(III) or Cr(VI), these two 
forms of chromium greatly differ in toxicity mobility, and 
environmental behaviour. Cr(VI) is highly soluble, highly 
mobile, and hazardous because it ability to access biological 

systems and induce oxidative stress. Conversely, Cr(III) is 
generally less mobile and less toxic. Hexavalent chromium is 
primarily used in many industries, including stainless steel, 
textile, chemical manufacturing, metallurgy, electroplating, 
printing, tanning, dye, and leather, as well as in wood 
preservation processes. Many of these companies release 
chromium-containing wastewater straight into water bodies 
without adequate treatment, or sometimes without treatment at 
all. This results in pollution and degradation of the ecosystem 
[2,3]. 

Chemical precipitation, membrane filtration, Ion exchange, 
adsorption with activated carbon, and evaporation are some of 
the conventional techniques used to remove heavy metals from 
solutions. When heavy metal concentrations exceed acceptable 
limits, however, many of these technologies either fail or become 
prohibitively expensive. These methods add another disposal 
issue to the list due to their high initial investment, limited 
efficiency, significant waste output, and high running and capital 
expenses. They also fail to adequately recover heavy metals. As 
a result, biosorption has drawn interest as a low-cost and perhaps 
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 Abstract 
Chromium pollution is a serious environmental problem because hexavalent chromium (Cr(VI)) 
is highly soluble, mobile, and toxic in aquatic systems. Using low-cost biosorbents in adsorption-
based remediation proffers a prosperous treatment strategy, especially when stable polymeric 
matrices such as polyacrylamide are used to immobilize fungal biomass to improve operational 
stability, handling, and recovery. MOORA-based model ranking and nonlinear isotherm 
modelling are employed in this study to evaluate the equilibrium adsorption of Cr(VI) onto 
polyacrylamide-immobilized fungal biomass. Cr(VI) adsorption capacity continues to increase 
with an increase in equilibrium concentration and then follows an apparent plateau at higher Ce 
values, suggesting gradual binding of chromium species at available binding sites and an 
approach toward saturation. According to the MOORA ranking, the best-performing model was 
the Brouers–Sotolongo model. The maximum adsorption capacity of the Brouers-Sotolongo 
model was 76.33 mg/g (95% confidence interval from 51.29 to 101.37 mg/g) while the Langmuir 
model estimated the maximum adsorption at 68.05 mg/g (95% confidence interval from 61.89 to 
75.11 mg/g). The potential of polyacrylamide-immobilized fungal biomass for Cr(VI) adsorption 
is demonstrated. 
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sustainable substitute, particularly in situations where cheap 
biological leftovers or agro-industrial wastes are accessible. The 
ability of biological materials to bind metal ions or oxyanions 
through functional groups on their surfaces, such as hydroxyl, 
carboxyl, phosphate, amine, amide, and sulfur-containing 
groups, is the foundation of biosorption [4,3]. Because fungal cell 
walls include chitin, glucans, proteins, lipids, and 
polysaccharides that offer several metal-binding sites, fungal 
biomass is especially well-suited as a biosorbent. Because it 
doesn't require food input, is less susceptible to metal toxicity, 
and may be utilized in a wider range of physicochemical 
circumstances, dead or wasted fungal biomass is frequently 
preferred over active biomass. Dead fungal biomass, such as 
Aspergillus niger and other fungal materials, can extract Cr(VI) 
from aqueous solutions, according to a number of studies. 
Because protonation of biomass functional groups increases the 
interaction between the fungal surface and negatively charged 
Cr(VI) species, removal is frequently preferred in acidic 
environments [5–7]. 

Several experimental factors, including pH, contact time, 
biomass dose, initial chromium concentration, particle size, 
pretreatment method, temperature, and the presence of 
competing ions, controlled the biosorption of chromium by 
fungal biomass. Chromium uptake is usually improved by 
pretreatment of fungal biomass, which results in modification of 
functional groups involved in binding and increased surface 
accessibility. For example, chemically pretreated Aspergillus 
niger and immobilised fungal biomass have been tested in both 
column batch systems, demonstrating the practical relevance of 
fungal biosorbents beyond simple screening experiments [5,8]. 
However, batch studies alone are not sufficient. Further work is 
required for process development using regeneration tests, 
desorption studies, continuous-flow columns, and real 
wastewater matrices.vAlthough it is more accurately described as 
a synthetic hydrogel or composite matrix rather than a natural 
biomass, polyacrylamide can be considered a useful polymer-
assisted biosorbent platform. Its adsorption potential arises from 
high water uptake, amide groups, flexible porous structure, and 
the possibility of partial hydrolysis to introduce carboxylate 
groups with stronger affinity for metal ions. Polyacrylamide 
hydrogels that have been crosslinked have been reported to 
remove Pb(II), Cu(II), and Cd(II), with pH, temperature, and 
initial metal concentration affecting the adsorption process [9].  

The material becomes more biosorbent-like because amino, 
hydroxyl, amide, and carboxylate groups can contribute to 
chelation, ion exchange, and electrostatic binding when 
polyacrylamide is combined with biomass-derived polymers. For 
example, removal of Cu(II), Pb(II), and Hg(II) by hydrolysed 
polyacrylamide-chitosan beads with bead size suitable for 
column application [10]. EDTA-functionalized 
chitosan/polyacrylamide double-network hydrogel also showed 
strong heavy-metal binding due to additional chelating sites [11]. 
Improved  Co(II) and Ni(II) adsorption by mineral hybridization 
have been demonstrated by Polyacrylamide–montmorillonite 
nanocomposites [12]. Thus, polyacrylamide is best positioned as 
a biosorbent composites for functional support, especially when 
blended with chelating groups, clay or biomass. Biosorption is a 
prosperous alternative for removing chromium because it can use 
inexpensive waste biomass, it can operate relatively under simple 
conditions, and treatment systems with less energy requirements. 
However, careful evaluation of its practical application is 
necessary. A reliable chromium biosorption study should include 
kinetic analysis, equilibrium modelling, thermodynamic 
assessment, adsorbent characterisation, regeneration 

performance, and fixed-bed validation where applicable. In the 
present work, we evaluate chromium adsorption onto fungal 
biomass using different isotherm models. Multiobjective 
Optimization on the Basis of Ratio Analysis method was used for 
model performance identification and ranking of the most 
suitable adsorption model. 

METHODS 
 
Data acquisition and fitting 
The freeware Webplotdigitizer 2.5 was used to digitize Figure 3 
data from a previously published work [5]. The program's 
digitizing capabilities have received praise for their dependability 
[13]. The data was then subjected to nonlinear regression using 
Curve-Expert Professional (Version 2.6.5, copyright Daniel 
Hyams), a curve fitting application, while the implicit equation 
of the Fowler-Guggenheim model was solved using the 
MATLAB software suite (Mathworks, Massachusetts, USA). 
 
Isotherms 
The isothermal models utilized in this study (Table 1) is limited 
to three-parameter models to prevent overfitting and shown 
below. 
 
Statistical analysis 
The following statistical discriminatory or error function tests 
were used in this investigation: Bias Factor (BF), Accuracy 
Factor (AF) [14], root-mean-squared error (RMSE), adjusted 
coefficient of determination (R²) [15], corrected Akaike 
Information Criterion (AICc) [16,17], Marquardt's percent 
standard deviation (MPSD) [18–20], and Bayesian Information 
Criterion [21]. Obi and Pdi are the expected and observed values, 
n is the total number of observations, and p is the total number of 
model parameters [22]. 
 
RMSE was calculated using the following formula; 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �∑ (𝑃𝑃𝑃𝑃𝑖𝑖−𝑂𝑂𝑂𝑂𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

𝑛𝑛−𝑝𝑝
       (Eqn. 1) 

 
BF and AF were calculated using the following formula; 
 
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 10 �∑ 𝑙𝑙𝑙𝑙𝑙𝑙𝑛𝑛

𝑖𝑖=1
(𝑃𝑃𝑃𝑃𝑖𝑖/𝑂𝑂𝑂𝑂𝑖𝑖)

𝑛𝑛
�    (Eqn. 2) 
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𝑛𝑛
�   (Eqn. 3) 

 
AICc was calculated using the following formula; 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 2𝑝𝑝 + 𝑛𝑛𝑛𝑛𝑛𝑛 �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 2(𝑝𝑝+1)+2(𝑝𝑝+2)

𝑛𝑛−𝑝𝑝−2
    (Eqn. 4) 

 
BIC was calculated using the following formula; 
𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑛𝑛In �𝑅𝑅𝑅𝑅𝑅𝑅

𝑛𝑛
� + 𝑘𝑘In(𝑛𝑛)      (Eqn. 5) 

 
HQC was calculated using the following formula; 
 

𝐻𝐻𝐻𝐻𝐻𝐻 = 𝑛𝑛𝑛𝑛𝑛𝑛 �𝑅𝑅𝑅𝑅𝑅𝑅
𝑛𝑛
�+ 2𝑘𝑘In(In 𝑛𝑛)     (Eqn. 6) 

 
Adjusted coefficient of determination (R²) was calculated using 
the following formula; 
 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (𝑅𝑅2) = 1 − 𝑅𝑅𝑅𝑅𝑅𝑅

𝑆𝑆𝑌𝑌2
          (Eqn. 7) 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 (𝑅𝑅2) = 1 − (1−𝑅𝑅2)(𝑛𝑛−1)
(𝑛𝑛−𝑝𝑝−1)

     (Eqn. 8) 
 
MPSD was calculated using the following formula; 
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 100� 1

𝑛𝑛−𝑝𝑝
∑ �𝑂𝑂𝑂𝑂𝑖𝑖−𝑃𝑃𝑃𝑃𝑖𝑖

𝑂𝑂𝑂𝑂𝑖𝑖
�
2

𝑛𝑛
𝑖𝑖=1      (Eqn. 9) 
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Table 1. Mathematical models in the remodelling data. 

 
Isotherm p Formula Ref. 
Henry's law 1 𝑞𝑞𝑒𝑒 = 𝐻𝐻𝐶𝐶𝑒𝑒 [23] 

Langmuir 2 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑏𝑏𝐿𝐿𝐶𝐶𝑒𝑒
1 + 𝑏𝑏𝐿𝐿𝐶𝐶𝑒𝑒

 
[24] 

Jovanovic 2 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚(1 − 𝑒𝑒−𝐾𝐾𝑗𝑗𝐶𝐶𝑒𝑒) [25] 

Freundlich 2 𝑞𝑞𝑒𝑒 = 𝐾𝐾𝐹𝐹𝐶𝐶𝑒𝑒
1
𝑛𝑛𝐹𝐹 

[26] 

Dubinin-Radushkevicha 

 
 
 
 
 
 
 

2 
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𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒 �−𝐾𝐾𝐷𝐷𝐷𝐷 �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 ��
𝐶𝐶𝑠𝑠
𝐶𝐶𝑒𝑒
���

2
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[27,28] 
 
 
 
[29,30] 

    

Koble-Corriganc 3 𝑞𝑞𝑒𝑒 =
𝐴𝐴𝐶𝐶𝑒𝑒𝑛𝑛

1 + 𝐵𝐵𝐶𝐶𝑒𝑒𝑛𝑛
 

 

[31] 

Temkina 3 𝑞𝑞𝑒𝑒 =
𝑅𝑅𝑅𝑅
𝑏𝑏𝑇𝑇

{𝑙𝑙𝑙𝑙(𝑎𝑎𝑇𝑇𝐶𝐶𝑒𝑒)} [32,33] 

Redlich-Peterson 3 𝑞𝑞𝑒𝑒 =
𝐾𝐾𝑅𝑅𝑅𝑅1𝐶𝐶𝑒𝑒

1 + 𝐾𝐾𝑅𝑅𝑅𝑅2𝐶𝐶𝑒𝑒
𝛽𝛽𝑅𝑅𝑅𝑅

 [34] 

Sipsc 3 𝑞𝑞𝑒𝑒 =
𝐾𝐾𝑠𝑠𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

1
𝑛𝑛𝑆𝑆

1 + 𝐾𝐾𝑠𝑠𝐶𝐶𝑒𝑒
1
𝑛𝑛𝑆𝑆

 

[35] 

Toth 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

�𝐾𝐾𝑇𝑇 + 𝐶𝐶𝑒𝑒
𝑛𝑛𝑇𝑇�

𝑛𝑛𝑇𝑇  [36] 

Hillc 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝐶𝐶𝑒𝑒

𝑛𝑛𝐻𝐻

𝐾𝐾𝐻𝐻 + 𝐶𝐶𝑒𝑒
𝑛𝑛𝐻𝐻 

[37]  

BET 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝛼𝛼𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒

(1 − 𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒)(1 − 𝛽𝛽𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒 + 𝛼𝛼𝐵𝐵𝐵𝐵𝐵𝐵𝐶𝐶𝑒𝑒) [38] 

Vieth-Sladek 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑏𝑏𝑉𝑉𝑉𝑉𝐶𝐶𝑒𝑒

(1 + 𝑏𝑏𝑉𝑉𝑉𝑉𝐶𝐶𝑒𝑒)𝑛𝑛𝑉𝑉𝑉𝑉  
[39] 

Brouers–Sotolongo 3 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚 �1 − �1 + (0.5) �
𝑡𝑡
𝜏𝜏
�
𝛼𝛼
�
−2

� 
[40–42] 

Fritz-Schlunder-III 3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝐾𝐾𝐹𝐹𝐹𝐹𝐶𝐶𝑒𝑒

1 + 𝐾𝐾𝐹𝐹𝐹𝐹𝐶𝐶𝑒𝑒
𝑛𝑛𝐹𝐹𝐹𝐹 [43] 

Fowler-Guggenheima,b 

 
3 

 

𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚
𝐾𝐾𝐿𝐿𝐶𝐶𝑒𝑒𝑒𝑒

𝛼𝛼𝑞𝑞𝑒𝑒
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚

1 + 𝐾𝐾𝐿𝐿𝐶𝐶𝑒𝑒𝑒𝑒
𝛼𝛼𝑞𝑞𝑒𝑒
𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚

 

[44] 

Moreau 
3 𝑞𝑞𝑒𝑒 = 𝑞𝑞𝑚𝑚𝑚𝑚

𝑏𝑏𝐶𝐶𝑒𝑒 + 𝑙𝑙𝑏𝑏2𝐶𝐶𝑒𝑒2

1 + 2𝑏𝑏𝐶𝐶𝑒𝑒 + 𝑙𝑙𝑏𝑏2𝐶𝐶𝑒𝑒2
 

[45] 

Unilan  3 𝑞𝑞𝑒𝑒 =
𝑞𝑞𝑚𝑚𝑚𝑚
2𝑏𝑏𝑈𝑈

𝑙𝑙𝑙𝑙 �
𝑎𝑎𝑈𝑈 + 𝐶𝐶𝑒𝑒𝑒𝑒𝑏𝑏𝑈𝑈

𝑎𝑎𝑈𝑈 + 𝐶𝐶𝑒𝑒𝑒𝑒−𝑏𝑏𝑈𝑈
� 

 

Note  
aModels that include ln(Ce), implicit equation or any logarithmic function involving Ce will fail or produce NaN (undefined) results when Ce = 0. Therefore, data points where Ce = 0 should be excluded 
from the analysis. 
bImplicit equation or function.  
cThe Hill, Liu (omitted), Sips, and Koble–Corrigan isotherm models will be presented in their traditional forms to preserve their historical context and conceptual distinctions, despite their underlying 
equality [46,47]. 
 
 
Application of Multiobjective Optimization by Ratio Analysis 
(MOORA) in Modeling 
For multi-criteria decision-making (MCDM) in the modeling 
exercise, Multiobjective Optimization by Ratio Analysis 
(MOORA) was used since the best models frequently exhibit a 
combination of error function superiority. This method makes it 
easier to choose the best model by analyzing several performance 
parameters at once [48,49]. The first stage in the process is to 
normalize the decision matrix so that various performance 
indicators may be compared. Next, the choice matrix underwent 
normalization. Since these metrics could have different 
magnitudes and units, normalization must be done using the 
following formula: 
 
𝑋𝑋𝑖𝑖𝑖𝑖′ = 𝑋𝑋𝑖𝑖𝑖𝑖

�∑ 𝑋𝑋𝑖𝑖𝑖𝑖
2𝑛𝑛

𝑖𝑖=1

    (Eqn. 10) 

Where Xij is the original value of the jth metric for the ith model, 
and Xiij is the normalized value. 

Ratio System Analysis 
A ratio system approach was then used to aggregate the 
normalized values. The following formula was used to deduct 
non-beneficial criteria (the remaining error functions) or those 
that should be minimized from advantageous criteria (those that 
should be maximized, adjR2. 
𝑌𝑌𝑖𝑖 = ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′ −𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ∑ 𝑋𝑋𝑖𝑖𝑖𝑖′𝑛𝑛𝑛𝑛𝑛𝑛−𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏  (Eqn. 11)  
 
Where Yi is the final score for the ith model 
 

It is advised to include weighted ratios in the analysis when 
some criteria were judged to be more important than others. Since 
there is currently no consensus in the literature over which of the 
error functions mentioned above should take precedence over the 
others, the recommendation to incorporate Weighted Ratios is not 
implemented. Ranking models according to their combined 
performance scores is the last stage. Better performance was 
reflected by higher scores. According to the specified decision 
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criteria, the model with the highest value was deemed the best. 
This approach made it possible to compare kinetic models 
objectively and methodically, making it easier to determine 
which model performed the best while taking into account 
several performance criteria at once. 
 
RESULTS AND DISCUSSION 
 
Nonlinear regression was used to apply a number of models to 
the equilibrium data of [5]. The publication's data was 
transformed from the initial concentration to the standard Ce.  
 

 
Fig. 1. Equilibrium adsorption of chromium to fungal biomass raw data 
extracted using Webplot. 
 

The fungal biomass's uptake of Cr(VI) increased as the 
equilibrium concentration, Ce, increased, according to the 
experimental isotherm profile (Fig. 1).  qe increased dramatically 
from about 11 to 23 mg Cr/g at low Ce (below 100 mg/L), 
suggesting a high initial affinity between Cr(VI) species and 
easily accessible binding sites on the surface of the fungal 
biomass. At the highest tested concentration, qe grew more 
slowly as Ce climbed and reached about 47 mg Cr/g (at Ce 
approximately 430 mg/L). A fully horizontal plateau was not 
clearly created, despite the curve's inclination toward saturation, 
indicating that the true maximum adsorption capacity might not 
have been entirely reached within the examined range.  

 
The adsorption behavior was better explained by multi-

parameter models than by more straightforward, conventional 
equations, according to nonlinear isotherm fitting and error 
function analysis (Table 2). Based on the MOORA multi-criteria 
decision-making method (Table 3), the Brouers–Sotolongo 
model was ranked as the best fit for the experimental data with a 
top score of 0.60. It was followed closely by the Sips and Hill 
models, which tied for the second position with an identical 
MOORA score of 0.56. The Redlich-Peterson (rank 4, score 0.53) 
and Fritz-Schlunder III (rank 5, score 0.37) models rounded out 
the top five, while the Toth model placed sixth (score 0.36). The 
superior performance of the Brouers–Sotolongo, Sips, Hill, and 
Redlich-Peterson models, all achieving ideal coefficients of 
determination (R2 = 1.00) and low error metrics (e.g., Brouers–
Sotolongo achieved an RMSE of 0.555, AICc of 6.641, and adR2 
of 0.998), strongly suggests adsorption occurs on a 
heterogeneous fungal biomass surface with a variety of distinct 
binding groups.  

 
 
 
 

These typically include hydroxyl, carboxyl, phosphate, 
amine, and amide functionalities [5,6,8,50]. Conversely, 
traditional two-parameter models like the Freundlich and 
Langmuir performed worse, ranking 7th (score 0.20) and 8th 
(score 0.18), respectively. Other models like Temkin, Jovanovic, 
Koble-Carrigan, and BET showed progressively lower or 
negative MOORA scores, with Fowler-Guggenheim ranking last 
(rank 17, score -1.82). Consequently, even though the 
experimental curve indicated a strong tendency toward 
saturation, an ideal homogeneous monolayer model (Langmuir) 
was unable to adequately explain the complex biosorption 
process. Overall, the MOORA ranking firmly establishes the 
Brouers–Sotolongo model as the optimal mathematical 
description for Cr(VI) biosorption by this fungal biomass. 
 

 
 
Fig. 2. Cr (VI) adsorption onto fungal biomass modelled using the Henry 
model. 
 

 
 
Fig. 3. Cr (VI) adsorption onto fungal biomass modelled using the 
Langmuir isotherm model. 
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Fig. 4. Cr (VI) adsorption onto fungal biomass modelled using the 
Freundlich isotherm model. 
 

 
Fig. 5. Cr (VI) adsorption onto fungal biomass modelled using the 
Temkin isotherm model. 
 

 
Fig. 6. Cr (VI) adsorption onto fungal biomass modelled using the Koble-
Corrigan isotherm model. 
 

 
Fig. 7. Cr (VI) adsorption onto fungal biomass modelled using the 
Jovanovic isotherm model. 
 

 
Fig. 8. Cr (VI) adsorption onto fungal biomass modelled using the 
Redlich-Peterson isotherm model. 
 

 
Fig. 9. Cr (VI) adsorption onto fungal biomass modelled using the Sips 
isotherm model. 
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Fig. 10. Cr (VI) adsorption onto fungal biomass modelled using the Toth 
isotherm model. 
 

 
Fig. 11. Cr (VI) adsorption onto fungal biomass modelled using the Hill 
isotherm model. 
 

 
Fig. 12. Cr (VI) adsorption onto fungal biomass modelled using the BET 
isotherm model. 
 

 
Fig. 13. Cr (VI) adsorption onto fungal biomass modelled using the 
Vieth-Sladek isotherm model. 
 

 
Fig. 14. Cr (VI) adsorption onto fungal biomass modelled using the 
Brouers-Sotolongo isotherm model. 
 

 
Fig. 15. Cr (VI) adsorption onto fungal biomass modelled using the Fritz-
Schlunder III isotherm model. 
 

0

30

60

90

120

0 100 200 300

qe
 (m

g/
g)

Ce (mg/L)

EXP

Toth

0

30

60

90

120

0 100 200 300

qe
 (m

g/
g)

Ce (mg/L)

EXP

Hill

0

30

60

90

120

0 100 200 300

qe
 (m

g/
g)

Ce (mg/L)

EXP

BET

0

30

60

90

120

0 100 200 300

qe
 (m

g/
g)

Ce (mg/L)

EXP

Vieth-
Sladek

0

30

60

90

120

0 100 200 300

qe
 (m

g/
g)

Ce (mg/L)

EXP

Brouers–
Sotolongo

0

30

60

90

120

0 100 200 300

qe
 (m

g/
g)

Ce (mg/L)

EXP

Fritz-Schlunder III

https://doi.org/10.54987/.1i2.851
https://doi.org/10.54987/.1i2.851


JEMAT, 2025, Vol 13, No 1, 66-76 
https://doi.org/10.54987/9qprpv83 

 
 
 

- 72 - 
This work is licensed under the terms of the Creative Commons Attribution (CC BY) (http://creativecommons.org/licenses/by/4.0/). 

 

 
Fig. 16. Cr (VI) adsorption onto fungal biomass modelled using the 
Unilan isotherm model. 
 

Fig. 
17. Cr (VI) adsorption onto fungal biomass modelled using the Moreau 
isotherm model. 

 

 
Fig. 18. Cr (VI) adsorption onto fungal biomass modelled using the 
Fowler-Guggenheim isotherm model. 
 
 

 
 
 

Table 2. Error function analysis for the fitting of the isotherm of Cr (VI) adsorption onto fungal biomass. 
 

Model  MPSD RMSE 2 dR2 AICc IC HQC F AF 
Henry  97.32 .524 .83 .803 7.022 1.61 0.98 .982 .087 

angmuir  6.58 .151 .99 .991 4.575 .18 .91 .001 .007 
reundlich  7.34 .924 .99 .993 0.198 .80 0.47 .996 .011 
emkin  9.12 .230 .99 .989 2.575 .48 .58 .001 .007 

Koble-Carrigan  15.29 .536 .96 .95 0.687 10.08 11.35 .998 .005 
ovanovic  0.56 .610 .99 .982 1.289 1.89 0.63 .004 .012 

Redlich-Peterson  .77 .629 .00 .997 .161 5.93 7.84 .998 .006 
ips  1.51 .573 .00 .997 .294 7.80 9.70 .998 .006 
oth  .72 .827 .00 .995 4.636 0.46 2.36 .997 .009 

Hill  1.51 .573 .00 .997 .294 7.80 9.70 .998 .006 
ET  73.39 .866 .00 .994 5.551 .46 1.44 .998 .008 

Vieth-Sladek  .94 .319 .84 .754 0.804 5.71 3.81 .992 .066 
rouers–Sotolongo  1.16 .555 .00 .998 .641 8.45 10.35 .998 .005 
ritz-Schlunder III  .78 .813 .00 .995 4.301 0.79 2.69 .996 .009 

Unilan  9.61 .338 .82 .737 0.850 5.76 3.85 .976 .091 
owler-Guggenheim  4.58 0.317 .85 .774 5.108 0.02 8.11 .122 .122 

Moreau  9.34 .021 .98 .967 2.504 7.41 5.51 .973 .973 
 Note: 
RMSE Root mean Square Error 
adR2 Adjusted Coefficient of determination 
p no of parameters 
AF Accuracy factor 
BF Bias factor 
BIC Bayesian Information Criterion 
AICc Adjusted Akaike Information Criterion 
HQC Hannan–Quinn information criterion 
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Cr(VI) uptake by polyacrylamide-immobilized fungal 

biomass rose gradually with equilibrium concentration, 
according to the isotherm profile displayed. At higher Ce values, 
there was a tendency toward plateau development. This trend 
shows that as the concentration of Cr(VI) rose, the available 
binding sites were progressively occupied, and the system was 
becoming close to saturation within the range under study. The 
curve does not seem to be precisely linear, indicating that Henry-
type behavior or straightforward partitioning is insufficient. 
Rather, heterogeneous surface binding and finite-capacity 
adsorption are more in line with the concave downhill shape. 

 
Table 3. Ranking of isothermal models based on MOORA.  
 
No Model MOORA 

Score 
Rank 

1 Brouers–Sotolongo 0.60 1 
2 Sips 0.56 2 
3 Hill 0.56 2 
4 Redlich-Peterson 0.53 4 
5 Fritz-Schlunder III 0.37 5 
6 Toth 0.36 6 
7 Freundlich 0.20 7 
8 Langmuir 0.18 8 
9 Temkin 0.06 9 
10 Jovanovic -0.01 10 
11 Koble-Carrigan -0.04 11 
12 BET -0.05 12 
13 Moreau -0.30 13 
14 Vieth-Sladek -1.51 14 
15 Unilan -1.57 15 
16 Henry -1.72 16 
17 Fowler-Guggenheim -1.82 17 
 
Table 4. Isothermal models' constants for Cr (VI) adsorption onto fungal 
biomass immobilized on polyacrylamide.   
 
Model p Unit Value (95% confidence 

interval) 
Langmui
r 

qmL  
bL  

mg g-1 
L mg-1 

68.05 
0.01 

61.89 to 75.11 
0.004 to 0.006 

Brouers-
Sotolong
o  
 

qmB
S 
KBS 
nBS 

mg g-1 

mg-1/nBS L1/nBS 

dimensionles
s  

76.33 
0.01 
1.44  

51.29 to 101.37 
0.01 to 0.02 
1.23 to 1.65 

Sips qmS 
KS 
nS 

mg g-1 

(L mg-1)ns 

Dimensionle
ss 

115.9
8 
0.009 
1.39 

61.22 to 170.66 
0.004 to  0.015 
1.14 to 1.65 

 
This interpretation is further supported by the MOORA-

based rating. Redlich-Peterson, Fritz-Schlunder III, and Toth all 
outperformed the traditional Langmuir and Freundlich equations, 
with the Brouers-Sotolongo model coming in first, followed by 
the Sips and Hill models. This implies that rather than being 
explained by a straightforward homogeneous monolayer 
assumption, Cr(VI) adsorption onto the immobilized fungal 
biomass was better explained by models that take into 
consideration surface heterogeneity, non-ideal binding, and 
potential site-energy distribution. Because the biosorbent surface 
comprises chemically various functional groups, such as 
hydroxyl, carboxyl, phosphate, amine, and amide groups, which 
may contribute variably to Cr(VI) binding, the supremacy of 
Brouers–Sotolongo is especially appropriate for fungal biomass. 
 

The Langmuir model offered a helpful finite-capacity 
estimate despite not being the top-ranked model. A corrected 
Langmuir analysis yielded a qmL value of 68.05 mg/g. This 
discrepancy suggests that model form, dataset size, or correction 
technique may have an impact on parameter estimation. 
Consequently, rather than serving as conclusive evidence of 
perfect monolayer adsorption, the Langmuir capacity should be 

viewed as an operational approximation. Overall, the isotherm 
behavior indicates that fungal functional groups most likely 
supplied the primary binding sites necessary for Cr(VI) 
biosorption, whereas polyacrylamide immobilization offered a 
stable matrix for fungal biomass. In the original study, it relies 
exclusively on the Freundlich isotherm. This remodelling 
exercise addresses a critical limitation where the Freundlich 
model is known to be inherently incapable of predicting a 
maximum adsorption capacity (qm). In the original work, the 
authors reported maximum capacities of 119.2 mg/g for the free 
biomass and 45.56 mg/g for the polyacrylamide-immobilized 
biomass at a Cr(VI) concentration of 500 mg/L. However, they 
did not disclose the methodology or mathematical models used 
to derive these values. 
 
Brouers-Sotolongo  
Using the ideas of classical models, the Brouers-Sotolongo (BS) 
model is an isotherm model that explains the adsorption 
processes on heterogeneous surfaces. New parameters were 
introduced to the BS model to characterize the complexity and 
diversity of active sites on the adsorbent material. The BS model 
provides a generalized approach to characterizing adsorption 
isotherms. The model's superiority has been shown in numerous 
applications. 
 

The BS model was determined to be the best fit for the 
adsorption data in a study on the biosorption of yellow tartrazine 
dye by the agro-industrial wastes sugarcane bagasse and rice 
husk [51]. The BS model fit the experimental data quite well, 
according to other studies that used models for metal sorption on 
soils, such as the Brouers-Sotolongo, Sips, Hill, and Langmuir-
Freundlich models [52]. In a recent study on the adsorption of 
mercury (II) ions (Hg2+) onto a new porous organic polymer, BS 
proved to be the most effective model [53]. In a different study 
on eliminating Gram-negative enteric bacteria with a hybrid clay 
composite that has been surface-modified with chitosan, the BS 
model was also the most effective model [54]. 
 

A combination of the Freundlich and Langmuir isotherms is 
the Sips model. Sips is used to predict adsorption systems that are 
heterogeneous. The approach overcomes the modelling 
disadvantage of Freundlich isotherm associated with rise in 
solute concentration. The model effectively reduces to the 
Freundlich isotherm at low solute concentrations, while the 
equation simplifies to the Langmuir model of monolayer sorption 
capacity at high solute concentrations [55]. Biosorption isotherm 
data have been successfully modeled using the Sips model [56–
61]. 
 

With a 95 percent confidence interval of 61.89 to 75.11 
mg/g, the Langmuir parameters estimated a maximum adsorption 
capacity, qmL, of 68.05 mg/g. The closeness of this estimated 
value to the maximum observed experimental values indicates 
that a physically plausible estimation of the upper adsorption 
capacity within the studied concentration range is provided by 
the Langmuir model. Additionally, the model shows a 95 percent 
confidence interval of 0.004 to 0.006 L/mg and a Langmuir 
affinity constant, qmL, of 0.01 L/mg, suggesting a specific level 
of affinity between the surface of the fungal biomass and 
hexavalent chromium species. Though a reasonable physical qmL 
value was obtained, the capacity estimate alone should not lead 
to the conclusion that the Langmuir model is the best model. 
According to the MOORA ranking, the Brouers-Sotolongo (BS) 
model gave the best overall fit, followed by Sips. This implies 
that models that account for non-ideal adsorption behaviour and 
surface heterogeneity describe complete equilibrium better. This 

https://doi.org/10.54987/.1i2.851
https://doi.org/10.54987/.1i2.851


JEMAT, 2025, Vol 13, No 1, 66-76 
https://doi.org/10.54987/9qprpv83 

 
 
 

- 74 - 
This work is licensed under the terms of the Creative Commons Attribution (CC BY) (http://creativecommons.org/licenses/by/4.0/). 

 

is expected because of the various functional groups present in 
fungi that are known for metal binding. The computational 
efficiency and simplicity associated with MOORA has 
eliminated distance computations and the need for intricate 
pairwise comparisons. Performance ratings across criteria are 
also standardized. Through the management of criteria with 
varying units and scales via structured normalization, MOORA 
can facilitate clear and swift assessment. In various model 
ranking tasks, MCDM has been widely and successfully utilized, 
including the assessment of Software Reliability Growth Models 
(SRGMs) [62], however, there is limited application in model 
selection in adsorption [47].  

 
The datasets are a notable limitation of nonlinear modeling 

(like the eight data points utilized in this study), which may not 
adequately represent true adsorption behavior as previously 
stated. Instead of recognizing authentic adsorption patterns, the 
chances of recording random noise increase with an insufficient 
dataset. Unreliable parameter estimation of adsorption models, 
overfitting, and incorrect interpretation of adsorption 
mechanisms are some of the problems associated with limited 
data in nonlinear regression. Wide confidence intervals and 
reduced statistical power are also caused by limited datasets. To 
address these challenges, resampling techniques such as 
bootstrapping, Monte Carlo simulations, and sensitivity analysis 
can be employed. Robustness of the model will be enhanced, 
giving more insight into adsorption behaviour. Thereby 
overcoming the listed changes [63]. 
 
Langmuir isotherm 
The Langmuir isotherm characterizes monolayer adsorption of an 
adsorbate onto a homogeneous adsorbent surface, which only 
happens when the adsorbent has a uniform structure. Every 
adsorption site in the model has the same energy and is similar 
[24]. Although the isotherm model and Henry's law are different, 
their underlying ideas are similar. The concept of monolayer 
coverage is reinforced by the theory that once a single layer of 
adsorbate molecules completely covers the surface, no more 
adsorption can take place at those locations [64]. Several studies 
have reported successful utilization of the Langmuir model as the 
best model for equilibrium adsorption isotherms [65–78].  
 
CONCLUSION 
 
Nonlinear modelling demonstrated that Cr(VI) adsorption onto 
polyacrylamide-immobilized fungal biomass follows a concave 
downward isotherm profile, indicating a heterogeneous 
biosorption process rather than simple Henry-type partitioning. 
While the Langmuir model estimated a maximum adsorption 
capacity of 68.05 mg/g (95% confidence interval: 61.89 to 75.11 
mg/g) as the curve approached an apparent plateau at higher 
equilibrium concentrations (Ce), MOORA ranking identified the 
Brouers–Sotolongo model as the best-performing overall model. 
The Brouers–Sotolongo model yielded a maximum adsorption 
capacity of 76.33 mg/g (95% confidence interval: 51.29 to 
101.37 mg/g). This superior fit highlights that the full equilibrium 
profile is better explained by models accounting for structural 
heterogeneity, which aligns with the complex surface chemistry 
of the immobilized fungal biomass. Overall, this study 
demonstrates the strong potential of polyacrylamide-
immobilized fungal biomass for the remediation of toxic Cr(VI) 
from aquatic systems. Although nonlinear regression combined 
with MOORA ranking significantly improved isotherm 
evaluation, future work should incorporate broader equilibrium 
data and advanced parameter validation to further optimize this 
biosorptive system. 
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