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INTRODUCTION 
 
Copper (Cu) is abundant in the surroundings and required for the 
conventional growth and metabolic process of most living 
creatures. Irregular quantities of copper ingestion may range 
between quantities so little as to stimulate a dietary insufficiency 
to quantities excessive they can be extremely harmful. Copper is 
one of the first metals laboured by people some seventy to eighty 
centuries in the past [1]. The first recognized item of hammered 
copper was discovered approximately 6000 BCE. The copper 
alloy brass originated in Roman periods. Copper stems from the 
Latin cuprum, which is a corruption of cyprium, Cyprus is the 
source of Egyptian and Roman copper [1]. The metabolic 
significance of copper in animals and plants had not been thought 
prior to the 1920’s when illnesses as a result of copper 
insufficiency turned to be acknowledged. Copper insufficiency 
in vertebrates, for instance, is associated to anemia, 

gastrointestinal disorder, aortic aneurisms, bone development 
irregularities, and death [2]. 
 
Toxicity to copper in terrestrial higher plants is uncommon but 
happens on mining areas and instances where copper-rich 
manures or fungicides are utilized exceedingly [3]. Copper is 
considered the most dangerous of the heavy metals in marine and 
freshwater ecology, and frequently builds up and results in 
irreparable damage to some species at levels merely over the 
quantities needed for growth and reproduction [4]. On the other 
hand, in comparison with lower forms, mammalians and birds are 
relatively not affected to copper [1].  
 

Copper pollution in the recent years has only just began to 
take centre stage with several reports studying the effect of 
copper exposure to Antarctic organisms [5,6]. In anticipation of 
a copper pollution in the future in the Arctic and Antarctica, 
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 ABSTRACT 
Existing techniques for the treatment of pollutants include membrane separation, ion exchange, 
precipitation, and transformation and biosorption. Of all this technology, biosorption has several 
positive aspects which include low operating expenses, very efficient detoxification of toxicants 
at low concentrations, low amount of disposal materials and does not need nutrient requirements 
as in bacterial-based remediation, the latter of which is limited by the presence of heavy metals 
and other toxicants. The reduction of copper by Durvillaea antarctica, an alga that lives as south 
as the Antarctic region can be an efficient and low-cost tool for remediation of copper. In this 
study, the kinetics of copper biosorption is modelled according to the pseudo-first order, pseudo-
second order and Elovich models. Statistical analysis based on root-mean-square error (RMSE), 
adjusted coefficient of determination (adjR2), bias factor (BF), accuracy factor (AF) and corrected 
AICc (Akaike Information Criterion) showed that the pseudo-second order model is the best 
model. Kinetic analysis using the pseudo-second order model at 0.15 mM copper gave a value of 
equilibrium sorption capacity qe of 0.150 mmol g-1 (95% confidence interval from 0.149 to 0.151) 
and a value of the pseudo-second-order rate constant, k2 of 8.605 (95% confidence interval from 
7.016 to 10.194). 
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several remediation approach has been suggested with 
biosorption being one of the least destructive [7,8].  
 
In order to understand the mechanism of biosorption in these 
organisms, the correct assignment of the kinetics and isotherms 
of biosorption is urgently needed. In many instances, a linearized 
from of an obviously nonlinear curve of these data is popularly 
reported in the literature. Linearization of nonlinear data disrupts 
the error structure of the data preventing and it is more difficult 
to estimate uncertainty, which is commonly shown in the form of 
a 95% confidence interval range [9]. In this study the published 
data from a copper biosorption experiment on the seaweed 
Durvillaea Antarctica [7] is remodeled with several more kinetic 
models (Table 1) and then regressed using nonlinear regression 
method and assessment of the best mode was carried out using 
various error function analysis 
 

Table 1. Kinetic models utilized in this study. 
 

Model Equation Reference 

Pseudo-1st order 𝑞𝑞𝑡𝑡 = 𝑞𝑞𝑒𝑒(1 − 𝑒𝑒−𝐾𝐾1𝑡𝑡) [10] 

Pseudo-2nd order 𝑞𝑞𝑡𝑡 =
𝐾𝐾2𝑞𝑞𝑒𝑒2𝑡𝑡

(1 + 𝐾𝐾2𝑞𝑞𝑒𝑒𝑡𝑡)
 [11] 

Elovich 𝑞𝑞𝑡𝑡 =
1

𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽
+

1
𝛽𝛽𝛽𝛽𝛽𝛽𝛽𝛽

 [12] 

 
 
MATERIALS AND METHODS 
 
Data acquisition and fitting 
 
Data from Figure 2 from a published work [7] were downloaded 
and processed using the software Webplotdigitizer 2.5 [13] 
which digitizes the scanned figure into a comma separated data. 
This method has been utilized by many researchers and 
acknowledged for its reliability [14,15]. The generated comma 
separated data were then inputted into the curve-fitting software 
CurveExpert Professional software (Version 1.6) utilizing the 
Marquardt algorithm. 
 
Statistical analysis 
 
In several instances, the F-test has been used as a discriminatory 
method to choose the best model. However, F-test only works for 
nested models [9]. Due to this, other statistical discriminatory 
methods that take into account penalty to number of parameters 
used were utilized and include corrected AICc (Akaike 
Information Criterion), Bayesian Information Criterion (BIC), 
Hannan and Quinn’s Criterion (HQ), Root-Mean-Square Error 
(RMSE), bias factor (BF), accuracy factor (AF) and adjusted 
coefficient of determination (R2).  
 

The RMSE was calculated according to Eq. (1),  [9], and 
smaller number of parameters is expected to give a smaller 
RMSE values. n is the number of experimental data, Obi and Pdi 
are the experimental and predicted data while p is the number of 
parameters. 
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The coefficient of determination or R2 does not take into 
account the number of parameters in models, hence, in order to 
solve this issue, the adjusted R2 is utilized. the total variance of 
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is and RMS is the Residual Mean 
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The Akaike Information Criterion (AIC) handles the trade-off 
between the goodness of fit and the complexity of a model and is 
based on the information theory [16]. The Akaike information 
criterion (AIC) with correction or AICc is a corrected version of 
the AIC, and is utilized to handle data with a smaller number of 
values or a high number of parameters [17]. The AICc is 
calculated as follows (Eqn. 4); 
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Where p signifies the quantity of parameters and n signify the 
quantity of data points. The model having the smallest AICc 
value is more likely correct [17]. 
  
Accuracy Factor (AF) and Bias Factor (BF) are statistical 
evaluation of models originating from the work of Ross [18] to 
test for the goodness-of-fit of the models and were calculated ( 
Eqns. 5 and 6) as follows;  
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RESULTS AND DISCUSSION 
 
The absorption kinetics data of biosorption isotherm experiment 
from a published work [7] on the biosorption of copper by D. 
antarctica were analyzed using three models—pseudo-1st, 
pseudo-2nd and Elovich, and fitted using non-linear regression. 
The Elovich model failed to fit the data and was abandoned. The 
results of the fitting for the two other curves were visually 
acceptable (Figs. 1-2).  
 

Statistical analysis based on root-mean-square error 
(RMSE), adjusted coefficient of determination (adjR2), bias 
factor (BF), accuracy factor (AF) and corrected AICc (Akaike 
Information Criterion) showed that the pseudo-second order 
model is the best model. Kinetic analysis using the pseudo-
second order model at 0.15 mM copper gave a value of 
equilibrium sorption capacity qe of 0.150 mmol g-1 (95% 
confidence interval from 0.149 to 0.151) and a value of the 
pseudo-second-order rate constant, k2 of 8.605 (95% confidence 
interval from 7.016 to 10.194). 
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Fig. 1. Kinetics of Cu (II) adsorption on D. antarctica dead biomass at 

pH 5.0 as modelled using the pseudo-1st order model 
 

 
 
Fig. 2. Kinetics of Cu (II) adsorption on D. antarctica dead biomass at 

pH 5.0 as modelled using the pseudo-2nd order model.  
 
 

Table 2. Error function analysis of regressed models 
. 

Model p RMSE adR2 AF BF AICc 

Pseudo-1st order 2 0.003 0.994 1.016 1.000 -102.17 

Pseudo-2nd order 2 0.001 0.999 1.005 1.000 -121.76 
 

Note: 
RMSE Root mean Square Error 
p  no of parameters 
adR2  Adjusted Coefficient of determination 
BF   Bias factor 
AF   Accuracy factor 
AICc  Adjusted Akaike Information Criterion 
 

Potential rate controlling steps such as chemical reaction 
processes and mass transport and the mechanism of sorption and 
can be gleamed from the kinetic models developed to fit the 
experimental data. Kinetic models that are popularly utilized 
include pseudo-1st order equation, the pseudo-2nd order equation 
and the Elovich equation. In the pseudo first order reaction, the 
concentration of one relative reactant is provided in great 
excessive level resulting its level to be constant and this results 
in the reactant to be absorbed at the expressed constant rate, 
simply because the rate is dependent upon a single concentration 
of the reactants. In the event the rate controlling step is film 

diffusion, the rate of the adsorption will be inversely related to 
the particle size, the film thickness and with the distribution 
coefficient. In this instance, the name physisorption is given since 
the rate-limiting step is diffusion and not determined by the 
concentrations of both reactant (physical exchange). In the 
pseudo second order reaction, the rate-controlling step is tied up 
to chemical reaction, and this is called chemisorption. In this 
instance, the adsorption's mechanism is chemically rate 
controlling. The sorption kinetics normally adhere to a reversible 
2nd-order reaction at a ratio of low sorbate/sorbent (first order at 
very low ratios), and 2  reversible second order reactions which 
are competitive at a higher ratio of sorbate/sorbent [19].   

 
The mechanism of chemisorption should be demonstrated 

furthermore, for instance, through the evaluation of activation 
energies from the experiments performed at a specific 
temperatures) or by checking out the dependences of process 
rates on the sizes of sorbent particles [20]. The pseudo-2nd order 
kinetics model has been reported to be the best model in several 
studies [21–24] including copper biosorption [22,25–27] 
 
CONCLUSION 
 
In conclusion, extensive modelling of a nonlinearized data shows 
a different best model compared to the original linearized data 
regression. The pseudo-2nd order model was found to be the best 
model based on extensive error function analysis. This difference 
can lead to a different interpretation of the kinetics of adsorption. 
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