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Abstract 
 

In this article, the modelling and optimization of five operational process parameters involving initial 

concentration, adsorbent dosage, contact time, temperature and pH of the solution as it affects the 

treatment of aqueous solution contaminated with methylene blue, a heterocyclic aromatic compound, on 

chitosan sourced from African Snail Shell were studied using response surface methodology (RSM) and 

artificial neural network (ANN) techniques coupled with genetic algorithm. The single and interactive 

effects of the variables were examined by way of analysis of variance (ANOVA). A comparison of the 

model techniques was done and an evaluation was carried out with some selected error functions. Both 

modelling and optimization tools performed creditably well. However, the hybrid ANN-GA proved to be a 

superior modelling and optimization technique with excellent generalization ability which gave an 

average absolute deviation  between the experimental and predicted data of both response 

variables considered. The insightful relative importance of the process variables based on the renowned 

Garson and Olden’s algorithm methods coupled with step by step approach initiated in the Matlab 

environment were equally investigated. The findings from this study revealed in clear terms that pH and 

initial concentrations were the most influential parameters and the maximum value of 99.28% of 

methylene blue removed at optimum conditions affirmed that the chitosan adsorbent is viable for the 

treatment of effluents from the textile industry. 

 

Keywords:  ANOVA, Response Surface Methodology (RSM), Artificial Neural Network (ANN), Genetic 

Algorithm (GA). 
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1. Introduction 

The global community is in dire need of potable water with the standard required to satisfy the 

demand of the ongoing population boom. Researchers are perturbed about the devastating state of the 

environment littered with enormous chemical pollutants traced from anthropogenic sources such as 

industrial activities and natural disasters, characterized by deleterious and severe health problems like 

breathing problems, vomiting, nausea, asthma, eczema, thyroid cancer, gastritis, diarrhoea, angioedema, 

etc. [1-3]. Among the myriads of pollutants reported in the literature ravaging the environment mostly the 

aquatic is the heterocyclic aromatic compound dye compounds such as methylene blue [4-5].  

A tremendous amount of dye exists all over the world as natural or synthetic dye mainly used in the 

food and textile industry respectively. Annually, an estimated amount to the tune of over    tons 

dyes of 10000 different dyes and pigments are produced and about 200,000 tons are released as 

wastewater and gaseous substances in the environment [6-9]. The atmospheric environment receives parts 

of the dye compounds and pigments in the form of gaseous or volatile organic compounds, particulate 

matter and dust from industrial activities.   

More devastatingly, their introduction to the aquatic environment as small as  ppm is highly 

conspicuous as it affects the aesthetic quality, transparency and solubility of gas [10-12]. Dyes are 

hazardous, highly toxic and potentially carcinogenic which pose a great threat to human survival and 

other aquatic organisms. Various animal and human diseases are closely linked or associated with it [13].  

In addition, it adversely affects the photosynthesis performance of plants in water bodies by reduction of 

light penetration [14]. Currently, the immense use of MB in the printing, textile, painting, leather, rubber, 

pulp and paper, photography, food industries just to mention a few and the unwholesome activities 

leading to the indiscriminate discharge of effluent to the aquatic environment typifies the sources of this 

dreadful pollutant adjured from literature to be carcinogenic and mutagenic [15-16]. 

Nigeria is not out of the knots. Some cities in Nigeria such as Lagos, Kaduna and a few others are 

still grappling with the menace of effluents from industries of various sectoral classifications. In Lagos 

state with a population of over 20 million, it accommodates approximately 80% of the industries in 

Nigeria. The effluents from the textile industry top the list of the negative effect on the environment [16-

22]. Against this background, constant efforts by way of government regulations, supervision and 

monitoring by environmental agencies, and investment through research are ongoing.    

Many processes had been explored for wastewater treatment such as filtration, sedimentation, ion 

exchange, reverse osmosis, precipitation, distillation, flotation, chemical oxidation, ozonation, and 

electrochemical treatment, as well as adsorption and biological treatment [10,11]. The process of 

adsorption is preferred among the aforementioned options due to its economic value in terms of cost, 

simplicity of design, readily available sources of adsorbents with high adherence of pollutants to its 

active sites and void of sensitivity to toxic substances [23-26].  

One of the essential components that influence the efficiency of the adsorption process in 

wastewater treatment is the nature and adsorption capacity of the adsorbent [27-31]. The pursuit of 

alternate sources in place of the commercial activated carbon is the foremost interest of environmental 

researchers. For a few decades, agricultural wastes had undoubtedly been the focus with reports of 

amazing performance in the treatment of wastewater and had made good of its potential of high 

adsorption capacity in place of the commercial activated known to be very expensive [27, 31-32]. On 

account of cost and problems associated with regeneration, researchers have projected the commercial 

activated carbon to be on a trail to chitosan, a biopolymer and product of the thermo-chemical treatment 
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of seafood wastes or processing. From literature, it is widely reported as the most abundant linear 

polysaccharide in nature after cellulose compound [33]. There is increasing snail farming and market in 

Nigeria [34]. The shell waste site is becoming burdensome to manage since they are non-biodegradable. 

It has been reported to be a good source of chitosan that can be applied to reduce the impact on the textile 

industry [35].  

Chitosan is made up of (1-4)-linked 2-amino-2deoxy- -D-glucopyranose [36]. The existence of 

polar functional groups, hydroxyl (-OH) and –NHR (where R is either H or amide/acetic) in its structural 

framework gives it its unique adsorption properties [29, 30]. The various modification of chitosan to 

exhibit properties such as chemical stability, hydrophilicity and a high degree of renewability has equally 

hyped the use of chitosan as a viable low-cost adsorbent [37]. 

Aside from the factor of adsorbent, the adsorption process is affected by a number of factors such 

as initial concentration, adsorbent dosage, pH of the solution, agitation speed, contact time, adsorbent 

particle size, and operating temperature. The influences of these factors regarding the percentage removal 

of the concerned pollutant are usually carried out one factor at a time (OFAT) commonly known as the 

conventional method as populated in the literature. This method is attributed to time consumption, high 

cost of operation, a laborious number of experimental runs, voidance of predictive ability of the 

interactive effects of the factors and unreliability of results owing to the fact that the factors are not varied 

simultaneously [38]. 

To surmount this hurdle, the use of statistical designs such as the use of Response surface 

methodology (RSM) have been employed by researchers to model physical processes. Models are 

extensively used in all facets of science and technology. Modelling is a key enabling tool that aids and 

enhances the understanding and prediction of the functioning of a process or system predicated on the 

process or system’s principle of operation and material properties [39]. The RSM and ANN are one of 

reputable modelling techniques cited in the literature [3, 35, 37]. 

Response surface methodology (RSM) is basically a combination of groups of mathematical and 

statistical techniques tailored towards the development of an adequate functional relationship between 

single or multi-response and myriad control variables or factors varied simultaneously [39-41]. The 

application of RSM in the design, analysis and optimization of processes in various fields of engineering, 

science and technology attests to its wide acceptance as a useful tool in solving problems involving 

several independent factors with a great deal of influence on a targeted response variable(s) [40]. The use 

of RSM as a modelling tool for the treatment of effluent contaminated with MB is often presented in the 

literature majored in three or four of the highlighted factors [2, 37, 38, 42-58]. Among the arrays of 

design associated with RSM, the central composite design (CCD) was adopted in this study to 

accommodate five independent process variables. 

The artificial neural network (ANN) technique is an artificial intelligence arm used as an 

instrument in establishing massive input-output data relationships with proven generalization and high 

predictive ability whose principle of operation is configured after the biological neural system. Unlike the 

RSM, the ANN can approximate non-linear functions with the inclusion of quadratic equations without 

prior knowledge whereas the former is restricted only to second-order polynomial functions [59]. The 

models developed from ANN are expressed in terms of weights and biases alongside appropriate 

activation function(s). The use of weights and biases have been previously applied to determine the 

relative importance of the independent variables involved in any process of interest using algorithms such 

as Garson’s algorithm, Olden’ algorithm, etc. commonly used in environmental or ecological studies 
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[60]. In addition, they have been used to develop empirical equations which have reasonably demystified 

the black box character associated with ANN as a modelling tool [61]. 

The choice of RSM-fractional central composite design is influenced by the advantage it affords 

which is essentially the ability to generate an experimental matrix with relatively few runs, ultimately 

saving time, energy and valuable resources. On the other hand, the use of ANN somewhat guarantees 

superior modelling ability for complex non-linear relationships among the input and output data 

embedded in any experimental design as provided by RSM [62]. 

Another vital aspect of modelling is the optimization of the parameters associated with any process 

or system for effective performance. Optimization is geared toward determining the optimal values of 

process parameters that match the desired response or output value [63]. An evolutionary algorithm is 

very much in application in achieving optimal conditions since it is not subject or prone to a local 

minimum or maximum entrapment contrariwise to response surface methodology and artificial neural 

network (ANN). Such evolutionary algorithms include genetic algorithm (GA), simulated annealing 

(SA), and particle swarm optimization among others. 

The purpose of this study is to model the adsorption process using RSM and ANN techniques;  

compare the degree of accuracy of both techniques; optimize the influencing factors (initial 

concentration, solution pH, temperature, adsorbent dosage and contact time) of the adsorption process 

with the aid of RSM-GA and ANN-GA hybrid;  ascertain the relative importance of the factors using the 

analysis of variance (ANOVA) result associated with RSM and the Garson algorithm, olden algorithm 

and step-by-step approach common with ANN. To the best of our knowledge, no study has delved into 

the aforementioned objectives of this study,  precisely the treatment of aqueous solution contaminated 

with methylene blue with the use of chitosan extracted from African snail shells. 

 

2. Materials and Methods 
 

2.1. Materials 

 

The chemical reagents used in this study were all analytical grade and they were used without prior 

treatment viz: (i) Methylene blue (C16H18N3SCl-molecular weight of 319.85 g/mol and 98.7% purity), 

(ii). NaOH pellet (99.8% purity) and (iii) HCl (36.5-38 %, sp. gr. 1.18) were purchased from Loba 

Chemie PVT Limited (India), Merck and BDH Laboratories Supplies, England respectively. 

 

2.2.2 Adsorbent characterization 

 
The physiochemical properties of the chitosan adsorbent were characterized to ascertain 

the degree of deacetylation, moisture content, ash content, molecular weight, protein content,  
FT-IR, Surface Morphology using SEM, the crystalline nature using XRD.   

 
2.2.3 Preparation of adsorbate 

   
A stock solution of 1000 mg/L of methylene blue (MB) was prepared by dissolving a weighed 

portion of 1 g of it in 1000 cm3 (or 1 L), from which various concentrations were obtained by serial 

dilution. 
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2.2.4 Batch Adsorption Experiment 

 
The batch adsorption of methylene blue (MB) on the chitosan flakes was designed using Central 

Composite Design comprising five variables: Initial concentration (20-100mg/l), adsorbent dosage (0.25-

1.25g), contact time (15-75min), temperature (35-95oC) and pH (3-11) as depicted in Table 1. The 

experimental design which consists of sets of experimental runs was generated using a Design expert 

under different conditions described in Table 2. The batch adsorption was contained in a 250 ml capacity 

of Erlenmeyer flasks placed on a magnetic stirrer built with a temperature-controlled device. The pH 

values were obtained by dropwise addition using 0.1 M HCl and 0.1 M NaOH measured by a pH meter. 

The solutions were filtered after the designated contact time using Whatman filter paper (No. 42) and the 

residual concentration was determined using an ultra-visible spectrophotometer   of 650nm.    

 
2.3 Optimization Tools  

 
Response Surface Methodology (RSM), Artificial Neural Network and Genetic algorithm were 

used for the optimization process. 
 

2.3.1 Response Surface Methodology (RSM) 

 
The Response Surface Methodology (RSM) is one the most reliable tools to process engineers in 

determining optimum conditions, maximum amount and insightful interaction analysis of various 

operational variables of a given process at a relatively significant reduced experimental time and cost in 

terms of personnel and materials [39]. The removal efficiency (%) and adsorption amount (mg/g) of MB 

on the chitosan flakes were considered as the response variables of the system for RSM analysis. This 

optimization technique model the process using the second-order quadratic model to relate the 

relationship between the responses and the independent variables. Generally, it is expressed as: 

  

2

0

1 1 1 1

k k k k

i i ij i j ii ii

i i j i

Y X X X X   
   

       l                                                                                      (1) 

              
Where   represents the responses (dependent variable),    is the constant coefficient, , ,  

are coefficients for linear, quadratic interaction effects, respectively,  and   are the independent 

variables or factors. 

 



Journal of Applied Science & Process Engineering 

Vol. 9, No. 1, 2022 

 

 

   
e-ISSN: 2289-7771 

 

   

1059 

 

2.3.2 Experimental Design   

 

For the optimization of the conditions of MB adsorption on chitosan flakes, the fractional Central 

Composite Design (CCD) was employed to design the experiment involving five independent variables: 

initial concentration, adsorbent dosage, contact time, temperature and pH denoted as 1X , 2X ,
3X , 4X  

and 
5X  using design expert version 12 (trial version). The full CCD consists of  factorial runs, with 

 axial runs and   centre runs. The number of experimental runs is evaluated given the expression 

[67-68]: 

 
2 2n

cN n n                                                                                                                                (2) 

 

However, for a fraction of CCD, the 2n
 factorial runs become 

12n
 runs. Thus, equation (2) 

becomes: 

 
12 2n

cN n n                                                                                                                             (3) 

 

 

Table 1: Coded and uncoded factors for the design of experimental range and levels 

Control factors -α(-2) -1 0 1 +α (+2) 

Initial concentration, 1X  (mg/L) 20 40 60 80 100 

Adsorbent dosage, 2X (g) 0.25 0.5 0.75 1 1.25 

Contact time,
3X  (Min) 15 30 45 60 75 

Temperature, 4X (oC) 35 50 65 80 95 

pH,
5X  3 5 7 9 11 

 

 
Table 2: Experimental design generated by Design-Expert version 12 for the adsorption of MB 

Experimental   Runs 

(Standard Order) 1X   2X   3X  
4X   5X  

1 
40 0.5 30 50 9 

2 80 0.5 30 50 5 

3 40 1 30 50 5 

4 80 1 30 50 9 

5 40 0.5 60 50 5 

6 80 0.5 60 50 9 

7 40 1 60 50 9 

8 80 1 60 50 5 

9 40 0.5 30 80 5 

10 80 0.5 30 80 9 

11 40 1 30 80 9 

12 80 1 30 80 5 

13 40 0.5 60 80 9 
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14 80 0.5 60 80 5 

15 40 1 60 80 5 

16 80 1 60 80 9 

17 20 0.75 45 65 7 

18 100 0.75 45 65 7 

19 60 0.25 45 65 7 

20 60 1.25 45 65 7 

21 60 0.75 15 65 7 

22 60 0.75 75 65 7 

23 60 0.75 45 35 7 

24 60 0.75 45 95 7 

25 60 0.75 45 65 3 

26 60 0.75 45 65 11 

27 60 0.75 45 65 7 

28 60 0.75 45 65 7 

29 60 0.75 45 65 7 

30 60 0.75 45 65 7 

31 60 0.75 45 65 7 

32 60 0.75 45 65 7 

 
The fractional experiment runs consist of 32 runs with 16 factorial, 10 axial (to determine 

experimental error) and 6 centre points (to ensure constant variance in model prediction).  For five 
factors fractional CCD with alpha value,  (obtained from  ) [68], the 
minimum and maximum values correspond to the range of values considered when the 
operational single factor effects were carried out as reported by Olafadehan et al., 2022 [69]. 

Table 1 depicts the coded and uncoded independent variables values within the purview of the 

experimental range and levels. The coded values were obtained using the relationship:  

 

 

  

minmax

minmax22

XX

XXX
X i




                                                                                   ……..                        (4)  

 

where 
iX  is the required coded values of a variable X, X is any value of the variable from 

minX  to 

maxX , 
minX  is the lower level of the variable and 

maxX  is the upper level of the variable. 

Table 2 shows the uncoded experimental design for the optimization of MB on the chitosan flakes 

under 5 input variables of initial concentration, adsorbent dosage, contact time, temperature and pH 

denoted as also as 1X , 2X ,
3X , 4X  and 

5X  respectively. The procedures involved in the use of 
RSM are shown in Figure 1. 

 
2.3.3 Artificial Neural Network (ANN) 

 
The artificial neural network is an optimization technique capable of performing a nonlinear 

mapping between inputs and outputs with prior minimal knowledge of the system using computational 

procedures that simulate the neurological processing ability of the human brain [70-71]. It is widely 

reported to be characterized by three distinct layers (input, hidden and output) as shown in Figure 2, 
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consisting of neurons interconnected essentially by the nonlinear activation transfer function(s) like 

tansig, purelin and sigmoidal with peculiar weights and bias obtained via the application of learning 

algorithms [59]. The transfer functions could be any one or combination of the following [72-73]. 

 
The hyperbolic tangent sigmoid transfer function (tansig): 

2

2
1, 1 1

1
i ix

F F
e

    


                                                                                                                (5)                                                                                                        

Sigmoidal transfer function:   

1
, 0 1

1
i ix

F F
e

  


                                                                                                                      (6) 

Purelin (Linear):  ,i iF x F                                                                                               (7) 

 

 
 

Figure 1: Flowchart of response surface methodology. 

 

 
 

Figure 2:  Description of the Artificial Neural Network 

 



Journal of Applied Science & Process Engineering 

Vol. 9, No. 1, 2022 

 

 

   
e-ISSN: 2289-7771 

 

   

1062 

 

2.3.4 Genetic Algorithm  
 

The genetic algorithm is the most evolutionary algorithm pioneered by Goldberg and John 

Holland. It leverages on the principle of genetic and natural selection. It is basically a heuristic and 

searches inclined technique applied to solve a myriad of simple and complex problems by seeking 

possible optimal solutions [74]. Its operation entails 4 major steps as captured in Figure 4. The algorithm 

begins with a set of individuals tagged as a population presumed to be a possible solution. Each 

individual in the population pool is assigned a fitness value based on the objective function. Evaluation 

of individuals’ fitness followed sort. Those with satisfactory values transcend to the next phase of 

crossover, recombination and mutation. The iterative cycle is maintained until the desired solution is 

reached before termination. The algorithm can be implemented in a Matlab environment [74-78].   

 

 

Figure 3:  Flowchart of Artificial Neural Network 

 
 

Figure 4: Flowchart of Genetic Algorithm 
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3. Results and Discussion 

3.1 Characterization 

 
Earlier modelling, optimization of the extraction process and characterization of the adsorbent 

(Chitosan flakes) from African Giant snail by the same authors Bello and Olafadehan [35] revealed the 

results captured in Table 3. Equally reported exhaustively are the morphology, elemental analysis, 

functional group and crystalline nature of the adsorbent (before and after adsorption of MB), which was 

carried out using Scanning Electronic Morphology (SEM), Electron Dispersive X-ray Spectroscopy 

(EDS), Fourier transform infrared spectroscopy (FT-IR) and X-ray diffraction (XRD) respectively. 

   

Table 3: Physicochemical properties of adsorbent (chitosan) prepared from African snail shell 

 

MC 

(%) 

AC 

(%) 

Fibre 

content 

(%) 

Protein content (in 

acetic acid) 

Viscosity @ 

20 oC (cP) 

Molecular 

weight 

(g/gmol) 

bulk 

density 

(g/cm3) 

 

pHpzc 

 

% DD 

5.50 0.25 2.70 0.85 0.27 85.20 2.2 105 0.9  7.8 83.10 

 
 

3.2 Response Surface Methodology   

 
After the elimination, some insignificant terms using the backward elimination technique option as 

provided by the design expert software version 12.0, the hierarchically maintained quadratic model in 

terms of actual factors for the removal efficiency of MB (%) and adsorption capacity (mg/g) of the 

chitosan flakes whose coefficients were estimated respectively:   

 

 

  

…………………(8)  

 

 

 

 

                                ………………………………………………………………………….…………..….. 

(9)                                                                                                                                             

 

Table 4 shows that the model equations are characterized by a coefficient of determination, R2 of 

0.8680 and 0.9988 for efficiency removal and adsorption amount respectively. This implies that 13.2% 

and  0.12% of the total variation could not be explained, i.e the proportion of variance in the dependent 

variables that are not predictable from the independent variables. The closeness of the adjusted 

coefficient of determination,  of 0.8052 and 0.9980 to their respective values of coefficient of 



Journal of Applied Science & Process Engineering 

Vol. 9, No. 1, 2022 

 

 

   
e-ISSN: 2289-7771 

 

   

1064 

 

determination,  is a slight difference of less than 0.2 which is a good indication of the fitness of the 

model. 

It is imperative to note that Adeq Precision, indices that measure the signal to noise ratio was 

evaluated as 16.7718 and 157.6535 for both responses which are far greater than 4 and are within the 

desirable limit. This result posits the propriety of the models in navigating the design space. 

The regression model's F-values of 13.81 and 1271.68 for the response variables translate that the 

model is significant. This establishes respectively the fact that only 35.31% and 93.34% chance these F-

values this large could occur as a result of noise. Furthermore, the insignificant lack of 0.3531 and 

0.9334 in Tables 5 and 6 for removal efficiency and adsorption amount respectively implies that it is not 

significant with respect to the pure errors [44,79]. P-values less than 0.0500 indicate model terms are 

significant while values greater than 0.1000 mean that the model terms are not significant.   

It is worthy of note that for removal efficiency of MB on chitosan flakes, initial concentration (X1) 

and temperature (X4) are the only significant linear terms; initial concentration (X1
2), contact time (X3

2), 

temperature (X4
2) and pH (X5

2) are the only significant quadratic terms, and the significant interactive 

terms are initial concentration and contact time (X1.X3), temperature and pH (X4.X5) as presented in 

Table 5.      

Similarly in Table 6, for adsorption amount, initial concentration (X1) and temperature (X4) are the 

only linear significant terms; initial concentration (X1
2), contact time (X3

2) and pH (X5
2) are the only 

quadratic terms that are significant and initial concentration and contact time (X1.X3), adsorbent dosage 

and temperature (X2.X4 ), temperature and pH  (X4.X5) are the only significant interactive terms. In these 

regards, equations 8 and 9 prediction ability can be certain to be very high.    

Equation 8 indicated that all single terms have an antagonistic effect on the response variables 

except for the initial concentration which has a synergistic effect. All square terms have positive effects 

except for adsorbent dosage with a negative effect and the interaction terms of initial concentration and 

contact time (X1.X3) and temperature and pH (X4.X5) have an antagonistic effect on the response 

variables. In a similar development, equation 9 shows that the initial concentration reflects a positive 

effect while all other single terms produce a negative effect on the adsorption amount. All square terms 

in the equation depict positive effects and the interactive terms of initial concentration and contact time 

(X1.X3) and temperature and pH (X4.X5) also indicate a negative influence on adsorption amount. The 

implication is that antagonist factors that change from the minimum to maximum levels will lead to a 

decrease in response variables. Conversely, synergistic factors result in a positive effect on the response 

variables [80].      

 

 
Table 4: Statistical fits values for removal efficiency model and adsorption capacity equation 

 

 Removal 

Efficiency (%) 

Adsorption 

Capacity 

(mg/g) 

Statistical parameters Removal 

Efficiency 

(%) 

Adsorption 

Capacity 

(mg/g) 

Std. Dev. 2.08 0.0783 R² 0.8680 0.9988 

Mean 88.78 5.370 Adjusted R² (R2
adj) 0.8052 0.9980 

C.V. % 2.340 1.460 Predicted R² 0.6071 0.9970 
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PRESS 270.12 0.2766 Adeq Precision 16.7718 157.6535 

Table 5: Analysis of variance (ANOVA) for removal efficiency of MB 

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

Model 596.80 10 59.68 13.81 < 0.0001 Significant 

1X  320.93 1 320.93 74.29 < 0.0001  

3X  11.47 1 11.47 2.66 0.1181  

4X  22.66 1 22.66 5.24 0.0325  

5X  0.3290 1 0.3290 0.0762 0.7853  

1 3.X X   
45.47 1 45.47 10.53 0.0039  

1 5.X X  19.72 1 19.72 4.56 0.0446  

2

1X   
19.92 1 19.92 4.61 0.0436  

 
2

3X  
52.09 1 52.09 12.06 0.0023  

2

4X  
64.19 1 64.19 14.86 0.0009  

2

5X  
45.65 1 45.65 10.57 0.0038  

Residual 90.72 21 4.32    

Lack of Fit 74.88 16 4.68 1.48 0.3531 not significant 

Pure Error 15.85 5 3.17    

Cor Total 687.52 31     

 
Figure 5a-b reflects the investigation of the normality of the data. The plots reveal that the errors 

are distributed since the residuals are located on or close to the straight line. The independency of the 

data was also examined by the plot shown in Figure 6a-b, that is, the plot of the residuals and the run 

order for removal efficiency (%) and adsorption capacity (mg/g) respectively. The figures clearly show 

that patterns formed are not in predictable form within the levels of -3 to 3. The extent of correlation 

between the predicted values and the experimental values (actual values) is described in Figures 7a-b. 

Due to the alignment of data along the straight line, it can be inferred that a good agreement existed for 

both response variables [81].  

 

The combined effect of initial concentration and contact time on the percentage removal of MB 

and the adsorption amount is depicted in Figures 8a-b and 9a-b respectively. The plots reveal that as both 

control factors increase 40-80mg/L and 30-60min respectively, the responses increase accordingly. A 

similar trend was observed for initial concentration and temperature as shown in Figures 10a-b and 11a-b 

as factors progress respectively from 40-80mg/L and 30-80oC which bring about an increase in the 

percentage of MB and adsorption amount. Figure 12a-b and 13a-b vividly illustrate the results that are 

associated with the interaction of temperature and pH on both responses. A steady increase in the 

responses was observed as the independent variables increase from the temperature value of 30-80oC and 

solution pH of 3-11. The sharp increase of the responses was immediately above the pH value of 7 

because of the points of zero charge value of the adsorbent, pHpzc. Solution pH above pHpzc averts 

protonation of the adsorbent surface facilitates electrostatic attraction of MB molecules to the active site 
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of the adsorbent [44, 54, 69]. The increase in temperature may have enhanced the movement of the MB 

molecules and improved diffusion to the active sites 
 

Table 6:  Analysis of variance (ANOVA) for adsorption capacity of chitosan flakes 

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

Model 93.64 12 7.80 1271.68 < 0.0001 significant 

1X  92.94 1 92.94 15145.79 < 0.0001  

2X  0.0018 1 0.0018 0.3010 0.5897  

3X  0.0087 1 0.0087 1.410 0.2492  

4X  0.0665 1 0.0665 10.83 0.0038  

5X  0.0074 1 0.0074 1.200 0.2863  

1 3.X X  0.1053 1 0.1053 17.17 0.0006  

2 4.X X  0.0308 1 0.0308 5.020 0.0373  

4 5.X X  0.0443 1 0.0443 7.220 0.0146  

2

1X  
0.0768 1 0.0768 12.51 0.0022  

2

3X  
0.1765 1 0.1765 28.77 < 0.0001  

2

4X  
0.2188 1 0.2188 35.66 < 0.0001  

2

5X  
0.0526 1 0.0526 8.580 0.0086  

Residual 0.1166 19 0.0061    

Lack of Fit 0.0595 14 0.0043 0.3728 0.9334 not significant 

Pure Error 0.0570 5 0.0114    

Cor Total 93.760 31  

 

   

 

Within the range studied, the increase of initial concentration and that of adsorbent dosage as they 

interact gave a non-significant effect on the responses due to saturation of the active sites or aggregation 

formation resulting in high resistances caused by mass transfer against diffusion from the bulk to the 

surface active sites; decrease in intercellular distances; high screening effect and protection of the 

adsorption sites of the chitosan adsorbent. This was also corroborated by the 2D plot with the contour 

plot marked with parallel lines and void of curvature [56, 82-83].   
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Figure 5: Normality plot of (a) removal efficiency; and (%) (b) adsorption capacity (mg/g) 

 

          
Figure 6: Residual plot of: (a) percentage removal (%); and (b) adsorption capacity (mg/g) 

 

               
Figure 7: Plot of predicted values versus actual values of (a) percentage removal (%) and (b) adsorption 

capacity (mg/g) 
 

(a) (b) 

(a) (b) 

(a) (b) 
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Figure 8: Response surface plot of removal efficiency (a) 3D; and (b) 2D of Initial concentration and 

contact time at constant adsorbent dosage (0.75g), temperature (65oC) and pH (7). 

   
Figure 9: Response surface plot of adsorption capacity (a) 3D; and (b) 2D of Initial concentration and 

contact time at constant adsorbent dosage (0.75g), temperature (65oC) and pH (7). 

 
Figure 10. Response surface plot of percentage (a) 3D (b) 2D of initial concentration and temperature at 

constant adsorbent dosage (0.75g), contact time (45min) and pH (7). 

 

(a) (b) 

(a) (b) 

(a) (b) 
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Figure 11. Response surface plot of adsorption capacity (a) 3D; and (b) 2D of initial concentration and 

temperature at constant adsorbent dosage (0.75g), contact time (45min) and pH (7). 

        

  Figure 12.  Response surface plot of percentage removal (a) 3D; and (b) 2D of temperature and pH at 

constant initial concentration (60mg/l), adsorbent dosage (0.75g) and contact time (45min). 

          

Figure 13.  Response surface plot of adsorption capacity (a) 3D; and (b) 2D of temperature and pH at a 

constant initial concentration (60mg/l), adsorbent dosage (0.75g) and contact time (45min). 

 

(a) (b) 

(a) (b) 

(a) (b) 
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Figure 14. Response surface plot of removal efficiency (a) 3D; and (b) 2D of initial concentration and 

adsorbent dosage at constant contact time (45min), temperature (65oC) and pH (7). 

 
The Pareto analysis of the parameters was carried out with the intent to examine the 

relative importance of the parameters according to the equation [84-85]:   
  

2

2
100i

i

i

b
P

b

 
   
 

                                                                                                                     (10) 

Where bi represents the coefficients of each parameter in the model equation developed 
from RSM. Using equations 8 and 9, the results are captured in Table 7. The result reveals that 
solution pH, X5 and adsorbent dosage, X2 are the most influential parameters for percentage 
removal and adsorption amount respectively.  

 

Table 7: Relative importance of parameters based on RSM model equation 

Percentage removal  Adsorption amount  

Parameters Relative importance 

(%) 

 

Ranking 

Parameters Relative 

importance 

(%) 

 

Ranking 

1X  10.5139 
 

2 1X  1.6839 2 

3X  0.4944 
 

5 2X  97.5625 1 

4X  6.2983 
 

3 3X  0.0334 5 

5X  80.4770 
 

1 4X  0.3385 3 

1 3X X  0.0007 
 

9 5X  0.3350 4 

4 5X X  0.0310 
 

6 1 3X X  1.35E-05 11 

2

1X  9.53E-05 
 

10 2 4X X  0.0254 6 

2

3X  0.0008 
 

8 4 5X X  0.0006 8 

2

4X  0.0010 
 

7 
2

1X  2.99E-06 12 

(a) (b) 
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2

5X  2.1829 
 

4 
2

3X  2.2E-05 10 

   
2

4X  2.72E-05 9 

   
2

5X  0.0207 7 

 

3.3 Artificial Neural Network 

 
The design of ANN architecture was optimized to get the appropriate algorithm with the right 

transfer function or combination of functions by checking for the one with the least MSE error function 

value as depicted in Figure 16, which gives the optimized ANN Architecture Properties shown in Table 

8. The Bayesian regularization (BR) algorithm was found to be the best algorithm with the least 

minimum mean square error for the adsorption amount of MB adsorbed on chitosan flakes response 

while the Levenberg Marquardt algorithm was the best for removal efficiency of  MB by the chitosan 

flakes. Prior to obtaining the appropriate design or topology, the data were normalized to avoid ill-

conditioning arising from large inputs using the mapminmax function given as [35]:  

 

min

max min

2 1i
norm

X X
X

X X

 
  

 
                                                                                                          (11) 

 

Where 
iX  is the input data,  

minX  and 
maxX  are the respective minimum and maximum values of 

variables X. 

 

        

Figure 15. Response surface plot of adsorption amount (a) 3D; and (b) 2D of initial concentration and 

adsorbent dosage at a constant time (45min), temperature (65oC) and pH. 

(a) (b) 
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Figure 16: Plot of mean square error (MSE) versus the number of neurons for optimized ANN 

architecture 

 

Table 8: Optimized ANN architecture properties 

 

    

 

 

    Output 

 (Responses) 

 Network type: Feed Forward Backpropagation 

Adaptation  Learning function: LEARNGDM 

Performance function: MSE 

 

   

Training Algorithms 

Input     Layer Hidden Layer Output  Layer 

No. of 

Neurons 

No. of 

Neurons 

Activation  

Function 

No. of 

Neurons 

Activation  

Function 

 

Adsorption 

Amount (mg/g) 

Bayesan 

Regularization 

Backpropagation 

(TRAINBR) 

 

5 

 

9 

 

Hyperbolic 

Tangent 

Sigmond 

(Transig) 

 

 

1 

 

 

Linear 

(Purelin) 

Removal 

efficiency (%) 

Levenberg Marquardt 

(TRAINLM) 5 10 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17: Plot of training, validation, test and overall regression for adsorption amount of (a) 

removal efficiency; and (b) adsorption amount. 

 

(a) (b) 
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Figure 17 shows the product of the outcome of the ANN topology leading to training of 0.97887 

and 0.99866, validation value of 0.97794 and 0.99864, 0.99051 and 0.99919 test value and overall 

coefficient of determination of 0.97991 and 0.99874 for both responses.  The best validation plot in 

Figure 18 usually presented in terms of MSE in a log scale format, describes the training process as the 

ANN technique fits the data through a number of iterations or epochs [86]. From the trend in Figure 18, 

the training terminates after 4 and 3 iterations for percentage removal and adsorption amount 

respectively before maintaining a certain low MSE value.  The overall MSE value reads an appreciably 

successful training process with an approximated low value of 0.0040 and 0.0016 for both responses 

respectively.  

 

             
Figure 18: Mean square error (MSE) and the number of iterations (Epochs) performance plot for (a) 

percentage removal and (b) adsorption amount. 

 

 

3.4 Sensitivity Analysis  

Using the results of the weights and bias generated at the optimized ANN network presented in 

Table 9 and Table 10, sensitivity analysis to evaluate the relative importance of the independent 

variables was initiated using the Garson’s algorithm and Olden’s algorithm expressed respectively as 

[35, 87-88]: 

  

 

  

 





























V H V

H v

n

ji

n

j

j

n

k

kjvj

n

j

i

n

k

kjvj

ij

Oii

Oii

R

1 1

1 1
                                                                                                               (12) 

 

where ijR  is the relative importance of the variable
iX with respect to the output neurons j, 

Vn is 

the number of inputs neurons, Hn the number of hidden neurons, ji the absolute value of connection 

weights between the inputs,  is the connection weight between the inputs values (i) and hidden neurons 

(j) values and the hidden layers, 
iO  is the absolute value of connection weights between the hidden and 

output layers.  
 





K

H

kjikij WWR
1

                                                                                                                                    (13) 

(a) (b) 
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where H is the number of neurons in the hidden layer, 
ikW is the synaptic connection weight 

between the input neuron i and the hidden neuron k, kjW
 
is the synaptic weight between the hidden 

neuron k. 

 
Table 9: Weights and bias in input-hidden layers (Wi and bi) and hidden-output layers (Wj and bj) 

for removal efficiency response (%). 

 

 

 

Number 

of 

Neurons 

                                   Input Variables  

 

 

ib  

 

 

 

    
jW  

 

 

 

jb  

1iW  
2iW  

3iW  4iW  
5iW  

Initial 

Concentration 

(mg/l) 

Adsorbent 

Dosage 

(g) 

Contact 

Time 

(min) 

 

Temp 

(oC) 

 

pH 

1 0.9501 -0.5424 -0.6697 -1.2532 -1.1389 -2.395 0.6872  

 

 

 

 

 

1.2236 

2 -0.4575 -1.2139 2.0417 1.7252 -1.8339 -1.1357 1.0709 

3 -0.6267 1.5270 0.2842 1.7781 0.79803 -0.0545 0.2270 

4 2.9828 2.0662 -1.7925 -1.0595 3.1654 0.5011 0.8186 

5 -2.3717 0.6959 1.3346 1.8664 -1.5975 0.1560 -0.2548 

6 -2.2065 0.4832 0.9214 -1.8137 -2.0041 -1.0520 0.0398 

7 -0.9868 0.9382 -0.5830 0.9601 1.1459 -1.4846 -0.1069 

8 -1.0245 0.4299 0.5404 0.5418 2.2036 -1.9841 -0.0093 

9 -0.6984 0.5321 1.1146 -0.6304 2.1565 1.8272 -0.1164 

10 0.3345 -1.7273 -0.5324 -0.9973 -0.8514 2.0075 0.2468 

 

The Garson’s algorithm tipped pH as the most influential factor for the two responses under 

consideration. As shown in Table 11, the result reveals that the effect follows the order of pH 

>temperature >contact time >initial concentration > adsorbent dosage for the removal efficiency 

response while the adsorption amount shows pH > initial concentration > temperature > contact time > 

adsorbent dosage.  

The Olden’s algorithm projected initial concentration as the most influential factor among others 

for both responses and rated initial concentration > contact time > pH > temperature > adsorbent dosage 

for the removal efficiency of MB on the chitosan flakes. Similarly, for adsorbent amount response, the 

result records initial concentration > contact time > pH > temperature > adsorbent dosage. 
 

Table 10: Weights and bias in input-hidden layers (Wi and bi) and hidden-output layers (Wj and bj) for 

adsorption amount (mg/g) 

 

Number 

of 

Neurons 

                                                     Input variables 
 

ib      
jW  

jb  

1iW  2iW  3iW  4iW  5iW     

Initial 

Concentration 

(mg/l) 

Adsorbent Dosage 

(g) 

Contact Time 

(min) 

Temp. 

(oC) 

pH 

1 1.6045 -0.5689 -0.7389 1.1541 -0.8470 -2.7995 0.5878  

 

 

 

2 0.6920 -1.7025 0.9982 0.8680 0.1741 -2.1378 -0.1907 

3 -1.2276 0.4777 1.2309 0.0583 -1.2136 0.9477 -0.2086 

4 1.2304 -0.1343 0.5546 1.3428 3.1654 -1.3403 0.4218 
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5 1.6124 0.5744 -0.0274 -1.0313 -1.5975 -0.1621 0.2888 0.37932 

6 -0.4602 0.7017 0.0519 1.4676 1.6757 -0.1334 -0.1845 

7 0.1136 -0.1473 2.0323 0.1720 0.8153 -0.7462 0.0308 

8 -1.7708 0.1880 -0.6075 -1.0412 -0.6464 -1.1341 -0.3673 

9 0.4730 0.5396 -0.8016 -0.8733 -0.8598 2.5783 0.2407 

 

Table 11: Results of Garson and Olden Algorithm for the percentage removal and Adsorption amount 

  

 

 

 

Independent Variables 

Garson  Algorithm  Olden Algorithm 

%  removal  (mg/g) %  removal  (mg/g) 

Relative 

Importance (%) 
R 

Relative 

Importance 

(%) 

R Value R Value R 

Initial concentration (mg/l) 18.32 4 26.31 2 152.80 1 136.23 1 

Adsorbent dosage (g) 17.55 5 10.91 5 -18.07 5 -3.434 4 

Contact time (min) 19.04 3 13.38 4 -8.621 2 -26.84 5 

Temperature (oC) 19.32 2 21.50 3 -14.33 4 31.70 2 

pH 25.77 1 27.90 1 -11.78 3 16.04 3 

 

In a similar development, a sensitive analysis (step-by-step approach) was carried out on the 

independent variable for single and various combinations as shown in Table 12. This kind of sensitivity 

is a measure of the ANN model on the premises of the mean square error (MSE) and coefficient of 

determination, R2. The result the indicates that initial concentration is the most influential input variable 

among the single combination;  initial concentration and contact time were the best among the two 

factors combined, initial concentration, contact time and pH had the greatest effect among the three 

factors combination and initial concentration, contact time, temperature and pH had the greatest 

performance owing to the highest R2 and the lowest MSE value obtain during the process of neural 

network optimization topology.  

 

Table 12: Sensitivity analysis for single and various combinations of inputs 

 
S/N Input Combination  MSE  Epochs  R2 

1 
 

8.6584 2 0.7872 

2 
 

23.0140 3 0.2103 

3 
 

20.1040 3 0.3128 

4 
 

21.3037 2 0.3588 

5 
 

21.9248 3 0.2362 

6 +  22.4734 5 0.7947 

7   +  6.3392 2 0.8471 

8 +  8.4868 6 0.7925 

9 +  9.1033 3 0.7797 

10  +  20.5379 4 0.3190 

11 
 

19.2197 4 0.3749 

12 
 

21.9122 4 0.1725 
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13 +  21.4157 5 0.3421 

14 
 

19.9778 4 0.3506 

15 
 

18.3445 3 0.4549 

16 
 

16.0771 3 0.6560 

17 
 

4.4831 5 0.8952 

18 
 

5.9213 4 0.8629 

19 
 

18.6700 5 0.4049 

20 
 

24.2263 4 0.3751 

21            19.1232 5 0.4400 

22 
 

6.7782 5 0.8430 

23 
 

1.6658 5 0.9635 

24 
 

21.7800 6 0.7368 

 

3.5   ANN Empirical formulation equation 

 
From the weights and bias generated, an empirical formula can be developed as adopted by 

Shahryari et al. [35, 61].   

 

1 2 3 4 5 6

7 8 9 10

0.6872 1.0709 0.2270 0.8186 0.2548 0.0398

0.1069 0.0093 0.1164 0.2468 1.2236

rY F F F F F F

F F F F

     

    
                              (14) 

 

1 2 3 4 5 6

7 8 9

0.5878 0.1907 0.2086 0.4218 0.2888 0.1845

0.0308 0.3673 0.2407 0.37932

qY F F F F F F

F F F

     

   
                                    (15)

 

 
2

2 /(1 ) 1iE

iF e


   ,       

The weighted sum of the input, 
i

E , is defined as : 

i i i iE w X b    

Applying the equation to the five process variables under study, the equation becomes:  

    1 1 2 2 3 3 4 4 5 5i i i i i i iE w X w X w X w X w X b         
                                                            (16) 

where  
rY   and  

qY    represent the empirical equation for percentage removal of MB  and the 

adsorption capacity of the chitosan flakes adsorbent.  Also, the coefficients are the weights and biases to 

the output layer, jW  ,  i  is the number of neurons and Fi is the hyperbolic tangent transfer activation 

function used in the hidden layer given in equation (5). 
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3.6 Response Surface Methodology (RSM) AND Artificial Neural Network (ANN) Comparison  

 

Table 13 shows the values of some selected error functions given in equation 17-21 was used in 

comparing the predicted values with the experimental values for both responses. The results reveal ANN 

best fits the experimental data because all the statistical indicators produced lower values and higher 

values of the coefficient of determination, R2 very close to 1. Table 14 displays the experimental and the 

predicted values while Figure 19 reveals that the values portrayed a high correlation. 

 
Table 13: Comparison of Error Functions Values of ANN and RSM 

 

 

Error Function 

RSM ANN 

Removal 

Efficiency (%) 

Adsorption 

Amount (mg/g) 

Removal 

Efficiency    (%) 

Adsorption 

Amount (mg/g) 

MSE 2.4611 0.0036 0.0030 0.0196 

ARE 1.5725 0.9780 0.0738 0.7298 

EABS 44.0040 1.4942 2.1097 1.1600 

ERRSQ 78.7540 0.1166 0.6272 0.0947 

R2 0.8680 0.9988 0.9799 0.9992 

 
Mean Squared Error, MSE: 

 
2

,exp ,

1

1 n

k t k pred

i

MSE Q Q
n 

                                                                                                               (17) 

  

 

Average relative error, ARE:     







eN

k ptexk

predkptexk

e Q

QQ

N
ARE

1 ,

,,100

                                                                                                     (18) 

Sum of absolute error, EABS: 

 



pN

k

predkptexk QQEABS
1

,,

                                                                                                                      (19) 

Sum of squares of the errors, ERRSQ: 

 



eN

k

predkptexk

e

QQ
N

ERRSQ
1

2

,,

1

                                                                                                (20) 

Coefficient of determination, 
2R : 

 

 












e

e

N

k

epredk

N

k

predkxptek

QQ

QQ

R

1

2

,

1

2

,,

2 1

                                                                                                         (21) 
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where 
xptekQ ,

 [=  
xptekeq

,  or  
xptektq

, ] is the measured adsorption data for run k, 
predkQ ,

 

[=  
predkeq

,  or  
predktq

, ] the predicted (or calculated) adsorption data for run k, 
eN  the number of 

experimental data points and 
pN  the number of model parameters. 

 

 

              Figure 19: Plot of experimental values and predicted values from RSM and ANN. 

 

3.7 RSM-GA and ANN-GA optimization of process parameters and experimental validation 

 
The process parameter was optimized using the second-order quadratic equation generated 

(equations 8 and 9)  and the empirical function of the Artificial Neural Network tool derived from the 

weights and bias were used as an objective function where they were optimized using the genetic 

algorithm tool in a MATLAB environment using the default settings. The objective function was 

expressed as [27]:  

 

 
5

1 1 1

n n

i jk i ik i j

j i j

y purelin w tansig x w b b
  

    
      

     
                                                                     (22) 

 

 
 

Figure 20: Analysis of the RSM-GA optimization 
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Table 14. Results of Experimental Values, RSM and ANN predicted percentage removal and Adsorption Capacity. 

 

Experimental Runs 

(Standard Order) 

Experimental Values of 

Efficiency Removal (%) 

RSM- Predicted 

Values 

ANN Predicted 

values 

Experimental Values of 

Adsorption Amount (mg/g) 

RSM-Predicted 

Values 

ANN Predicted 

values 

1 86.4035 84.6365 86.4260 3.4561 3.3882 3.4383 

2 92.5439 92.8673 92.5569 7.4035 7.4159 7.3747 
3 78.0702 80.5342 78.0767 3.1228 3.2478 3.1404 

4 91.8860 93.6740 91.8902 7.3509 7.4159 7.3574 

5 87.7193 86.9365 87.7145 3.5088 3.5183 3.4180 

6 91.4474 93.3329 91.4459 7.3158 7.3618 7.3040 
7 87.7193 87.7432 87.2763 3.5088 3.5183 3.5094 

8 90.7895 89.2306 90.7847 7.2632 7.2215 7.2556 

9 86.8421 84.6186 86.8114 3.4737 3.4408 3.4731 
10 92.7632 93.3177 92.7675 7.4211 7.3984 7.3890 

11 84.6491 84.4385 84.6535 3.3860 3.4057 3.3761 

12 95.6140 97.1101 95.6153 7.6491 7.6440 7.6407 
13 89.0351 87.3869 89.0506 3.5614 3.5007 3.5234 

14 92.7632 93.3150 92.7583 7.4211 7.4145 7.4217 

15 92.9825 91.1793 93.5384 3.7193 3.7463 3.7257 

16 92.3246 93.1349 92.3348 7.3860 7.3794 7.2871 

17 72.8070 75.7686 72.7883 1.4561 1.4503 1.4696 
18 93.3333 90.3958 93.1059 9.3333 9.3216 9.3600 

19 84.5029 86.2878 84.4733 5.0702 5.1645 5.1379 

20 87.7193 86.4462 87.7014 5.2632 5.1996 5.2653 
21 91.5205 90.2959 91.6075 5.4912 5.4532 5.4261 

22 91.8129 93.0615 91.8379 5.5088 5.5292 5.4898 

23 91.5205 90.3203 91.5336 5.4912 5.4211 5.4724 

24 92.9825 94.2067 92.9970 5.5789 5.6316 5.5761 
25 90.3509 91.1054 90.3665 5.4211 5.3860 5.3835 

26 92.3041 91.5737 92.2973 5.2982 5.3158 5.2947 

27 85.0877 86.3670 84.9960 5.1053 5.1820 5.2107 

28 88.3041 86.3670 88.4053 5.2982 5.1820 5.2107 

29 85.9649 86.3670 85.9258 5.1579 5.1820 5.2107 

30 88.3041 86.3670 88.4053 5.2982 5.1820 5.2107 

31 83.9181 86.3670 83.7562 5.0351 5.1820 5.2107 
32 87.1345 86.3670 87.1656 5.2281 5.1820 5.2107 



Journal of Applied Science & Process Engineering 

Vol. 9, No. 1, 2022 

 

 

   
e-ISSN: 2289-7771 

 

   

1080 

 

The analyses of the optimization process are depicted in Figures 20 and Figure 21 for RSM-GA 

and ANN-GA respectively.  Both figures demonstrate that the iteration terminated after about 50 and 100 

generations to achieve the optimum conditions in the design space displayed in Tables 15 and 16, 

respectively. The validation of predicted optimum conditions  (bolden)  via experimental works gives 

98.96% and 99.28% removal of MB and 9.396 mg/g and 9.259mg/g with an average percentage error of 

12.17% and 8.7% respectively for both responses. The result obtained was compared with some 

previously reported optimized adsorption treatments of MB contaminated aqueous solutions using 

various adsorbents in Table 17.  

 
Table 15: RSM-GA optimized design space of process variables and corresponding output responses. 

 
       

1 99.9993 0.2503 18.8584 35.0461 11 112.676 10.5428 

2 99.9998 0.2502 18.8596 35.046 11 112.675 10.5429 

3 99.9993 0.2502 18.859 35.046 11 112.675 10.5428 

4 99.9997 0.2502 18.8595 35.046 11 112.675 10.5429 

5 99.9997 0.2503 18.8595 35.046 11 112.675 10.5428 

 

 

Table 16: ANN-GA optimized design space of process variables and corresponding output responses 
 

       
1 25.6219 0.7713 54.8893 69.8607 7.1345 108.746 10.2918 

2 23.2545 0.9706 47.2917 62.6368 8.1945 108.746 10.2918 

3 26.0422 0.5429 48.2723 66.1157 10.2079 108.746 10.2918 

4 22.2921 0.7648 46.5907 61.7279 7.8162 108.746 10.2918 

5 25.6219 0.7713 54.8893 69.8607 6.6345 108.746 10.2918 

6 23.2803 0.8758 55.8199 66.5874 7.6417 108.746 10.2918 

7 25.8043 0.7592 53.2788 69.3176 7.8559 108.746 10.2918 

8 22.2008 0.7457 53.8668 64.1325 7.8016 108.746 10.2918 

9 26.379 0.6905 48.9275 71.1786 10.2388 108.746 10.2918 

10 30.2017 0.5115 59.4763 74.2352 8.687 108.746 10.2918 

11 24.7315 0.8275 48.4216 62.9765 8.2111 108.746 10.2918 

12 25.415 0.8572 54.1929 66.6668 8.0327 108.746 10.2918 

13 24.0261 0.7713 56.101 67.7564 7.8304 108.746 10.2918 

14 25.4172 0.7766 55.6923 68.7097 6.9796 108.746 10.2918 

15 25.3931 0.7177 51.2046 66.0979 10.1928 108.746 10.2918 

16 22.9639 0.6529 62.8682 74.2886 6.8117 108.746 10.2918 

17 28.4566 0.6532 54.1605 72.4255 8.5771 108.746 10.2918 

18 25.415 0.8569 54.193 66.6669 8.0326 108.746 10.2918 
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Table 17: Parameters and their optimum conditions of the adsorption of MB by various adsorbents. 

S/N Adsorbent Mode 
Optimization 

techniques 
Parameters Best optimum conditions Response value Reference 

1 
Tuniks Corm Saffon 

(Crocus sativas L.) 
Batch mode 

RSM-Box Behnken 

Design 

Initial 

concentration, 

contact time and 

adsorbent dose. 

Adsorbent dose=1.98g/L, contact 

time=56min and initial 

concentration= 176mg/L at 

constant pH value of 5.4 and 

temperature of 21 oC. 

Percentage removal 

=89.48% 
[45] 

2 
 Defactted Carica 

papaya seeds  
Batch mode 

Multi stage batch 

design 

Adsorbent dose, 

number of 

adsorption stages 

and contact time. 

Initial concentration= 100mg/L, 

number of adsorption stage=5 

and contact time= 150min. 

Percentage removal 

=99% 
[46] 

3 Clay minerals Batch mode  RSM 

Initial 

concentration, 

contact time and 

temperature. 

Initial concentration=100mg/L, 

contact time =150min and 

temperature=60 oC,  

Desorption 

efficiency 

=23mg/g 

[47] 

4 

Activated carbon 

prepared from Bos 

Indicus Gudali bones 

Batch mode 
RSM-Box Behnken 

Design 

Intial 

concentration, 

adsorbent dose and 

temperature 

Initial concentration=45mg/L, 

adsorbent dose=0.2g and 

temperature=60 oC 

 Adsorption 

amount 

=15.08mg/g 

[48] 

5 Pine apple bark Batch mode 
RSM-Central 

Composite Design  

Adsorbent dose, 

temperature and pH 

Temperature =30 0C, adsorbent 

dose=2.5g/L , pH=9.8 for initial 

concentration  of 20mg/L. 

Percentage removal 

=98.91% 
[49] 

6 

Bentonite 

clay/activated 

composites 

Batch mode RSM 
Temperature, pH 

and ionic strength 
Temperature=40oC 

Adsorption 

capacity= 

230mg/g 

[50] 

7 
Chitosan/zeolite 

composites. 

Batch 

mode 

RSM-Central 

Composite Design. 

Contact time, pH 

adsorbent dose and 

initial 

concentration. 

Adsorbent dose=2.5g/L, pH=9.0, 

Initial concentration=43.75mg/L 

and contact time=138.65 min. 

Percentage 

removal=94% 
[26] 

8 Pumice Batch mode 
RSM-CCD and 

ANN-GA 

Initial 

concentration, pH, 

contact time and 

adsorbent dose. 

Initial concentration=20mg/L, 

adsorbent dose=1g/L, contact 

time= 50min and pH=11. 

Not reported [51] 

9 Betel Nut Fibre Batch mode RSM  Temperature, Temperature=303K, adsorbent Adsorption amount [52] 
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adsorbent dose, pH 

and rotational 

speed. 

dose=15.1g/L, rotational 

speed=158.5 (rpm) and pH7.5 

31.56mg/g 

10 
Biochar derived 

from pomelo peel 
Batch mode 

RSM and ANN-

PSO 

Temperature, 

contact time, initial 

concentration and 

pH. 

Temperature = 34.63ºC, contact 

time = 80.00 min, initial MB 

concentration = 169.73 mg/L and 

initial pH = 7.  

Percentage removal 

=89.96% 
[53] 

11 

Carboxymethyl 

cellulose-based 

hydrogel beads. 

Batch mode RSM 

Adsorbent dose, 

pH and initial 

concentration. 

Adsorbent dosage = 0.6 g 

Initial concentration= 15 mg/L 

and pH of 9.5 within contact time 

of 120 min. 

Percentage removal  

96.22  2.96%   
[37] 

12 
DI-Functionalization 

Activated Carbon 
Batch mode RSM 

Adsorbent dose, 

pH and agitation 

speed. 

Adsorbent dose=4.70g/L, pH=12 

and agitation speed=150rpm. 

Percentage 

removal= 95.67% 
[58] 

13 
Dry bean pods husks 

powder 
Batch mode Taguchi 

Initial 

concentration, 

adsorbent dose, pH, 

contact time and 

temperature. 

Initial concentration=50mg/g, 

adsorbent dose=2.5g/L, pH=10, 

contact time=30min and 

temperature=306K. 

Percentage removal 

=87.98%  
[54] 

14 Bentonite clay Batch mode RSM-CCD 

Initial 

concentration, 

contact time and 

adsorbent dose 

Initial concentration=24.78mg/L, 

contact time=31.85min and  

Adsorbent dose=5.25g/L. 

99.7% [55] 

15 
Polymer Network 

Hybrid Hydrogel 
Batch mode Taguchi 

Initial 

concentration, 

adsorbent dose, pH, 

contact time and 

temperature. 

Initial concentration=10mg/g, 

adsorbent dose=0.2g/L, 

temperature=25oC and pH=9 

96.30% 
 

[56] 

16 

Graphene oxide 

composites 

nanoparticles 

Batch mode RSM-BBD 

Initial 

concentration, pH, 

contact time. 

Initial concentration =30ppm,  

pH= 6.0 and a contact time of 90 

min. 

99.7% [57] 

17 

Activated carbon 

from agricultural 

wastes 

Batch mode RSM 

Contact time, 

adsorbent dose and 

pH. 

Not reported  93-99.6% [80] 

 18 
Physical activated 

coffe husk 
Batch mode RSM-CCD 

 Initial 

concentration, pH 

Initial 

concentration=37.786mg/L, 
93.53% 

  

[9] 
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and adsorbent dose. pH=7.637 and adsorbent 

dose=0.740g 

Chemical activated 

coffe husk 

Initial 

concentration=37.786mg/L, 

pH=7.637 and adsorbent 

dose=0.740g 

92.48% 

19 

Graphene oxide/Zinc 

oxide  

Nanoparticles. 

Batch mode RSM-BBD 

Adsorbent dose, 

initial 

concentration, 

contact time and 

pH 

Adsorbent dose=, initial 

concentration 5ppm, contact 

time=8.5min and pH=6 

97 
 

[84] 

20 

Activated carbon 

derived from millet 

wood. 

Batch mode RSM-CCD 

Initial 

concentration, 

contact time, 

adsorbent dose and 

pH 

Initial concentration=20ppm, 

contact time=18min, adsorbent 

dose= 0.2g and pH=7 

>99% [43] 

21 Ho-CaWO4 Batch mode 
ANN and RSM-

CCD 

Initial 

concentration, 

contact time, 

adsorbent dose and 

pH 

Initial 

concentration=100.65mg/L, 

contact time=15.16min, 

adsorbent dose=1.91g/L and 

pH=2.03 

71.77% [44] 

22 

Activated from 

parthenium 

hysterophorus 

Batch mode RSM 

Initial 

concentration, 

temperature, 

adsorbent dose and 

pH 

Initial concentration=25mg/L, 

adsorbent dose= 0.22g, 

temperature=35oC and pH=7 

93.4% [42] 

23 
Oenological by 

product 
Batch mode RSM-BBD 

Initial 

concentration, 

contact time, 

adsorbent dose and 

pH 

Initial concentration=50mg/L, 

contact time= 30min, adsorbent 

dose= 50mg and pH=6 

95% [38] 

24 

Chitosan prepared 

from African snail 

shell 

Batch mode 
RSM-GA and 

ANN-GA 

Initial 

concentration, 

contact time, 

adsorbent dose, 

temperature and pH 

Initial concentration=25.42mg/L, 

contact time=54.19min, 

adsorbent dose=0.86g, 

temperature= 67oC and pH=8.03 

99.28% This article 
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Figure 21: Analysis of the ANN-GA optimization 

 

4. Conclusions 
 

This present study delved into the evaluation of low-cost chitosan adsorbent sourced from 

African snail shells in the treatment of waste water contaminated with methylene blue dye. The 

treatment process employed the adsorption process because of its simplicity of operation, relative cost 

and environmental friendliness. The fractional central composite design based surface response 

methodology (RSM) characterized by few experimental runs, guarantees good predictive ability and 

can conveniently accommodate five influential control factors consisting of initial concentration (20-

100mg/L), adsorbent dose (0.25-1.25g), contact time (15-75min), temperature (35-95oC) and initial 

solution pH (3-11) with 5 levels were used to develop the experimental design for appropriate 

analysis. The analysis covers the analysis of variance (ANOVA), t-test, F test, residual analysis, 

contour and surface plot. Results of the analysis revealed that at least one single, quadratic and 

interactive term of the control factors exhibited a high degree of synergetic and antagonistic effects on 

the response variables. The F test and p-value (  of the model equations for both 

responses and the non-significance  0.05) of the lack of fit validate the fitness of the 

models developed. The relatively high value of 
2R  and 

2

adjR  with a difference less than 0.2 within 

the acceptable limit and Adeq Precision value far greater than 4 for both responses attest more to the 

model fitness. The elliptical contour shape and curvature of the surface plots depict a high level of 

interaction of the control factors and a significant impact on the responses. According to the Pareto 

analysis, initial solution pH, X5 and adsorbent dosage, X2 are the most influential parameters for 

percentage removal and adsorption amount respectively. The artificial neural network (ANN) was 

used to fit the input-output data of the experimental matrix after achieving the appropriate topology. 

The 
2R of training (0.979 and 0.999), validation (0.978 and 0.999), test (0.991 and 0.999) and overall 

(0.980 and 0.999) accordingly for both responses was quite satisfactory.  According to Garson’s 

algorithm, initial solution pH was the most influential factor while initial concentration was the most 

influential parameter for Olden’s algorithm and step by step approach while adsorbent dosage was 

observed to be the factor with the least effect on the response variables for the three sensitivity 

methods within the purview of this study.  The techniques showcased a good predictive ability of the 

experimental data. However, the ANN technique had the lowest value in all the 5 statistical indices 

and the highest coefficient of determination,
2R considered for comparison. Also, the ANN-GA 

algorithm showed a better performance than the RSM-GA technique in predicting the optimum 

conditions leading to maximum removal of methylene blue from aqueous solution. The hybrid ANN-

GA algorithm produced a better result when compared to previous studies good enough in curbing the 

negative impact of the effluents from the textile industry on the environment.   
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