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Abstract

Red algae species, Euchema Spinosum (ES) in Malaysia possesses excellent biosorbent properties in removing dyes from aqueous solu-
tions. In the present study, the experimental design for the biosorption process was carried out via response surface methodology (RSM-
CCD). A total of 20 runs were carried out to generate a quadratic model and further analysed for optimisation. Prior to the evaluation, the
characterisation study of the ES was performed. It was observed that the maximum uptake capacity of 399 mg/g (>95%) is obtained at
equilibrium time of 60 min, pH solution of 6.9-7.1, dosage of 0.72 g/L and initial dye concentration of 300 g/L through statistical optimi-
sation (CCD-RSM) based on the desirability function. It is demonstrated in the present study that the ANN model (R?=0.9994, adj-
R?=0.9916, MSE=0.19, RMSE=0.4391, MAPE=0.087 and AARE=0.001) is able to provide a slightly better prediction in comparison to
the RSM model (R?= 0.9992, adj-R*= 0.9841, MSE=1.95, RMSE=1.395, MAPE=0.08 and AARE=0.001). Moreover, the SEM-EDX
analysis indicates the development of a considerable number of pore size ranging between 132 to 175 um. From the experimental obser-
vations, it is evident that the ES can achieve high removal rate (>95%), indeed become a promising eco-friendly biosorptive material for
MB dye removal.
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Euchema Spinosum (also known as Euchema denticulatum) is red
alga that is massively grown in Sabah, Malaysia. Biosorption
capacity of red algae is attributed mainly by the presence of sul-
fated polysaccharides in its cell walls [20], [21]. The previous
study on ES as biosorbent is based on one factor at time effect
(OFAT) which is time consuming, tedious and involved a large
sample size leading to high cost of experimentation. Furthermore,

1. Introduction

The extensive use of synthetic-based dye in various applications in
modern living today has notably led to severe wastewater prob-
lem[1]. Over 700,000 tons of commercial dyes are widely

employed in textile, food, pharmaceutical, printing, paper, paint,
leather industries [2]. Approximately 15% of the estimated usage
of dye appear in wastewater effluent [3]. At trace level, the dye
may cause serious environmental pollution. Dye and their degra-
dation product may produce mutagenic, genotoxic, carcinogenic
and teratogenic effect onto the receptor water bodies [4].Their
complex structures form a stable molecular that is difficult to de-
grade due to the presence of aromatic rings and azo functional
group (N=N) [2]. Treatment process from simple to sophisticated
methods has been employed to treat the dye contained wastewater,
such as coagulation-flocculation, precipitation, ion exchange,
filtration, ozonation and advanced oxidation [5]-[9] . However,
more often than not, they are either ineffective or highly expensive
[10].

through the employment of OFAT, the simultaneous assessment
of the effect of several parameters is not possible, that in turn, may
lead to inaccurate prediction of optimisation.  Therefore,
multivariate statistical technique, as well as machine learning
algorithm, has been employed to mitigate the limitation of classi-
cal analysis.

RSM is a practical method for studying the effect of multiple pa-
rameters, determining the significant parameters and analysing the
possible interactions that may influence the biosorption process
[22], [23]. RSM considerably reduces the number of experimental
runs, provide information on the interaction between parameters
and determine the optimum operational conditions yielding the
highest removal efficiency [24]. In this study, the Central Compo-
site Design (CCD) is employed to determine the optimum process
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variables. CCD has better predictive capabilities based on linear
and quadratic interaction effect among significant factors affecting
the process [25]. A number of study has utilised CCD for
adsorption process such as biosorption of methylene blue (MB)
onto low-cost Lemna major biomass [26], adsorption of sunset
yellow (SY), malachite green (MG), methylene blue (MB) onto
Cu@ Mn-ZnS-NPs-AC[27], removal of eosin Y (EY), methylene
blue (MB) and phenol red (PR), by Cu(OH)2-NP-AC [28] and
biosorption of real textile effluent onto deoiled Argemone
Mexicana seeds (A. Mexicana) [23]. A study on the removal of
copper(ll) ions waste flax meal [29], further suggests that CCD
has the capability to provide reasonably accurate predictions.
McCulloh and Pitts (1943) initiated the artificial neural network
(ANN) model based on how neurons behave in the nervous
system. Today, ANN is a prevalent method of analysis due to its
effectiveness in many scientific fields [30]-[40]. The input along
with its weights and threshold value will determine the output of
the model. A biosorption system is inherently a non-linear system
in nature [41]. It is evident from the literature that ANN has
successfully been used for predictive modelling in the area of
biosorption. ANN modelling was employed to predict the
adsorption capacity of Acid Black 172 metal-complex dye (AB)
and Congo Red (CR) using nonviable Penicillium YW 01 biomass
[42]. The removal efficiency prediction model of Lanaset Red
(LR) G on walnut husk (WH) was developed by means of ANN
[43]. In a recent study, it was reported that ANN modelling was
used to predict the removal of non-toxic dye by Graphene oxide
(GO) nanoplatelets and an R of 0.96452 was reported with
network topology of 3-10-1 [44].

ES as dye biosorbent has never been reported in term of pretreat-
ment effect, optimization and reusability but batch biosorption
using OFAT method has been documented previously[45]. There-
fore, the main motivation behind the study is to expands the body
of knowledge of ES on the capability of the aforesaid biosorbent
to (1) undergo pretreatment; (2) the determination of the optimal
experimental condition for maximum removal efficiency using
contemporary multivariate models namely Response Surface
Methodology (RSM) and Artificial Neural Networks (ANN), and;
(3) its ability to be reused with regards to its economical viability.

2. Experiment Section

2.1. Material and Equipment

A stock solution of Methylene Blue (MB) dye was initially pre-
pared by dissolving a weighed quantity of C1sH18CiN3S-,H,0 in
deionized water. By conducting a serial dilution, the working
solutions were prepared to the desired concentration of 100-500
mg/L. All chemicals were used as received without further purifi-
cation.

Red alga of ES was collected from Kunak, Sabah (Fig. 1). The ES
was washed three times thoroughly with deionised water to re-
move sand, salts and epiphytes. The alga was dried at 60 °C for 24
h in a drying oven,then, was ground and sieved in order to attain
the size range of 0.7 to 1.5 mm that adheres to the Standard
1ISO3310-1:2000 (British Standard) sieves. The prepared biosor-
bent are then kept in a zip-locked bag until further process is car-
ried out.

Fig. 1: Fresh macroalga of Euchema Spinosum (ES)

2.2. Experimental Procedure

Batch biosorption experiments were carried out for MB dye re-
moval using ES biosorbent for RSM design experiment. All 20
experimental runs were carried out in 25 mL vials containing 25
mL of MB dye solution with the initial concentration ranged be-
tween 100-500 mg/L with varying dosage (0.3-1.1g/L), pH (2-12)
and fixed equilibrium contact time (60 min). The vials were
placed into a shaker and held at a constant speed of 130 rpm for 1h.
After equilibrium is reached, the solutions were centrifuged at
4000 rpm for 60 sec. The final concentration of the MB dye in the
supernatant solution was analyzed using the UV-Vis spectropho-
tometric. All measurements were performed in triplicate. The
removal efficiency (y,%) and the amount of MB dye adsorbed (ge,
mg/g) were calculated based on equation (1)and (2) :

LG

MB dye removal, y(%) ;_Q % 100 1)

lg-cv

MB dye biosorption capacity, ge (mg/g) o 2

Where y is percentage removal, ge is the amount of MB dye
sorbed per gram of biosorbent at equilibrium (mg/g), Ci and Ce
are the initial and equilibrium MB concentration in the solution
(mg/L), respectively, V is the MB solution volume (L) and m is
the biosorbent mass (g).

2.3. Analytical Equipment

The initial and residual concentration of MB dye (HmBG) for the
biosorption-desorption process was estimated using the UV-Vis
spectrophotometric ~ (UV-Vis  spectrophotometer, DR5000,
Arachem) at 650nm (Amax). pH of the dye solution was main-
tained by adding NaOH or/and HCI (Merck, Germany) and deter-
mined with a pH meter (SevenEasypH, Mettler-Toledo AG,
Schwerzenbach, Switzerland). Deionized water was used for all
experiments (Puris-Expe CB Water System, 18.2MQ.cm resistiv-
ity). A Memmert oven (model UFB500, Germany) and furnace
(Carbolite furnace, model ELF 11/23, England) was used for the
drying purpose. The shaker (Excella E1 Platform shaker, New
Jersey, USA) was used to provide uniform mixing between bio-
sorbent and sorbate, while centrifuge (Centrifuge, model 2420,
Tokyo, Japan) were used to accelerate the phase separation. Prior
to the determination of the optimal conditions, the ES sample
were examined for functional group, morphologies characteristic
and thermal analysis using Fourier Transform Infrared Spectro-
photometer (FTIR, spectrum 100 Perkin-Elmer), Scanning Elec-
tron Microscopy with Energy Dispersive X-Ray Analysis (SEM-
EDX, TM3030plus, Hitachi, Japan) and Thermo Gravimetric
Analysis (TGA, Mettle Toledo), respectively.

2.4. Response Surface Methodology (RSM)

In this study, the central composite design (CCD) was applied as a
design tool for dye biosorption using ES biomass. The parameters
whose simultaneous effects on removal efficiency are employed
and further modelled using CCD. In CCD, the numeric factors
will be varied over 5 levels; axial points (+/-alpha), factorial
points (+/-1) and centre point. Centre points give assistant to the
calculation of pure error whilst the axial points allow the design to
be rotatable. The correlation between variables and response is
expressed using second-order polynomial quadratic model, given
as in equation (3).
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where y is the response (% predicted removal); x is the independ-
ent parameter (contact time, pH, dosage), i and j represent a num-
ber of factors, Po is the constant coefficient, Bi are linear coeffi-
cients, Bij are interaction coefficients, and Bii is quadratic coeffi-
cients.

The parameter settings used for running RSM model is presented
in Table 2.1. The data were analysed using Stat-Ease (Design
Expert 7.0.0, Minneapolis) and the coefficients were interpreted
using p- and F-values. The F-value is the ratio of mean square
regression and means square residual, which serves as an excellent
indicator to distinguish and discriminate among different parame-
ters in terms of their significant contribution on signal [60]. The
accuracy of model fitting is evaluated by means of analysis of
variance (ANOVA) based on the coefficient of determination (R?),
adjusted determination coefficient (adj-R?), predicted determina-
tion coefficient (pred-R?), coefficient of variation (CV) and ade-
quate precision (AP). The optimisation was calculated based on
the regression analysis and 3D response surface plot.

2.5. Artificial Neural Network

Prediction of dye removal in this investigation is modelled using
the multilayer Feedforward Neural Network Architecture specifi-
cally multilayer perceptron (MLP) network. MLP is made up of
one or more hidden neuron layers where computation takes place.
The weighted output from the first hidden layer is used as input
for the output neurons or for the subsequent hidden layers. The
network topology of 3-7-1 utilised in this study is depicted in Fig.
2 which shows that there are three input nodes, seven neurons in
the single hidden layer and one neuron in the output layer. This
kind of topology is known as multi-input single-output (MISO).
Multi-input-multi-output (MIMO) is used when there is more than
one output to be analysed with multi-input. Single-input-single-
output (SISO) is used when there is only one input and one output
to be analysed.

Initial O NN
concentration (mg/L)
Dosage (glL) O \O MB Dye Remaval (%)
pH ) Output
% layer

Fig. 2: ANN network topology

The implementation of ANN comprises of three main stages viz.
parameter selection, training and testing. The input-output data is
often processed by normalising it within a certain range, nonethe-
less, it is worth noting that there are studies that take the data as is
without performing any form of scaling. The data is then ran-
domly partitioned with respect to training, testing and/or valida-
tion, respectively. Amongst the key parameters that are specified
prior to any ANN investigation are the selection of the input and
output parameters, the number of hidden layers, the number of

Table 3). The final CCD was second-order polynomial quadratic
model and is given as in (4)

MB dye removal, {y%)

neurons in the hidden layers, the activation function, as well as the
training (learning) algorithms.

The 3 main phases of ANN are viz. parameter selection, training
and testing. The input and output data can be taken as it is or it can
be normalised. The data will be randomly segregated with respect
to training, testing and/or validation, respectively. In this study,
tangent sigmoid (tansig) transfer function is utilised in the hidden
layer whereas the linear (purelin) transfer function is used in the
output layer. The Levenberg- Marquardt training algorithm is
utilised to train the dataset. By varying the number of neurons
from one to ten, seven hidden neurons were deemed optimal to
provide desirable results upon carrying out a sensitivity test. Initial
concentration, dosage and pH were set as the input whereas MB
dye removal percentage was set as the output. The 70:15:15 ratio
is employed for the training, testing and validation of the models
developed on the prepared dataset. The prediction model is vali-
dated and verified using mean-square error (MSE) and regression
analysis (R?). Design parameters used for ANN in this study are
summarised in

Table 1. The study of ANN modeling was performed using
MATLAB (Version R2017a) software.

Table 1: Parameter settings for RSM and ANN

RSM ANN
Parameters [ Values Parameters Value
Design method- | Central Com- | Learning rule Levenberg-
ology posite Marquardt
Design model Quadratic Number of input 3

nodes
No of run 20 Number of output | 1

nodes
Input variables 3] Number of hidden | 7

neurons
Output 1 Number of 12
Blocks No blocks epochs 0.001

Mu

3. Results and Discussion

3.1. Modelling of RSM

CCD was used to understand the influence and interaction be-
tween parameters, predict the different input parameters and fur-
ther determine the optimal level of the process parameters. In the
preliminary step of optimisation, the selected initial concentration
(mg/L), dosage (g/L) and pH was taken. The biosorption process
was considered under equilibrium condition with a contact time of
60 min at ambient temperature 27+3°C [45]

3.1.1 Fitting Model and Analysis of Variance (ANOVA)

In this study, three independent variables were considered for the
biosorption process namely; initial concentration (x;: 200-400
mg/L), dosage (x: 0.5-0.9 g/L) and pH (xs: pH 4.5-9.5) while the
MB removal at equilibrium time is set as the response (y). By
using CCD matrix of experimental condition, 20 runs were carried
out (

=95.08-8.29%, + 788, — 0.68%; 4 69x,x, - L54x, 1y~ 1.1y, - 498, - 4561, - 1188,
4

The coefficient magnitude in the second-order polynomial quad-
ratic equation(4) indicates the positive and negative effect of the
factors to the response (% removal). In this regard, the positive
term such as x,, X1X, denoted the favourable effect which depicted
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the parameters will increase the removal efficiency with the in-
crease of these parameters value. In contrast, the negative terms
such as Xy, X, X1Xs, XoX3, X12, X, and x5 demonstrate the
unfavourable effect on the biosorption process. Therefore, the
removal efficiency will be increased with the decrease of these
parameters value. At confidence level of 95% (p<0.05), the linear
term (Xy, X,), interactive terms (X1X, X1X3,X2X3) and square terms
(x4 %2%, x5°) showed significant effect on the response variable
except for x5 (p< 0.0142). Values of p-value greater than 0.1 indi-
cate the model terms are not significant. It is evident, as tabulated
in

Table 4, it can be shown that all model term used in this study is
significant.

In order to ensure the statistical significance of above quadratic
model, the model was tested using analysis of variance (ANOVA).
Table 4 represents the ANOVA results for MB biosorption onto
ES. The model F-value (131.85) with low probability value (p <
0.0001) denotes that the model was significant, accurate and
reliable. The goodness of fit for the models was examined for R,
adj.-R? pred.-R? CV and AP. The value of R? should be at least
0.80 for the good fit of a model [46]. In this study, the R* was
found to be 0.9916, indicate that over 99.16% of the experimental
data was compatible with the data predicted by the model. The
predicted R? (0.93) is in reasonable agreement with the adjusted
R? (0.98). In addition, a lower CV (1.98%) demonstrate the
deviations between experimental and predicted values were
relatively low. A CV of not more than 10% can be considered as
reasonable for a goodness of the model [47]. Therefore, the result
potray that the experiment has better precision and reliable value.
The AP is a measure of the signal to noise ratio in which value
higher than 4 is desirable for the fitness of the model. The AP was
obtained at 30.15 indicates the adequate model discrimination
[48]. AP value greater than 4 is suggested for significant RSM
modelling [12]. The model was also assessed for its suitability
based on lack of fit. From the result, the higher F-test value
(19.13) and low probability (P=0.0028) implies the lack of fit is
significant with due to noise. This suggests that the RSM model is
unable to provide a high prediction accuracy of the MB dye
removal efficiency. A similar observation has also been reported
by Hamid et al. (2016) [49] on the removal of Cu(ll) from water
matrix. In order to mitigate the aforesaid issue, an ANN model is
developed.

3.1.2 Interactive Effect of Variables

The effect of parameters was deeply studied individually in the
previous part of the study. However, less information can be
derived from the relationship between parameters. Therefore, this
section is dedicated to discuss the relationship between independ-
ent variables X (initial concentration), x, (dosage) and Xz (pH) on
the removal efficiency (y%) of MB dye. 3D response surface plots
and the corresponding contour plots for interaction between dos-
age-pH, initial concentration-pH and initial concentration-dosage
are illustrated in Fig. 3(a)-(b), (c)- (d) and (e)-(f).

It can be seen in Fig. 3(a)- (b); the MB dye removal has increased
from 83.6 to 94.44% with the increase of dosage (0.5 to 0.9g/L)
which can be related to the higher number of active site for
biosorption process. Further increase of dosage, however, shows a
gradual decrease in removal efficiency, due to the saturated bind-
ing site. The effect of pH on removal rate is not favourable under
the considered range of pH 5.75 to 8.25 at a lower dosage (0.5-0.7
gL). In the basic solution (pH> 8.25), an active functional group
in ES biosorbent is less protonated, and the surface charge
becomes negative by adsorbing OH- ions. Therefore, negatively
charged surface sites on ES favoured the adsorption of the cationic
MB dye molecule due to the electrostatic attraction. A similar
agreement was reported on the adsorption of Acridine orange by
zinc oxide/almond shell activated carbon composite [50].

As illustrated in Fig. 3(c)-(d), the increase in initial MB dye
concentration (200 to 400 mg/L) has reduced the removal rate

from 95.24% to 81.77%. It clearly depicts that the change in
removal efficiency is not noticeable with the change of pH but the
slight increased of removal rate was found merely at pH7. These
results comply with studies carried out by previous work on
various biosorbent, which have reported an optimum pH of 7 for
maximum MB dye removal [51]-[53]

According to Fig. 3(e)-(f), the removal rate was decreased signifi-
cantly from 92.95% to 68.57% with the increased in initial con-
centration (100 to 500 mg/L). This is possibly due to the lower
concentration that increases the availability of vacant sites and in
turn, increases the uptake of dye molecules onto ES biosorbent.
Meanwhile, at a higher concentration with the same dosage, the
same fixed number of biosorbent sites competes for more dye
molecules, hence saturating it [23]. In addition, the increase of
initial concentration would protonate the active sites in ES cell
wall, hence reducing the repulsion strength between MB dye mol-
ecules and ES biosorbent thus leading to a decrement in the
biosorption uptake and removal rate [24].
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Fig. 3: 3D diagram and contour plot for MB dye removal efficiency as a
function of; (a)-(b) dosage and pH ;(c)-(d) initial concentration and pH
;(e)-(finitial concentration and dosage

3.2. Optimization of ES Biosorption

Process optimisation was achieved using a numerical node of the
design expert software. This process involves specifying the
target value for initial concentration to 300 mg/L, whilst keeping
the rest (dosage and pH) within the range value. By determining
the desirability score to 1.0, a maximum predicted MB removal of
95.9 % (ge= 398.09 mg/g) was obtained at optimised conditions
set as follows: 300 mg/L of MB, biosorbent dosage of 0.72 g/L at
pH6.9. The conduction of six replicates at specified optimum
condition shows good agreement with predicted result. The
obtained optimum conditions were validated by running similar
experiments at the specified optimum condition, and the results
were found to be 95.4% + 0.4. This confirms the applicability of
CCD in predicting the real behaviour of biosorption study.
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SEM analysis was used to determine the porosity and particle
shape of the biosorbent [54]. From the SEM images, it is apparent
that the raw ES surface (Fig. 4a) has irregular shapes with cavities.
However, after biosorption of the MB dye molecules onto the ES
at optimal condition (Fig. 4b), it is observed that the formation of
a considerable number of pores with varying diameter size ranging
between 132-185um (Error! Reference source not found.), indicat-
ing an effective biosorption of MB dye molecules onto the ES
surface transpired.

I MVD74 X0k 100 pm 20180201 NMUDT X300 300 ym

Fig. 4: SEM image of ES (a) before biosorption, (b) after biosorption at
optimal condition of initial concentration 300 mg/L, pH6.9-7.1, dosage
0.72 g/L.

3.3. Modelling by ANN

In this study, the experimental data obtained from the RSM design
were utilised. A total of 20 experiments from CCD was divided
into three subsets comprising of training (14 data), validation (3
data) and testing (3 data), respectively. As previously mentioned, a
sensitivity test by varying the number of neurons in the hidden
layer from one to ten was carried out to obtain the optimum net-
work topology. It was established from the sensitivity test that the

optimum number of neurons in the hidden layer is seven as it pro-
vided the least MSE (< 0.3) and a high R? value of 0.99 (Table 2).
Fig. 5 depicts the correlation between the output (predicted val-
ues) and target (experimental values) for the training, testing and
validation steps of the best network topology, i.e., 3-7-1.

Table 2: Comparison of 10 neurons in the hidden layer using a Lavenberg-
Marguardt algorithm for the removal of MB dye using ANN model.

No of Train Validate Test
neuron MSE R? MSE R? MSE R?
1 2.20 0.96 1.48 0.99 37 0.99
2 25 0.97 4.4 0.99 5.14 0.99
3 3.4 0.98 36 0.98 3.82 0.98
4 0.3 0.99 0.9 0.96 1.31 0.96
5 0.2 0.99 0.19 0.99 1.21 0.99
6 0.35 0.99 0.6 0.99 0.21 0.99
7 0.17 0.99 0.28 0.99 0.20 0.99
8 0.8 0.99 0.35 0.98 0.32 0.98
9 0.11 0.99 0.31 0.97 15 0.99
10 0.04 0.99 0.37 0.99 0.36 0.97
5‘:) Training: R=0.99946 ﬁ';) Validation: R=0.999568
g |—i, Fool |
g e

70 80 20
Target

3
g

70 80 20
Target

Test: R=0.99958 ) All: R=0.99946

©
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Fig. 5: The correlation between output and target of the ANN model (a) in
training step, (b) in validation step, (c) in test step and (d) in overall. T is
target values; Y is predicted output by model; and R correlation coefficient
between the output of model and target values.

Table 3: Experimental data for CCD-RSM

Independent unit Symbol Range and levels (coded)

variables -a -1 0 +1 -oL

Initial concentra- | mg/L X1 100 200 300 400 500

tion

Biosorbent dos- g/L X2 0.3 0.5 0.7 0.9 11

age

pH X 2 45 7 95 12

Run X1 X2 X3 ge(mg/g) %Y %Y pRsM
1 100 0.7 7 130.90 91.63 91.76
2 200 0.5 45 364.99 91.12 89.08
3 200 0.9 9.5 204.86 92.19 92.80
4 200 0.5 9.5 376.52 94.13 94.34
5 200 0.9 45 206.12 92.76 94.52
6 300 0.7 12 384.91 89.81 89.12
7 300 0.7 7 409.80 95.62 95.14
8 300 0.7 7 405.58 94.64 95.14
9 300 0.7 7 407.07 94.98 95.14
10 300 0.3 7 404.83 60.58 61.16
11 300 0.7 2 391.76 91.41 91.76
12 300 0.7 7 591.56 94.46 95.14
13 300 1.1 7 409.74 95.48 92.66
14 300 0.7 7 409.96 95.61 95.14
15 300 0.7 7 259.19 95.66 95.14
16 400 0.5 9.5 496.53 62.07 60.95
17 400 0.9 45 374.29 94.48 9491
18 400 0.5 45 494.68 61.84 61.87
19 400 0.9 9.5 374.29 82.63 87.02
20 500 0.7 7 422.84 59.20 58.76

Table 4: ANOVA for MB dye removal
source Sum of square °Df Mean square F-value p-value status
model 3476.18 9 386.24 131.85 <0.0001 significant
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X1 1098.85 1 1098.85 375.12 <0.0001 significant
X2 994.22 1 994.22 339.4 <0.0001 significant
X3 7.45 1 7.45 2.54 0.1420 not significant
X1X2 381.18 1 381.18 130.13 <0.0001 significant
X1X3 19.06 1 19.06 6.51 0.0288 significant
X2X3 24.29 1 24.29 8.29 0.0164 significant
Xy 623.15 1 623.15 212.73 <0.0001 significant
X2 522.21 1 522.21 178.27 <0.0001 significant
X3 34.94 1 34.94 11.93 0.0062 significant
Residual 29.29 10 2.93
Lack of fit 27.84 5) 5.57 19.13 0.0028 significant
Pure error 1.46 5) 0.29
Cor total 3505.47 19
Model statistic
Response Standard deviation | Mean Coefficient of variation R? Adj-R? Pred-R? Adequate
(SD) values (C-V%) precision
%R MB 1.71 86.51 1.98 0.9916 0.9841 0.9356 30.150

? Degree of freedom

3.4. Statistical Comparison of RSM and ANN

The capability of RSM and ANN in predicting dye removal by ES were further evaluated statistically for fitness parameters such as
coefficient of determination (R?), adjusted R? (adj-R?), mean square error (MSE), root mean squared error (RMSE), mean absolute
percentage error (MAPE) and average absolute relative error (AARE) are expressed in (5) to (8)[49], [55]
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where n is the number of experiments, yp is the predicted value, and ye is the experimental value.
The information on R? and adj-R? is useful as it indicates how well the experimental data fit the model. In addition, adjusted R? penalise
the additional independent variables which do not fit the model. A similar value between R? and adj-R? confirms the validity of the
model. The lower values of MSE, RMSE, MAPE and AARE suggest that the model has low deviation.
The value of error parameters for both models is tabulated in
Table 6. The R? for both models (R%xsm = 0.9916 and Ry =0.9994) indicates that both models provided good quality predictions (Fig.
6). However, with a higher adj-R? of ANN (adj-R%ann= 0.9992) in comparison to RSM (adj-R%sw = 0.9841), it is apparent that the
removal prediction made by ANN is more accurate. The error parameter for ANN (MSE=0.19, RMSE=0.4391, MAPE=0.087 and
AARE=0.001) is demonstrated to be much lower than RSM (MSE=1.95, RMSE=1.395, MAPE=0.08 and AARE=0.001) further
indicates that removal prediction by ANN is better than RSM with low error deviation.
For validation purposed, additional set of experimental data using 10 new trials which do not belong to the training data set was tested.
The actual, predicted and residual value is tabulated in
Table 6. The R? and adj-R? for newly constructed ANN and RSM model indicating the removal prediction for validation data is better fit
with ANN model (R?=0.8911) than RSM (R?= 0.7124)(Fig. 7). Moreover, the lower values of MSE, RMSE, MAPE and AARE further

suggest that the ANN model has a better prediction than the RSM model. Model performance and comparison between dataset and vali-

dation data for both model is shown in
Table 6. It is evident that the ANN modelling technique is far
more superior in comparison to the RSM modelling in predicting
the removal efficiency
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Table 5: Validation data

No.of run X1 X2 X3 Biosorption MB removal RSM ANN
capacity (%)
ge ye YpRSM Residual YpANN Residual

1 100 0.5 7 181.21 90.61 93.13 2.52 89.17 1.44

2 140 1 7 83.61 88.30 80.62 7.68 93.24 -4.95

3 150 1 7 68.04 92.03 89.56 247 93.61 -1.58

4 160 1 7 51.62 97.77 86.78 10.99 93.96 0.81

5 200 0.4 4.5 439.37 87.87 82.03 5.84 85.26 2.62

6 200 1 4.5 199.43 95.67 90.19 5.48 93.97 1.70

7 200 0.4 9.5 465.83 93.17 89.03 4.14 87.53 5.64

8 300 0.4 7 516.11 65.00 67.85 -2.85 66.55 -1.55

9 400 1 4.5 384.01 96.00 97.48 -1.47 96.89 -0.89

10 400 1 9.5 311.38 83.67 87.85 -4.18 85.15 -1.48
Table 6. Model performance and comparison error (AARE) performance metrics were used together to compare
Statistical Models the performance of RSM and ANN. The results revealed that
evaluation RSM ANN prediction of RSM (adj-R?= 0.9841, MSE=1.95, RMSE=1.395,
parameters CCD (20 Validation CCD (20 | Validation MAPE=0.08 and AARE=0.001) has greater deviation in
dataset) (10 dataset) | dataset) (10 dataset) comparison to the prediction made using ANN modelling (adj-
R? 0.9916 0.7124 0.9994 0.8911 R?=0.9916, MSE=0.19, RMSE=0.4391, MAPE=0.087 and
Adj-R? 0.9841 0.6766 0.9992 0.8734 AARE=0.001). To further validate the predictive capability of
MSE 1.95 30.1180 0.19 9.0492 both models, the validation study was carried out using additional
RMSE 1.395 5.4881 0.4391 3.03887 data. It was shown statistically that the ANN developed model is
MAPE 0.08 25738 0.087 0.3887 more superior than the RSM model in fitting the additional data,
AARE 0.001 0.0257 0.001 0.0039 suggesting a higher fidelity model was developed via ANN. As a

4. Conclusion

The effect of initial concentration, dosage and pH on MB dye
removal using untreated ES were investigated by means of RSM
and ANN method. The removal prediction using RSM revealed
that the effect of independent variables in the biosorption process
in which, dosage and initial concentration gives positive effect
onto the process to yield high removal efficiency. At optimal
condition, the extreme morphology changes on the surface of ES
was observed, with the formation of a considerable number of
pores.. The feed-forward multilayered perceptron ANN trained
using back-propagation algorithms was used for the prediction of
MB dye removal. Both RSM and ANN models showed a good
predictive capabilities (R®> values > 0.99). Through statistical
evaluation, the predicted response for both models was compared
with the actual experimental values. The adjusted R? (adj-R?),
mean square error (MSE), root mean squared error (RMSE), mean
absolute percentage error (MAPE) and average absolute relative

concluding remark, it is evident from the results obtained from the
present study that ES is a potentially effective and green
biosorbent dye removal owing to its excellent biosorption at
extreme dye concentration and pH.
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