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ABSTRACT

Statistics can be used in a variety of ways to present, compute, and critically analyze experimental data. To
determine the significance and validity of the experimental data, a variety of statistical tests are used. Using a
synthesized CoO/NiO/MnOy Nanocomposite, the present study used adsorption to remove the dye Bromophenol
Blue (BPB) from a contaminated aqueous solution. In order to (a) determine the optimal pH of the solution, (b)
confirm the experiment’s success, and (c) investigate the effect of adsorbent dose on BPB dye removal from
aqueous solutions. The experimental data were statistically analyzed through hypothesis testing using the t-test,
paired t-test, and Chi-square test. The null hypothesis that the optimal pH value is 7 is accepted since tobserved
(—1.979)<ttabulated (—2.262). Since y2pserved (1.052)< Ybulated (3.841), null hypothesis that the higher adsorbent
dose helps in higher % removal of dye is accepted. Both the obtained Freundlich adsorption isotherm and the
Langmuir isotherm’s R? values, which were both close to 1, indicate that the isotherms are favorable. Karl
Pearson’s relationship coefficient values for Langmuir and Freundlich adsorption isotherms found to be 0.9693
and 0.9994 respectively, which show a more significant level of connection between’s the factors. The ANN
model predicted adsorption percentage with regression value R is 0.996. ANN model result predict 99.60 % BPB
dye adsorption using optimized parametric conditions. The ANN model produced values that were more precise,
reliable, and reproducible, demonstrating its superiority.

1. Introduction

the non-biodegradability of many synthetic dyes, leading to long-term
accumulation in ecosystems[3,5]. Despite the existence of regulations

Dyes possess the potential to jeopardize both human health and the
environment due to their chemical composition and inherent toxicity
[1]. Various hazardous effects are associated with dyes [2], primarily
stemming from their inclusion of harmful chemicals like heavy metals,
aromatic amines, and benzene derivatives, which can endanger human
health by means of skin absorption, inhalation, or ingestion [3,4]. These
chemicals may provoke a spectrum of health issues such as skin irrita-
tion, respiratory problems, carcinogenicity, mutagenic, reproductive
toxicity, and endocrine disruption. Moreover, dyes can inflict adverse
consequences on the environment, particularly when released into water
bodies through manufacturing processes or improper disposal methods.
The environmental hazards include water and soil pollution, as well as
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ensuring dye safety, it is imperative to handle and dispose of dyes
responsibly, opting for sustainable practices like eco-friendly alterna-
tives to mitigate their potential risks.

Additionally, adsorption emerges as a promising method for
addressing dye contamination [6,7]. This process offers several advan-
tages, including the effective removal of contaminants from air, water,
and gases, versatile applications across various substances, high
adsorption capacity [8], selectivity [9,10], regeneration and reusability
of adsorbent materials, straightforward operation, rapid kinetics [11,
12], minimization of waste generation, and potential resource recovery
[13,14]. These benefits render adsorption a valuable technique for
environmental remediation, water treatment, gas purification, and
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resource recovery efforts [15,16,17]. Moreover, artificial neural net-
works (ANNs) present a powerful tool for modeling and optimizing the
adsorption of dyes onto metal oxide nanoparticles[18]. Leveraging
experimental data, ANNs can facilitate data modeling, process optimi-
zation, prediction of adsorption behavior, understanding complex in-
teractions, design optimization, and sensitivity analysis, thereby
enhancing the efficiency and efficacy of dye adsorption processes
[19-24].

Overall, the application of artificial neural networks in the adsorp-
tion of dyes on metal oxide nanoparticles offers a powerful tool for
modeling, optimization, and prediction [5,25-29]. By leveraging the
capabilities of ANNSs, researchers can gain valuable insights into the
adsorption process and develop efficient and sustainable strategies for
dye removal and wastewater treatment.

Our focus extends to the utilization of artificial neural networks
(ANNs) for modeling and optimizing the adsorption of BPB dyes onto
Co0/NiO/MnO; nanoparticles, with the ultimate aim of enhancing the
efficiency and effectiveness of dye removal processes. The choice of BPB
as the pollutant for the adsorption study likely reflects its availability,
well-characterized properties, representatives of organic pollutants,
ease of detection, standardization, and relevance to environmental
remediation efforts [30]. And the choice of CoO/NiO/MnO, nano-
composite material as the adsorbent likely stems from its potential
synergistic effects, high surface area, tunable properties, stability,
environmental compatibility [31], and previous research [32] demon-
strating its effectiveness for adsorption applications. By elucidating
these aims, we lay the foundation for the subsequent sections of our
study, which delve into experimental methodologies, results, and dis-
cussions aimed at addressing these objectives.

2. Karl Pearson’s correlation coefficient (r)

Equation (1) displays the widely used Karl Pearson correlation co-
efficient, which measures the degree of connection between two
variables.

S X -X) x (%)

n X oy X oy

(€Y

where X and Y are the variables of the Karl Pearson correlation coeffi-
cient. X and Y are the values of ¢ and c/W, respectively, c for the
Langmuir isotherm and W for the Freundlich adsorption isotherm,
respectively while X; and Y; are the ith values of the independent
variables.

3. Statistical analysis of experimental data

Statistical analysis of experimental data involves applying various
statistical techniques to analyze and interpret the results obtained from
an experiment. The goal is to draw meaningful conclusions, identify
patterns or trends, assess the reliability of the data, and make statistical
inferences about the population from which the data were collected.
Hypothesis testing is used to make inferences about population param-
eters based on sample data. The process involves formulating null and
alternative hypotheses, selecting an appropriate statistical test (e.g.,
ANOVA, chi-square test, t-test), calculating a test statistic, and deter-
mining the statistical significance of the results. Hypothesis testing helps
determine whether observed differences or associations in the data are
statistically significant or due to random chance.

The null hypothesis (H,) is assuming that it is true in order to sta-
tistically describe the process qualitatively and quantitatively. While
simultaneously defining an alternative hypothesis (H,), consideration is
given to whether the alternative hypothesis is accepted if the null hy-
pothesis is rejected or the other way around. Before testing the hy-
pothesis, the level of significance, or maximum probability of rejecting
the null hypothesis, is established [33]. Hypothesis tests, also known as
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tests of significance for analyzing experimental data, can be broken
down into two categories: (1) parametric tests, such as the Chi-square
test, t-test, z-test, and the F-test; and (2) distribution-free tests, which
are hypotheses that are tested without making assumptions based on the
characteristics of the original population.

z-test contrasts the example mean and the conjectured populace
mean worth. For large samples, n > 30, it is used to determine the sig-
nificance of the mean.

When the population is normal and infinite, the population variance
is unknown, and the sample size is small (n < 30), then the t-test is used.
With unknown population variance, it is an appropriate test for deter-
mining the significance of the difference between two sample means.

For small values of n, the paired t-test compares two related samples
under the assumption that they are normal. It is not necessary for two
populations to have the same variance. Typically, this test is applied to
data from both treatment studies and controls.

A useful statistical method for determining the independence of
population variance, significance, and goodness of fit is the Chi-square
test [34-38].

4. Adsorption isotherms

Adsorption isotherm equations are used to analyze experimental
data ([39]; McCabe and co. 1993). Isotherm not entirely set in stone and
the coefficient of relationship is determined. We can obtain a correlation
coefficient of the linear fit of the experimental data [37]. Langmuir and
Freundlich are two commonly used adsorption isotherms that describe
the relationship between the concentration of adsorbate (dye solute) and
the amount adsorbed on a solid adsorbent. These isotherms are widely
employed to understand and characterize adsorption processes. Equa-
tion (2) provides a favorable form of the Langmuir isotherm.

K.
W =W — 2
(%) @

To test the Langmuir isotherm model, ¢ values are plotted against ¢/
W. The plot shows the values of the Langmuir isotherm constants K and
Wax- The isotherm is strongly favorable if K is large and Kc is greater
than 1. When Kc < 1, the isotherm is nearly linear. The Langmuir
isotherm assumes that adsorption sites are independent and do not
interact with each other. It predicts that the adsorption capacity reaches
a maximum value (qmax) at high concentrations, indicating saturation of
the adsorbent surface.

Equation (3) describes the Freundlich isotherm, which is also a
favorable type of isotherm. It is an empirical model that describes het-
erogeneous adsorption on surfaces with varying adsorption energies and
sites.

W=b.c" 3

Regarding, log c is plotted Vs log W to put the Freundlich isotherm
model to the test. The plot is used to determine the b and m Freundlich
isotherm constants. A better fit for adsorption from liquids is provided
by m < 1.

Both the Langmuir and Freundlich isotherms have their applications
and limitations, and their appropriateness depends on the specific
adsorption system and experimental conditions. These isotherms pro-
vide valuable insights into adsorption phenomena and are often used to
characterize adsorbents, evaluate adsorption processes, and design
adsorption systems.

5. Materials and method

The CoO/NiO/MnO, were synthesized according to a co-
precipitation method followed by magnetic stirring. Firstly 8.4 gm of
Co Acetate, 4.99 gm MnSO,4 and 4 gm of Ni Nitrate was added to 200 ml
DW. 2 M NaOH solution was added to this slurry slowly with constant
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stirring until the pH becomes 12 + 0.2 and stirring was further
continued for 2 h at 60 °C temperature (Fig. 1). After completion of
reaction, precipitate is filter by Whatman filter paper then washed the
precipitate several time with distilled water till pH become neutral.
After that drying of precipitate at 80 °C is carried out followed by
calcination at 500 °C.

This dried powder in the range of 50-200 mg was used to calculate
the % removal of BPB dye from the solution. Batch experiment was
carried out in the ‘Orbital’ constant temperature variable speed shaker
holding 12 Erlenmeyer flasks at a time at room temperature and 1200
rpm for 90 min in the pH range 1-10. The solutions were centrifuge
before each batch experiment analysis. Analysis of concentration of dye
in the filtrate was done by UV-Vis spectrophotometer (UV 1800, Schi-
madzu) at the wavelength 590 nm. Percentage removal of dye from the
solution after the batch adsorption was calculated as.

% Removal = {%} x 100 4

where C, and C; represent the final and initial concentration of BPB dye
(mg/L) in the solution, respectively.
. _lc=cyv ©
m

where qe is the equilibrium adsorption capacity (mg adsorbate/g
adsorbent), V is the volume of the solution (liters), and m is the adsor-
bent’s mass (mg) [40].

100 ppm stock solution of BPB dye is prepared by taking 100 mg dye
in 1000 ml of distilled water. From this stock solution, series of various
concentration solutions are prepared for the calibration curve.

6. Characterization of adsorbent

Selected Area Electron Diffraction (SAED) is a technique commonly
used in electron microscopy to analyze the crystal structure of materials.
SAED analysis allow researchers to gain insights into their crystal
structure, lattice parameters, orientation, texture, and size. SAED pro-
vides valuable information about the arrangement of atoms within a
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sample. When analyzing metal oxide nanoparticles using SAED, the
spacing between crystal planes in the metal oxide nanoparticles can be
determined from the diffraction pattern. SAED can provide information
about the orientation and texture of metal oxide nanoparticles. HRTEM
(JEOL JEM 2100 plus) provides atomic-scale details of nanoparticle
structure, crystal lattice, defects, and interfacial characteristics. HRTEM
is particularly suitable for studying smaller nanoparticles and individual
nanoparticles and EDAX provides qualitative and quantitative infor-
mation about the elemental composition and distribution within nano-
particles. The FE-SEM (Make-Bruker Modal-S-4800) with a driving
voltage of 15 kV provides high-resolution, three-dimensional images of
nanoparticles and offers information about their size, shape, and surface
morphology. FESEM is particularly useful for studying larger nano-
particles or bulk samples. These techniques provide valuable informa-
tion about their size, shape, structure, composition, and elemental
distribution. The advanced spectrophotometric method using a UV-Vi-
sible spectrophotometer (Shimadzu, Japan model, UV-1800) was used
to determine the BPB dye concentration in the experimental solution at a
wavelength of 590 nm. Additionally, pH measurement was conducted
using a digital pH meter.

7. Artificial neural network (ANN)

All calculations in this study to predict the adsorption efficiency, and
computer programs written in MATLAB and are used to create the
modular artificial neural networks with an NN toolbox. The Mean
Square Error (MSE) of the training and prediction set were also used to
determine the variation of the models’ parameters. We randomly
divided 1000 experimental runs into training (80 %) and testing (20 %)
dataset. Training set randomly divided into Training, validation, and
test sets to test the model’s ability to predict unobserved experiments
that were not used in the training process.

There are three layers: an input layer with four neurons (dye con-
centration, solution pH, contact time, and adsorbent dose), an output
layer with one neuron, and a hidden layer with 18 different modes. In
nonlinear and complex chemical engineering systems, including the
adsorption process, the Multilayer ANN model is used to forecast inputs
and outputs. The BPB dye adsorption percentage is predicted using the

8.4 gm of Co Acetate
+

4,99 gm MnSO,
+

4 gm of Ni Nitrate

Heat 60 *C

Stirring 2 h

Co-Ni-Mn Oxide Nanocomposite

Fig. 1. Schematic representation of synthesis of Nanocomposite.
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ANN model in the current study. using MATLAB 2022(a).
The feedforward ANN model is composed with input, hidden and
output layer. The ANN layer contains one input layer with 04 inputs 8. Results and discussion
called as neurons. pH, concentration (ppm), Adsorbent dose (mg) and
Time (min) are inputs for the ANN network. The hidden layers with As visible in the FE-SEM and HRTEM image presented in Fig. 2a and
different number of neurons from 1 to 20 are experimented and output ¢, the CoO/NiO/MnO; are consists of crystalline particles sized in 13-30

layer with one neuron namely % adsorption. An ANN model is designed nm of scale. The SAED pattern displayed in Fig. 2b portrays well-defined
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Fig. 2. a) FESEM image b) SAED image c) HRTEM image (d) EDX spectra and e) Elemental mapping and f) FT-IR spectra of CoO/NiO/MnO, Nanocomposite.
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rings consisting of distinct spots and several isolated spots, suggesting
the nanoscale polycrystalline nature of the CoO/NiO/MnOs. The ho-
mogeneously distributed Mn on the CoO/NiO further validates the
spectra. Furthermore, the successful mixture of Mn with the CoO/NiO
surface and the formation of CoO/NiO/MnO; are indicated by the well-
defined elemental mapping of Co, Ni, O, and Mn, which has been shown
by different colors (as shown in Fig. 2e). In Fig. 2d, the EDX spectra of
the CoO/NiO/MnO5 show the composition of the sample with peaks
corresponding to Co, Ni, O, and Mn. Additionally, the EDX area scanning
also confirms the presence of Co (12 %), Ni (17 %), O (44 %), Mn (14 %)
and traces of other elements (13 %) in the CoO/NiO/MnO».

In FTIR analysis 3289 cm ! peak likely corresponds to the stretching
vibration of hydroxyl (-OH) groups, which are commonly found in metal
hydroxides and metal oxide surfaces. The presence of this peak suggests
the presence of surface hydroxyl groups on the nanocomposite. 1349
em™! peak could correspond to the bending vibration of hydroxyl (-OH)
groups. It may indicate the presence of metal hydroxides or metal car-
boxylates on the nanocomposite surface. 1108 cm ™! peak may corre-
spond to the stretching vibration of metal-oxygen (M — O) bonds in
metal oxides or hydroxides. Its presence confirms the presence of metal
oxide components in the nanocomposite.

9. Statistical analysis
9.1. Hypothesis testing

Data collected from analysis of the filtrates for BPB dye concentra-
tion was used for

A. Testing the hypotheses: (a) The data gathered from the analysis of
the filtrates for the concentration of BPB dye 1) to determine the
optimal pH for maximum BPB dye removal from solution; 2) to
determine the experiment’s success; 3) to deduce that a higher
adsorbent dose contributes to a higher percentage of BPB dye
removal; 4) to determine the K value for favorability of the Langmuir
isotherm; and 5) to determine the m value for favorability of the
Freundlich isotherm.

B. Using the Karl Pearson correlation coefficient equation, to determine
whether or not the data in the Langmuir and Freundlich adsorption
isotherms are reliable.

9.2. I hypothesis testing to determine the optimal pH value for
maximizing BPB dye removal from a solution containing 10 ppm BPB dye

The optimal pH level was determined using a two-tailed t-test within
a 5 % level of significance (Table 1) (see Table 2).

Null hypothesis Ho: Optimum pH = 7

Alternate hypothesis Ha: Optimum pH = 7.

Table 1

% removal of BPB dye w.r.t. pH
n pH % removal (X;) (Xi—Xa\,g)2
1 1 40 864.36
2 2 52 302.76
3 3 60 88.36
4 4 68 1.96
5 5 75 31.36
6 6 84 213.16
7 7 97 761.76
8 8 81 134.56
9 9 78 73.96
1 1

ls
|

59 108.16

I X; =694
Average X; = 69.4
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Table 2
Dye concentration in the solution before (X;) and after (Y;) the experiment.

n X; Y; D;=X;-Y; (Di-Davg)? % Adsorption
1 10 1 9 —24.625 90

2 20 3 17 -16.625 85

3 30 6 24 —-9.625 80

4 40 9 31 —-2.625 77.5

5 50 13 37 3.375 74

6 60 16 44 10.375 73.33

7 70 20 50 16.375 71.43

8 80 23 57 23.375 71.25

For (n - 1) degree of freedoms is the calculated value of t,

e mh) ®)

=0

L 2
where os = standard deviation = 1/ {%}

Xavg = Average value of X and n = sample size.

From Eq. (5), the standard deviation value is 17.15, the calculated
value of t is —1.979, and the tabulated value is —2.262 for 9 degrees of
freedom (d.f.) at a 5 % level of significance. for t-distribution with two
tails [37]. The null hypothesis that the optimal pH value is 7 is accepted
since tobserved<ftabulated (Fig. 3).

Lealculated = % (6)
i

Where n = number of matched pairs, Dayg = Mean of differences, c4iff =
Standard deviation of differences.

Djyg (mean of differences) = (3-Di)/n = 33.62

2
Standard deviation G = v/ {Z {Dn(Df)"H —16.54

From Eq. (6), the calculated value of t is topserved = 5.75, whereas
trabulated = 2.365 at 5 % level of significance for 9 degrees of freedom (d.
f.) for 2-tailed t-distribution [37]. Since tcajculated<tobserved> The alternate
hypothesis that the experiment in removing BPB dye from the contam-
inated solution was successful is accepted, while the null hypothesis that
the experiment did not result in any change in the concentration of BPB
dye in the solution is rejected (Fig. 4).

The data from the experiments that were carried out for BPB dye
removal from samples of initial BPB dye concentrations of 10 and 100

/\ \ t,=1979
£ \ Tp2282
[ 95% tobs <iable
/ Acceptance
Region '\\ Null hypothesis is accepted
| \
Rejection’ \ J
Region Rejection Region
-2.262 +2.262

Fig. 3. Probability chart for t-distribution for two-tailed test.
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Toup= 2.365

tcpbs 2 Tta ble

95%
Acceptance
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Null hypothesis is rejected

Rejection

Region Rejection Region

-2.365 +2.365

Fig. 4. Probability chart for t-distribution for two-tailed test.

ppm with adsorbent dosages of 100 and 200 mg at pH = 7 were sub-
jected to hypothesis testing using the Chi-square test to infer that the
higher adsorbent dose helps in higher % removal of BPB dye (Tables 3
and 4).

Null hypothesis Hy: % removal is higher with higher adsorbent dose
Alternate hypothesis H,: % removal decreases with adsorbent dose
If Oij = Observed frequencies of the cell in the ith row and jth column.

Eij = Expected frequencies of the cell in the ith row and jth column.

XZZZ{(OU—EU)Z/EH} @)

From Eq. (7), the calculated value of Xz is Xz observed = 1.052

whereas y? tabulated = 3.841 at 5 % level of significance for 1 de-
grees of freedom (d.f.) for xz—distribution [37].

Since y? observed< y? tabulated, null hypothesis that the higher
adsorbent dose helps in higher % removal of dye is accepted (Fig. 5).

9.3. Adsorption isotherms

Experimental data were analyzed using Langmuir and Freundlich
adsorption isotherm equations (Egs. (2) and (3)).

9.4. Langmuir isotherm

To determine whether the Langmuir isotherm equation was favor-
able or not, the experimental data is used. An isotherm curve is produced
on the arithmetic graph by plotting the BPB dye concentration ¢ (ppm)
against ¢/W, where W is the adsorbent loading (g adsorbed per g solid)
(Table 5; Fig. 6). The isotherm’s slope is 220, and the Langmuir isotherm
constant K is 0.8491, as shown in the plot. A favorable isotherm is
indicated by the value of K (1) as being of the linear type. The value
0.9693 for the Karl-Pearson correlation coefficient (Eq. (1)), indicating

Table 3
Observed frequencies for dye removal for initial dye concentration of 10 and
100 ppm and adsorbent dosages 100 and 200 mg at pH 7.

Adsorbent Dose (mg) % Dye Removal Total

initial conc initial conc 100 ppm

10 ppm
100 45 20 65=A
200 95 40 135=a
Total 140=B 60=b 200=N

Chemometrics and Intelligent Laboratory Systems 249 (2024) 105132

Table 4
Calculation for Chi square.

Group 0ij Eij (Oij-Eij)*/Eij
AB 45 45.5 0.005495
Ab 15 19.5 1.038462
aB 95 94.5 0.002646
ab 40 40.5 0.006173

Chi sq (obs)=1.052
Chi sq (tab)= 3.841
Chi sq (obs)< Chi sq (tab)

95%
Acceptance
Region

Null hypothesis is accepted

Rejection
Region

Rejection Region

3.841 +3.801

Fig. 5. Probability chart for Chi-square distribution for effectiveness of the
adsorption experiment.

Table 5
Experimental data for Langmuir isotherm.

c, Adsorbent Quantity of dye W = mg dye adsorbed/  c¢/w =
ppm Dose, mg adsorbed mg adsorbent Y
10 200 9 0.045 222.22
20 200 17 0.085 235.29
30 200 24 0.12 250
40 200 31 0.155 258.06
50 200 37 0.185 270.27
60 200 44 0.22 272.73
70 200 50 0.25 280
80 200 57 0.285 280.70
350
300 -
® o ® e
L]
3 200 A
S
“150 -
100 A
50 4
0 T T T T
0 20 40 60 80 100
C

Fig. 6. Langmuir Isotherm plot.
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that the two variables are highly correlated. 5
9.5. Freundlich isotherm 02
The Freundlich isotherm describes adsorption processes where the -0.4 -
adsorption capacity continuously increases with increasing concentra- 06 | s’
tion, suggesting a non-saturation behavior. The Freundlich exponent, m, 2 ..-"
indicates the degree of adsorption intensity: m > 1 implies favorable 00-0.8 A 2
adsorption, m = 1 represents linear adsorption, and m < 1 indicates less ko] -
favorable adsorption. An isotherm curve was produced by plotting -1 .
logarithmic values of ¢ (BPB dye concentration, ppm) against logarith- 1.3 - &
mic values of W (adsorbent loading, mg adsorbed/g solid) (Table 6; it
Fig. 7). The plot provided a slope (m) with a value of 2.22. The -1.4 4
Freundlich adsorption isotherm was found to be a good fit and favorable 16
for the adsorption data since m > 1. The fact that Karl Pearson’s cor- )
relation coefficient was 0.9993 indicates that the two variables are 0 0.5 1 15 -
highly correlated. log c
9.5.1. ANN modeling results X L
The dataset was randomly divided into training set with 588 tuples, Fig. 7. Freundlich isotherm plot.
validation dataset of 126 tuples and testing set with 126 tuples. Training
algorithm Levenberg-Marquardt was employed on the data. The mean Table 7
square error and regression values summarized in Table 7. Network with Dependence among neuron number at hidden layer, MSE and R.
additional test dataset of 210 tuples were tested on neural network - .
. . . Number Train Validation Test
designed with 18 neurons. It was found that the 18 neurons regression of
value is comparatively high than other with minimum mean square neurons MSE R MSE R MSE R
error. The ANN diagram with three layers is shown in Fig. 8. in hidden
layer
9.6. Prediction by ANN modeling 1 215.3078  0.8091  257.3302 0.8166  210.9578  0.8406
2 61.9957  0.9502  63.3665  0.9523  74.8789  0.9481
Utilizing the input neurons network topology, the developed ANN i 2(7):?222 g:g;zg zzgg;z g:gggz 23:3822 g:g;ég
architecture is utilized to optimize BPB dye adsorption. In order to 5 29.9207 0.9776  27.1016 0.9766  34.0244 0.9793
improve the ANN topology’s generalizability, a number of ANN topol- 6 18.9665  0.9855  18.0478  0.9873  22.4624  0.9812
ogies are trained and the best one is chosen based on the minimization of 7 17.3397  0.9866  19.1507  0.9865  20.2688  0.9846
mean square error (MSE) to determine the number of neurons in the g fg'igig 8'2222 3(7)352 g'zgzg ;;'23‘;8 g'zggg
hidden layer [49]. 10 240961 09816 20.5011 09843  43.8281  0.9655
The optimal topology of the ANN model in this investigation has four 11 15.1186  0.9887  18.2362  0.9844  15.4941 0.9885
input variables and an 18-neuron hidden layer (Fig. 8), as well as one 12 26.3344  0.9801  26.1530  0.9816  29.3750  0.9735
output layer (fourteen-one) (Table 7). BPB dye adsorption (percent) has 13 14.4015 0.9891  14.1745 0.9892 169411 0.9863
. . 15 125456 0.9908  11.1263  0.9915  18.4059  0.9833
been shown to be better predicted by the developed ANN model. Using a 16 0.8726 09923 104352  0.9924 135380  0.9904
multilayered neural network with the lowest MSE and a R value of 17 10.4382 0.9921  13.5265 0.9808  17.1804 0.9864
0.9930, the best network for predicting BPB dye adsorption conditions 18 5.2033 0.9961  7.4697 0.9942  9.5043 0.9930
was chosen. 19 8.9165 0.9931 15.6868  0.9885  16.2452  0.9877
20 9.3438 0.9930  14.2785  0.9896  13.5528  0.9887
9.7. Optimization of the number of hidden neurons
The accuracy and prediction of optimal conditions were significantly
influenced by the hidden layer’s neurons. The trained networks are
unable to effectively learn if the network topology is straightforward. As
a result, the neurons were optimized so that the model’s best predictive
ability and accuracy could be used to select the best neurons. Based on
the model’s performance, such as R, and MSE values, the neurons that
were predicted were obtained. Figure depicts the optimal structure of ?‘:"'1':'
v W Adigrption
Table 6
Experimental data for Freundlich isotherm.
c, W = mg dye adsorbed/ remaini dye in log ¢ log w
ppm mg adsorbent solution (Y;)
10 0.045 1 1 ~1.34679
20 0.085 3 1.30103  —1.07058
30 0.12 6 1.477121  —0.92082
40 0.155 9 1.60206  —0.80967
50 0.185 13 1.69897  —0.73283
60 0.22 16 1.778151  —0.65758
70 0.25 20 1.845098  —0.60206
80 0.285 23 1.90309 —0.54516 Fig. 8. ANN model with 18 neurons hidden layer.
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the feed-forward network model for the neural network. The best-
predicted capability and high accuracy of the model for BPB dye
adsorption were observed in the optimal 18 neurons. The results showed
higher values for R? (0.996), which strongly suggests that the developed
ANN model is significant and can be used to predict the optimal neuron
that has produced maximum BPB dye adsorption, as evidenced by the
decrease in both MSE values (5.2) [13,28].

Additional 20 % dataset with 210 tuples were tested on the trainined
model achieved 0.994 regression rate (Fig. 10).

9.8. Training, validation and testing of the model

For the purpose of developing the model, the input data were divided
into three subcategories: training (70 percent), validation (15 percent),
and testing (15 percent). Fig. 9 (a,b,c) is the ANN model with better
training, validation, and testing R? values (0.996, 0.994, and 0.992,
respectively). Fig. 9d indicates that a linear equation with an R? value of
0.995 was the best fit for the entire model [50,51]. As a result, the
developed ANN model was able to more precisely reproduce experi-
mental results and accurately simulate BPB dye adsorption (target). The
algorithm-trained, multilayered feed-forward ANN with significant R?
values was used to precisely achieve BPB dye adsorption (target).

9.9. External validation of the ANN dataset

According to Choi and Park [29], the probability of overfitting can be
avoided when the number of neurons is between 8 and 12, which re-
duces the sensitivity of ANN modeling and improves prediction capa-
bilities. The model’s forecasting ability, on the other hand, has only
occasionally been observed due to the limited number of variables
chosen. Therefore, neither PCA nor partial least squares (PLS) have been
connected to the ANN modeling. However, as [52] point out, external
validation has been carried out between the actual output and the data
sets obtained by ANN. Fig. 11 clearly depicts the external validation
points, demonstrating that the ANN-rendered model does not exhibit
overfitting and that it is statically more appropriate.
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9.10. Inter-facial phenomena

Adsorption Mechanisms: This include physical adsorption, where
dye molecules are held onto the surface by weak van der Waals forces, as
well as chemical adsorption, involving stronger chemical bonds between
the dye molecules and surface functional groups.

Surface Chemistry: We analyzed the surface chemistry of the
nanocomposite and its interaction with the dye molecules. This involved
considering factors such as surface charge, surface energy, and the
presence of specific functional groups that can facilitate or hinder dye
adsorption.

Interfacial Forces: The interfacial forces acting at the solid-liquid
interface during the adsorption process. This may include consider-
ations of electrostatic interactions, hydrogen bonding, steric effects, and
the role of solvent molecules in mediating the interaction between the
dye molecules and the nanocomposite surface.

Overall, by elucidating the experimental steps and interfacial
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Fig. 9. Comparison between ANN derived and experimentally measured values of BPB dye adsorption for a) training b) validation c) testing and d) overall datasets.
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Fig. 11. MSE versus the number of neurons in hidden layer of the ANN model.

phenomena involved in the adsorption study, we have provided valu-
able insights into the mechanisms underlying dye adsorption onto the
Co0O/NiO/MnO; nanocomposite, facilitating a deeper understanding of
its potential applications in various fields (Table 8).

10. Conclusion

The statements or assumptions that are made for the data that are
obtained from experiments and need to be tested in order to accept or
reject them are known as hypotheses. A method for proving these as-
sumptions is hypothesis testing. In order to determine the optimal pH
value for the maximum removal of BPB dye adsorption by CoO/NiO/
MnO,, evaluate the experiment’s success, and infer that a higher
adsorbent dose contributed to a higher percentage of BPB dye removal,
we made assumptions, which were expressed as the null hypothesis in
this study. Within a confidence level of 5 %, the problems were tested
with the t-test, paired t-test, and Chi-square test. Our calculated values
were found to be within the acceptance range of the probability charts,
according to the findings.

The adsorption isotherms of Langmuir and Freundlich were used to
further examine the experiment data. The favorable isotherms and the
linear fit of the data into the isotherm equations were demonstrated by
the outcomes. The Langmuir and Freundlich adsorption isotherms’
respective Karl Pearson’s correlation coefficients of 0.9693 and 0.9993
indicate a stronger correlation between the two variables. Future
research should use the F-test and analysis of variance (ANOVA) to
compare the means of multiple samples simultaneously.

Using two models, RSM and ANN, the current study has focused on
carefully optimizing BPB dye adsorption. The constructed model has
produced enhanced BPB dye adsorption with success, proving to be an
accurate predictive tool and producing a more significant model. The
research would undoubtedly persuade the scientific community to
extensively utilize ANN’s key advantages over conventional RSM
analyses.
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Table 8
Comparative study of BPB dye adsorption by various adsorbents.
Sr. Adsorbent Adsorption Reference
No. efficiency (mg/g)
1 Copper Oxide nanoparticles 49.85 Rashad, M. [41]
2 NiO NPs 93.46 Al-Aoh, Hatem
A [42]
3 C14-4-C14im-SiNSs 230.77 Xiang, Yang
[43]
4 Fe304/MIL-88A 167.2 Liu, Yi [44]
5 PAN-CD nanofibers crosslinked 23.529 Mandla B.
with citric acid Chabalala [45]
6 Solanum tuberosum 9.604 Akpomie, Kovo
peel-nanoparticle hybrid (STpe- G [46]
AgNP)
7 ZnONPs 3.099 Akpomie, Kovo
[47]
8 Activated carbon-Fe304-CuO 88.6 Alorabi, Ali Q
composite [48]
9 Co0O/NiO/MnO, Nanocomposite 140 Present study
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