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This paper is a continuation of the work presented in Part 1 of this series. The aim of this Part is to find optimal operating condition of
the process through two comparative approaches that are statistical approach and machine learning-based model. The data were generated
through 3 phase SLM experimentations. Variables such as pH, concentration, temperature were selected through the design of experiments,
and % extraction/recovery of arsenic were recorded. Three important aspects of the statistical analysis (descriptive, correlational and
inferential statistical analyses) were evaluated in comprehensive manner. Associated tests such as Shapiro-Wilk test and Kolmogorov-
Smirnov test were conducted to check for normality. The homogeneity of variances of the dependent variable with respect to the independent
variable were checked through the Levene’s test. The correlational analysis were studied using Spearmann’s test and Pearson’s correlational
analysis along with standard ANOVA and/or MANOVA. In case of two phase study, Spearmann’s correlation analysis was carried out based
on the Shapiro-Wilk test and the skewed distribution of the data. In three-phase SLM study, Pearson’s correlational analysis was assessed as
the data was normally distributed and symmetric. The correlational coefficients in two phase study suggested that the extraction of arsenic
had a significant negative correlation with pH of the feed phase and a positive correlation with extractant concentration. However, in case of
SLM, the dependent variables showed a linear relation. An increase in the extraction percentage of both the arsenic ions led to an increases
in the recovery percentage. Five way ANOVA for two phase systems and multivariate ANOVA for three phase systems generated the tests
of between-subjects effects. The receiving phase concentration had a significant and main effect in the multivariate test. Since significant
main effects obtained for the variables, post hoc (Tukey HSD) analyses were computed to understand the effect of individual and combined
independent variables on the dependent variables. Artificial Neural Network has been adopted in machine learning model along with Genetic
Algorithm-based optimization tool to compare their performances with the obtained experimental and statistical data. The data points were
divided to train, test and validate the ANN based on maximum extraction% and recovery% with minimum mean squared error (MSE). In the
two-phase study, the minimum MSE was achieved with less than 8 neurons in the hidden layer for all the arsenic species. However, in three
phase study, the minimum MSE was achieved with 4, 5, 27, 14, and 21 neurons in the hidden layer for As(III), As(V), As(III):As(V)::1:1,
As(IIT):As(V)::1:2, and As(IIT):As(V)::2:1, respectively. The machine learned results on the data of As(Ill)and As(V) were not up to the
mark in the SLM study. There was considerable process/model mismatch. Thus, optimization was not successful. On the other hand, the
machine-learned results on the SLM data of As(III):As(V)::1:1, As(III):As(V)::1:2, and As(II):As(V)::2:1 were better than the statistical
model. The predicted values of extraction and recovery were very close to the experimental values with less than 1.5% error in most cases.
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INTRODUCTION delta region [1,2]. It is extremely hazardous to human health
[3], and hence, mitigation of arsenic from water is utmost

Arsenic is widely available in groundwater in India, necessary. Arsenic mostly remains in inorganic forms as
especially in Indo-Ganga basin and the Ganga-Brahmaputra oxyanions of trivalent arsenite As(III) or pentavalent arsenate
- As(V) in the groundwater [4]. Extraction-based removal of
*Corresponding author. E-mail: p.saha@iitg.ac.in arsenic from water has been advocated by various researchers
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[5,6]. Flat sheet supported liquid membrane (SLM) has been
used to study the transfer of As(V) ions [7] and in separation
of arsenate and arsenite from aqueous media [8].

This work aims at understanding the modelling of the
extraction-based arsenic removal process through both the
two-phase and the three-phase experimentations. The entire
work was divided into two parts series. In the Part 1,
complete mathematical modelling was established, and
reaction mechanism of the transport of arsenic from one
aqueous phase to the other via thin liquid membrane were
explored. It was observed that sesame oil was the most
effective environmentally benign diluent for arsenic
extraction, while Aliquat 336 was the preferred extractant
due to its ability to react with both dissociated and
undissociated ions of arsenic. The extractant concentration of
10% (v/v) was found to be the optimum parameter for the
extraction of individual and combined arsenic ions in two
phase extraction study. The optimum extraction for As(III)
was obtained at pH of 6.8, temperature of 37 °C, stirring
speed of 176 rpm, and with 9 h duration of two phase
extraction study. In case of As(V), the optimum conditions
included pH of 6.7, temperature of 55 °C, stirring speed of
170 rpm, and 12 h duration. The optimum conditions for the
extraction of combined arsenic species was in the mentioned
range. It was revealed that the formation of Arsenic-Aliquat
336 complex in the organic phase followed the stoichiometric
ratio of 1:1, whereas the extraction of As(V) into the organic
phase was more favourable in comparison to As(IIl) and
combined arsenic species. In three phase study, the extraction
and/or recovery was optimum at 30:1 ratio of iron and
arsenic, pH between 5 and 7, and 40% of the pseudo binary
mixture of Aliquat 336, and sesame oil was the optimum
composition of the liquid membrane for arsenic extraction
and recovery. Mass transfer resistances were more during
transport of As(V) than that of As(III). It was revealed in an
earlier work of our team [5] that two-phase equilibrium was
mainly dependant on 5 parameters including pH of the
feed phase, extractant concentration (vol/vol), duration of
experiment (hours), temperature (°C), and stirring speed
(rpm). The three-phase SLM was mainly dependant on 3
parameters including concentration of receiving phase, pH
of the receiving phase, and either stirring speed (rpm) or
extractant concentration (%), depending on whether the
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arsenic ions were present in single species, i.e. As(IIl) or
As(V), or combination of both in whatever ratios. Design of
experiment was performed on these parameters within a pre-
defined variation limits (vide Table ST1). Experimentations
were conducted and their corresponding extraction and
recovery results were recorded (vide Table ST2, Table ST3,
and Table ST4). The crucial process parameters were
identified. Mass transfer coefficients, flux, phase resistances,
and permeability were computed via mathematical model. In
summary, the extraction and recovery of arsenic and their
complete mathematical modelling aspect was understood.

In this part (part 2), modelling of arsenic transport process
was explored through statistical and machine learning
approach. The experimental results, shown in Table ST2,
Table ST3, and Table ST4, were useful for the above purpose
as well. A proper statistical analysis would be complete if
three important aspects of the analysis, including descriptive,
correlational and inferential statistical analyses, are
performed in comprehensive manner. Descriptive statistical
analysis would yield the mean, standard deviation, skewness,
and kurtosis for the independent variables with respect to the
dependent variables. A normality test can determine if a data
set is well-modelled by a normal distribution, and how likely
it is for a random independent variable underlying the data
set to be normally distributed. Kolmogorov-Smirnov [9,10]
and Shapiro-Wilk [11,12] are two well-known models with
which the normality tests can be performed, and on the basis
of the normality test, Pearson correlation [13] analysis (o) can
be executed. The Pearson correlation coefficients ranges
from -1 to 1. An absolute value of exactly 1 implies that a
linear equation describes the relationship between the
independent and dependent variables perfectly [14]. The
positive sign implies that dependent variable increases with
an increase in the independent variables, while the negative
value implies the opposite effect. A value of 0 implies that
there is no linear dependency between the variables. Five-
way Analysis of Variance (ANOVA) is needed for two-phase
experimental results, whereas multivariate ANOVA is
needed for three phase experimental results, as it has two
dependent variables (extraction % and recovery %). Various
trace statistics such as Pillai’s trace [15], Wilk’s Lambda
[16], Hotelling’s trace [17] and Roy’s largest root [18] are
needed to be computed. In summary, the multivariate
analysis predicts the individual or combined effect of
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independent variables on the dependent variables. The
following flowchart demonstrates the order in which the
statistical analysis was performed for this work.

Statistical analysis
A4

Descriptive analysis | Fordata distribution
v

Checkfor

y Shapiro-Wilk Test
normality

Yes/No

v
Correlational analysis| Pearson/Spearmann’s test 2

Levene's

tost For equality of variance

Yes/No

Univariate/

Multivariate For comparison of variances across

the means of different groups

Analysis of
Variance

v

Post hoc Tukey test | For pairwise comparisons between group means

On the other hand, machine learning [19] is a technique of
data analysis that automates analytical model building. It is a
branch of artificial intelligence [20] that states that model can
self-learn from data, with minimal human intervention. In
case of data analysis, it is possible to employ machine
learning techniques to the experimental results, as shown in
Table ST2, Table ST3, and Table ST4, and obtain a black-
box model that maps independent variables to the dependent
variable(s). The significance of such model is based on
the fact that the machine learned model is an ever-evolving
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model which can take new set of experimental results at a
future time and capture the alterations in the process
behaviour, if any. Artificial Neural Network (ANN) [21] is a
well-established tool for such purpose.

This work incorporates the application of statistics and
machine learning-based approaches on liquid membrane-
based separation of arsenic from water for the first time. The
statistical and machine learning model helps in predicting the
optimum process condition that ensures the highest yield in
terms of optimum extraction % and/or recovery%. The
experimentally observed optimum extraction and/or recovery
efficiency of arsenic was compared with that found through
statistical model and/or machine learning model. The specific
measurable objectives for defining optimal conditions
include:

Achieving a maximum extraction efficiency of arsenic within
realistic experimental levels/boundaries.

Attaining a high recovery efficiency of arsenic that aligns
with actual groundwater conditions.
Ensuring compliance with established standards and
regulations for groundwater quality during the extraction and
TECOVery process.

This provides a complete framework with experimental,
mathematical, statistical, and machine learning-based
approaches to work with similar type of metal contaminant in
water, and obtain an optimal operating condition for the
Algorithm-based
optimization tool [22] is useful for this purpose. The
MATLAB®(version 2022b) software was used for simulation
on a Mac mini (M1, 2020) running on macOS Monterey

Version 12.5.1.

target metal contaminant. Genetic

THEORETICAL BACKGROUND

Statistical Modelling

Analysis using SPSS. Statistical analysis is significant to
investigate trends, patterns, and find relationships within the
data. The analysis can be divided into three parts; first is the
descriptive analysis that describes and characterizes the data
set, second is the correlational analysis to predict the pattern
of the variables, and third (inferential) is the cause and effect
or group comparison analysis to find the relation between the
variables in the quantitative data. Inferential statistical
analysis can be further subdivided into correlational analysis
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and analysing differences between the groups. From the
descriptive analysis, the mean, median, variance, standard
deviation, range, interquartile range, skewness and kurtosis
were obtained for each levels of the independent variables
with respect to the dependent variables. Then the test for
normality was done using two models, Kolmogorov-Smirnov
and Shapiro-Wilk. On the basis of the normality test, either
Spearmann’s test or Pearson’s correlation analysis was
performed to find the relationship between the independent
and dependent variables. In the two-phase equilibrium study,
there were five independent variables and one dependent
variable for all the single and mixed arsenic species. The
independent variables were further subdivided into three
levels. Five-way Analysis of Variance (ANOVA) test was
carried out to find the differences between independent
variables with respect to one dependent variable (%
extraction) in the two-phase extraction equilibrium study,
whereas multivariate Analysis of Variance (MANOVA) test
was done for analysing the differences between groups, as
there were three independent variables and two dependent
variables (%extraction and %recovery) in three phase SLM
study. Pillai’s trace, Wilk’s Lambda, Hotelling’s trace and
Roy’s largest root are positive-valued statistics ranging from
0 to 1. Increasing values of Pillai’s trace indicates the effects
that contribute more to the model, while the decreasing
values of Wilk’s Lambda indicate the effects that contribute
more to the model. Hotelling’s trace is the sum of the
eigenvalues of the test matrix for which increasing values
indicate the effects that contribute more to the model.
Hotelling’s trace is always larger than Pillai’s trace, but when
the eigenvalues of the test matrix are small, these two
statistics are nearly equal. This predicts that the effect does
not contribute much to the model. Roy’s largest root is the
largest eigenvalue of the test matrix. Similar to Hotelling’s
trace, increasing values indicate the effects that contribute
more to the model. Roy’s largest root is always less than or
equal to Hotelling’s trace. When these two statistics are
equal, the effect is predominantly associated with just one of
the dependent variables. This is due to a strong correlation
between the dependent variables, or because the effect does
not contribute much to the model. The multivariate analysis
predicts the individual or combined significant effect of
independent variables on the dependent variables. If there is
any significant main effect, then the tests of between-subjects
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effects is investigated. This indicates the impact of individual
or combined independent variable on each dependent
variable. If there is any significant main effect, then the post
hoc test analysis is carried out to further explain the effect.

Machine Learning Approach
Machine of
computational tools that can recognize the pattern of a

learning approach employs a set
process using a particular dataset. Artificial Neural Network
(ANN) is one such tool that can map a relationship between
inputs and outputs of a process and then use it to anticipate
the process behaviour [23]. Furthermore, different techniques
are available for nonlinear optimization, such as Nelder-
Mead simplex Method, Trust-Region method, interior search
Method, and genetic algorithm method [24]. However, ANN
is not necessarily a differentiable function and it can predict
the value of the objective function in a constrained region.
The genetic algorithm fulfils both the requirements as it is a
non-derivative constrained optimization technique, and thus
was preferred in this study.

ANN based modelling. ANN comprises three layers that
are input, hidden, and output layers. These layers are
interconnected to each other by functions ¥(-) which mimic
neurons as shown in Fig. 1. Each neuron consists of an
activation function [23] followed by a summing junction. The
inputs u;, assigned weight i, and bias b; are combined into
an argument which is fed into the activation function. There
are various options of activation functions, and the best
fitting function depends upon the type of dataset which needs
to be detected through trials. These neurons act on the data
and extract useful information from the dataset [23,25]. A
mean squared error (MSE) function yields the error between
the experimental and predicted values and helps to predict the

accuracy of the model,

21 Xj=1 (ye; - ypg') G

mn

MSE =

Here, m is the number of input datasets, » is the number of
output nodes, y is the value of the output with subscripts e
and p referring to experimental and predicted, respectively.
The number of nodes in the hidden layer is optimized to
minimize the MSE.
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Fig. 1. Schematic of ANN structure.
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Optimization through genetic algorithm. A genetic
algorithm (GA) is based on the natural selection theory of
biological evaluation [25]. In GA, a problem is initiated with
a given population group, which is evaluated based on the
fitness function towards the optimum solution. GA-based
optimization involves several steps such as selection
(selecting the number of individuals based on fitness function
from population to breed the new population), crossover
(generating the new data point by combining the information
of two data points from selected data), and mutation (random
change in the information of a new data point similar to the
mutation in the biological world). As simulation proceeds,
the GA converges in the more suitable population (set of data
points) and eventually leads to the optimum solution based
on the fitness functions.

RESULTS AND DISCUSSION

Two Phase Extraction Equilibrium Studies
It should be noted that the extraction in two-phase
equilibrium depends mainly on 5 factors:

A:  pH of the feed phase
B: %Extractant concentration (vol/vol)
C: Duration (h)
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D:
E:

Temperature (°C)
Stirring speed (rpm)

The experiments were carried out as per the design of
experiment, where all the 5 factors were varied within a pre-
designed range (vide Table ST1) in the same manner for all
the 5 cases including As(IIl), As(V), As(Ill):As(V)::1:1,
As(II):As(V)::1:2 As(IIT):As(V)::2:1. The
corresponding %extraction was recorded and shown in Table
ST2.

Statistical analysis. The equations of the quadratic

and

models in terms of coded factors for extraction of As(III),
As(V),  As(Il):As(V):1:1,  As(lll):As(V)::1:2
As(I1I):As(V)::2:1 are given in the following equations:

and

71.02-4.68A + 6.19B + 3.25C +
1.88D + 2.34E + 1.79AB +
1.63AC + 0.3497AD +
0.6303AE - 1.87BC - 0.2241BD
-0.3797BE  + 0.0659CD +
0.1078CE + 0.1741DE-12.49A2
+5.64B%-1.17C2-4.52D” -7.03E?
74.76 - 6.65A + 6.35B+3.24C +
1.71D + 0.8529E - 0.6563AB -
0.0937AC + 0.0312AD
0.0937AE 0.4687BC
0.4687BD 0.0937BE
0.1562CD + 0.0938CE
0.0313DE - 23.15A2 + 1.15B% -
0.1474C2 - 0.1474D? - 0.6474E?
80.51 - 8.46A +5.85B+3.83C+
122D + 1.75E + 2.75AB +
1.76AC + 0.3431AD +
0.9788AE - 1.24BC - 0.1206BD
1.03BE 0.2506CD
0.1912CE - 0.0225DE - 15.71A?
+ 0.2463B% - 3.94C? + 1.49D*-
3.4E?
81.87-6.67TA+4.44B+2.81C+
1.02D + 0.7679E + 0.4422AB +
0.4022AC + 0.1322AD +
0.3616AE 0.4641BC
0.4078BD 0.2347BE
0.1141CD + 0.0241CE -

Yasam 2

Yasn 3

“)

YAS(III):AS(V)::l:l

)

YAS(III):AS(V)::l:Z
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0.2584DE - 16.42A% - 0.444B2 -
0.469C? - 0.034D? - 1.22E2
78.52-7.03A +5.23B +3.38C+ (6)
0.8882D + 0.625E + 1.62AB +
1.47AC-0.2103AD +0.5891AE

- 0.8397BC - 0.4772BD +
0.3059BE - 0.8747CD -+
0.2409CE - 0.0853DE - 13.35A2
+0.5106B2- 2.18C2 - 0.7444D> -
1.58E2

YAS(III):AS(V)::Z:I =

These are used to make predictions about the response
for given levels of each factor. The analysis of variance is
shown in Table 1 and Tables ST5-STS8. Table 2 presents the

optimum conditions obtained for maximum extraction of
arsenic ions. The “Stats” and “ML” columns of Table 2 refer
to “Statistical” and “Machine Learning”, respectively. This
section discusses on the results of statistical modelling, while
the simulation results of machine learning model are
discussed in section 3.1.2. The predicted maximum
extraction of As(IIl) and As(V) were 82.37% and 84.15%,
as opposed to 84% and 86% respectively obtained
hand, the
predicted maximum extraction of combined compounds
such as As(Ill):As(V)::1:1, As(Ill):As(V)::1:2 and
As(II):As(V)::2:1 were 87.03%, 87.59% and 85.1%, as
opposed to 85.5%, 86% and 84.5% respectively obtained
through experimentations, as shown in Table 2. A significant

through experimentations. On the other

Table 1. Analysis of Variance for Two-phase Extraction of As(I1I)

Source Sum of squares df Mean square F-value p-value
Model 6958.94 20 347.95 11.55 <0.0001
A 745.99 1 745.99 24.76 <0.0001
B 1303.74 1 1303.74 43.27 <0.0001
C 359.39 1 359.39 11.93 0.0017
D 119.64 1 119.64 3.97 0.0558
E 186.5 1 186.5 6.19 0.0188
AB 102.21 1 102.21 3.39 0.0758
AC 85.25 1 85.25 2.83 0.1033
AD 3.91 1 3.91 0.13 0.7212
AE 12.71 1 12.71 0.42 0.5211
BC 111.49 1 111.49 3.7 0.0643
BD 1.61 1 1.61 0.053 0.819

BE 4.61 1 4.61 0.15 0.6984
CD 0.14 1 0.14 4.617 x 1073 0.9463
CE 0.37 1 0.37 0.012 0.9123
DE 0.97 1 0.97 0.032 0.8589
A? 385.96 1 385.96 12.81 0.0012
B? 78.63 1 78.63 2.61 0.1171

C? 3.4 1 34 0.11 0.7395
D? 50.57 1 50.57 1.68 0.2054
E? 122.12 1 122.12 4.05 0.0535
Residual 873.8 29 30.13

Lack of fit 734.28 22 33.38 1.67 0.2485
Pure error 139.52 7 19.93

Total 7832.74 49
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model with F-value of 11.55 (vide Table 1) was obtained for
As(I1I). The feed phase pH and extractant concentration were
found to be the most significant parameters as the p-value
was <0.0001 in both the cases (vide Table 1). The F-value for
lack of fit was 1.67, which was not significant; and there was
a 24.85% chance that a large value could occur due to noise.
The coefficient of determination (R?) was found to be 0.8884
with adjusted R? value of 0.8115, and the predicted R? value
was 0.6368. The predicted R? value is in agreement to the
adjusted R? value. Furthermore, a ratio of 15.818 was
obtained for adequate precision indicating a desirable signal
to noise ratio. The quadratic model obtained for As(V) was
significant with F-value equal to 134.26 (vide Table ST5). In
this case, the pH of the feed phase, extractant concentration,
duration and temperature were the significant parameters as
reported in Table ST5. A non-significant lack of fit value
0f2.38 was obtained with 12.06% chances of occurrence of
this value due to noise. A high value of the coefficient of
determination (R?) (0.9893) indicated that this model was
significant. The predicted R? (0.9655) was in close agreement
with the adjusted R? value (0.9819). Additionally, the
adequate precision value of 39.394 indicated an adequate
signal with a very high signal to noise ratio.

The significant F-values of the models for As(II)-

As(V) combined in different ratios were 40.77 (for

As(II):As(V)::1:1), 58.44 (for As(III):As(V)::1:2) and 53.75
(for As(III):As(V)::2:1), with a non-significant lack of fit
values that are shown in Table ST6, Table ST7 and Table
ST8, respectively. The pH of the feed phase, extractant
concentration and duration were the significant parameters
for all the three combined ratios of As(IIT)-As(V). The high
values of R? stipulated the models to be significant. The
reasonable agreement between adjusted R? and predicted R?
values with a difference less than 0.2 and high adequate
precision values further indicated the significance of the
models. Figure 2 and Fig. SF1 show the minimum,
maximum, lower quartile, median and upper quartile with
outliers obtained from the descriptive statistical analysis. The
box plots shown in Fig. 2 and Figs. SF6-SF7 help to visualize
the
distributions of the different levels of independent variables

interquartile range, in order to understand the
with respect to the dependent variable. The length of the box
indicates the variation of the data. In case of As(IIl), the
median was close to the lower quartile or upper quartile,
indicating a non-normal skewed distribution as shown in
Fig. 2. Figs. SFla-SF1c for As(V) shows the spread of the
data set that is similar to As(I1), with mild and strong outliers
lying beyond the minimum and maximum values. For
As(IIT)-As(V)combinations, as given in Figs. SF1d-SF11, the
distribution appears to be either left-skewed or right skewed.

Table 2. Optimization and Error Analysis for Two-phase Extraction of Arsenic lons

As(IIT) As(V) As(Ill):As(V)::1:1  As(ll):As(V)::1:2  As(IIl):As(V)::2:1

Model parameters

Stats ML Stats ML Stats ML Stats ML Stats ML
R? 0.8884 - 0.9893 - 0.966 - 0.976 - 0.974 -
Adjusted R? 0.8115 - 0.9819 - 0.942 - 0.959 - 0.956 -
Predicted R? 0.6368 - 0.9655 - 0.882 - 0.916 - 0.909 -
Adequate precision 15.818 - 39.394 - 26.14 - 27.63 - 28.94 -
pH of feed phase 6.81 6.91 6.65  7.6262  6.59 7.1797 6.65 7.5039 6.26 6.4758
Extractant concentration % (vol/vol) 10 10 10 7.784 10 10 10 8.717 10 10
Duration (h) 9 12 12 12 7 7.8729 12 8.7519 9 5.4808
Temperature (°C) 37 48.94 55 37.87 47 35.334 35 41.892 45 55
Stirring speed (rpm) 176 161.43 170 154.7 196 202.95 173 245.39 143 158.171
Predicted extraction (%) 8237 87.82 84.15 83.13  87.03 85.56 87.59 86.39 85.1 85.94
Obtained extraction (%) 84 86 85.5 86 84.5
Error (%) 1.94 4.54 2.15 3.33 1.79 0.07 1.85 0.45 0.71 1.7
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Fig. 2. Statistical analysis of the quadratic model predicted and box plots for extraction of As(III).

Shapiro-Wilk test is preferred over the Kolmogorov-
Smirnov test for assessing the normality of the data, as it is
more appropriate for small sample size (& 50). Table 3 shows
the normality test results for the extraction of arsenic ions
using Shapiro-Wilk model. Based on the Shapiro-Wilk test
and the skewed distribution of the data, Spearmann
correlation analysis was carried out to evaluate the
relationship between the dependent variable (extraction) and
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each independent variable, as shown in Table 4 and Table
ST9. As it is evident from the data, the extraction of arsenic
had a significant correlation with pH of the feed phase and
the extractant concentration. The correlation coefficient were
consistently negative for the case of pH of feed phase, while
it was consistently positive for extractant concentration. A
negative value suggests that a monotonic relationship exists
when the extraction efficiency increases with ta decrease in
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Table 3. Normality Test for the Extraction of Arsenic Ions Using Shapiro-Wilk Model

Independent As(IIT) As(V) As(IIT):As(V)::1:1 As(1II):As(V)::1:2 As(1IT):As(V)::2:1
variables Range a Statistic ~ Significance  Statistic ~ Significance  Statistic ~ Significance  Statistic ~ Significance  Statistic Significance
4 17 0.94 0.348 0.956 0.556 0.928 0.201 0.874 0.025 0.956 0.56
A 7 16 0.88 0.039 0.959 0.64 0.875 0.032 0.918 0.159 0.977 0.934
10 17 0.84 0.007 0.947 0.406 0.842 0.008 0.838 0.007 0.912 0.11
2 17 0.913 0.113 0.98 0.96 0.896 0.057 0.949 0.445 0.92 0.147
B 6 16 0.907 0.103 0.701 0.001 0.825 0.006 0.726 0.001 0.812 0.004
10 17 0.781 0.001 0.909 0.096 0.942 0.337 0.89 0.046 0.933 0.245
2 17 0.861 0.016 0.957 0.571 0.834 0.006 0.945 0.376 0.884 0.036
C 7 16 0.894 0.064 0.772 0.001 0.835 0.008 0.753 0.001 0.85 0.013
12 17 0.929 0.208 0.923 0.166 0.977 0.93 0.937 0.284 0.946 0.392
25 17 0.839 0.007 0.972 0.851 0.91 0.1 0.96 0.627 0.903 0.077
D 40 16 0.922 0.18 0.802 0.003 0.857 0.017 0.735 0.001 0.868 0.025
55 17 0.934 0.256 0.956 0.564 0.945 0.382 0.978 0.934 0.975 0.905
50 17 0.827 0.005 0.984 0.986 0.859 0.015 0.958 0.593 0.914 0.119
E 150 16 0.929 0.233 0.806 0.003 0.831 0.007 0.743 0.001 0.875 0.033
250 17 0.939 0.311 0.978 0.931 0.95 0.46 0.978 0.933 0.967 0.763

the feed phase pH; the reverse is true in case of extractant
concentration. The Levene’s test of equality of error
variances for As(IIl), As(V) and combinations of As(II)-
As(V) was chosen to check the homogeneity of variances of
the dependent variable with respect to the independent
variable (vide Table 5). The p-value for As(II)(0.998),
As(V)(0.913), As(ID):As(V):1:1 (1), As(IIl):As(V)::1:2
(0.806) and As(IIT):As(V)::2:1 (0.993) were more than the
significance level, showing the null hypothesis was true. This
implied that the error variance of the dependent variable was
equal across the groups of independent variable.

In the univariate analysis of variance, the significance
column in Table 6 and Tables ST10-ST13 refers to the
p-values for each tested difference of means pertaining to the
independent and dependent variables. In this analysis, the p-
values pertaining to the independent variables lying below
the standard o of 0.05 indicates that their means differ
significantly. In case of As(Ill), the means of all the five
independent variables differ significantly. For As(V), the
means of the combined factor of feed phase pH-extractant
concentration along with the five independent variables differ
significantly.
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Similarly, for different ratios of As(Ill)- As(V) species,
pH of the feed phase, extractant concentration, time and the
combination of extractant concentration-time are the
common factors with means that are varying significantly.
Figure 3 and Fig. SF2-SF5 represent the variation of
%extraction with various combinations of factors for
As(I1D), As(V), As(IIl):As(V)::1:1, As(IIl):As(V)::1:2, and
As(IIT):As(V)::2:1 using statistical model. The observations
noted in Sec.4.3.1 of Part 1 of this series were found to be
corroborated through these plots.

Machine learned analysis. Fifty data points from Table
ST2 were used to train, validate and test the ANN. Initially,
simulations were performed to optimize the number of
neurons in the hidden layer. Figure 4a shows the MSE with
the different number of neurons in the hidden layer. The
minimum MSE was achieved with 6 neurons in the hidden
layer. Thus, the same number of neurons was selected
for further simulations. Figure 4b compares the model
predictions with all data points with the experimental results.
The regression curve showed that model predictions were
sufficiently fitting with the model predictions on all data
points, confirming the authenticity of the training.
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Table 4. Spearman’s Correlational Analysis for the Extraction of Single Arsenic lons

Type Variables Parameters A B C D E %Ex
Correlation coefficient 1 0 0 0 0 -0.284
A Significance (two-tailed) - 1 1 1 1 0.046
Correlation coefficient 0 1 0 0 0 0.477
b Significance (two-tailed) 1 - 1 1 1 0
Correlation coefficient 0 0 1 0 0 0.185
¢ Significance (two-tailed) 1 1 - 1 1 0.199
As(I1D)
Correlation coefficient 0 0 0 1 0 0.139
b Significance (two-tailed) 1 1 1 - 1 0.334
Correlation coefficient 0 0 0 0 1 0.16
. Significance (two-tailed) 1 1 1 1 - 0.268
. Correlation coefficient -0.284 0477  0.185  0.139 0.16 1
Vobx Significance (two-tailed) 0.046 0 0.199 0.334 0.268 -
Correlation coefficient 1 0 0 0 0 -0.39
A Significance (two-tailed) - | 1 1 1 0.005
Correlation coefficient 0 1 0 0 0 0.366
b Significance (two-tailed) 1 - 1 1 1 0.009
Correlation coefficient 0 0 1 0 0 0.199
¢ Significance (two-tailed) 1 1 - 1 1 0.165
As(V)
Correlation coefficient 0 0 0 1 0 0.105
P Significance (two-tailed) 1 1 1 - 1 0.468
Correlation coefficient 0 0 0 0 1 0.06
. Significance (two-tailed) 1 1 1 1 - 0.681
. Correlation coefficient -0.39 0366  0.199  0.105 0.06 1
Significance (two-tailed) 0.005 0.009  0.165 0.468  0.681 -
Table 5. Levene’s Test of Equality of Error Variances in Two Phase
Type of arsenic species F dfl df2 Sig.
As(1IT) 0.251 42 7 0.998
As(V) 0.515 42 7 0.913
As(IIT):As(V)::1:1 0.207 42 7 1
As(IIT):As(V)::1:2 0.667 42 7 0.806
As(I11):As(V)::2:1 0.301 42 7 0.993
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Table 6. Univariate Analysis of Variance for Extraction of As(II)

Source Type III Sum of Squares df Mean square F Significance
Corrected model 7693.223 42 183.172 9.19 0.003
Intercept 65896.978 1 65896.978 3306.237 0
A 797.301 2 398.651 20.001 0.001
B 878.036 2 439.018 22.027 0.001
C 427.371 2 213.685 10.721 0.007
D 430.544 2 215.272 10.801 0.007
E 467.984 2 233.992 11.74 0.006
AB 102.209 1 102.209 5.128 0.058
AC 85.249 1 85.249 4.277 0.077
AD 3.913 1 3.913 0.196 0.671
AE 12.713 1 12.713 0.638 0.451
BC 111.49 1 111.49 5.594 0.05
BD 1.607 1 1.607 0.081 0.785
BE 4.613 1 4.613 0.231 0.645
CD 0.139 1 0.139 0.007 0.936
CE 0.372 1 0.372 0.019 0.895
DE 0.97 1 0.97 0.049 0.832
ABC 71.85 1 71.85 3.605 0.099
ABD 10.204 1 10.204 0.512 0.497
ABE 15.694 1 15.694 0.787 0.404
ACD 0.279 1 0.279 0.014 0.909
ACE 0.25 1 0.25 0.013 0.914
ADE 3.007 1 3.007 0.151 0.709
BCD 1.292 1 1.292 0.065 0.806
BCE 0.144 1 0.144 0.007 0.935
BDE 8.395 1 8.395 0.421 0.537
CDE 0.76 1 0.76 0.038 0.851
ABCD 2.36 1 2.36 0.118 0.741
ABCE 0.008 1 0.008 0 0.984
ABDE 0.272 1 0.272 0.014 0.91
ACDE 1.151 1 1.151 0.058 0.817
BCDE 0.059 1 0.059 0.003 0.958
ABCDE 0.102 1 0.102 0.005 0.945
Error 139.518 7 19.931

Total 174372.259 50

Corrected total 7832.741 49
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The trained ANN was employed to investigate how
different operational conditions and membrane parameters
impact the transport of arsenic ions. Global optimization of
the ANN model was also done to detect the best operating
condition to achieve maximum %extraction. The results of
the said best operating condition are revealed later. In these
simulations, the effects of variations of two input parameters
were analysed simultaneously through surface graphs, while
values of other input parameters were kept constant at the
best condition. The range of input parameters was kept the
same, as reported in Table ST1.

Figure 4c and Fig. 4l present variation of %extraction
with various combinations of factors. It was revealed from
Figs. 4c-4f that neither high nor low pH was suitable for good
extraction. At pH 6.7-6.8, the extraction of the arsenic ions
into the organic phase was highly favoured. The interaction
between aliquat and arsenic ions was maximum by forming
arsenic-aliquat complexes; favouring the extraction of
arsenic ions from the aqueous phase into the organic phase.
The presence of H' ions at lower pH range and OH ions at
higher pH range possibly interfered with the complex
formation of arsenic-aliquat, leading to lower extraction of
arsenic ions at extreme pH conditions [6]. The same results
were obtained for stirring speed. The variation in stirring
speed was observed over a range of 50 to 250 rpm and the
optimum stirring speed for both the arsenic species was
170 rpm. The stirring speed varied from 143-196 rpm for
different ratios of As(IlI) and As(V). The minimum thickness
of the diffusion layer was obtained at the optimum stirring
rate [7]. At lower stirring speed, the accumulation of arsenic-
aliquat complex formed a boundary layer at the interphases,
leading to lower extraction efficiencies. At higher stirring
speed, the extraction decreased, owing to turbulences that
lead to less interfacial contact time for the complex formation
[26]. Thus, optimum stirring speed provided effective time
for interaction. However, the %extraction increased with
an increase in extractant concentration, duration and
temperature. It is further clear from Fig. 4g, Fig. 4h and Fig.
4i that the higher concentration of extractant always favours
the %extraction. Aliquat 336 is a highly viscous cationic
surfactant forming structural micelle aggregates owing to its
long hydrocarbon chain. The bulk amount of organic phase
utilized in this two-phase study further increases the
viscosity. Maximum extractant concentration of 10% is
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optimum for arsenic extraction. Beyond this, the viscosity of
the liquid membrane increased, which in turn impacted the
diffusion of the arsenic ions through the organic phase.
Figure 4j and Fig. 4k show the relationship of duration with
temperature and stirring speed, respectively. The surf figures
reiterate the earlier revealed facts too. Figure 41 showed that
a combination of high temperature and high stirring speed
and/or a combination of low temperature and low stirring
speed was not good for effective %extraction. The optimum
duration for As(III) was 9 h to obtain an extraction of 84%.
This is while the optimum duration for As(V) was 12 h for an
extraction of 86%. This difference of three hours could be
attributed to the presence of uncharged and charged ions in
case of As(Ill) and As(V), respectively. We examined
temperature fluctuations across a spectrum spanning from
25 °C to 55 °C. The optimum temperature for As(Ill) was
37 °C for an extraction of 84% and 55 °C for 86% extraction
of As(V). This could possibly be due to the presence of
H3AsOs in case of As(IIl) that interacted by disrupting the
strong ionic interactions between aliquat 336 and sesame oil
at 37°C. Because HyAsOy4 is an anion, it requires higher
temperature of 55°C to interact with the ionic components of
the extractant and diluent. Higher temperature enhances the
free energy, leading to a higher diffusion through less viscous
liquid membrane. Moreover the arsenic extraction reactions
are endothermic in nature within this temperature range [27].
Thus, intermediate temperature range lying between 35 °C-
47 °C was found to be optimum for the combined arsenic
species, indicating synergistic interactions between the
arsenic species.

Moreover, it was explained in Sec.3.1.1 that the transport
of the arsenic ions across the membrane strongly depends on
the operating parameters shown in Table ST1. Figure 4 also
indicated that these parameters had coupled effects on the
transport as the optimum value of a parameter, while
maximum transport was found to vary with other parameters.
Thus, global optimization is required to determine the
optimum parameters where maximum transport can be
achieved. In this study, a genetic algorithm was used for
MATLAB  Genetic
Algorithm solver “ga” was linked with the trained ANN to

constrained global optimization.
determine the optimum values of the five operating
parameters stated in Table ST1. In the genetic algorithm, the
upper and lower limits of the different parameters were kept
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the same as given in the experimental study, shown in Table
ST1. Optimization was performed to maximize the
%extraction of arsenic. After 124 generations and 5881
function counts, the GA reached the best value of
Y%extraction of 87.82% at the optimum operating condition
given in Table 2. The machine learning model predicted
higher extraction percentage than the statistical model,
however it used higher duration, higher temperature and a
lower stirring speed.

In a similar manner, the datasets of As(V) and the three
combinations of As(I11)-As(V) were passed through machine
learning algorithm. The results are given in Fig. SF8-SF11,
and their efficiencies are reported in Table 2. In all cases, the
minimum MSE was achieved with less than 8 neurons in the
hidden layer. The variation of %extraction against the
individual factors were also similar to that observed in case
of As(IIl), though at a different degree of variability. It is
interesting to note that the %extraction of As(IIl) was
favoured by lowering the temperature, whereas the
%extraction of As(V) was favoured at higher temperature.
For combined salt cases, the trend was favoured as per the
salt, which was at higher percentage in the combined species.
Temperature had practically no effect on the %extraction
when As(III) and As(V) were at equal proportion, i.e.
As(I1I):As(V)::1:1. The reason behind this phenomenon lies
with the fact that As(IIT) is present as an uncharged species
in the particular pH range. Whereas, As(V) is present in its
anionic form that forms inter- and/or intramolecular bonds,
for which higher temperature is required for maximum
extraction of a As(V). The %extraction of arsenic, predicted
through machine learning algorithm, is comparable to that
obtained through statistical model (vide Table 2). In case of
combined species, the error% was mostly less in case of
machine learned model.

Three Phase SLM Studies
It should be noted that the extraction and recovery in
three-phase SLM depends mainly on three parameters:

F: Concentration of the receiving phase
G: pH of the receiving phase

H1: Stirring speed (rpm)

H2: Extractant concentration (%)
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Aqueous solution of ferric chloride was used as the receiving
phase. The experiments were carried out as per the design of
experiment where all the three factors were varied within a
pre-designed range (vide Table ST1) in the same manner for
all the 5 cases that are As(IIl), As(V), As(IIT):As(V)::1:1,
As(IIT):As(V)::1:2, and As(IID):As(V)::2:1. The
corresponding %extraction and %recovery were recorded.
This can increase the efficiency by minimizing the number of
experiments for optimization. The results are reported in
Table ST3 and Table ST4.

Statistical analysis. A quadratic model for prediction of
extraction and recovery of arsenic species are given in the
following equations:

59.3 + 0.96A + 4.03B - 1.53C - (7)
022AB - 0.24AC - 0.16BC -
3.62A%- 12.44B2- 4.45C>

48.02 + 1.59A + 3.30B 1.84C + (8)
0.99AB - 0.19AC + 0.62BC -
2.16A? - 10.79B2 - 6.61C>

075 + 4.5A - 0.93B - 1.68C -  (9)
0.9AB + 0.035AC + 0.24BC -
13.86A2 - 7.38B2 - 2.51C2

47.92 + 427A - 02B - 2.34C + (10)
0.75AB + 0.5AC + 1.5BC -
15.39A2 - 4.05B2 - 5.20C2

Zfs an =

st an =

ZES w)

Z.A}\?s w)

Table ST14 presents ANOVA results of As(IIl) in three-
phase SLM. The F-value of 23.14 indicate that the model for
the As(III) was significant and there was only a 0.01% chance
that this large value could occur due to noise. In the extraction
and recovery of As(Ill) ions, pH of the receiving phase
played a significant role as indicated by the model given in
Table ST14. The F-value of 0.84 for lack of fit indicated that
the value was not significant relative to the pure error and
there was a 57.36% chance that a this large value could occur
due to noise; this shows that this model can fit well. The
predicted R? of 0.87 is in reasonable agreement with the
adjusted R? of 0.91 (vide Table 7). The adequate precision
measured the signal to noise ratio and the value reported in
Table 7 is 12.802 (>4 desirable), indicating an adequate
signal. Fig. SF12 shows the effect of interaction of
parameters on the extraction and recovery of As(II).
Furthermore, the F-value of 15.41 for recovery of As(IIl) ions
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showed that the model was significant with 0.01% chance
that this large value could occur due to noise as given in
Table ST14. The lack of fit value was 0.30 with 89.67%
chance that this large value could not occur due to noise,
indicating that this model can be fitted well. In addition, the
R? value was 0.93 with the predicted R? value in reasonable
agreement with the adjusted R? value, and the adequate
precision value was 10.53, as shown in Table 7.

In Fig. SF13, the effect of interaction of parameters on
the extraction of As(V) was observed. In case of As(V), the
F-value of 38.85 (vide Table ST15) with a 0.01% chance
implies that the model was significant and that this value
couldn’t occur due to noise. In this case, the concentration
and pH of the receiving phase are suggested to be significant
model terms for extraction and recovery of As(V) ions. The
lack of fit value was 2.12 that was insignificant relative to the
pure error, and there was a 21.51% chance that this value
could occur due to noise, as shown in Table ST15. Moreover,
the R? value was 0.97 (vide Table 7) with the predicted R?
value in reasonable agreement with the adjusted R? value, and
the adequate precision was 16.14, as given in Table 7. On the
other hand, for the recovery of As(V), the F-value of 41.99
with 0.01% chance implied that the model was significant.
The lack of fit value was 1.61 with 30.77% chance, indicating

that the value was not significant relative to the pure error and
this value couldn’t occur due to noise as shown in
Table ST15. The R? value was 0.97 with the predicted R?
value in reasonable agreement with the adjusted R? value, and
the adequate precision value was 17.3, as shown in Table 7.
A normal distribution of the residuals were observed from the
plots for the extraction and recovery of As(I1l) and As(V), as
given in Fig. SF17.

The minimum, maximum, lower quartile, median and
upper quartile with outliers are given in the box plots for
(vide Fig. SF12 and
Fig. SF13). As the mean was close to the median, the

descriptive statistical analysis
distribution of the data was symmetric with skewness & 0.5.
The high variance and standard deviation indicates that the
points of the data set were spread out and not close to the
mean. This is while in certain data sets, median was more
towards the first (lower) quartile or third (upper) quartile,
implying an asymmetrical frequency distribution.

The box plots for concentration of receiving phase helped
to visualize the differences in distribution between 1-3 ppm
concentration range for extraction and recovery of arsenic
species, shown in Fig. SF12 and Fig. SF13. The median
was higher for 2 ppm in both the cases. The length of the
box indicated the variation of the data, showing positive

Table 7. Optimization and Error Analysis for Three-phase SLM on Individual Arsenic lons

As(IIT) As(V)

Model parameters Statistics ML Statistics ML

Extraction Recovery Extraction Recovery Extraction Recovery Extraction Recovery
Standard deviation 2.97 3.46 - - 2.64 2.64 - -
Mean 49.05 38.23 - - 48.88 35.6 - -
R2 0.95 0.93 - 0.97 0.97 - -
Adjusted R2 091 0.87 - 0.95 0.95 - -
Predicted R2 0.87 0.85 - 0.9 0.89 - -
Adequate precision 12.8 10.53 - - 16.14 17.3 - -
Concentration of receiving phase (ppm) 2 4 2 2.13
pH of receiving phase 5 5.18 5 7
Stirrer speed (rpm) 250 200 250 250.72
Extractant concentration % (v/v) 10 10 30 30
Predicted (%) 61 49 59.1 48.5 67 48 68.5 42
Observed (%) 60 48 60 48 66.7 47 66.7 47
Error (%) 1.64 2.04 1.52 1.03 0.45 2.1 2.63 11.9
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skewness. This further justifies that 2 ppm led to the
maximum extraction and recovery for both the arsenic ions.
Similarly, the data for the other two independent variables
were fairly distributed with pH 5, resulting in a maximum
extraction and recovery at 250 rpm. This is in agreement with
the optimum result obtained from the design of experiment
(vide Table 7).

Shapiro-Wilk test was preferred over the Kolmogorov-
Smirnov test for assessing the normality of the data as it is
more appropriate for small sample size (<50). The
significance values of the Shapiro-Wilk test (vide Table
ST19) were more than 0.05, indicating that the data was
normally distributed. As the data set was normal, Pearson’s
correlational analysis was carried out to identify the extent to
which two variables were linearly related to each other. From
the given Table ST21, it is evident that the dependent
variables were linearly related to each other. The increase in
extraction percentage of both the arsenic ions in turn
increased the recovery percentage or vice versa at a = 0.01
for 2-tailed significance analysis. In case of As(V), there was
a significant correlation between the concentration of the
receiving phase and the extraction percentage at o = 0.05 for
2-tailed significance analysis. The multivariate test tabulated
the four tests of significance for each model effect as given
in Table ST23 and Table ST24. Pillai’s trace was more robust
than the other statistical tests based on model assumptions
[28]. On the basis of the Pillai’s trace test shown in
Table ST23, the significance values for all effects were
greater than 0.1 except for concentration of receiving phase
(p-value = 0.085) for As(III). This indicated that the receiving
phase concentration had a significant main effect in the
multivariate test. The tests of between-subjects effects was
carried out, as reported in Table ST25. The combined
independent variables, concentration and pH of the receiving
phase had a significant effect on the extraction percentage of
As(IIT). For As(V), all the three independent variables and
the combined effect of stirring speed and pH of receiving
phase were found to have a significant impact on the
dependent variables, that was obtained from the multivariate
test reported in Table ST24. On this basis, the tests of
between-subjects effects showed significant impact of the
three individual independent variables on both the dependent
variables for As(V), as given in Table ST26.
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Since there were significant main effects obtained for the
variables, post hoc (Tukey HSD) analyses were calculated to
explain the effect. The significant levels of the independent
variables were obtained from this analysis, as given in
Table ST30 and Table ST31.

A quadratic model for prediction for extraction and recovery

of mixed arsenic species are given in the following equations:

Zhsumyasoyan = 53.81 + 10.28A + 1.98B +  (11)
5.39C - 0.63AB - 1.28AC -
0.58BC - 3.43A2 + 0.69B2 -
0.66C?

ZRsamas(vyin = 33.65 + 9.95A + 1.42B +  (12)
6.07C - 0.3AB - 1.25AC +
0.19BC - 1.85A” - 0.82B -
0.3C2

Z8amasvysi2 = 55.8 + 1021A + 2.07B +  (13)
5.23C - 0.5AB - 1.4AC -
0.45BC - 3.5A%+ 0.61B? -
0.6C2

ZRsamasy2 = 35.68 + 9.97A + 1.41B +  (14)
6.04C - 0.28AB - 1.2AC +
0.23BC - 1.72A” - 0.82B -
0.47C?

Zisamyasvyzn = 48.91 + 1024A + 2B + (15)

5.36C - 0.64AB - 1.24AC -
0.61BC - 3.23A2+0.57B? -
0.83C?

28.63 + 10.02A + 1.35B +
6.01C - 0.2AB - 1.15AC +
0.13BC - 1.87A% - 0.82B? -
0.32C?

ZARS(III):AS(V)::Z:I

The statistical analysis of the extraction and recovery of
mixed arsenic species can include similar statistical tools
such as ANOVA, normality tests, and Pearson’s analysis;
their explanations can also be similar in nature. Thus, only
salient features are discussed here, in order to avoid repetitive
statements. The following tables and figures show various
statistical analysis data for mixed arsenic species
As(II):As(V)::1:1, As(II):As(V)::1:2 and As(II):As(V)::
2:1.
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The ANOVA analysis Table ST16, Table ST17,
and Table ST18

Normality test using Shapiro- Table ST20

Wilk model

Pearson’s correlational  Table ST22

analysis

Tests of between-subjects Table ST27, Table ST28,

effects and Table ST29

Post hoc (Tukey HSD) Table ST32, Table ST33,

analyses and Table ST34

Levene’s test of homogeneity Table ST35

of error variances

Normal plot of residuals Fig. SF17

Effect of interaction of Fig. SF14, Fig. SF15, and

parameters and box plot for Fig. SF16

statistical analysis

The concentration of the receiving phase solution and
extractant concentration were the significant terms of the
model for both extraction and recovery of all the combined
species of arsenic, as observed in Table ST16, Table ST17,
and Table ST18. The R? values and the predicted R? values
were in reasonable agreement with the adjusted R? value and
the adequate precisions were between 35-40, as given in
Table 8. The normal plot of residuals indicated the normal
distribution of the data, as shown in Fig. SF17. The
distribution of the data was symmetric with skewness < 0.5,
while in certain data sets, median was more towards the first
(lower) quartile or third (upper) quartile, implying an
asymmetrical frequency distribution. Box plots, Fig. SF14,
Fig. SF15, and Fig. SF16, indicated that concentration of
receiving phase at 2 ppm and 3 ppm yielded maximum
extraction and recovery for all the arsenic ions. The data for
the other two independent variables were fairly distributed
with pH 5 and pH 7, yielding maximum extraction and
recovery at 250 rpm. Shapiro-Wilk test, shown in
Table ST20, indicated that the data is normally distributed.
From the Pearson’s correlational analysis (vide Table ST22),
it is evident that the dependent variables were linearly related
to each other. As this indicates that the receiving phase
concentration had a significant main effect in the multivariate
test, the tests of between-subjects effects was carried out, as
reported in Table ST27, Table ST28, and Table ST29. Since
there were significant main effects obtained for the variables,
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post hoc (Tukey HSD) analyses were calculated to explain
the effect. The significant levels of the independent variables
were obtained from this analysis, as given in Table ST32,
Table ST33, and Table ST34.

Machine learned analysis. Fifteen data sets, both from
Table ST3 and Table ST4 were used to train, validate and test
the ANN. The entire operations were similar to that explained
in Sec.3.1.2. Thus, only salient features are discussed here, in
order to avoid the repeating statements. The following tables
and figures show various machine learned analysis for mixed
arsenic species As(I1):As(V)::1:1, As(IIT):As(V)::1:2 and
As(IIT):As(V)::2:1.

Mean Squared Error (MSE) Fig. SF18a, Fig.
with different numbers of SF19a, Fig. SF20a,
neurons Fig. SF21a, and Fig. Sa
Comparative plots of Fig. SF18b, Fig.
experimental v/s model SF19b, Fig.
prediction  of  %extraction/ SF20b,Fig. SF21b, and
Y%recovery Fig. 5b

Variation of Fig. SF18, Fig. SF19,
%extraction/%recovery in three Fig. SF20, Fig. SF21,
phase SLM with various and Fig.5

combinations of factors

Initially, simulations were performed to optimize the
number of neurons in the hidden layer. The minimum MSE
was achieved with 4, 5, 27, 14, and 21 neurons in the hidden
layer for As(III), As(V), As(ITI):As(V)::1:1, As(II):As(V)::
1:2 As(IIT):As(V)::2:1. Global
optimization of the ANN model yielded the best operating

and respectively.
condition to achieve maximum extraction and recovery,
shown in Table 8. The range of input parameters were
maintained the same as reported in Table ST1.

The machine learning results on the data of As(III) and
As(V) were not up to the mark. There were considerable
process/model mismatch. It could be due to the less number
of neurons that needed to arrive at the MSE. And the value of
MSE were high for As(IIl) and As(V) in comparison to that
of mixed arsenic species. Thus, the optimization was not
successful too. On the other hand, the machine learning
results on the data of As(III):As(V)::1:1, As(III):As(V)::1: 2
and As(III):As(V)::2:1 were better than even the statistical
model. The optimization results were almost perfect.
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Table 8. Optimization and Error Analysis for Three-phase SLM on Combined Arsenic Ions

As(III):As(V)::1:1

As(II1):As(V)::1:2 As(III):As(V)::2:1

Model parameters Statistics ML Statistics ML Statistics ML

Ext Rec Ext Rec Ext Rec Ext Rec Ext Rec Ext Rec
Standard deviation 1.26 1.24 - - 1.43 1.24 1.23 1.25
Mean 52.11 32.16 - - 54.1 34.17 47.17 27.12
R? 0.989 0.989 - - 0.986 0.989 0.989 0.989
Adjusted R? 0.98 0.98 0.97 0.98 0.98 0.98 - -
Predicted R? 0.94 0.94 - - 0.92 0.94 0.94 0.94
Adequate precision 39.6 39.9 - - 34.7 39.6 40.5 39.4
Concentration of receiving phase (ppm) 3 3 3 3 3 3
pH of receiving phase 7 7 7 7 7 7
Stirrer speed (rpm) 250 250 250 250 250 250
Extractant concentration % (v/v) 40 38.1 40 36 40 40
Predicted (%) 66 47 65.7  46.6 67.5 49 67.7 487 60.5 42 612 416
Observed (%) 65 46.5 65 46.5 66.5 48.5 66.5 485 59 41 59 41
Error (%) 1.5 1.1 1.07 021 1.48 1.02 1.77 041 2.47 2.4 3.6 1.44

Interestingly, concentration and pH of receiving phase were
the same for all three cases at 3 and 7, respectively. The
differences in extractant concentration were very minimum.
The predicted values of extraction and recovery were very
close to the experimental values with less than 1.5% error in
most cases.

CONCLUSION

A quadratic significant model with non-significant lack
of fit was obtained for each of the arsenic species in both two-
phase and three phase studies through the face-centered
response surface methodology of central composite design
of experiments. In two phase, the predicted maximum
extraction of As(III) and As(V) were 82.37% and 84.15%, as
opposed to 84% and 86% respectively obtained through
experimentations. On the other hand, the predicted maximum
extraction of combined As(II):As(V)::1:1, As(IT):As(V)::
1:2 and As(IIT):As(V)::2:1 were 87.03%, 87.59% and 85.1%,
as opposed to 85.5%, 86% and 84.5% respectively obtained
through experimentations in the two-phase study. The feed
phase pH and extractant concentration were found to be the
common significant parameters in most of the cases. In three-
phase study, the optimum conditions that led to the maximum
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extraction and recovery for both the arsenic ions were found
to be 2 ppm concentration of receiving phase and pH 5 at 250
rpm. This is while the optimum conditions for the combined
arsenic ions are 3 ppm concentration of receiving phase and
pH 7 at 250 rpm. Here, the optimum extractant concentration
was different; 10% for As(II), 30% for As(V) and 40% for
all the three different combination of arsenic species. The
minimum, maximum, lower quartile, median and upper
quartile with outliers obtained from the descriptive statistical
analysis with the interquartile range helped to understand the
distributions of the different levels of independent variables
with respect to the dependent variable. This was followed by
the normality test in which the Shapiro-Wilk test was
preferred over the Kolmogorov- Smirnov test due to the
sample size.

In case of two-phase study, Spearmann’s correlation
analysis was carried out based on the Shapiro-Wilk test and
the skewed distribution of the data. For the three-phase SLM
study, Pearson’s correlational analysis was assessed, as the
The
correlational coefficients in two phase study suggested that

data was normally distributed and symmetric.
the extraction of arsenic had a significant negative correlation
with pH of the feed phase and a positive correlation with

the extractant concentration. However, in case of SLM, the
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dependent variables showed a linear relation. An increase in
extraction percentage of both the arsenic ions in turn caused
an increase in the recovery percentage. Five way ANOVA for
the two-phase systems and multivariate ANOVA for the
three-phase systems tabulated the four tests of significance
for each model effect, and generated the tests of between-
subjects effects. Pillai’s trace was more robust than the other
statistical tests based on the model assumptions. This
indicated that the receiving phase concentration had a
significant main effect in the multivariate test. Since there
were significant main effects obtained for the variables, post
hoc (Tukey HSD) analyses were calculated to explain the
effect. All the data points from the two-phase study and SLM
experimentations were used to train, validate and test the
ANN. Initially, simulations were performed to optimize the
number of neurons in the hidden layer. Global optimization
of the ANN model yielded the best operating condition to
achieve maximum extraction and recovery. The %extraction
of arsenic in two-phase study predicted through machine
learning algorithm, which was comparable to that obtained
through statistical model. In case of combined species, the
error% was mostly less in the case of machine learning
model. In two-phase study, the minimum MSE was achieved
with less than 8 neurons in the hidden layer for all the arsenic
species. However, in three-phase study, the minimum MSE
was achieved with 4, 5, 27, 14, and 21 neurons in the hidden
layer for As(III), As(V), As(III):As(V)::1:1, As(II1):As(V)::
1:2 and As(II):As(V)::2:1, respectively. The machine
learning results on the data of As(IIT) and As(V) were not up
to the mark in the SLM study. There was considerable
process/model mismatch. Thus, the optimization was not
successful too. On the other hand, the machine learning
results on the SLM data of As(IIl):As(V)::1:1,
As(IIT):As(V)::1:2 and As(II):As(V)::2:1 were better than
the statistical model. The predicted values of extraction and
recovery were very close to the experimental values with less
than 1.5% error in most cases.
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Glossary

ANN: Artificial neural network

A: pH of the feed phase (factors/variables
in two-phase studies)

B: %Extractant concentration (vol/vol)
(factors/variables in two-phase studies)

C: Duration (hours) (factors/variables in
two-phase studies)

D: Temperature (°C) (factors/variables in
two-phase studies)

E: Stirring speed (rpm) (factors/variables

F: in two-phase studies)

G: Concentration of the receiving phase

HI: (factors/variables in three-phase studies)

H2: pH of the receiving phase

GA: (factors/variables in three-phase studies)

MSE: Stirring speed (rpm) (factors/variables

ML: in three-phase studies)

Stats: Extractant concentration (%)

SLM: (factors/variables in three-phase studies)
Genetic algorithm

Yisamy: Mean squared error
Machine learning
Yasy: Statistical

Supported liquid membrane
YAS(III):AS(V)::l:l:
Extraction efficiency predicted from the
quadratic model for As(III) in two-phase
study
Extraction efficiency predicted from the

YAS(III):AS(V)::l:Z:

YAS(III):AS(V)::Z:l:
quadratic model for As(V) in two-phase
study

Extraction efficiency predicted from the
quadratic model for As(IIl):As(V)::1:1
in two-phase study

Zfs(mﬁ
Zfs(v)i

E .
ZAS(III):AS(V)::l:l .



Z[E\S(III):AS(V)::LZ:

ZES(HI)!AS(V)I:ZJ:

Zﬁs(m):As(V)::Lf
ZARS(III):AS(V)::l:Z:

Zﬁs(m):As(V)::z:f
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Extraction efficiency predicted from the
quadratic model for As(III):As(V)::1:2
in two-phase study
Extraction efficiency predicted from the
quadratic model for As(IIl):As(V)::2:1
in two-phase study

Zfs(mﬁ
Zfs(v)i
Extraction efficiency predicted from the
quadratic model for As(IIl) in SLM
Extraction efficiency predicted from the
quadratic model for As(V) in SLM
Extraction efficiency predicted from the
quadratic model for As(III):As(V)::1:1
in SLM

Extraction efficiency predicted from the
quadratic model for As(III):As(V)::1:2
in SLM

Extraction efficiency predicted from the
quadratic model for As(III):As(V)::2:1
in SLM

Recovery efficiency predicted from the
quadratic model for As(IIT) in SLM
Recovery efficiency predicted from the
quadratic model for As(V) in SLM
Recovery efficiency predicted from the
quadratic model for As(IIl):As(V)::1:1
in SLM

Recovery efficiency predicted from the
quadratic model for As(III):As(V)::1:2
in SLM

Recovery efficiency predicted from the
quadratic model for As(IIl):As(V)::2:1
in SLM
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