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KEYWORDS Abstract Adsorption process was simulated in this study for removal of Hg and Ni from water
Adsorption; using nanocomposite materials. The used nanostructured material for the adsorption study was a
Nanocomposites; combined MOF and layered double hydroxide, which is considered as MOF-LDH in this work.
Separation; The data were obtained from resources and different machine learning models were trained. We
Machine learning; selected three different regression models, including elastic net, decision tree, and Gradient boost-
Heavy metals ing, to make regression on the small data set with two inputs and two outputs. Inputs are Ion type

(Hg or Ni) and initial ion concentration in the feed solution (Cyp), and outputs are equilibrium con-
centration (Ce) and equilibrium capacity of the adsorbent (Qe) in this dataset. After tuning their
hyper-parameters, final models were implemented and assessed using different metrics. In terms
of the R2-score metric, all models have more than 0.97 for Ce and more than 0.88 for Qe. The Gra-
dient Boosting has an R2-score of 0.994 for Qe. Also, considering RMSE and MAE, Gradient
Boosting shows acceptable errors and best models. Finally, the optimal values with the GB model
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are identical to dataset optimal: (Ion = Ni, Cy = 250, Ce = 206.0). However, for Qe, it is different
and is equal to (Ion = Hg, CO = 121.12, Ce = 606.15). The results revealed that the developed
methods of simulation are of high capacity in prediction of adsorption for removal of heavy metals

using nanostructure materials.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Separation of heavy metals from water is a subject of great interest in
order to develop efficient processes for production of potable water as
well as treatment of wastewater (Liu et al., 2020; Ahmadi et al., 2020;
Geetal., 2019; Huang et al., 2022; Liu et al., 2022). Heavy metals such
as Hg and Ni are present in a variety of sources especially industrial
effluents, and they must be removed in order to achieve standard
water. Different processing methods have been utilized and developed
for treatment of water and removal of impurities such as membrane
separation, biological processes, adsorption, etc. The design of process
depends on a number of parameters such as the quality of feed water
and the treated water as well as the operational conditions (Jalali
Sarvestani and Ahmadi, 2020; Qaderi, 2020; Latif et al., 2021;
Makiabadi and Zakarianezhad, 2020; Xu et al., 2021; Hu et al.,
2022; Vahid and Jyotirmoy, 2021; Lin et al., 2021; Albadarin et al.,
2017; Rezakazemi et al., 2019; Soltani et al., 2020; Rezakazemi and
Shirazian, 2019).

Membrane separation has been recently extensively utilized for
water treatment and desalination. Basically, reverse osmosis process
is suggested for the case of ion removal from water. Also, nanofiltra-
tion is suggested for ion removal, however these processes require high
energy for the separation due to the operation at high pressure.
Another attractive membrane process which can be used for water
treatment and desalination is the membrane contactors which can be
used in various forms for application in water and wastewater treat-
ment. In these membrane contactors, two phases including feed and
the treatment agent are brought into contact for removal of the target
components. The process is mainly driven by mass transfer through the
boundary layers as well as the membrane pores.

Another attractive process which can be used for water treatment is
adsorption which is driven by utilization of adsorbent for mass transfer
between the liquid and the solid phase. The adsorbent plays crucial
role in water treatment using adsorption process, and the high surface
area is preferred to provide high separation efficiency (Syah et al.,
2021). Indeed, the porous materials at nano size are usually applied
for removal of species from liquid phase (Huang et al., 2021; Zhang
et al., 2021; Zhang et al., 2016; Wang et al., 2018; Bai et al., 2021).
The design of novel adsorbents for separation of impurities such as
heavy metals need experimental design and extensive measurements
and analytical effort. The best point in this method can be determined
where the adsorption occurs at the shortest time. However, computa-
tional techniques can be alternatively employed for simulation of
adsorption process and optimization of impurity removal from liquid
phase (Jia et al., 2012; Zhu et al., 2021; Liu et al., 2021; He et al., 2020;
Yin et al., 2022). Various method including mechanistic and machine
learning models can be employed for simulation of processes such as
adsorption separation where the optimum point is desirable to be
determined (Rezakazemi et al., 2019; Chen et al., 2021; Gholami
et al., 2015; Chen et al., 2021; Mohammadzadeh, 2021; Shang et al.,
2021; Annapurna and Yesaswini et al., 2021; Mengting et al., 2019;
Razavi et al., 2015; Shirazian and Ashrafizadeh, 2011; Khansary
et al., 2017; Keshavarz et al., 2015; Marjani et al., 2011).

The method of machine learning (ML) has been recently employed
in various areas such as adsorption modeling for removal of water
impurities (Syah et al., 2021; Yang et al., 2021; Syah et al., 2021).
The method has shown superior performance in terms of fitting for

adsorption process compared to other traditional empirical models
such as Langmuir model for description of adsorptive removal of pol-
lutants from water. Machine learning techniques are now widely used
to tackle classification, clustering, and regression problems across a
wide range of disciplines. The tools in this field of artificial intelligence
are classified into different groups used for different types of problems
(Alpaydin, 2020; Goodfellow et al., 2016; Murphy, 2012). This study
selected three different methods that fit the problem’s nature to make
predictions on the available dataset for description of a separation pro-
cess based on adsorption for removal of two heavy metals including
Hg and Ni from water.

One of the used computational techniques here is the elastic net
model (ENET), which is an extension of the lasso model and resistant
to extreme correlations between estimators. Elastic networks combine
the L1 and L2 norms. It can not only obtain sparse parameter solu-
tions to realize the selection of significant features, but it can also
maintain a certain degree of regularity to avoid parameter overfitting
in description of processes (Yu and Zhao, 2019; Sanejouand, 2013;
Heiss et al., 2021).

A decision tree, which is based on machine learning theory, is a
solution to resolve classification and regression problems easily. The
decision tree operates on a tree-like (hierarchical) model. The tree is
made up of a root node that contains all of the data, multiple internal
nodes to divide the data into two or more subsets, and several terminal
nodes (leaf nodes). One or more classes are cut off from the rest of the
classes at each node in the decision tree structure. The processing is
usually done by moving down of trees till the leaf node is reached, then
moving up to the next node in the tree. This is called a “top-down”
method (Xu et al, 2005; Breiman et al, 2017; Safavian and
Landgrebe, 1991). Decision tree regression (that we used in this
research) is a variant of a decision tree that can be used to approximate
real-valued outputs like class proportions (Safavian and Landgrebe,
1991; Mathuria, 2013; Rokach and Maimon, 2007).

Gradient Boosted Trees is a DT-based method. This ensemble
method uses Decision Trees as weak or base predictors for estimation
problems. The Gradient boosting algorithm, which is developed on the
concept of functional Gradient descent, optimizes a certain loss by
charging a new predictor to residual errors found by a prior predictor
(Amar et al., 2019; Friedman, 2001).

2. Data set for the computations

We used a dataset in this work to run the simulations for the
process. The dataset is collected for removal of Hg and Ni
from water at different conditions (Soltani et al., 2021). In
the simulations, we considered two outputs including Ce and
Qe which are the equilibrium concentration of solute, and
the equilibrium capacity of the adsorbent, respectively. Ion is
a categorized input and C, is a real-valued one in this set. This
dataset consists of a measly 18 entries for the adsorption pro-
cess. The detailed procedures of the measured data can be
found elsewhere (Soltani et al., 2021). There is a full represen-
tation of the data in Table 1. In addition, the distribution of all
considered variables is represented in Fig. 1, and Pearson cor-
relation is represented in Fig. 2.
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Pearson Correlation Plot

Table 1 List of data set employed for the simulations (Syah,
2021; Soltani, 2021).

No. X1 = Ion X2 = CO Y1 = QC Y2 = Ce
1 Ni 0.5 S 0
2 Ni 2 20 0
3 Ni 5 50 0
4 Ni 10 95 0.5 06
S Ni 25 230 2
6 Ni 50 380 12
7 Ni 100 426 57
8 Ni 160 433 116 04
9 Ni 250 439 206
10 Hg 0.5 5 0
11 Hg 2 20 0
12 Hg 5 50 0
13 Hg 10 99 0.1
14 Hg 25 247 0.3
15 Hg 50 445 5
16 Hg 100 500 50
17 Hg 160 518 108 fon 0 [ e
18 Hg 250 527 197
Fig. 2 Pearson Correlation of inputs/outputs.
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Fig. 1  Distribution of inputs/outputs.
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3. Methodology

3.1. Elastic net technique

As a lasso extension, the elastic net model (ENET) is resistant
to extreme correlations between estimators (Friedman, 2010).
The elastic net was initially proposed for analyzing big data
collections to avoid the instability of the lasso solution paths
when estimators are highly correlated (Zou and Hastie,
2005). This model employs a combination of the ¢, (lasso)
and ¢, (ridge regression) penalties and can be declared as
(Jha, 2017):

~

A .
feney = (1+%) {arg;nm Iy — XBIE + B2 + xlnml}

On the condition of & = A,/(4; + 4,), the elastic net estima-
tor (Above Equation) is seen to be equal to the minimizer of:

B (enet2) = argmin || y — XB [|5, subject to P,(p)
B

— (1= )| B, + 2l B} < s for some s

Here, P,(P) stands for the elastic net penalty. This method
simplifies the lasso when oo = 0 and the simple ridge regression
when o = 1. The elastic net’s /1 component is utilized for fea-
ture selection. Furthermore, the /2 component supports clus-
tered selection and stabilizes solution routes based on
random sampling, hence boosting prediction. When the groups
of correlated input features are unknown in advance, the
elastic net can pick them by creating a grouping effect through

Root

Node

feature selection, so that a group of strongly correlated charac-
teristics tends to have coefficients of comparable magnitude.
Unlike the lasso, if p > n, ENET selects more than n features
(Chennubhotla et al., 2005; Leioatts et al., 2012).

3.2. The method of decision tree

Recently, the decision tree predictive model (DT) is a broadly
used ML method for prediction of processes and events. In
particular, this method is widely usable in problems that con-
tain some categorical data like the current problem. A decision
tree consists of several terminal nodes and several intermediate
nodes (decision-makers). Each decision node divides the data
into two parts based on one or more input features, and this
continues hierarchically in the child nodes to reach the termi-
nal nodes. Each terminal node specifies the final predicate
value (regression and classification) (Mathuria, 2013; Rokach
and Maimon, 2007). Fig. 3 depicts a simplified decision tree
schematic (Wu, 2022).

3.3. Gradient boosting

Gradient Boosted Trees is an ensemble approach, with the
working mechanism that fresh weak estimators learn from
prior weak estimators. As the number of shaky estimators
rises, so does the model’s inaccuracy. In the meantime, the
GBRT algorithm establishes a ratio for weak learners, known
as the learning rate, in order to minimize overfitting. Predic-
tions made by weak estimators are added together and then
multiplied by the learning rate in the GBRT model to arrive

FALSE:

TRUE:

Fig. 3 Schematics of a decision tree.
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at the final forecast (Friedman, 2001; Elith et al., 2008; Mason
et al., 1999; Truong et al., 2020; Xu et al., 2017). Following
Algorithm shows the Gradient boosting method steps:

Initialize Fy(x) = argminl,zll.\ilL(yi7 P)
Fort=1 to M:
1. Calculate the negative Gradient:
Y =— {BL (y,élz(;’n)}
2. Create a tree model:
. - 2
a, = argmin, | (v —Bh(xi, a,))
3. Select a Gradient descent step size as:
Py = argmin, % L(y;, Ft = 1(x;) + ph(xi, a))
4. Recalculate the approximation of F(x):
Fi(x) = F, — 1(x) + p,h(x, a,)
Output: the aggregated regression function F;(x)

4. Results and discussion

The configurations of selected models are tuned, and final
models are implemented using these configurations to compare
and analyze the final results for the considered adsorption pro-
cess. In model regression analysis, the model error is defined as
the difference between the observed data points and the best fit
line produced by the algorithm. The model’s error will be cal-
culated using the following metrics when there are several data
points:

e MAE: This is the mean of the absolute values of the mis-
takes, which represent the deviation from real probability.
This is mathematically expressed as:

g = Sl = i
n

e RMSE: RMSE is a popular model performance evaluation
statistic since it may be regarded as the standard deviation
of the estimation errors. This is how it is written:

D (xi = yi)z

n

RMSE =

e R%-Score

The final results of fitting for comparison of the models are
represented in Tables 2 and 3, for equilibrium concentration
and equilibrium capacity of the adsorbent, respectively. Based
on Tables 2 and 3, we can choose the Gradient boosting (GB)
model as the most general and accurate model for description
of the adsorption for capture of ions. Figs. 4 and 5 compare
the actual and predicted values for both outputs. In these fig-
ures, blue points are trained, and red points are test predicted
values alongside a green line that stands for actual values.
These figures show that test data are predicted accurately in
the Gradient Boosting model which confirms the validity of
the model and lack of overfitting issue in the prediction of
the data points.

Table 2 Comparisons of the Model Results for Ce.

Technique MAE R’ RMSE
ELASTIC NET 1.605 0.976 0.168
DECISION TREE 0.127 0.996 0.134
GRADIENT BOOSTING 0.086 0.998 0.103
Table 3 Comparisons of the Model Results for Qe.
Technique MAE R? RMSE
ELASTIC NET 3.201 0.887 3.550
DECISION TREE 2.331 0.889 3.004
GRADIENT BOOSTING 1.605 0.994 2.169
Train & Test
200
150
8
el
s
© 100
8
o
50 .
.
0
0 50 100 150 200
Observed Ce
Fig. 4  Fitting chart for Ce using GB model.
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Fig. 5 Fitting chart for Qe using GB model.

Finally, based on the obtained results, the GB model is
selected, which is shown in Figs. 6 and 7 of the model surface.
The optimal values are shown in Table 4 separately for both
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Fig. 6 Predicted 3D plot of Hg ion.
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Fig. 7 Predicted 3D plot of Ni ion.

Table 4 Optimal values with final Gradient boosting Model.

Output Ton Co Output Value
Ce Ni 250 206.0
Qe Hg 121.12 606.15

outputs. These values are confirmed by 2D charts in Figs. 8-
11. It is clearly observed that Ce is increased with enhancing
the initial concentration of ion in the solution (Coy) for both
ions and follow a non-linear pattern. This observation could
be related to the accumulation of solutes in the bulk of feed
with enhancing its initial concentration, as the adsorbent has
limited capacity for adsorption of the solute onto its surface
(Syah et al., 2021). Indeed, it can be said that adsorption is
appropriate process for removal of impurities at low content

8 100 .

Hg

150

125

25 L

L]
o®
0] eeecceee®

0 50 100 150 200 250

Co

Fig. 8 2D graph of Ce using Gradient boosting with Hg Ion.
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Fig. 9 2D graph of Ce using Gradient boosting with Ni Ion.
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Fig. 10 2D graph of Qe using Gradient boosting with Hg Ion.



Predictive modeling and computational machine learning simulation 7

Ni
500
000000,
o*® )
00%%00q, .u". L
400 .- ..’00000°.
.
L]
L]

300 s
q) L]
o .

200

L]
100 L]
L]
o L]
[ 50 100 150 200 250
(G(0]

Fig. 11 2D graph of Qe using Gradient boosting with Ni Ion.

as the adsorbent would be saturated at high dosage of solutes
in the bulk of solution.

5. Conclusion

This study adopts three potential estimation techniques, including elas-
tic net, decision tree, and gradient boosting, to make regression on the
tiny data set with two inputs and two outputs. The dataset are for
adsorption of Ni and Hg onto the surface of a nanocomposite struc-
ture. Inputs are Ion type and C, (initial ion concentration in the solu-
tion), and outputs are Ce and Qe in this dataset. After adjusting their
hyper-parameters, final models were implemented and assessed using
several metrics. In terms of the R2-score measure, all models have a
score of greater than 0.97 for Ce and more than 0.88 for Qe (Gradient
Boosting has an R2-score of 0.994 for Qe). Also, considering RMSE
and MAE, Gradient Boosting gives tolerable mistakes and best mod-
els. Therefore, GB model was chosen as the most accurate model
among other models for description of the adsorption process.
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