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ARTICLE INFO ABSTRACT

Handling Editor: X. Cao The efforts of this study aimed to evaluate the feasibility of the nanotubular halloysites in weathered pegmatites
(NaHWP) for removing heavy metals (i.e., Cd2+, Pb%") from water. Furthermore, two novel intelligent models,

Keywords: such as teaching-learning-based optimization (TLBO)-artificial neural network (ANN), and TLBO-support vector

Heavy metals regression (SVR), named as TLBO-ANN and TLBO-SVR models, respectively, were proposed to predict the Cd**

Water treatment

. and Pb?* absorption efficiencies from water using the NaHWP absorbent. Databases used, including 53 exper-
Nanotubular halloysites

. iments for Pb>* absorption and 56 experiments for Cd>* absorption from water, under the catalysis of different
Weathered pegmatites O . i o0 2t . K i
Artificial intelligence conditions, such as initial concentration of Pb“" and Cd“", solution pH, adsorbent weight, and contact time.
Optimization algorithm Subsequently, the TLBO-ANN and TLBO-SVR models were developed and applied to predict the efficiencies of
Cd?* and Pb?* absorption from water, aiming to evaluate the role as well as the effects of different conditions on
the absorption efficiencies using the NaHWP absorbent. The standalone ANN and SVM models were also taken
into consideration and compared with the proposed hybrid models (i.e., TLBO-ANN and TLBO-SVR). The results
showed that the NaHWP detected in a Kaolin mine (Vietnam) with 70% nanotubular halloysites is a potential
adsorbent for water treatment to eliminate heavy metals from water. The two novel hybrid models proposed, i.e.,
TLBO-ANN and TLBO-SVR, also yielded the dominant performances and accuracies in predicting the Cd%* and
Pb>+ absorption efficiencies from water, i.e., RMSE = 1.190 and 1.102, R?=0.951 and 0.957, VAF = 94.436 and
95.028 for the TLBO-ANN and TLBO-SVR models, respectively, in predicting the Pb2* absorption efficiency from
water; RMSE = 3.084 and 3.442, R%=0.971 and 0.965, VAF = 96.499 and 96.415 for the TLBO-ANN and TLBO-
SVR models, respectively, in predicting the Cd*" absorption efficiency from water. Furthermore, the validation
results also demonstrated these findings in practice through 23 experiments with the accuracies of 98.3% and
98.37% for the TLBO-ANN and TLBO-SVR models, respectively, in predicting the Pb>* absorption efficiency from
water; the accuracies of 98.3% and 97.46% for the TLBO-ANN and TLBO-SVR models, respectively, in predicting
the Cd?* absorption efficiency from water. Besides, solution pH was evaluated as the most critical parameter that
can be adjusted to enhance the performance of the absorption of the heavy metals in this study. By using the
NaHWP absorbent and the novel proposed intelligent models developed, heavy metals can be eliminated entirely
from water, providing pure water/clean freshwater without any risk of adverse health effects for the short term
or long term.
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1. Introduction

Water is an indispensable part of human life, and it is one of the big
concerns globally, especially in developing countries. According to the

Nomenclature

NaHWP Nanotubular halloysites in weathered pegmatites

TLBO Teaching-learning-based optimization
ANN Artificial neural network

SVR Support vector regression

Al Artificial intelligence

RF Random forest

KELM  Kernel extreme learning machine
SEM Scanning electron microscopy

EDS Energy-dispersive X-ray spectroscopy
TEM Transmission electron microscopy

Al Aluminum

Si Silicon

0] Oxygen

Pb Lead

Cd Camidium

IP-MS Plasma-mass spectrometric

RMSE Root-mean-squared error

MSE Mean squared error

World Bank estimation, about only 40% of the populations around the
world have been used clean water resources for a specific end-use
(Tortajada and Biswas, 2018). The remaining must use the raw water
with many contaminations, such as heavy metals, bacteria, viruses, to
name a few. Nowadays, due to rapid industrialization, many water
supplies have been polluted (Rajput et al., 2017; Jayaswal et al., 2018;
Cuc et al., 2020; Phong et al., 2020). Furthermore, due to rapid urban-
ization, the demands for water ingestion and water purification are
increasing significantly. Many efforts have been adopted to survey and
extract flowwater and groundwater (Binh et al., 2020; Dieu et al., 2020).
However, they are still very scarce to provide for human life. Therefore,
the clean freshwater problems (e.g., drinking water, water ingestion,
and water purification) and how to treat raw water to achieve the
desired end-use is the big concern of researchers worldwide.

Many techniques/technologies have been proposed to process/treat
raw water/polluted water in recent years. The treatment is meaningful
and crucial to human health, aiming to respond to the demands of clean
freshwater without any risk of adverse health effects for the short term
or long term. The techniques/technologies involve removing contami-
nants (i.e., heavy metals, harmful microbes, residual disinfectants) from
raw water to produce cleaner water that is pure enough for human
consumption (Bo et al., 2021a, 2021b). Of those, heavy metals are taken
into account at a high-risk level to human health due to their high
toxicity and carcinogenicity (Morais et al., 2012; Wallace and Djord-
jevic, 2020). To remove heavy metals, graphene oxide and its compos-
ites have been introduced as excellent and most potential adsorbents
(Peng et al., 2017). Besides, carbon nanotubes have also been introduced
as potential adsorbents for heavy metals removal (Stafiej and Pyrzynska,
2007; Tofighy and Mohammadi, 2011; Fiyadh et al., 2019). In addition,
lignin and its derivatives are also proposed as the cost-effective adsor-
bent to absorb heavy metals in water (Wallace and Djordjevic, 2020). It
is a fact that scientists’ efforts in finding out new materials for water
treatment are significant. In recent years, halloysite nanotubes have
been discovered, and it was widely applied in various fields of industries
(Danyliuk et al., 2020), especially for water treatment (Hebbar et al.,
2016; Yu et al., 2016). It is a natural mineral and contained in soils and
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rocks in some countries, such as China, the USA, France, Brazil, to name
a few (Kausar, 2018). Despite the fact that halloysite nanotubes have
been applied to remove heavy metals in water. Nevertheless, depending
on each country’s formation conditions, its properties are different
(Pasbakhsh et al., 2013). Therefore, this study introduced nanotubular
halloysites in weathered pegmatites (NaHWP) — a type of halloysite
discovered in an open-pit kaolin mine in Vietnam with 70% of halloysite
included in the materials, for the removal of heavy metals. Herein,
NaHWP was considered to remove Pb?* and Cd?* from drinking water.

In water treatment, measures and predictions of treatment efficiency
also play an essential role in processes. Measures are taken to ensure the
quality of water after treatment. In some cases, water quality is evalu-
ated through its distribution and conveyance after treatment (Delahaye
et al., 2003; Shrestha et al., 2011; Rezaei et al., 2019). During the ab-
sorption of heavy metals by various adsorbents, the absorption effi-
ciency of different absorbents and different conditions is not the same.
Thus, the prediction of absorption efficiency is necessary to understand
the properties of the adsorbent used, as well as the necessary conditions
to achieve the highest performance. In recent years, artificial intelli-
gence (AI) and machine learning methods have been widely applied in
real-life with promising results (Hoang et al., 2020). Indeed, several
researchers applied different Al techniques to forecast the efficiency of
heavy metals absorption from water. Zhu et al. (2019)) applied artificial
neural network (ANN) and random forest (RF) models for predicting the
absorption efficiency of heavy metals on biochar. They found that the RF
model provided a promising performance for this aim with R? of 0.973.
In another study, Zhao et al. (2021)) applied the kernel extreme learning
machine (KELM) and Kriging models for similar purposes. They used
these models for not only the prediction of the absorption efficiency of
heavy metals but also for control factors on metal absorption. By the use
of another machine learning algorithm, such as support vector machine
(SVR), Li et al. (2019)) also successfully predicted the absorption effi-
ciency of Pb2+ from water on biochar. The accuracy of 100% was re-
ported in their study for the biochar system used and the efficiency of
Pb?* absorption. Similar studies with similar AI models have also been
conducted, and the readers can refer to the literature (Ahmad et al.,
2018; Moreno-Pérez et al., 2018; Lata et al., 2019). The literature review
indicates that several AI methods have been proposed to predict heavy
metals’ absorption efficiency from water. Nevertheless, they have not
yet applied to all materials.

Moreover, novel methods/models with the accuracy improved are
the goal of researchers to achieve the highest performance in this term.
Therefore, in this study, two novel Al models based on the hybridization
of teaching-learning-based optimization (TLBO)- ANN, and TLBO- SVR,
named TLBO-ANN and TLBO-SVR models, were proposed to predict the
absorption efficiency of Pb>" and Cd%" from water using the NaHWP
material, as described earlier. These models aim to provide insights into
the absorption efficiency of heavy metals (i.e., Pb*" and Cd*") by the
NaHWP. Also, the input factors, as well as the absorption conditions, can
be controlled and optimized by these models to maximum eliminate
heavy metals from drinking water using NaHWP. The structure of this
paper is organized as follows:

- Section 1: Introduction of the research problem and review of the
related works.

- Section 2: Introduction of the study site and general geological
structure.

- Section 3: Introduction of the nanotubular halloysites in weathered
pegmatites detected in the study area.

- Section 4: Experiments of heavy metals absorption and the dataset
used for this study.

- Section 5: Proposing the framework of the novel hybrid intelligent
models for predicting the heavy metals absorption efficiency.

- Section 6: Development of artificial intelligent-based models for
predicting the heavy metals absorption efficiency.

- Section 7: Presentation of the obtained results.
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- Section 8: Discussion of the obtained results.

- Section 9: Validation of the novel intelligent models developed.

- Section 10: Sensitivity analysis to highlight the importance of the
input variables used.

- Section 11: Conclusion and remarks.

2. Study site and general geological structure

The study area (Thach Khoan, Phu Tho province) is about 85 km
northwest of Hanoi city, the capital of Vietnam. Most of the study area is
occupied by the metamorphic Thach Khoan Formation of Proterozoic
age (PRs-€1tk). Next are the early Devonian Ban Nguon Formation
(D1bn) sedimentary rocks and lose Quaternary. Magma blocks related to
the Late Paleozoic Tan Phuong granite complex are scattered distributed
in the area. Remarkably, there are many pegmatite bodies with the
strikes of N60° to 80°W and a dip of 50° + 80° to the southwest in the
area. The length of these pegmatite bodies ranges from a few hundred to
thousands of meters, and these wide are from ten to hundreds of meters.
(Fig. S1 in supplementary material). The pegmatite bodies are weath-
ered, and the weathering profile is up to 45 <+ 50 m. Tabular halloysites
were identified in this weathered zone with significant amounts (Bui and
Nguyen, 2016; Bac et al., 2018).

3. Nanotubular halloysites in weathered pegmatites

The sample collecting from the Thach Khoan area (Phu Tho province,
Vietnam) was well mixed and then separated to the particle size of <32
pm using a wet sieving method. The sample under the sieve (<32 pm)
was dried at 60 °C (Fig. 1A). Analytical methods used to determine the
existence of tubular halloysites included scanning electron microscopy
(SEM) with Fourier-transform infrared spectroscopy (FT-IR), energy-
dispersive X-ray spectroscopy (EDS), and transmission electron micro-
scopy (TEM).
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Fig. 1B presents the sample’s SEM image with halloysite minerals in
rod-shaped shapes overlapping to a matrix. The EDS result for the
mineral also indicates the presence of aluminum (Al), silicon (Si), and
oxygen (O) elements, corresponding to the general chemical formula of
the kaolin group (AlSi;Os(OH)4.nH20) (Fig. 1C). The FT-IR analysis
result is shown in Fig. 1D. From the FT-IR spectra, the vibration of
stretching was defined with the absorptions bands at 3696 and 3620
cm™! since the O-H groups inner-surface; the interlayer water was
defined with the bands at 1641 cm™!; the stretching region of Si-O was
defined with two bands at 1112 and 1006 cm™!; the Al-OH bending
vibration was defined with the band at 910 cm’l; the Al-O-OH
stretching mode was observed with the band at 796, 755 cm ™! for the
whole samples; the Si-O low stretching was defined with a band of 691
em™'; Al-O-Si and Si-O-Si vibration were defined with the bands at 540
and 471 cm ™, respectively. The FT-IR pattern of this sample is similar to
previous studies about halloysite minerals (Iuliu et al., 2001; Ray et al.,
2000; Li et al., 2019). Notably, the TEM image clearly shows the tubular
structure of the halloysite minerals in the sample. (Fig. 1E). Thus, the
analysis results using SEM-EDS and TEM confirmed the existence of
halloysite minerals in the Thach Khoan sample, consistent with previous
research (Bui and Nguyen, 2016; Bac et al., 2018).

4. Experiments of heavy metals absorption and the dataset used
for intelligent methods

The experiments are conducted in the laboratory by adding a
quantity of nanotubular halloysite powder to 50 ml of a solution for Pb?*
(or Cd?"). The primary purpose of this task is to examine the effects of
different physicochemical characteristics on absorption. The initial
concentrations of Pb%t (or Cd*") are prepared and controlled in the
range of from 20 -+ 80 mg/L. The contact time for both ions is varied
from 10 to 120 min. The solutions’ pH is adjusted in a range of 2.95-8.8
(Supplementary material). The dose of nanotubular halloysite powder
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Fig. 1. Samples and tubular structure of the halloysite minerals. A - Sample of the halloysite minerals; B - Sample’s SEM image with halloysite minerals in rod-shaped
shapes overlapping to a matrix; C - Presence of elements in halloysite mineral through the EDS pattern; D — The FT-IR analysis results; E - TEM image of the halloysite

minerals with the tubular structure.
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changed from 0.3 to 0.9 g to obtain the unsaturated states. The mixtures
are then shaken continuously at 100 rpm using a mechanical shaker at
room temperature. Once the solid was removed by the filtration method,
the remaining concentration of Pb%* and Cd?* was determined by using
the inductively inducing plasma-mass spectrometric method (ICP-MS).

Finally, a total of 53 experimental cases were performed, with each
case comprising five factors of the initial concentration of Pb%" (Pbip;.
tial), the adsorbent weight (Pbaw), solution pH (Pbpy), contact time
(Pbcr), and the Pb®* concentration after absorption (Pbyygpyr). For Cd2*
ion, 56 experimental cases were carried out, and five experimental
factors are Cdipjtial, Cdpn, Cdaw, Cdcr, and Cdoutput-

The details and characteristics of the dataset used are illustrated in
Fig. S2 (Supplementary material), and the datasets used are also avail-
able in the Supplementary material with Tables S1 and S2.

5. Hybrid TLBO-ANN and TLBO-SVR models

As introduced above, ANN and SVR are robust and conventional soft
computing models, and they have been widely applied in various areas
(Chahnasir et al., 2018; Shariati et al., 2019, 2020; Hoang et al., 2021a,
2021b; Hong et al., 2021; Jue et al., 2021; Libing et al., 2021; Xuan-Nam
et al., 2021). In this study, ANN and SVR were selected as the primary
models for predicting the absorption efficiency of heavy metals from
water (i.e., Pb%* and Cd?*). Based on the advantages and the robustness
of the TLBO algorithm, the ANN and SVR models were optimized by the
TLBO algorithm to improve their accuracy in predicting the absorption
efficiency of Pb?t and Cd?' from water, named as TLBO-ANN and
TLBO-SVR models. To optimize the ANN model, the TLBO algorithm
implements optimization solutions to optimize the weights of the ANN
model to find out their best values with the best performance of the ANN
model. Whereas, the searching procedure of the TLBO algorithm im-
plements a random search based on its optimization solutions to deter-
mine the optimal values of the SVR’s hyper-parameters (e.g., ¢ and C).
The principle of the ANN, SVR, and TLBO was introduced in the Sup-
plementary material. The framework of the TLBO-ANN and TLBO-SVR
models is proposed in Fig. 2.

Accordingly, the dataset was divided into two sections: training and
testing. Subsequently, the training dataset was pre-processed and
normalized in the range of [-1,1] before developing the models aiming
to avoid overfitting of the models (Hoang, 2020). An ANN and SVR
models were then developed based on the processed training dataset as
the initial models. Whereas weights are the main parameter that can be
used to control and tune the performance/accuracy of the ANN model,
the SVR model used ¢ and C parameters to control and tune the
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performance/accuracy of the model with the support of RBF function.
Subsequently, the TLBO algorithm was used to optimize these parame-
ters (i.e., weights, ¢ and C), aiming to provide better models with the
performance/accuracy improved. Herein, root-mean-squared error
(RMSE) was used as the objective function to optimize the ANN and SVR
models. The stopping condition was then checked whether it is satisfied
or not. Finally, the optimal TLBO-ANN and TLBO-SVR models were
defined, and their performance is validated through the testing dataset.

6. Development of artificial intelligent-based models

Prior to developing the predictive models, the datasets are divided
into 70% for the training and developing models and the remaining 30%
for testing the models (Trung et al., 2019). The MinMax scaling method
was applied with the range of [-1, 1] to avoid overfitting, as mentioned
above.

6.1. ANN model

As is known, the network topology of an ANN model is a challenging
before training the network for the aim of Pb?" and Cd?* absorption
efficiency prediction. Therefore, a procedure of trial-and-error was
implemented to define the structure of the ANN models (Mohammad-
hassani et al., 2013). Finally, an ANN topology with one hidden layer
and 12 hidden neurons was defined for this stage. It is worth mentioning
that the backpropagation algorithm was used to train the ANN model for
estimating the efficiency of Cd%>* and Pb?" absorption from water.
Subsequently, deep learning techniques, such as the use of the “ReLU”
active function, “he_uniform” kernel initializer, stochastic gradient
descent optimizer with a learning rate of 0.1, the momentum of 0.9 and
decay of 0.0001, were applied to train the ANN models, aiming to
achieve the highest performances. Mean squared error (MSE) was used
as the loss function to evaluate the performance during the development
of the ANN models. The models’ development results are shown in
Fig. S6 (Supplementary material).

The performance curves in Fig. S6 indicated that the ANN models for
predicting Pb?* and Cd?* absorption efficiency from water were well-
developed without overfitting. In other words, these ANN models are
good, and their performances are discussed and evaluated in the next
section.

6.2. SVR model

Regarding the SVR modeling, the RBF function was applied to train

ANN Model

TRAINING

TESTING

TLBO
optimizer

TLBO-ANN Model TLBO-SVR Model

Fig. 2. The proposed framework of the TLBO-ANN and TLBO-SVR models for predicting heavy metals absorption in this study.
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the SVR models for predicting Pb> and Cd?* absorption efficiency from
water. Accordingly, ¢ and C were used as the main parameters to tune
the performance of the SVR models in this case. Grid search technique
with 980 models was implemented to find out the best SVR models for
predicting Pb?* and Cd?* absorption efficiency from water. Finally, the
best SVR models were found with 6 = 0.1 and C = 10 for this aim, and
their performances are discussed and evaluated in the next section.

6.3. TLBO-ANN and TLBO-SVR models

Once the best ANN and SVR models were well-developed as the
standalone models for predicting Pb>* and Cd?* absorption efficiency
from water, the proposed framework in Fig. 2 was applied to develop the
TLBO-ANN and TLBO-SVR models for similar purposes.

Accordingly, the parameters of the developed ANN and SVR models
in the previous sections (i.e., weights, ¢ and C) were optimized by the
TLBO algorithm, aiming to improve their performance/accuracy. To do
this, the TLBO algorithm was set up with the number of learners are 50,
100, 150, 200, 250, 300, 350, 400, 450, 500, respectively. RMSE was
used as the loss function to evaluate the optimization processes. The
global search of the TLBO algorithm was repeated with 1000 iterations
to determine the best position with the best learner. Finally, the optimal
TLBO-ANN and TLBO-SVR models were defined through the training
curves in Fig. 3. Their results and performances are shown, discussed,
and evaluated in the next sections.

7. Results

As stated above, the testing datasets were used to validate the
developed models (i.e., ANN, SVR, TLBO-ANN, and TLBO-SVR). The
prediction results of the individual models on the Pb%* and Cd?* testing
datasets are shown in Tables 1 and 2, respectively. Finally, their per-
formances are computed in Table 3.
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Table 1
Prediction results of the individual models for predicting Pb>* absorption effi-
ciency from water (testing phase).

Actual Pb>* absorption efficiency ~ Predicted Pb2* absorption efficiency

ANN SVR TLBO- TLBO-
ANN SVR

4.820 5.319 6.824 5.887 6.506
3.066 5.348 5.657 2.499 3.507
2.500 3.061 8.707 4.669 5.024
14.520 15.118  14.772 14.717 14.367
10.420 9.602 8.138 9.230 9.259
14.110 12.288  11.963 13.175 12.074
4.000 5.228 4.898 4.548 4.064
13.530 11.453  11.999 13.240 13.356
4.664 3.828 5.799 5.243 5.484
8.210 7.434 6.965 7.605 7.956
3.990 2.286 5.523 2,919 2.635
15.370 16.922  14.559 15.048 14.466
14.774 16.518  12.619 16.919 13.878
15.587 16.618  14.898 17.962 15.709
11.200 10.572  10.455 11.952 11.488
4.015 5.973 5.249 3.008 4.446

8. Discussion

In this section, two main objectives of this study are discussed and
evaluated as mentioned in the title of the paper, including:

(i) The feasibility of nanotube-type halloysite in weathered pegma-
tites for heavy metals removal (i.e., Pb%" and Cd?") from water;

(i) The performances of the developed state-of-the-art models for
predicting Pb%* and Cd?* absorption efficiency from water using
nanotube-type halloysite in weathered pegmatites.

It can be seen that the modified nanotubular halloysites from

TLBO-SVR training performance for Pb2+ absorption
0.34

033\

0324\

w031
@

=

0.29 \“_\;

028

027
100 200 300 400 500 600 700 800 900 1000
Iterations

—

—Number of populations = 50 Number of populations = 100 ——Number of populations = 150
Number of = of = of =300
Number of = N of = N of =450

—Number of populations = 500

©

TLBO-SVR training performance for Cd2+ absorption
2.35
2.30
225
220
2.15
Y210
2205
2.00
1.95
1.90
1.85
1.80
0 100 200 300 400 500 600 700 800 900 1000
Iterations

——Number of populations = 50 ——Number of populations = 100 ——Number of populations = 150

Number of =200 of =250 of =300

of populations = 350 of =400 of =450
——Number of populations = 500

()

Fig. 3. Training performance of the TLBO-ANN and TLBO-SVR models during predicting Pb>* and Cd?" absorption efficiency from water (a) TLBO-ANN model for
predicting Pb>* absorption efficiency from water; (b) TLBO-ANN model for predicting Cd>" absorption efficiency from water; (c) TLBO-SVR model for predicting

Pb?* absorption efficiency from water; (d) TLBO-SVR model for predicting Cd**

absorption efficiency from water.
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Table 2
Prediction results of the individual models for predicting C
ciency from water (testing phase).

d2* absorption effi-

Actual Cd?* absorption efficiency ~ Predicted Cd** absorption efficiency

ANN SVR TLBO- TLBO-
ANN SVR

22.087 20.837 17.489  17.658 20.213
40.617 43.779  38.166  44.190 37.849
41.667 43.441 37.488 42715 38.119
34.114 30.941 39.055  33.204 35.028
18.076 19.791 15.597  19.189 20.258
17.852 19.319 18.121 19.543 20.932
17.603 20.061 23.078  18.874 18.075
59.261 63.280  53.553  61.013 58.804
22.952 21.282  22.341 21.785 22.247
60.619 66.779  50.506  63.615 55.126
32.636 27.125  31.294  32.404 30.632
19.299 17.249  23.351 20.472 20.463
58.344 58.290 55.118 59.921 60.218
23.521 29.261 16.905  29.441 14.781
16.431 14.164 19.485 13.816 14.524
39.256 290.662  38.897 32194 36.587
60.890 68.274  51.224  64.431 54.933

weathered pegmatites have a good ability to adsorb Pb and Cd ions in
water. The absorption efficiency of this material is higher than the flat
kaolinite, which is also one of the minerals of the kaolin group (Angove
et al., 1997; Srivastava et al., 2004; Maged et al., 2020). This difference
may be due to a certain effect of small particle sizes and the unique
tubular structure of the halloysites. Additionally, halloysites have mul-
tiple surface groups with aluminol groups (Al-OH) inside the tubes and
siloxanes on the surfaces of tubes, which can form a charged surface for
ion adsorption and depend on pH changes. The adsorption capacity of
heavy metal ions in an aqueous solution can be increased when the
halloysites in this area are modified under suitable experimental
conditions.

Regarding the performances of the developed state-of-the-art models
for predicting Pb%* and Cd?" absorption efficiency from water using
nanotube-type halloysite in weathered pegmatites, as computed and
listed in Tables 1--3, it can be seen that all four models are good in terms
of heavy metals absorption (e.g., Pb%* and Cd%"). Notably, the hybrid
models, i.e., TLBO-ANN and TLBO-SVR, provided better performances
than those of the standalone ANN and SVR models. In other words, the
TLBO algorithm improved the accuracy of the standalone ANN and SVR
models significantly. In this sense, the accuracy of the TLBO-ANN model
was improved by approximately 2.2% in predicting Pb?* absorption
efficiency and improved approximately 3% in predicting Cd** absorp-
tion efficiency compared with the standalone ANN model. Whereas, the
TLBO-SVR model was improved by approximately 14% in predicting
Pb2* absorption efficiency and improved approximately 4.3% in pre-
dicting Cd?* absorption efficiency compared with the standalone SVR
model. Figs. 4 and 5 show the correlation and box-whisker plots of the
models, for both training and testing dataset, in predicting Pb>" and
Cd?* absorption efficiency, respectively.

Table 3

Chemosphere 282 (2021) 131012

For the Pb%" absorption efficiency predictive models, the pre-
dictions’ trend is good, as shown in Fig. 4; however, their convergence in
the regression lines is limited, especially the convergence of the SVR
predictions. Furthermore, the SVR model provided some outcomes out
of the model’s 80% confidence level. Meanwhile, the number of such
outcomes is less for the ANN model. Considering the box plots of the
models in predicting Pb>" absorption, it can be seen that the distribu-
tion, as well as accuracy of the developed models, are in good forms,
especially the TLBO-ANN model. No outlier appeared in the TLBO-ANN,
TLBO-SVR, and ANN models; whereas, only one outlier appeared in the
training phase of the SVR model.

Regarding the Cd?" absorption efficiency predictive models (Fig. 5),
the results seem to be better than the Pb2* absorption efficiency pre-
dictive models, and most of the predictions are fit in the 80% of confi-
dence level. Indeed, the accuracy of the AI models is highly appreciated
in predicting Cd?* absorption efficiency, especially the TLBO-ANN
model. To have a comprehensive assessment and view of the devel-
oped models’ accuracy in practical, the Taylor diagrams were calculated
and visualized in Fig. 6.

Looking at Fig. 6 can see that the accuracy of the hybrid models, i.e.,
TLBO-ANN and TLBO-SVR, are higher than those of the ANN and SVR
model without optimization of the TLBO algorithm. Whereas the accu-
racy of the TLBO-SVR model is slightly higher than the TLBO-ANN
model in predicting Pb%" absorption efficiency, their performance is
similar in predicting Cd?* absorption efficiency, and both are close to
the observed model (actual model).

9. Validation of the TLBO-ANN and TLBO-SVR in practice

Due to the TLBO-ANN and TLBO-SVR models were defined as the
best models for predicting the efficiency of Cd?" and Pb?* absorption
from water; therefore, they were selected to validate in practice.
Accordingly, we have performed further experiments, including 11
samples for Pb>* absorption and 12 samples for Cd*™ absorption under
various conditions of the inputs, as listed in Tables 4 and 5.

Once the validation datasets of Cd%* and Pb?* absorption from water
were prepared, the TLBO-ANN and TLBO-SVR models were applied to
predict the efficient absorption of Cd** and Pb?* from water. The pre-
diction results are illustrated in Fig. 7, and their performance is
computed in Table 6.

From the obtained validation results based on the further experi-
ments, it can be seen that NaHWP is a sturdy material to absorb heavy
metals from water, especially Pb?* and Cd?*. Furthermore, the TLBO-
ANN and TLBO-SVR models are robust and high reliable models for
predicting the efficiency of Cd* and Pb?* absorption from water in
practice.

10. Sensitivity analysis

After the NaHWP and the TLBO-ANN and TLBO-SVR models were
well-evaluated and defined for removing heavy metals (e.g., Pb>" and
Cd%") in water treatment under various inputs and conditions, a sensi-
tivity analysis was conducted to determine the importance of the input

Performances of the individual models for predicting Pb>* and Cd>* absorption efficiency from water.

Heavy metals absorption Models Training phase Testing phase
RMSE R? VAF RMSE R? VAF

Pb>" absorption ANN 1.320 0.961 96.047 1.389 0.924 92.217
SVR 1.923 0.948 91.626 2.170 0.849 81.001
TLBO-ANN 0.846 0.984 98.375 1.190 0.951 94.436
TLBO-SVR 0.275 0.999 99.830 1.102 0.957 95.028

cd** absorption ANN 3.089 0.952 95.248 4.284 0.951 93.115
SVR 4.227 0.919 91.156 4.945 0.938 92.187
TLBO-ANN 2.528 0.968 96.817 3.084 0.971 96.499
TLBO-SVR 1.810 0.985 98.425 3.442 0.965 96.415
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Fig. 4. Training and testing accuracies of the individual models in predicting Pb?* absorption efficiency from water through correlation and box plots. (a) Training
ANN model; (b) Testing ANN model; (c) Training SVR model; (d) Testing SVR model; (e) Training TLBO-ANN model; (f) Testing TLBO-ANN model; (g) Training
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Fig. 4. (continued).

at providing a comprehensive solution to adjust the values of the input

variables aiming to achieve higher performance in removing heavy

metals from water using NaHWP and the developed Al models.

Based on Fig. S7, it can be seen that the initial concentrations of Pb>*

and Cd?" are the most important, following are the pH, AW and CT.
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Fig. 5. Training and testing accuracies of the individual models in predicting Cd*>* absorption efficiency from water through correlation and box plots (a) Training
ANN model; (b) Testing ANN model; (c) Training SVR model; (d) Testing SVR model; (e) Training TLBO-ANN model; (f) Testing TLBO-ANN model; (g) Training
TLBO-SVR model; (h) Testing TLBO-SVR model.
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Fig. 5. (continued).

Among the four inputs used, CT appears to have a minor effect on heavy
metal removal performance in water using NaHWP for both Pb?" and
Cd>*. Whereas the Pbinitial and Cdipitia are uncontrollable parameters,
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pH can be adjusted to enhance the performance of the absorption of the
heavy metals in this study.
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Fig. 6. Taylor diagrams of the individual models for evaluating the prediction
efficiency (a) Pb2* absorption; (b) Cd%* absorption.

Table 4

Validation dataset of Pb>* absorption from water.
Pbinitial Pbyy Pbaw Pbcr Pboutput
35 4.96 0.6 60 6.102
45 4.96 0.6 60 12.022
45 4.96 0.6 65 12.125
40 5.31 0.5 35 4.289
55 4.96 0.4 60 38.127
55 4.96 0.4 65 38.029
40 5.31 0.6 50 2.223
20 5.31 0.7 60 2.015
80 5.31 0.6 60 2.425
60 5.31 0.7 55 3.178
70 5.31 0.7 60 4.369
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Table 5

Validation dataset of Cd?>" absorption from water.
Cdinitial Cdpn Cdaw Cdcr Cdoutput
80 6.3 0.4 60 60.143
80 6.3 0.5 65 44.012
70 6.8 0.5 60 40.759
70 6.8 0.6 75 31.854
46 6.2 0.5 55 23.669
46 6.2 0.6 65 23.864
50 6.5 0.8 60 15.045
60 6.3 0.8 70 25.369
70 6.2 0.7 65 43.992
80 6.5 0.6 50 61.859
20 6.5 0.7 65 4.857
30 6.5 0.8 60 3.567

11. Conclusion, remarks and limitations

Water treatment with the removal of heavy metals is meaningful and
crucial to human health, aiming to respond to clean freshwater demands
without any risk of adverse health effects for the short term or long term.
In the theme of this work, we discovered the nanotubular halloysites
from weathered pegmatites in a kaolin mine with 70% of nanotubular
halloysites as a potential material for absorption of heavy metals (i.e.,
Pb?* and Cd?") from water. Their feasibility was also thoroughly eval-
uated in terms of removing heavy metals (i.e., Pb>* and Cd>") by the
chemical-physical method. The experiments and results indicated that
this material is a good absorbent for removing Pb%* and Cd?* from
water, with 79.3% of Pb®>" were removed and 51.45% of Cd*" was
removed from the water.

Although the performance of the heavy metals’ absorption from the
water of this material is good, efforts to improve the performance of the
absorption of the heavy metals from the water of this material are
necessary. The experiments show that the performance of the absorption
of the heavy metals from water depends on the initial concentration of
Pb%* or Cd*T, solution pH, adsorbent weight, and contact time. There-
fore, we developed and proposed two novel hybrid intelligent models for
predicting the heavy metals absorption efficiency from water based on
these parameters, namely TLBO-ANN and TLBO-SVR models. The results
show the proposed TLBO-ANN and TLBO-SVR models can predict the
heavy metals absorption efficiency from water with high accuracy. In
other words, they can be used to adjust the input parameters to achieve
higher performance in removing heavy metals from water.

Inspire of the absorption performance of the discovered material as
well as the accuracy of the proposed intelligent models (i.e., TLBO-ANN
and TLBO-SVR) are outstanding in this study; nevertheless, some limi-
tations are necessary for further research in the future:

- The feasibility of this material in the absorption of other toxic heavy
metals from water, such as Hg", Cr**, Ni2t, Cu?*, to name a few,
should be considered and evaluated in future research.

- A larger dataset of heavy metals absorption is better for the proposed
intelligent models aiming to provide higher accuracies in predicting
the heavy metals absorption efficiency from water. With the higher
accuracies of the models, heavy metals in water can be removed in a
better way.
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Fig. 7. Results and accuracies of the TLBO-ANN and TLBO-SVR models. in the validation dataset.

Table 6
Performance of the TLBO-ANN and TLBO-SVR models in the validation dataset.

Heavy metals absorption Models Validation dataset
RMSE R? VAF
Pb%* absorption TLBO-ANN 1.785 0.985 98.300
TLBO-SVR 1.709 0.986 98.366
Cd* absorption TLBO-ANN 2.585 0.988 98.323
TLBO-SVR 2.929 0.975 97.464

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

12

Acknowledgments

This research was financially supported by the Vietnam National
Foundation for Science and Technology Development (NAFOSTED),
under grant number 105.99-2017.317.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.chemosphere.2021.131012.

References

Ahmad, M., Usman, A.R., Al-Faraj, A.S., Ahmad, M., Sallam, A., Al-Wabel, M.L., 2018.
Phosphorus-loaded biochar changes soil heavy metals availability and uptake
potential of maize (Zea mays L.) plants. Chemosphere 194, 327-339.

Angove, M.J., Johnson, B.B., Wells, J.D., 1997. Adsorption of cadmium (II) on kaolinite.
Colloid. Surface. Physicochem. Eng. Aspect. 126, 137-147.


https://doi.org/10.1016/j.chemosphere.2021.131012
https://doi.org/10.1016/j.chemosphere.2021.131012
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref1
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref1
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref1
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref2
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref2

B.H. Bac et al.

Bac, B.H., Dung, N.T., Khang, L.Q., Lam, N.V., An, D.M., Son, P.V., Anh, T.T.V.,
Chuong, D.V., Tinh, B.T., 2018. Distribution and characteristics of nanotubular
halloysites in the Thach Khoan area. Phu Tho, Vietnam. Minerals 8, 290.

Binh Van, Do, Ha Thi Kim, Tran, Hai Thi, Do, Cuong Cao, Do, Anh Lan, Do, Nam, Hoang,
Thuy Van, Ho, 2020. Calculation of the exploited flow water in the Toadg sediments
at the wells Kien Khe, Hanam. J. Min. Earth Sci. 61 (2), 41-49. https://doi.org/
10.46326/JMES.2020.61(2).05.

Bo, Ke, Hoang, Nguyen, Xuan-Nam, Bui, Hoang-Bac, Bui, et al., 2021. Predicting the
sorption efficiency of heavy metal based on the biochar characteristics, metal
sources, and environmental conditions using various novel hybrid machine learning
models. Chemosphere 276. https://doi.org/10.1016/j.chemosphere.2021.130204.

Bo, Ke, Hoang, Nguyen, Xuan-Nam, Bui, Hoang-Bac, Bui, Trung Thoi, Nguyen, 2021.
Prediction of the sorption efficiency of heavy metal onto biochar using a robust
combination of fuzzy C-means clustering and back-propagation neural network.

J. Environ. Manag. 293 https://doi.org/10.1016/j.jenvman.2021.112808.

Bui, H.-B., Nguyen, T.-D., 2016. Finding of halloysite nanotubes in Lang Dong kaolin
deposit, Phu Tho province. Vietnam Journal of Earth Sciences 34, 275-280.

Chahnasir, E.S., Zandi, Y., Shariati, M., Dehghani, E., Toghroli, A., Mohamad, E.T.,
Shariati, A., Safa, M., Wakil, K., Khorami, M., 2018. Application of support vector
machine with firefly algorithm for investigation of the factors affecting the shear
strength of angle shear connectors. Smart Struct. Syst. 22, 413-424.

Cuc Thi, Nguyen, Hoa Thi Mai, Phan, Phuong, Nguyen, Phi Quoc, Nguyen,

Hoa Anh, Nguyen, Hoang Anh, Le, 2020. Temporal-spatial variation of surface water
affected by apatite mining activity in Lao Cai, Viet Nam. J. Min. Earth Sci. 61 (6),
73-81. https://doi.org/10.46326/JMES.2020.61(6).08.

Danyliuk, N., Tomaszewska, J., Tatarchuk, T., 2020. Halloysite nanotubes and halloysite-
based composites for environmental and biomedical applications. J. Mol. Lig. 309,
113077.

Delahaye, E., Welte, B., Levi, Y., Leblon, G., Montiel, A., 2003. An ATP-based method for
monitoring the microbiological drinking water quality in a distribution network.
Water Res. 37, 3689-3696.

Dieu Tien, Bui, Khabat, Khosravi, Mahshid, Karimi, et al., 2020. Enhancing nitrate and
strontium concentration prediction in groundwater by using new data mining
algorithm. Sci. Total Environ. 715 https://doi.org/10.1016/j.
scitotenv.2020.136836.

Fiyadh, S.S., AlSaadi, M.A., Jaafar, W.Z., AlOmar, M.K., Fayaed, S.S., Mohd, N.S., Hin, L.
S., El-Shafie, A., 2019. Review on heavy metal adsorption processes by carbon
nanotubes. J. Clean. Prod. 230, 783-793.

Hebbar, R.S., Isloor, A.M., Ananda, K., Ismail, A., 2016. Fabrication of polydopamine
functionalized halloysite nanotube/polyetherimide membranes for heavy metal
removal. J. Mater. Chem. 4, 764-774.

Hoang, Nguyen, 2020. Application of the k - nearest neighbors algorithm for predicting
blast - induced ground vibration in open - pit coal mines: a case study. J. Min. Earth
Sci. 61 (6), 22-29. https://doi.org/10.46326/JMES.2020.61(6).03.

Hoang, Nguyen, Nam Xuan, Bui, Hieu Quang, Tran, Giang Thi Huong, Le, 2020. A novel
soft computing model for predicting blast - induced ground vibration in open - pit
mines using gene expression programming. J. Min. Earth Sci. 61 (5), 107-116.
https://doi.org/10.46326/JMES.KTLT2020.09.

Hoang, Nguyen, Xuan-Nam, Bui, Quang-Hieu, Tran, et al., 2021a. Prediction of ground
vibration intensity in mine blasting using the novel hybrid MARS-PSO-MLP model.
Eng. Comput. https://doi.org/10.1007/500366-021-01332-8.

Hoang, Nguyen, Xuan-Nam, Bui, Quang-Hieu, Tran, 2021b. Estimating Air Over-pressure
Resulting from Blasting in Quarries Based on a Novel Ensemble Model
(GLMNETs-MLPNN). Nat. Resour. Res. 30, 2629-2646. https://doi.org/10.1007/
511053-021-09822-8.

Hong, Zhang, Hoang, Nguyen, Xuan-Nam, Bui, et al., 2021. A generalized artificial
intelligence model for estimating the friction angle of clays in evaluating slope
stability using a deep neural network and Harris Hawks optimization algorithm. Eng.
Comput. https://doi.org/10.1007/500366-020-01272-9.

Tuliu, Bobos, Joelle, Duplay, Joao, Rocha, Celso, Gomes, 2001. Kaolinite to halloysite-7 A
transformation in the kaolin deposit of Sao Vicente de Pereira, Portugal. Clay Clay
Miner. 49, 596-607. https://doi.org/10.1346/CCMN.2001.0490609.

Jayaswal, K., Sahu, V., Gurjar, B., 2018. Water Pollution, Human Health and
Remediation. Water Remediation. Springer, pp. 11-27.

Jue, Zhao, Hoang, Nguyen, Trung Thoi, Nguyen, et al., 2021. Improved
Levenberg-Marquardt backpropagation neural network by particle swarm and whale
optimization algorithms to predict the deflection of RC beams. Eng. Comput. https://
doi.org/10.1007/s00366-020-01267-6.

Kausar, A., 2018. Review on polymer/halloysite nanotube nanocomposite. Polym. Plast.
Technol. Eng. 57, 548-564.

Lata, S., Prabhakar, R., Adak, A., Samadder, S.R., 2019. As (V) removal using biochar
produced from an agricultural waste and prediction of removal efficiency using
multiple regression analysis. Environ. Sci. Pollut. Control Ser. 26, 32175-32188.

13

Chemosphere 282 (2021) 131012

Li, M., Wei, D, Liu, T., Liu, Y., Yan, L., Wei, Q., Du, B., Xu, W., 2019. EDTA
functionalized magnetic biochar for Pb (II) removal: adsorption performance,
mechanism and SVM model prediction. Separ. Purif. Technol. 227, 115696.

Libing, Yang, Hoang, Nguyen, Xuan-Nam, Bui, et al., 2021. Prediction of gas yield
generated by energy recovery from municipal solid waste using deep neural network
and moth-flame optimization algorithm. J. Clean. Prod. 311 https://doi.org/
10.1016/j.jclepro.2021.127672.

Maged, A., Ismael, 1.S., Kharbish, S., Sarkar, B., Peraniemi, S., Bhatnagar, A., 2020.
Enhanced interlayer trapping of Pb (II) ions within kaolinite layers: intercalation,
characterization, and sorption studies. Environ. Sci. Pollut. Control Ser. 27,
1870-1887.

Mohammadhassani, M., Nezamabadi-Pour, H., Suhatril, M., Shariati, M., 2013.
Identification of a suitable ANN architecture in predicting strain in tie section of
concrete deep beams. Struct. Eng. Mech.: Int. J. 46, 853-868.

Morais, S., Costa, F.G., Pereira, M.d.L., 2012. Heavy metals and human health.
Environmental health-emerging issues and practice 10, 227-245.

Moreno-Pérez, J., Bonilla-Petriciolet, A., Mendoza-Castillo, D., Reynel-Avila, H., Verde-
Gomez, Y., Trejo-Valencia, R., 2018. Artificial neural network-based surrogate
modeling of multi-component dynamic adsorption of heavy metals with a biochar.
Journal of Environmental Chemical Engineering 6, 5389-5400.

Pasbakhsh, P., Churchman, G.J., Keeling, J.L., 2013. Characterisation of properties of
various halloysites relevant to their use as nanotubes and microfibre fillers. Appl.
Clay Sci. 74, 47-57.

Peng, W., Li, H., Liu, Y., Song, S., 2017. A review on heavy metal ions adsorption from
water by graphene oxide and its composites. J. Mol. Liq. 230, 496-504.

Phong Van Hoai, Nguyen, Thi Thi Kim, Phan, Nhu Thao, Nguyen, Truc Thi
Thanh, Huynh, 2020. Effectiveness of Moringa oleifera seed powder as qcoagulant
and reduction of TSS, COD, total coliform in the face water. J. Min. Earth Sci. 61 (1),
101-109. https://doi.org/10.46326/JMES.2020.61(1).11.

Rajput, R.S., Pandey, S., Bhadauria, S., 2017. Status of water pollution in relation to
industrialization in Rajasthan. Rev. Environ. Health 32, 245-252.

Ray L., Frost, Janos, Kristof, Erzbeth, Horvath, J Theo, Kloprogge, 2000. Rehydration and
Phase Changes of Potassium Acetate-Intercalated Halloysite at 298 K. J. Colloid
Interface Sci. 226 (2), 318-327. https://doi.org/10.1006/jcis.2000.6807.

Rezaei, N., Diaz-Elsayed, N., Mohebbi, S., Xie, X., Zhang, Q., 2019. A multi-criteria
sustainability assessment of water reuse applications: a case study in Lakeland,
Florida. Environ. Sci.: Water Research & Technology 5, 102-118.

Shariati, M., Mafipour, M.S., Mehrabi, P., Ahmadi, M., Wakil, K., Trung, N.T.,
Toghroli, A., 2020. Prediction of concrete strength in presence of furnace slag and fly
ash using Hybrid ANN-GA (Artificial Neural Network-Genetic Algorithm). Smart
Struct. Syst. 25, 183-195.

Shariati, M., Mafipour, M.S., Mehrabi, P., Bahadori, A., Zandi, Y., Salih, M.N.,

Nguyen, H., Dou, J., Song, X., Poi-Ngian, S., 2019. Application of a hybrid artificial
neural network-particle swarm optimization (ANN-PSO) model in behavior
prediction of channel shear connectors embedded in normal and high-strength
concrete. Appl. Sci. 9, 5534.

Shrestha, E., Ahmad, S., Johnson, W., Shrestha, P., Batista, J.R., 2011. Carbon footprint
of water conveyance versus desalination as alternatives to expand water supply.
Desalination 280, 33-43.

Srivastava, P., Singh, B., Angove, M., 2004. Competitive adsorption of cadmium (II) onto
kaolinite as affected by pH. Aust. N. Z. Stud. Can. 5. (Accessed 9 December 2004).

Stafiej, A., Pyrzynska, K., 2007. Adsorption of heavy metal ions with carbon nanotubes.
Separ. Purif. Technol. 58, 49-52.

Tofighy, M.A., Mohammadi, T., 2011. Adsorption of divalent heavy metal ions from
water using carbon nanotube sheets. J. Hazard Mater. 185, 140-147.

Tortajada, C., Biswas, A.K., 2018. Achieving universal access to clean water and
sanitation in an era of water scarcity: strengthening contributions from academia.
Current opinion in environmental sustainability 34, 21-25.

Trung, N.T., Shahgoli, A.F., Zandi, Y., Shariati, M., Wakil, K., Safa, M., Khorami, M.,
2019. Moment-rotation prediction of precast beam-to-column connections using
extreme learning machine. Struct. Eng. Mech. 70, 639-647.

Wallace, D.R., Djordjevic, A.B., 2020. Heavy metal and pesticide exposure: a mixture of
potential toxicity and carcinogenicity. Current Opinion in Toxicology 19, 72-79.

Xuan-Nam, Bui, Hoang, Nguyen, Quang-Hieu, Tran, et al., 2021. Predicting Ground
Vibrations Due to Mine Blasting Using a Novel Artificial Neural Network-Based
Cuckoo Search Optimization. Nat. Resour. Res. 30, 2663-2685. https://doi.org/
10.1007/511053-021-09823-7.

Yu, L., Wang, H., Zhang, Y., Zhang, B., Liu, J., 2016. Recent advances in halloysite
nanotube derived composites for water treatment. Environ. Sci.: Nano 3, 28-44.
Zhao, Y., Li, Y., Fan, D., Song, J., Yang, F., 2021. Application of Kernel Extreme Learning
Machine and Kriging Model in Prediction of Heavy Metals Removal by Biochar.

Bioresource Technology, p. 124876.

Zhu, X., Wang, X., Ok, Y.S., 2019. The application of machine learning methods for

prediction of metal sorption onto biochars. J. Hazard Mater. 378, 120727.


http://refhub.elsevier.com/S0045-6535(21)01484-3/sref3
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref3
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref3
https://doi.org/10.46326/JMES.2020.61(2).05
https://doi.org/10.46326/JMES.2020.61(2).05
https://doi.org/10.1016/j.chemosphere.2021.130204
https://doi.org/10.1016/j.jenvman.2021.112808
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref4
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref4
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref5
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref5
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref5
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref5
https://doi.org/10.46326/JMES.2020.61(6).08
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref6
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref6
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref6
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref7
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref7
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref7
https://doi.org/10.1016/j.scitotenv.2020.136836
https://doi.org/10.1016/j.scitotenv.2020.136836
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref8
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref8
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref8
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref9
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref9
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref9
https://doi.org/10.46326/JMES.2020.61(6).03
https://doi.org/10.46326/JMES.KTLT2020.09
https://doi.org/10.1007/s00366-021-01332-8
https://doi.org/10.1007/s11053-021-09822-8
https://doi.org/10.1007/s11053-021-09822-8
https://doi.org/10.1007/s00366-020-01272-9
https://doi.org/10.1346/CCMN.2001.0490609
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref10
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref10
https://doi.org/10.1007/s00366-020-01267-6
https://doi.org/10.1007/s00366-020-01267-6
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref11
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref11
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref12
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref12
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref12
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref13
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref13
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref13
https://doi.org/10.1016/j.jclepro.2021.127672
https://doi.org/10.1016/j.jclepro.2021.127672
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref14
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref14
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref14
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref14
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref15
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref15
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref15
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref16
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref16
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref17
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref17
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref17
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref17
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref18
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref18
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref18
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref19
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref19
https://doi.org/10.46326/JMES.2020.61(1).11
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref20
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref20
https://doi.org/10.1006/jcis.2000.6807
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref21
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref21
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref21
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref22
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref22
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref22
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref22
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref23
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref23
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref23
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref23
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref23
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref24
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref24
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref24
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref25
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref25
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref26
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref26
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref27
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref27
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref28
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref28
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref28
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref29
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref29
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref29
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref30
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref30
https://doi.org/10.1007/s11053-021-09823-7
https://doi.org/10.1007/s11053-021-09823-7
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref31
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref31
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref32
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref32
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref32
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref33
http://refhub.elsevier.com/S0045-6535(21)01484-3/sref33

	Performance evaluation of nanotubular halloysites from weathered pegmatites in removing heavy metals from water through nov ...
	1 Introduction
	2 Study site and general geological structure
	3 Nanotubular halloysites in weathered pegmatites
	4 Experiments of heavy metals absorption and the dataset used for intelligent methods
	5 Hybrid TLBO-ANN and TLBO-SVR models
	6 Development of artificial intelligent-based models
	6.1 ANN model
	6.2 SVR model
	6.3 TLBO-ANN and TLBO-SVR models

	7 Results
	8 Discussion
	9 Validation of the TLBO-ANN and TLBO-SVR in practice
	10 Sensitivity analysis
	11 Conclusion, remarks and limitations
	Credit author statement
	Declaration of competing interest
	Acknowledgments
	Appendix A Supplementary data
	References


